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Artym, V.1, Krupych, O.M. Image Fusion Techniques Using Polarization Information and Infrared
Intensity. Electronics and Information Technologies, 34, 5-30. https://doi.org/10.30970/eli.34.1

ABSTRACT

Background. Fusion of polarization images with conventional thermal infrared images
combines complementary physical information to improve scene interpretation. Infrared
intensity imaging captures thermal emission and emissivity patterns. In contrast, polarization
parameters, including the degree and angle of linear polarization, encode surface
microstructure, material composition, and geometric orientation that are inaccessible to
intensity-only sensing. Their fusion enhances spatial detail, target discrimination, and
robustness under degraded visibility conditions, reflecting a broader shift toward multimodal
perception.

Materials and Methods. This study provides an analytical review of polarization—
infrared fusion techniques. The development of methods is examined from classical linear
transforms, multiresolution decomposition, and energy-based decision rules to adaptive
hybrid frameworks. Particular attention is given to deep learning architectures and physics-
informed models that incorporate polarization formation principles and radiometric
constraints. The review situates fusion progress within advances in sensor technologies and
computational imaging.

Results and Discussion. The analysis indicates that the incorporation of polarization
information substantially enhances fused image quality compared with conventional
intensity-based techniques. Classical algorithms provide stable and interpretable
performance but exhibit limited adaptability to complex environments. Learning-based and
hybrid strategies demonstrate superior contrast preservation, structural detail enhancement,
and target detectability, especially in thermally heterogeneous or visually degraded
scenarios. Persistent challenges include limited annotated datasets, polarization-induced
noise sensitivity, and reduced physical interpretability of deep neural representations.

Conclusion. Polarization—infrared fusion represents a transition from mono-modality to
multi-modal observation with the system-oriented perception integrating physical modeling
with data-driven learning. Future research should emphasize physically reasoned neural
design, standardized evaluation protocols, and improved interpretability to support reliable
real-world deployment.

Keywords: image fusion, polarization imaging, infrared imaging, multimodal data, deep
learning.

INTRODUCTION

Image fusion — understood as the synthesis of heterogeneous sensory information
into a unified perceptual or computational representation — has become a foundational topic

© 2025 Vitalii Artym & Oleh Krupych. Published by the Ivan Franko National University of Lviv on behalf
@ ® of EnektpoHika Ta iHdpopmauiiiHi TexHonorii / Electronics and Information Technologies. This is an Open
Access article distributed under the terms of the Creative Commons Attribution 4.0 License which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly

cited.
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in optical engineering and computer-vision research. Among the most powerful
combinations is the fusion of infrared (IR) intensity and polarization imaging, two modalities
that offer inherently coupled complementary physical descriptions of a scene. Infrared
imaging provides thermal or emissive contrast independent of visible illumination, making
it highly effective under low-light or adverse weather conditions [1]. Polarization imaging,
by contrast, encodes the orientation and shape of the electromagnetic field vector
oscillations, revealing surface texture, material properties, and scattering phenomena that
are inaccessible to conventional intensity images [2].

Historically, fusion methods have evolved from simple arithmetic combinations toward
sophisticated adaptive and learning-based schemes. In the 1990s and early 2000s,
pyramid and wavelet transforms dominated, reflecting the influence of multiresolution
analysis on computer vision. With the advent of polarimetric sensors and computational
optics, the possibility of integrating polarization cues into traditional intensity images
emerged. The initial goal was enhancement — improving contrast and edge visibility under
adverse conditions such as fog, haze, or camouflage [3].

Subsequent decades witnessed the expansion of this field toward autonomous
sensing, surveillance, and biomedical diagnostics. Yet the fusion of polarization and
infrared modalities also signifies a conceptual evolution: it marks a transition from passive
observation to active reconstruction of the scene’s physical reality. Each modality
expresses a distinct physical ontology — thermal emission versus electromagnetic wave
polarization— whose synthesis mirrors the epistemological shift from single-perspective to
multimodal cognition.

The following sections of this paper trace this evolution in both technical and
conceptual terms. Section 1 outlines the formation of polarimetric and infrared imaging
paradigms; Section 2 reviews classical, hybrid, and deep-learning fusion techniques;
Section 3 examines applications and benchmarking practices; Section 4 discusses
epistemological and methodological dimensions; and Section 5 concludes with
perspectives on future integration.

1. POLARIMETRIC AND INFRARED IMAGING: PHYSICAL BACKGROUND

1.1. Historical Evolution of Polarization and Infrared Imaging

The convergence of polarization and infrared imaging is not merely a technological
synthesis but the outcome of a long historical process in which distinct scientific traditions
— wave optics, thermodynamics, radiometry, sensor engineering, and computational
imaging — gradually intersected. A historiographical perspective reveals that polarization—
infrared fusion emerged through successive epistemic phases: classical theoretical
formalization, instrumental stabilization, digital transformation, and algorithmic integration.
Each phase redefined both what could be measured and how measurements were
interpreted.

Classical Optics and the Conceptual Birth of Polarization

The origins of polarization science lie in nineteenth-century wave optics. The decisive
theoretical advance was the formulation of reflection and refraction laws for polarized light
by Augustin-Jean Fresnel [4]. Fresnel's equations demonstrated that electromagnetic
waves interacting with material boundaries exhibit polarization-dependent reflection
coefficients. This discovery transformed polarization from a curious optical phenomenon
into a quantitatively predictable property of wave — matter interaction.

The formal mathematical framework was followed with the introduction of the Stokes
parameters by George Gabriel Stokes in 1852 [5]. The Stokes vector representation
provided a complete description of partially polarized light through four measurable
quantities (So, S1, 5>, S3). Importantly, this formulation unified intensity and polarization into

6 Electronics and Information Technologies ¢ 2026 ¢ Issue 34
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a single algebraic structure, enabling subsequent generations of researchers to treat
polarization as a vectorial extension of radiometric measurement.

Throughout the late nineteenth and early twentieth centuries, polarization research
developed largely within laboratory physics and astronomy [6]. Applications included
mineralogy, crystallography, and atmospheric scattering studies. However, imaging was
not yet central; measurements were typically pointwise and instrument-based, relying on
rotating analyzers and photometric detection. The absence of array detectors constrained
polarization analysis to experimental optics rather than scene-based imaging.

Historiographically, this period may be characterized as conceptual consolidation: the
physical and mathematical principles of polarization were firmly established, but
technological limitations prevented their integration into practical imaging systems.

Infrared Radiation: From Discovery to Radiometric Formalization

Infrared science followed a parallel yet distinct trajectory. The discovery of infrared
radiation by William Herschel in 1800 [7] extended the electromagnetic spectrum beyond
visible light. However, it was not until the development of thermodynamic theory that
infrared radiation acquired quantitative meaning.

The formulation of blackbody radiation laws by Max Planck at the turn of the twentieth
century [8] provided the theoretical basis for thermal radiometry. Planck’s law established
a direct relationship between temperature and spectral radiance, enabling the use of
infrared measurements as thermometric indicators.

The early twentieth century saw incremental advances in infrared detectors, including
bolometers and thermocouples [9]. These devices were sensitive but slow, limiting spatial
resolution and dynamic imaging capability. Military applications during World War 1l
accelerated infrared technology development, leading to scanning thermal imagers for
target detection and night vision.

By the 1970s and 1980s, focal plane arrays (FPAs) based on materials such as
HgCdTe and InSb enabled two-dimensional infrared imaging [10]. Long-wave infrared
(LWIR) systems (8—-14 ym) became especially prominent due to their compatibility with
ambient-temperature thermal emission. The introduction of uncooled microbolometers in
the 1990s democratized infrared imaging by reducing system size and cost [11].

From a historiographical standpoint, infrared imaging transitioned from laboratory
thermometry to operational sensing through the stabilization of detector technologies.
Unlike polarization science, which matured theoretically early but technologically late,
infrared imaging experienced rapid technological advance driven by defense and industrial
demand.

Digital Imaging and the Sensor Revolution

The late twentieth century introduced a transformative element common to both
domains: digital imaging. The development of CCD and CMOS sensor arrays enabled
spatially resolved acquisition of optical intensity [12]. For infrared systems, hybrid FPAs
provided pixel-level radiometric sampling; for visible-spectrum systems, CMOS sensors
allowed integration of micro-optical elements.

Polarization imaging underwent a comparable revolution with the invention of micro-
polarizer arrays deposited directly onto sensor pixels [13]. These arrays consisted of sub-
pixel polarization filters oriented at discrete angles (e.g., 0°, 45°, 90°, 135°), enabling
snapshot acquisition of multiple polarization states without mechanical rotation.

This innovation resolved a long-standing instrumental limitation: polarization could
now be measured spatially and temporally in dynamic scenes. Consequently, polarimetry
transitioned from complicated laboratory photometry to real-time imaging.

The historical significance of this stage lies in the instrumental convergence of
modalities. For the first time, polarization and infrared imaging shared comparable spatial
resolution and digital representation, making computational integration feasible.
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Early Multisensor Fusion: Transform-Based Integration

Before the specific integration of polarization and infrared modalities, multisensor
fusion emerged as a broader research area in the 1980s and 1990s. Theoretical tools from
multiresolution analysis played a decisive role.

The Laplacian pyramid method introduced by Peter J. Burt and Edward H. Adelson
[14] provided a systematic framework for decomposing images into frequency bands.
Shortly thereafter, the multiresolution wavelet formalism developed by Stéphane Mallat [15]
established a mathematically rigorous basis for hierarchical image representation.

Fusion algorithms employed coefficient-selection rules such as maximum absolute
value, local energy, or weighted averaging [16]. These approaches treated input modalities
as statistically comparable signals, abstracting away their physical origins.

When polarization information was first incorporated into fusion pipelines, it was often
reduced to scalar derivatives such as maps of Degree of Linear Polarization (DoLP),
treated analogously to intensity images. The deeper physical implications of polarization —
vectorial boundary interactions and anisotropic emission — were not yet fully integrated into
algorithm design.

This period may be interpreted as algorithmic abstraction: fusion was understood
primarily as signal combination in a transform domain, rather than as physically constrained
integration.

Emergence of Polarimetric Thermal Imaging

The true convergence of polarization and infrared modalities required technological
advances enabling simultaneous measurement of radiance and polarization state in
thermal wavelengths. Polarimetric thermal imagers capable of estimating Stokes vector
elements S, S;, and S, began to appear in the early twenty-first century [17].

Research demonstrated that thermal emission from surfaces can exhibit partial linear
polarization due to angular emissivity dependence and surface anisotropy. This insight
revealed that polarization contrast could enhance target detection even when temperature
contrast was minimal.

In camouflage scenarios, for example, thermally equilibrated objects might remain
indistinguishable in intensity images yet display polarization signatures arising from
reflective coatings or geometric discontinuities. Such findings stimulated the development
of fusion algorithms specifically designed for polarization—infrared integration.

Unlike earlier multisensor fusion tasks, this integration required reconciliation of two
distinct physical models:

¢ Radiometric emission is governed by Planck’s law and emissivity functions.

¢ Vectorial polarization is governed by Fresnel boundary conditions.

Thus, fusion became a problem of heterogeneous physical synthesis, not merely
signal combination.

Learning-Based Integration and the Data-Driven Turn

The 2010s introduced deep learning into image fusion research. Convolutional neural
networks (CNNs) demonstrated the capacity to learn hierarchical feature representations
directly from data [18]. Unsupervised fusion architectures eliminated the need for
handcrafted coefficient rules, instead optimizing reconstruction losses and structural
similarity metrics.

The publication of transformer-based architectures by Ashish Vaswani and colleagues
[19] further advanced cross-modal feature integration through attention mechanisms. In
polarization—infrared fusion, attention modules dynamically weight thermal and polarization
features according to contextual saliency.

Recent developments incorporate physics-informed constraints into neural
architectures [20]. For example, loss functions may enforce consistency with Stokes
parameter relationships or penalize physically implausible polarization amplification. This
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marks a shift toward hybrid epistemology, in which data-driven inference is constrained by
physical law.

Standardization, Benchmarking, and Reproducibility

A crucial development in the maturation of polarization—infrared fusion research has
been the emergence of standardized datasets and evaluation metrics. Early studies were
limited by proprietary data and inconsistent benchmarking protocols.

Contemporary research increasingly employs multi-criteria evaluation frameworks
incorporating entropy, mutual information (MI), structural similarity (SSIM), and visual
information fidelity (VIF) [21]. More recently, physically motivated metrics assess whether
fused outputs preserve thermal contrast and polarization integrity [22].

This standardization reflects the institutionalization of the field. Fusion research has
moved from exploratory experimentation to systematic comparative evaluation, enabling
reproducibility and cross-study validation.

Historiographical Evolution of Polarization—Infrared Fusion

From a historiographical perspective, the evolution of polarization—infrared fusion can
be interpreted as a sequence of paradigm transitions:

e Conceptual Phase — Establishment of wave and radiometric theory (nineteenth—

early twentieth century).

e Instrumental Phase — Stabilization of detector technologies and array imaging

(mid—late twentieth century).
e Digital Phase — Emergence of computational imaging and multiresolution analysis
(1990s).

e Integrative Phase — Physical and algorithmic convergence of polarization and

infrared modalities (2000s).

e Data-Driven Phase — Deep learning and physics-infformed models (2010s—

present).

Each phase expanded not only technological capability but also epistemic scope.
Polarization imaging transitioned from laboratory optics to dynamic scene analysis; infrared
imaging evolved from thermometric measurement to semantic perception; fusion unified
these modalities into integrated perceptual systems.

The convergence of polarization and infrared imaging thus exemplifies the broader
transformation of optical science into computational multimodal sensing. What began as
independent theoretical traditions has become a unified research domain characterized by
interdisciplinary integration of physics, engineering, and machine learning.

1.2. Physical and Mathematical Principles

The polarization state of light can be fully described by the Stokes vector
S = [50,51,52,53]T, where S, denotes total intensity, S; and S, represent intensity
differences of linear polarization components at orthogonal orientations (S; = I(0°) —
1(90°) and S, = 1(45°) — I1(135°)), while S5 = Ig;gnt — I ef+ cOrresponds to the intensity
difference of right- and left-handed circular polarizations. For most passive imaging
systems operating in the visible or infrared range, the Stokes parameter Ss is irrelevant or
unattainable; thus, the focus lies on the Degree of Linear Polarization (DoLP) and the Angle
of Polarization (AoP) [23]:

JSE+ S2

So (1)

1 S,
AoP = — t —1<_).
(0] 2 an Sl

DoLP =
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Infrared detectors measure spectral radiance
L(AT) = e(A)-B(A,T), (2)

where (1) is emissivity and B(4, T) is the Planck function.

The polarized component arises from anisotropic emission or reflection and carries
information about surface orientation and roughness.

The challenge of fusion lies in reconciling these two data spaces — radiometric
(temperature/emissivity) and vectorial (polarization). While IR intensity follows scalar
thermodynamic laws, polarization obeys vector optics. Successful fusion therefore,
demands both physical modeling and statistical optimization.

2. EVOLUTION OF IMAGE FUSION TECHNIQUES

The historical development of image-fusion techniques can be read as a gradual
transition from analytical to synthetic paradigms of vision: from deterministic transforms to
adaptive and data-driven inference. Each period reflects a different understanding of how
information from distinct modalities — infrared intensity and polarization — should be
interpreted and unified.

2.1. Classical Transform-Based Methods

Early methods were rooted in linear systems theory and multi-resolution signal
analysis. Infrared and polarization images were decomposed into spatial-frequency
representations using transforms such as the Laplacian pyramid, discrete wavelet
transform (DWT), or nonsubsampled contourlet transform (NSCT). Fusion rules were then
applied to corresponding coefficients.

Yue and Li [24] employed an oriented Laplacian pyramid to integrate infrared intensity
with polarization information. The fusion rule selected coefficients of higher gradient
energy, producing improved edge contrast and object detectability. Zhang et al. [25] later
extended this approach using an orthogonality-difference metric that captured the
divergence between polarization components, achieving sharper boundaries in long-wave
infrared (LWIR) imagery.

Experimental studies on LWIR polarimetric imaging further illustrate the
complementary nature of infrared intensity and polarization features. For example, the work
mentioned above of Zhang et al. [25] demonstrates how polarization measurements at
different analyzer orientations can be combined with infrared intensity to derive physically
meaningful polarization descriptors such as the degree of linear polarization (DoLP) and
the angle of polarization (AoP). These features highlight surface reflectance and material
properties that do not show up in intensity images alone.

Figure 1 is a representative example of long-wave infrared polarization imaging and
fusion [25]. Fragments (Fig. 1 a—d) show the raw measurements acquired by a polarization
camera: the infrared intensity image and three polarization-filtered images captured at
analyzer angles of 0°, 60°, and 120°. From these measurements, the polarization
parameters DoLP and AoP are computed, as shown in (e) and (f). The final fused image
(g) integrates thermal intensity and polarization information, revealing enhanced structural
detail and improved discrimination of objects against the background. This example
demonstrates how polarization descriptors can provide additional contrast cues that
complement thermal information, motivating the development of classical fusion algorithms
based on transform-domain representations.

Such approaches are interpretable and computationally efficient, yet they depend
heavily on hand-crafted heuristics (e.g., choosing maximum or weighted average
coefficients). They also assume stationary statistics across the image, which rarely holds
for natural or cluttered scenes. A comparative summary of the main classical transform-
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(8)

Fig. 1. Example of long-wave infrared polarization image fusion [25]: (a) infrared intensity image, (b) 0°
polarization image, (c) 60° polarization image, (d) 120° polarization image, (e) degree of linear polarization
(DoLP), (f) angle of polarization (AoP), and (g) fused image combining infrared intensity and polarization
information

based fusion methods, including their representative transformations, fusion rules,
strengths, and limitations, are provided in Table 1.

Laplacian Pyramid

Principle.

The Laplacian pyramid is one of the earliest multiresolution image representations,
originally introduced by Burt and Adelson [14]. The method constructs a sequence of
progressively smoothed (Gaussian-blurred) images and then computes the difference
between consecutive levels, producing a set of band-pass (Laplacian) components. This
representation is localized, efficient, and offers a multi-scale decomposition of the image.
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Table 1. Comparison of Classical Fusion Approaches

Transform

Method : Fusion Rule Strengths Limitations
Domain
Laplacian Multiscale . . Sensitive to
Pyramid [1] Spatial Max Gradient Simple, fast noise
Wavelet . o .
Fusion [3] DWT Weighted Energy Good localization Artifacts at edges
NSCT [4] Contourlet Regional Entropy Multi-directional CompuEienelly

heavy

Algorithm (simplified):
1. Construct the Gaussian pyramid:
GO = I,
Gr+1 = D(Gy) — smoothing + downsampling.
2. Compute the Laplacian levels:
Ly = G — U(Gr+1),
where U is upsampling with interpolation.

3. Store all Laplacian levels L, ..., Ly—4 and the coarsest Gaussian level Gp.
Reconstruction is performed by iteratively adding back the upsampled higher-
level images.

Fusion rules:

¢ Maximum absolute value per coefficient.

o Weighted average based on local variance or gradient energy.

e Region-based selection.

Advantages:
e Simple, interpretable, low computational cost.
e Preserves edges and local contrast effectively.
Limitations:
e Sensitive to noise (especially at high-frequency levels).
¢ No directional representation; cannot capture oriented structures well.

Discrete Wavelet Transform (DWT)

Principle.

The discrete wavelet transform provides an orthogonal or biorthogonal multiresolution
decomposition, splitting the image into one low-frequency subband (LL) and three high-
frequency directional subbands (LH, HL, HH). The theoretical foundation was introduced
by Mallat through the concept of multiresolution approximation [15].

Algorithm:

1. Perform an L-level DWT on each input image to obtain LL, LH, HL, and HH
subbands.

2. Fuse the low-frequency LL subbands using weighted averaging, entropy-based
measures, or PCA-style rules.

3. Fuse the high-frequency subbands using:
— Max-absolute-value selection,
— Energy-based or gradient-based measures,
— Local saliency criteria.

4. Apply inverse DWT to reconstruct the fused image.

Advantages:
e Strong spatial-frequency localization.
o Widely used in remote sensing, medical imaging, and multisensor fusion.
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¢ Flexible choice of wavelet bases.
Limitations:
o Limited orientation diversity (only three high-frequency directional bands).
e Shift-variant — even small misalignments cause artifacts.
¢ Prone to aliasing when the sampling geometry changes.

Nonsubsampled Contourlet Transform (NSCT)
Principle.
The nonsubsampled contourlet transform (NSCT), proposed by da Cunha, Zhou, and
Do [26], is a shift-invariant, overcomplete, directional multiresolution transform specifically
designed to represent edges and contours more effectively than wavelets. Unlike the classi-
cal contourlet transform, NSCT avoids downsampling, making it fully translation-invariant.
NSCT consists of two key components:
1. Nonsubsampled Pyramid (NSP): Multiscale decomposition without
subsampling.
2. Nonsubsampled Directional Filter Bank (NSDFB): Directional decomposition at
each scale, also without subsampling.
Fusion rules:
¢ High-frequency directional subbands: saliency- or energy-based selection.
e Low-frequency subband: weighted or statistical combination.
Advantages:
e Excellent directional and anisotropic representation of curved structures.
¢ Shift-invariant (no downsampling), reducing misregistration artifacts.
¢ Highly effective for preserving edges and textures.
Limitations:
e High computational cost and memory usage due to redundancy.
e Quality depends strongly on filter design.
e Requires parameter tuning (number of scales/orientations).

2.2 Multi-Parameter and Hybrid Polarization Fusion

The next phase introduced multi-parameter models, integrating DoLP, AoP, and
sometimes partial Stokes information with IR intensity [17]. The guiding idea was that
different polarization parameters represent complementary structural cues.

An important direction within hybrid and physically interpretable fusion methods
involves the use of complex-valued representations and matrix formalisms for combining
visible, infrared, and polarization data. Khaustov and co-authors proposed several
approaches based on complex functions, Jones-matrix formalism, and complex-vector
fusion models, demonstrating improved target saliency preservation and adaptive fusion
behavior in military sighting systems [27-33].

Unlike single-parameter fusion approaches that rely solely on DoLP, multi-parameter
fusion exploits the complementary physical information encoded in different polarization
descriptors. Specifically, DoLP highlights material-dependent reflection properties, AoP
conveys geometric and orientation-related surface characteristics, while infrared intensity
provides robust thermal contrast under low-visibility conditions. Hybrid fusion frameworks
typically combine these parameters at different representation levels, including pixel-level
weighted fusion, multiresolution transform domains (e.g., wavelet- or contourlet-based
fusion), and feature-level strategies guided by saliency or edge measures. More recently,
deep learning—based methods have been introduced to adaptively learn fusion rules across
multiple polarization parameters and infrared intensity, resulting in improved target
discrimination and structural preservation. Nevertheless, multi-parameter polarization
fusion remains challenged by polarization noise, parameter normalization, and the physical
interpretability of learned fusion mechanisms, motivating ongoing research into physics-
informed and noise-aware fusion models.
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2.3 Emergence of Learning-Based Paradigms

With the rapid development of machine learning — particularly convolutional neural
networks (CNNs) and attention-based architectures — image fusion has entered an
adaptive, data-driven era. Unlike classical fusion methods that rely on hand-crafted rules
or fixed transform-domain strategies, learning-based approaches automatically learn
nonlinear mappings between multimodal inputs and fused outputs through end-to-end
optimization.

Unsupervised and Self-Learned CNN Fusion. Li et al. proposed an unsupervised
CNN-based fusion framework, known as DenseFuse, in which an encoder—fusion—decoder
architecture learns effective fusion representations without requiring ground-truth fused
images [18]. The method employs structural similarity—based loss functions to preserve
salient features from multiple modalities while maintaining visual consistency. This
approach demonstrated that meaningful fusion rules can be learned directly from data,
marking a key transition from handcrafted fusion strategies to representation-learning
paradigms.

Attention-Driven and Transformer-Based Models. Recent studies have incorporated
attention mechanisms to enhance the selective integration of multimodal features.
Attention-guided networks dynamically emphasize salient regions — such as thermally
prominent targets — while retaining fine structural details derived from polarization cues
[34]. These mechanisms improve robustness in complex scenes by adaptively weighting
feature contributions across spatial locations and modalities.

A representative example is the attention-guided filtering network proposed by Li et al.
[34] for infrared—polarization image fusion. Figure 2 presents a qualitative comparison of
fusion results obtained using several representative algorithms. The attention-guided
approach demonstrates improved preservation of structural details and enhanced contrast
of thermal targets while suppressing noise in polarization measurements. This illustrates
the advantage of attention mechanisms in selectively integrating complementary
information from infrared intensity and polarization features.

Physics-Aware Deep Fusion. Beyond purely data-driven learning, recent efforts have
explored the integration of physical priorities into deep fusion frameworks. Noise-aware and
physics-consistent loss formulations, particularly for polarization—infrared fusion, have been
shown to improve stability and interpretability while preserving the advantages of deep
learning [34, 35]. Such approaches constrain network behavior in accordance with
polarization imaging physics and reduce artifacts caused by noisy polarization
measurements.

Overall, learning-based fusion methods demonstrate superior adaptability and
robustness compared to classical techniques. However, their performance is strongly
dependent on data availability, which remains limited for polarization — infrared imaging.
Consequently, current research increasingly focuses on unsupervised, semi-supervised,
and physics-informed learning strategies.

3. COMPARATIVE ANALYSIS OF APPROACHES

3.1 Qualitative and Quantitative Evaluation

Evaluating the quality of fusion between polarization and infrared images is a nontrivial
task, since for such multimodal systems, there is no universal ground-truth image that
simultaneously and fully represents all physical properties of the observed scene. Unlike
reconstruction or segmentation problems, where an objectively correct result exists, image
fusion quality is determined by the degree of preservation, integration, and coherence of
information originating from multiple sources. Consequently, fusion evaluation criteria are
inherently multidimensional and encompass informational, structural, physical, and
perceptual aspects [36].
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Fig. 2. Visual comparison of polarization—infrared image fusion results produced by different algorithms [34]

Informational Criteria

Informational metrics assess how effectively the fused image preserves the
informational content of the source modalities. One of the most commonly used measures
is entropy, which characterizes the statistical diversity of intensity levels in the image. In
the context of polarization—infrared fusion, increased entropy typically indicates the
incorporation of additional textural and structural details, particularly those derived from
DoLP or AoP parameters. However, excessive entropy growth may also reflect noise
amplification, which is especially pronounced in polarization channels [36].

A more informative measure is mutual information (MI) between the fused image and
each input modality. High Ml values indicate effective transfer of informative components
from both the infrared intensity and polarization parameters. Contemporary studies often
employ normalized or summed MI formulations, enabling consistent comparison across
different scenes and fusion algorithms [37].
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Modern deep-learning-based fusion studies also rely on information-theoretic criteria
to validate performance improvements over classical approaches [38].

Structural and Spatial Criteria

Structural metrics are aimed at assessing the preservation of spatial patterns,
contours, and local scene features. The average gradient (AG) is a simple yet effective
indicator of edge sharpness and fine-detail representation. For polarization—infrared fusion,
a high AG value generally correlates with accurate reproduction of geometric structures,
which are often emphasized in AoP maps or polarization contrast images.

A more advanced metric is the structural similarity index (SSIM), which evaluates local
similarity in terms of luminance, contrast, and structural components [39]. Although SSIM
is traditionally used for reference-based comparison, in fusion tasks it is typically computed
between the fused image and each source image separately. This approach allows
assessment of the balance between thermal feature preservation and polarization-based
structural information.

Perceptual Criteria

Perceptual metrics attempt to approximate characteristics of human visual perception.
Visual Information Fidelity (VIF) and related measures estimate how much visually
meaningful information is conveyed by the fused image [21]. In applications involving
human operators, such as surveillance or visual inspection, perceptual criteria often
correlate better with subjective image quality than purely statistical metrics.

In addition, subjective expert evaluation remains an important component of fusion
assessment, particularly when the fused imagery is intended for direct human
interpretation. Such evaluations consider scene readability, target discernibility, and the
absence of visually disturbing artifacts [37].

Physically Motivated Criteria

For polarization—infrared fusion, physically motivated criteria are of particular impor-
tance. These metrics assess whether the fused image remains consistent with the underlying
physical principles governing thermal emission and polarization. This includes preservation
of thermal contrast associated with genuine temperature or emissivity differences, as well as
faithful representation of polarization characteristics without artificial distortion.

Physically inconsistent enhancement of polarization features may lead to erroneous
interpretation of surface material properties, which is unacceptable in scientific, medical, or
defense-related applications. Therefore, some studies evaluate consistency with Stokes
parameters or derived quantities such as DoLP to ensure physical plausibility [40].

Toward a Comprehensive Evaluation Framework

No single criterion is sufficient to fully characterize fusion quality. As a result, modern
research increasingly adopts a multi-criteria evaluation framework, combining
informational, structural, perceptual, and physical metrics [35-37]. This comprehensive
approach enables more balanced and objective comparison of fusion algorithms, including
classical transform-based methods and modern deep learning models.

Ultimately, fusion evaluation criteria serve not only as measurement tools but also as
methodological instruments that shape algorithm design and guide future research
directions by defining what constitutes “quality” in multimodal image fusion.

3.2 Application Domains

The fusion of polarization and infrared imagery has found increasing relevance across
a wide spectrum of application domains, each of which imposes distinct requirements on
fusion algorithms. The inherent complementarity of the two modalities — thermal radiometric
contrast from IR sensors and structural, material, and surface-orientation cues from
polarization measurements — enables enhanced scene understanding, target detection,
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and material discrimination. The following subsections examine major domains where
polarization—IR fusion has demonstrated substantial benefits [36][37].

Remote Sensing and Environmental Monitoring

In remote sensing applications, polarization—infrared fusion is particularly effective for
environmental monitoring, terrain classification, and land—water boundary detection.
Thermal infrared images provide robust temperature and emissivity information, which is
relatively insensitive to changes in visible illumination or cloud cover. Polarization imagery,
by contrast, captures surface texture, orientation, and scattering properties, which are
essential for distinguishing between vegetation types, soil textures, and water surfaces.

For instance, studies have demonstrated that combining DoLP and AoP maps with
LWIR images improves the detection of stressed vegetation, subtle changes in water
turbidity, and geological features obscured by partial cloud cover [40]. Multi-resolution
fusion methods allow analysts to extract both coarse thermal patterns and fine structural
details simultaneously [17]. Hybrid methods, which incorporate both transform-based
decompositions and adaptive weighting schemes, have been particularly effective in
enhancing contrast between land cover classes while preserving spatial resolution [38].

Challenges in this domain include atmospheric interference, variable emissivity of
natural materials, and sensor misregistration due to platform motion, which require careful
preprocessing and calibration. Nevertheless, the integration of polarization information
allows for a more nuanced interpretation of surface properties, enhancing the accuracy of
classification and environmental assessment models.

Military and Surveillance Applications

Military and security operations represent one of the most prominent fields for
polarization—infrared fusion. Low-visibility environments, including nighttime operations,
fog, haze, and camouflage scenarios, often reduce the effectiveness of conventional optical
sensors. Infrared imaging provides robust detection of heat-emitting targets, while
polarization imaging reveals material properties and geometric structures that may be
masked in intensity-only IR images [37].

For example, vehicles or personnel camouflaged against natural backgrounds may
exhibit subtle polarization contrasts due to reflective surfaces or surface orientation
changes, which are imperceptible in standard thermal imagery. Hybrid and learning-based
fusion approaches enhance target detectability by selectively emphasizing salient thermal
and polarization features while suppressing background clutter.

In addition, real-time fusion is critical for autonomous surveillance drones and ground
vehicles. Lightweight CNN architectures and hybrid transform-learning models are
increasingly employed to provide on-board processing that balances detection accuracy
with computational efficiency. The combination of physical modeling, such as polarization
consistency constraints, with adaptive learning frameworks ensures reliable target
recognition in operationally challenging environments.

Biomedical Imaging and Diagnostics

Polarization—infrared fusion has emerged as a promising tool in biomedical imaging,
where it contributes to non-invasive diagnostics and tissue characterization. Thermal
infrared imaging can detect subtle temperature variations associated with vascular activity,
inflammation, or tumor metabolism, while polarization parameters provide information
about tissue anisotropy, fibrous structures, and surface morphology [41].

For instance, combining DoLP and AoP maps with thermal images enhances
visualization of skin lesions, burns, or abnormal tissue growth by highlighting anisotropic
scattering patterns that are invisible in standard IR images. Hybrid fusion techniques that
integrate pixel-level weighting, multiresolution decomposition, and feature-level saliency
measures have been shown to improve contrast between healthy and pathological tissue
regions, potentially supporting early diagnosis of cancer or other conditions.
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Challenges include motion artifacts, low polarization signal in soft tissues, and inter-
subject variability in tissue properties. Deep learning approaches, particularly physics-
informed networks, are increasingly used to address these challenges, learning robust
fusion rules that preserve diagnostically relevant features while minimizing noise and
artifact amplification.

Autonomous Navigation and Robotics

In autonomous navigation, including self-driving vehicles and robotic systems, reliable
perception under adverse environmental conditions is paramount. Fog, dust, low-light, or
nighttime scenarios can significantly reduce the effectiveness of standard visible-spectrum
cameras. Infrared sensors provide thermal contrast for obstacle detection, while
polarization imaging can reveal surface orientation, material properties, and boundaries
that are otherwise hidden.

Fused polarization—-IR imagery enables more robust obstacle recognition, terrain
classification, and scene segmentation, which are critical for path planning and collision
avoidance. Multi-level fusion strategies, combining pixel-, feature-, and decision-level
integration, allow real-time systems to exploit both modalities efficiently. Transformer-
based attention networks have recently been explored to dynamically prioritize salient
regions, such as heated objects or high-contrast surfaces, improving the reliability of
perception modules in autonomous systems.

Industrial and Cultural Heritage Applications

Beyond defense and biomedical domains, polarization—infrared fusion has
applications in industrial inspection and cultural heritage preservation. In industrial settings,
fused images can reveal defects, stress patterns, or thermal anomalies in machinery,
electronic components, or composite materials. The polarization channel enhances
detection of surface cracks, anisotropic textures, and material boundaries that may not
manifest as thermal contrasts alone.

In cultural heritage preservation, combining infrared thermography with polarization
imagery allows non-invasive examination of artworks, manuscripts, and architectural
surfaces. Subsurface features, underdrawings, or layered materials can be revealed more
effectively than with either modality alone, supporting restoration decisions and authenticity
assessments.

These applications emphasize the versatility of fusion methods across domains with
widely differing constraints on spatial resolution, temporal response, and interpretability.

Synthesis

Across all application domains, the complementary nature of polarization and infrared
data provides a consistent advantage: the ability to extract thermal and structural/material
information simultaneously. The choice of fusion methodology — classical, hybrid, or
learning-based — depends on specific operational requirements, including real-time
processing, interpretability, robustness to noise, and physical consistency. While classical
and hybrid methods remain effective for well-defined and computationally constrained
environments [38], deep learning approaches increasingly dominate domains requiring
adaptive feature extraction and scene-dependent optimization.

Ultimately, the domain-driven analysis of fusion methods highlights that the design of
fusion algorithms cannot be modality-agnostic; instead, it must account for both the physics
of the sensors and the operational objectives of the target application.

4. EPISTEMOLOGICAL AND METHODOLOGICAL FOUNDATIONS OF
POLARIZATION-INFRARED FUSION

Section 3 demonstrated the algorithmic evolution of polarization—infrared image fusion
from transform-domain techniques to deep learning and physics-informed architectures.
While those developments describe how fusion is implemented computationally, a deeper
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question concerns how multimodal physical information is conceptually integrated. This
section examines the epistemological and methodological foundations underlying
polarization—infrared fusion, providing the theoretical context necessary for understanding
the application-driven validation discussed in Section 5.

4.1. Classical Analytical Paradigm: Fusion as Signal Aggregation

Early polarization—infrared fusion methods emerged within a classical signal-
processing paradigm [14, 42, 43]. In this framework, each modality is treated as an
independent measurement channel. Infrared radiance and polarization descriptors (e.g.,
DoLP, AoLP, Stokes parameters) are considered separate scalar or vector fields
representing distinct physical observables.

Transform-domain approaches — such as Laplacian pyramids, wavelet transforms,
and multiscale decomposition — map these modalities into a shared frequency
representation, where fusion rules select coefficients based on predefined criteria (e.g.,
maximum absolute value, local variance, or energy preservation) [16, 41]. The
epistemological assumption underlying these methods is additive complementarity: each
modality contributes partial but compatible information that can be combined through
deterministic rules.

However, infrared and polarization imaging originate from fundamentally different
physical processes:

¢ |Infrared radiance obeys Planck’s law and thermodynamic emission constraints.
e Polarization contrast arises from boundary conditions in electromagnetic wave
reflection and emission governed by Fresnel relations.

The analytical paradigm treats these outputs as statistical signals without explicitly
modeling their shared physical causality. Although effective for enhancement tasks, this
abstraction limits interpretability and may produce physically inconsistent fused outputs
under complex environmental conditions.

4.2. Systems-Oriented Integration: From Independence to Interaction

As discussed in Section 3, limitations of fixed-rule methods motivated adaptive and
model-based strategies. These developments reflect a methodological shift from
reductionism to systems-oriented integration [44].

In real scenes:

e Surface emissivity affects both thermal intensity and polarization state.

¢ Viewing geometry modifies DoLP and apparent thermal contrast.

e Atmospheric scattering influences polarization differently from radiometric
attenuation.

Thus, modalities are not independent; they are coupled through shared environmental
and material parameters.

Systems-oriented fusion models treat polarization and infrared signals as outputs of a
unified physical scene rather than independent inputs. Hybrid approaches began
incorporating:

1. Scene-adaptive weighting,

2. Region-based feature selection,

3. Physical parameter modeling (e.g., emissivity—angle relations),
4. Statistical dependence analysis.

In this framework, fusion is relational rather than additive. Information emerges from
cross-modal interaction under shared constraints. This methodological transformation laid
the groundwork for learning-based integration.

4.3. Computational Mediation: Representation in Deep Fusion Models
The introduction of convolutional neural networks (CNNs) and transformer-based
architectures marked a significant transition in fusion research [18, 46, 47]. Unlike
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deterministic transform methods, deep networks construct hierarchical feature
representations.

Typical architectures consist of:

1. Modality-specific encoders,
2. Cross-modal fusion modules,
3. Reconstruction or decision layers.
In polarization—infrared fusion, learned intermediate representations capture:
e Spatial gradients,
e Thermal contrast distributions,
e Polarization anisotropy patterns,
¢ Cross-channel correlations.

From an epistemological standpoint, this introduces computational mediation:
knowledge is inferred through learned feature spaces rather than predefined physical rules.
The fusion mechanism becomes data-driven and optimization-based.

However, purely empirical learning introduces methodological concerns:

o Latent features lack explicit physical interpretability.
¢ Generalization across environmental conditions may degrade.
¢ Physical constraints (e.g., DoLP < 1) are not automatically enforced.

These issues highlight the need to reconcile inductive learning with deductive physical

modeling.

4.4. Physics-Informed Fusion: Integrating Law and Learning

Recent research trends, partially introduced in Section 3, address interpretability and
robustness through physics-informed modeling [48]. These methods embed physical
constraints directly into network architecture or loss functions.

Examples include:

e Enforcing valid Stokes parameter relationships,

e Penalizing nonphysical polarization magnitudes,

e Preserving radiometric consistency,

¢ Maintaining angular continuity of polarization vectors.

Physics-informed loss functions constrain optimization within physically plausible
solution spaces. This restores theoretical grounding without sacrificing adaptive capability.

Methodologically, physics-informed fusion represents a synthesis of two epistemic
traditions:

e Deductive reasoning based on electromagnetic and thermodynamic theory.
¢ Inductive inference through data-driven optimization.

Rather than replacing analytical modeling, deep learning becomes a flexible
approximator operating within physical law constraints. In this context, Jones-formalism-
based models demonstrate how classical polarization optics can be integrated with modern
computational fusion strategies, establishing a bridge between physically grounded
analytical representations and adaptive learning-based architectures [30].

4.5. Comparative Conceptual Framework

To clarify the methodological progression described above, a comparative conceptual
framework is proposed in Table 2.

The diagram visually demonstrates the transition from additive signal combination to
constraint-aware integrative systems.
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Table 2. Comparative Methodological Evolution of Polarization—Infrared Fusion

Classical Analytical Data-Driven Deep  Physics-Informed Hybrid
Component .
Model Fusion Model

Infrared radiance

Raw infrared image Stokes polarization

Infrared intensity

Inputs . Raw polarization
Polarization parameters . parameters
image Phvsi :
ysical priors
Transform-domain CNN or Transformer Neural feature extraction
decomposition (wavelet, encoders for feature module
Processin pyramid, or multiscale extraction Physics-constrained
A roachg transforms) Feature-level fusion fusion mechanism
PP Fixed fusion rule (e.g., layers Regularized loss function
coefficient selection or Reconstruction or incorporating physical
weighted averaging) decoding network priors
Enhanced composite Optimized fused Physically consistent
Output : . .
image image fused representation
Low — relies on High — model learns High — adaptive learning
Adaptivity redefined rules fusion strategy from guided by physical
P data constraints
Interore- High — processing steps  Limited — internal Moderate to high —
tabiﬁt mathematically representations interpretability supported
y transparent often opaque by physical modeling
Phvsical Implicit — physical Low — fusion driven  High—fusion constrained
c y relationships not primarily by data by radiometric and
onsistency . R :
explicitly modeled patterns polarization physics
= Stable and ngh performange "N Balanced performance
erformance . diverse scenarios, .. R
computationally " combining generalization
Characte- . N but potentially o ; .
o efficient, but limited in " capability with physical
ristics sensitive to dataset

complex scenes . reliabilit
P bias y

4.6. Evaluation as an Epistemic Criterion
As fusion methodologies evolved, evaluation strategies also transformed. Metrics
such as entropy, mutual information, and the structural similarity index measure (SSIM)
have traditionally been used to quantify information preservation and structural coherence.
However, these metrics encode implicit normative assumptions:
o Entropy prioritizes diversity.
e Mutual information prioritizes cross-modal retention.
e SSIM prioritizes spatial structure.
For polarization—infrared fusion, a physically meaningful evaluation must additionally
consider:
e Preservation of genuine thermal gradients,
¢ Integrity of polarization signatures,
¢ Absence of artificial enhancement artifacts,
e Radiometric consistency.
Thus, evaluation functions not merely as a performance measurement but as an
epistemological filter shaping methodological development. Algorithms optimized under
specific metrics implicitly define what constitutes a “good” fused image.
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4.7. Interdisciplinary Context

Polarization—infrared fusion integrates principles from:

¢ Physical optics,

e Electromagnetic theory,

e Signal processing,
Statistical learning,

e Systems engineering.

Each discipline contributes constraints and modeling strategies. Effective fusion
requires harmonizing theoretical rigor with computational adaptability. Overreliance on
purely empirical optimization risks sacrificing interpretability, while strict analytical modeling
may limit robustness in complex scenes.

This interdisciplinary synthesis prepares the transition to Section 5, where operational
performance and application-driven validation are examined.

4.8. Transition to Applications

The methodological developments outlined above directly influence practical
performance in:

Target detection under low contrast,

Camouflage discrimination,

Maritime and aerial surveillance,

Autonomous navigation,

Biomedical imaging diagnostics.

Physics-informed and system-oriented models demonstrate improved robustness
under environmental variability and noise — factors critical in real-world deployment.

Section 5 therefore, evaluates fusion algorithms not solely by quantitative metrics but
by operational reliability and application-specific effectiveness. The epistemological
framework developed in this section provides the theoretical foundation for interpreting
those results.

5. APPLICATION-DRIVEN VALIDATION AND OPERATIONAL PERFORMANCE OF
POLARIZATION-INFRARED FUSION

Section 3 analyzed algorithmic evolution, and Section 4 established the
epistemological and methodological foundations of polarization—infrared image fusion. The
present section evaluates how these theoretical and computational developments translate
into operational performance across real-world application domains. Fusion quality must
ultimately be validated not only through numerical metrics but through task-oriented
reliability under environmental variability, sensor noise, and scene complexity.

Polarization—infrared fusion is particularly valuable in conditions where visible imaging
fails or provides insufficient discriminative information. Its principal operational strength lies
in combining:

e Thermal contrast (temperature-dependent radiative emission),
e Polarimetric contrast (surface geometry and material-dependent polarization
signatures).

This dual sensitivity enhances target discrimination, material classification, and
structural interpretation.

5.1. Target Detection and Surveillance

One of the primary application domains of infrared imaging is target detection under
low illumination or adverse weather conditions. However, thermal contrast alone may be
insufficient when temperature differences between target and background are small or
dynamically varying [48].

Polarization imaging provides complementary information, particularly for detecting:
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¢ Man-made objects against natural backgrounds,
o Surface discontinuities,
e Camouflaged structures,
e Specular reflections from engineered materials [10].

Studies have shown that man-made objects often exhibit stronger or more structured
polarization signatures compared to natural vegetation or soil [49]. When fused with
infrared radiance, polarization features improve:

e Signal-to-clutter ratio,
o Edge clarity,
e False alarm reduction.

Deep fusion architectures further enhance performance by learning discriminative
cross-modal features optimized for detection objectives [17].

Operational validation typically involves:

e Receiver operating characteristic (ROC) analysis,
e Probability of detection vs. false alarm rate,
e Target-background separability metrics.

Physics-informed fusion models demonstrate improved robustness in cases where
polarization contrast varies with viewing geometry, as physical constraints stabilize
representation [18].

5.2. Camouflage and Concealment Discrimination

Camouflage detection represents a critical use case where fusion provides clear
advantages. Thermal camouflage attempts to match background temperature, reducing
infrared contrast. However, matching polarization signatures is substantially more difficult
due to dependence on:

e Surface microstructure,
¢ Reflectance anisotropy,
e Material refractive index.

Polarimetric contrast remains detectable even when thermal gradients are minimized.
Fusion strategies amplify subtle inconsistencies between thermal and polarization
responses.

Empirical studies demonstrate that fused imagery increases classification accuracy in
camouflage scenarios by integrating:

e Local polarization anisotropy,
e Thermal spatial gradients,
e Texture features.

Machine learning-based fusion frameworks outperform fixed-rule approaches when
background complexity increases. However, physics-informed regularization prevents
over-amplification of noise in polarization channels, which are often more sensitive to
environmental variability.

5.3. Maritime and Aerial Remote Sensing
Maritime environments present challenging conditions:
e Low thermal contrast between vessels and water,
e High specular reflection,
e Dynamic atmospheric scattering.

Polarization is particularly effective in water—air boundary detection and glare
suppression. Infrared imaging enhances the detection of thermal signatures from engines
or exhaust systems.

Fusion in maritime surveillance improves:

e Vessel boundary delineation,
e Wake detection,
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¢ Qil spill discrimination,
¢ Floating object identification [48].

In aerial remote sensing, polarization assists in distinguishing man-made
infrastructure from natural terrain. Infrared channels contribute to temperature-based
material separation.

Operational studies show that multiscale fusion enhances spatial resolution and
reduces clutter in coastal monitoring scenarios [45]. Transformer-based models have
demonstrated improved generalization across environmental conditions compared to
conventional CNN-based architectures.

5.4. Autonomous Navigation and Robotics

Autonomous systems require robust perception under variable illumination, weather,
and terrain conditions. Infrared imaging ensures functionality in low-light scenarios, while
polarization assists in:

¢ Road surface detection,
e Ice or water hazard identification,
e Surface orientation estimation [46].

Fusion contributes to improved edge detection and structural recognition in outdoor
navigation tasks. Cross-modal attention mechanisms allow dynamic weighting depending
on environmental context.

In robotics, fused polarization—infrared inputs improve object segmentation and
obstacle detection, particularly in low-contrast environments [50].

Real-time constraints impose additional requirements:

e Computational efficiency,
e Hardware compatibility,
e Low latency.

Physics-informed lightweight networks demonstrate promising trade-offs between

interpretability and speed for embedded systems.

5.5. Biomedical Imaging Applications

Beyond defense and surveillance, polarization—infrared fusion shows potential in
biomedical diagnostics. Infrared imaging captures temperature variations related to
inflammation or vascular abnormalities. Polarization imaging reveals structural changes in
tissue microarchitecture [47]

Applications include:

e Skin lesion detection,

e Burn assessment,

e Tumor boundary visualization,
e Vascular mapping.

Fusion enhances diagnostic reliability by integrating thermal anomalies with
polarization-sensitive structural contrast. Clinical studies suggest improved sensitivity in
detecting subsurface irregularities compared to single-modality imaging [51].

However, biomedical validation requires strict radiometric calibration and careful
handling of polarization noise, as biological tissues introduce complex scattering behavior.

5.6. Evaluation Metrics and Operational Criteria
While classical metrics such as entropy, mutual information, and SSIM remain widely
used, application-driven validation emphasizes task-specific criteria:
¢ Detection accuracy,
e Segmentation precision,
o Classification reliability,
e Robustness to noise,

24 Electronics and Information Technologies ¢ 2026 ¢ Issue 34



Image Fusion Techniques Using Polarization Information...

e Stability across viewing angles.
o Target visibility [31].
Recent research increasingly incorporates:
e Task-driven loss functions,
¢ End-to-end detection pipelines,
¢ Real-time benchmarking.

Physics-consistent fusion models exhibit superior stability under environmental
perturbations compared to unconstrained networks, particularly when polarization signal-
to-noise ratio is low [52].

Additionally, uncertainty quantification methods are emerging to estimate confidence
in fused outputs — an important factor for safety-critical systems [53].

5.7. Limitations and Practical Challenges

Despite demonstrated advantages, polarization—infrared fusion faces several practical
limitations:

1. Sensor Calibration Complexity

Accurate alignment of polarization channels and infrared radiometry requires precise
calibration.

2. Polarization Noise Sensitivity

Polarimetric measurements are sensitive to atmospheric scattering and sensor
misalignment.

3. Dataset Scarcity

Public datasets containing synchronized, calibrated polarization—infrared pairs remain
limited.

4. Ground Truth Ambiguity

Defining objective ground truth for fused imagery is inherently challenging.

Addressing these challenges requires standardized benchmarks and shared
evaluation protocols.

5.8. Synthesis and Transition
Application-driven validation confirms that the methodological principles described in
Sections 3 and 4 directly influence operational robustness. Systems-oriented and physics-
informed approaches demonstrate enhanced stability, interpretability, and cross-domain
generalization.
Fusion has evolved from visual enhancement toward operational perception support.
In contemporary systems, fused imagery often feeds higher-level modules:
e Object detection networks,
e Tracking systems,
¢ Decision-support algorithms.
Thus, polarization—infrared fusion becomes an integral component of multimodal
perception architectures rather than an isolated preprocessing step.

CONCLUSION

The review of image-fusion techniques using polarization and infrared intensity reveals
a trajectory that mirrors the broader evolution of scientific thought: from analytical
separation to systemic integration. Technically, this progression moves from transform-
based and energy-driven methods toward adaptive, learning-based architectures that
embody physical and cognitive principles simultaneously. Conceptually, it demonstrates
the convergence of physics, computation, and epistemology in the modern understanding
of perception and information.

Future work will require:

e development of standardized multi-modal datasets;
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e creation of interpretable, physics-aware neural architectures;
e and exploration of cognitive models that explain how fusion contributes to
understanding rather than mere visualization.
Ultimately, polarization—infrared image fusion exemplifies the post-non-classical vision
of science — where observation, computation, and cognition become integrated aspects of
a single evolving system of knowledge.
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METOAUKU KOMMNEKCYBAHHA 306PAXEHb 3 BUKOPUCTAHHAM
NonAPU3ALIMHOI IHOOPMALIT TA IHTEHCUBHOCTI IHOPAYEPBOHOIO
BUMPOMIHIOBAHHA

Bimanii Apmuwm®, Onee Kpynu4

Kagpedpa onmoenekmpoHiku ma iHghopMauyitiHux mexHoroaid,
JIbgigcbKul HayioHanbHUl yHisepcumem imeHi lsaHa ®paHka,
8yn. ['eH. TapHaacbkoeo 107, Jlbsis, 79017, YkpaiHa

AHOTALIA

Betyn. KomnnekcyBaHHA nonspusauinHMxX Ta 3BUYaWHUX TEMMOBMX iH(PPavepBOHUX
306paxxeHb MNOEAHYE B3aEMOAOMOBHIOBAnNbHY (i3nyHy iHOPMaLio Ans MNOKpaLLeHHSs
iHTepnpeTauii cueHn. IHdpayepBOHe iHTEHCMBHICHE 300paxeHHs Bigobpaxae Tennose
BUMNPOMIHIOBaAHHS Ta po3nofin kKoediuieHTa BMNPOMIHIOBaNbHOI 34aTHOCTI, To4i $K
napameTpu nonapusauii, 3okpemMa CTyniHb i KyT niHiMHOI nonapu3sadii, kogylTb
MIKPDOCTPYKTYpPY MNOBEPXHi, MaTepianbHWA cknag i reoMeTpuyHy opieHTauilo, Wo €
HeOOCTYMHUMM [N CEHCOPIB, 3aCHOBAHNX NMLLIE HA IHTE@HCUBHOCTI. IXHE KOMMNEKCyBaHHS
nigBu1LLYE NPOCTOPOBY AeTanisauito, po3nisHaBaHHA 06’€KTIB i CTIKICTb 3a yMOB noripLieHoil
BMAUMOCTI, Bigobpaxatoum WwupLmi nepexig 40 MynbTMMOLanbHOro CAPUAHATTS.

Marepianu Ta MeTogu. Y poboTi nogaHo aHaniTMYHWUIA Ornsa MeToAiB KOMMMEKCYBaHHS
nonapu3auiiinx Ta iHgpavepBoHuX 300paeHb. PO3BMTOK nigxogiB po3rnsHyTO BiA
KNacuU4yHUX MiHINHUX nepeTBOpeHb, GaraTomaclTabHOi gekoMno3uuii Ta eHepreTUdHMX
npaBun NPURHATTA pilleHb 40 aganTUBHWMX ribpuaHnx cxem. Ocobnuey yBary npuaineHo
apxiTekTypam rmubokoro HaB4YaHHsi Ta i3nYHO-iH(popMOBaHUM MOAENSAM, L0 BPaxoBYOTb
NPUHUMNK (hopMyBaHHS NONSPU3aLiiHOro curHany Ta pagiomeTpuyHi oomexxeHHs. MNporpec
y cdpepi KOMNNEKCYBaHHS NPOaHani3oBaHO B KOHTEKCTi PO3BUTKY CEHCOPHUX TEXHOMOrIN i
obuumcnioBanbHoI Bidyanisauii.

PesynbTratu. AHani3 cBiguMTb, WO BKMYEHHS MONSAPU3auiiHOI CKNagoBoOi CyTTEBO
nigBuLLye iHPOPMAaTUBHICTE CMHTE30BaHUX 300pakeHb MOPIBHAHO 3 TpaauuinHumu
iHTEeHCUBHICHUMK  MeTodamu.  KnacuuHi  anroputmm  3abesnedvytoTb  cTabinbHi  Ta
iHTepnpeToBaHi pe3ynbTaTn, NPOTe MalTb OOMEXeHy afanTUBHICTb Yy CKNagHWX YMOBaXx.
Migxoom Ha OCHOBI HaBYaHHSA Ta ribpwaHI cTpaTerii 4eMOHCTPYIOTb Kpally 36epexeHicTb
KOHTpacTy, NMOKpaLLeHy CTPYKTYpHy AeTani3aliio Ta BULLY BUSIBIOBAHICTb Liinen, ocobnmneo
B yMOBax TennoBOi HeoaHopigHocTi abo BisyanbHoi Aerpapauii. Cepen akTyanbHUX
npobnem — oBMeXeHiCTb aHOToBaHMX HabopiB AaHUX, YYTNUBICTL A0 MONSPU3auinHOro
LWYMy Ta HegocTaTHSA (pisuyHa iHTEpNPETOBAaHICTb MMUONHHNX HEMPOHHUX MOZENEN.

BucHoBkn. KomnnekcyBaHHs nonspu3auiiHux Ta iHpavyepBOHUX 300paxeHb
BigoOpaxae nepexig Bid ogHOMOAanbHOro 0 6araToMoAanbHOrO CMOCTEPEXEHHS Ans
CUCTEMHO-OPIEHTOBAHOIO CMPUAHATTS, WO NOeAHYE Di3nYHEe MOAENOBaHHS 3 MiAXxoaamun Ha
OCHOBiI faHux. [loganbuwi pocnigXeHHs MakTb OyTu  30cepemxeHi Ha  isnyHo-
06r'pyHTOBaHOMY NPOEKTYBaHHI HEWPOHHWX apXxiTeKTyp, CcTaHgapTu3auii npoTokonis
OUiHIOBaHHS Ta NiABULLIEHHI iHTepnpeToBaHOCTI AN 3abe3neyYeHHs HagiHOro NPakTUYHOro
BMPOBaXEHHS.

Knro4oei cnoea: «komnnekcyBaHHA 300paxeHb, nonapusauinHe 300paxeHHs,
iHbpayepBOHe 300paXKeHHs, MyNbTUMOAANbHI AaHi, rMMboKke HaBYaHHSA
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ABSTRACT

Background. Understanding how hyperparameters of the Adam optimizer shape the
learning dynamics of multilayer neural networks remains an open problem, particularly in
regimes where training transitions from stable to chaotic behavior. Previous studies have
shown that learning rate and network complexity can lead to underfitting, efficient learning,
overfitting, or chaotic states; however, systematic visualization of these regimes in the ;-

B2 parameter space is still lacking.

Materials and Methods. Dynamic regime maps are constructed for a multilayer neural
network trained on binary-encoded digit patterns. The training process is analyzed using a
recurrent two-dimensional mapping based on the error evolution of a neuron and its
neighbor. Periodicities in the final iterations are identified via the convergence of periodicities
method, enabling classification of learning regimes from fixed points to high-order cycles and
chaos. The maps are generated for varying learning rates a, training duration, network depth,
and neuron count, with $1 and 8, scanned over the interval [0, 0.999].

Results and Discussion. The results demonstrate strong sensitivity of Adam
dynamics to the joint values of ; and .. Small learning rates (¢ = 0.001) produce
predominantly first-order periodicity, indicating underfitting. Moderate values (¢ = 0.1 —
0.4) reveal structured transitions from rapid to slower learning as f3, increases. In contrast,
large a (= 0.6) leads to fragmented, non-monotonic patterns associated with overfitting
and chaotic dynamics. Increasing network size introduces noisy gradients, shrinking stable
regions and expanding chaotic zones, whereas smaller networks yield smoother regime
transitions.

Conclusion. Dynamic regime mapping in the -, space serves as an effective
diagnostic tool for identifying stable, inefficient, and chaotic learning regimes. The findings
confirm the high sensitivity of Adam to hyperparameter interactions and network
architecture, showing that inappropriate combinations can induce chaotic behavior even at
moderate learning rates. The proposed framework provides a novel approach for
analyzing optimizer dynamics and guiding hyperparameter selection in deep learning.

Keywords: Adam optimizer; learning dynamics; periodicity maps; hyperparameter
tuning; chaotic learning; multilayer neural networks.
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The present study should primarily be interpreted as a qualitative analysis of the
dynamic properties of neural-network learning under controlled conditions, rather than as
a benchmark comparison on large-scale datasets. The use of a binary 4x7 dataset was
intentionally chosen to minimize the influence of high-dimensional factors and to improve
the interpretability of optimizer dynamics. Preliminary experiments on MNIST and CIFAR-
10 datasets demonstrated qualitatively similar fragmentation of stability regions, although
with significantly higher noise levels and lower interpretability.

INTRODUCTION

Optimizers adjust network parameters to minimize a loss function and are central to
training efficiency and generalization. Adam combines momentum on first moments with
adaptive scaling by second moments, providing fast convergence in many settings but
exhibiting sensitivity to the learning rate and moment decay factors (51, 52). Here, we
investigate how Adam's hyperparameters, together with iteration budget and model size,
shape the qualitative dynamics of learning.

Background and related work

Neural network training optimizers are used to adjust model weights to minimize
the loss function. They play a key role in the learning process, helping the network find
the best parameter values to summarize the data and achieve high accuracy on the test
set.

The main functions of optimizers can be considered:

e convergence acceleration — optimizers help to quickly find the minimum loss
function;

e overcoming local minimums — optimizers that allow you to get out of local
minimums and find better solutions;

e adaptability to different parameters — optimizers change the learning speed
for different weights, improving the stability of learning;

e prevention of overtraining — optimizers or their modifications, which can
contribute to better generalization of the model.

The main types of optimizers include gradient descent and adaptive methods.

Gradient Descent optimizers include:

e regular (Batch Gradient Descent), which uses the entire dataset to update
the weights;

e stochastic (SGD — Stochastic Gradient Descent), which updates the weights
after each cycle, which can speed up learning, but makes it unstable;

e minibatch (minibatch Gradient Descent), which is a compromise between the
two previous methods.

Adaptive methods:

e Momentum — adds "inertia" to updates, helping to overcome local lows;

o Adagrad — adaptively changes the learning speed for different parameters;

¢ RMSprop is a modification of Adagrad that eliminates its main drawback — a
decrease in the learning speed too quickly;

e Adam (Adaptive Moment Estimation) — combines the advantages of
Momentum and RMSprop, one of the most popular optimizers;

e AdamW is an improved version of Adam with better regulation.

Each of the optimizers has its own advantages and is used depending on the task,
the type of neural network, and the size of the data.

Adam is one of the most popular and effective optimizers for training neural
networks. At its core, the Adam optimizer is an extension of stochastic gradient descent
methods. It includes adaptive learning speed for each parameter, and dynamic step
size adjustment during training. This adaptability allows the method to navigate
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efficiently in an optimization environment, mitigating the problems associated with fixed
learning rates. The algorithm's adaptability and momentum methods contribute to faster
convergence and improved overall performance of deep neural networks [1]. Adam
optimizer works as an extension of the traditional gradient descent algorithm,
introducing adaptive learning rates to improve the optimization process. The key to its
functionality lies in its ability to adapt the learning speed for each parameter
individually. This adaptability is achieved by combining two important concepts:
momentum methods and adaptive learning rates [1]

Adam momentum update.

The Adam optimization method calculates the average slope of the path (m;) and

the average steepness of the hills (v;):
my = fime—1 + (1 — B1)ge, 1)

Ve = Boveg + (1 — B2yt )

where 8, and [, are hyperparameters controlling exponential velocities,
g: is the gradient of the loss function with respect to the model parameters at iteration t.
Bias correction.
There is a slight correction to make sure that these averages are fair, especially at
the beginning.

m

My = ——, 3)
1-p;
v

b= ——— (4)
1-p;

where m; represents the exponentially weighted average of past gradients,
U, represents the exponentially weighted mean of past quadratic gradients,

Parameter update.

It then uses these averages to decide how large the steps should be for subsequent
iterations. The model parameters are updated according to the equation below.

a oy
—m’ 5
Jote ©

where a is a learning rate,s and is a small constant that prevents division by zero.

Let's consider the deeper meaning of these hyperparameters. Understanding and
fine-tuning hyperparameters is critical to harnessing the full potential of the Adam
optimizer in neural network projects. Properly tuning them ensures optimal convergence
and performance for most machine learning or deep learning tasks.

e Learning step (a): controls the size of the step during optimization. A higher
learning rate may result in faster convergence but may also result in missing the
minimum. Requires careful adjustment.

e (1 and B,: exponential recession rates for past gradients and quadratic
gradients, respectively. They affect the weight of recent and past information.
Common default values: 0.9 for ; and 0.999 for £3,.

e Epsilon (¢): a small constant to prevent division by zero. As a rule, it has a small
value, for example, 1078,

Orr1 =6 —
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The speed of adaptive learning in Adam plays a crucial role in solving the problems
faced by traditional optimization algorithms. Adam dynamically adjusts the step size of
each parameter, ensuring a balanced and efficient convergence process. This
adaptability mainly makes adaptive optimizers like Adam the best algorithms when
dealing with sparse gradients, non-stationary targets, or different gradient sizes for
different parameters.

Adam's performance may depend on the choice of learning speed. In some cases,
an incorrect setting of the learning speed can lead to suboptimal convergence or method
divergence. Thus, in particular, in the work [2] it was noted that depending on the size of
the learning rate of the a, there may be different modes of learning, namely: non-
additional training, the mode of satisfactory training, and overfitting with the transition to a
chaotic mode of training. Logically, the interval of their existence in a depends on the
number of iterations.

Adam supports additional state variables (moment estimates) for each parameter,
which increases memory requirements. For large deep learning models or datasets, this
can be a limitation, especially in environments with limited memory.

Unlike some simpler optimization algorithms, Adam does not have strong
theoretical guarantees of convergence. Although in practice it often works well. The
lack of clear theoretical guarantees can make it difficult to predict its behavior in specific
scenarios.

In cases where the target function has a lot of noise, Adam may not work optimally.
Noise-related gradients can affect the rate of adaptive learning and moment estimation,
resulting in suboptimal convergence.

Adam's performance depends on the initial values of his moment estimates (m and
V). In some cases, incorrect initialization can affect convergence.

The additional computations required to maintain and update moment estimates
make Adam computationally more expensive compared to simpler optimizers, especially
in scenarios with large models and datasets.

In some cases, Adam's impulse-like behavior can cause the minimum to be
exceeded, especially in the large dimension parameter space.

A number of publications are devoted to the Adam optimization method. Here are
some key publications devoted to this optimization method. In the paper [3], the authors
first presented the Adam algorithm, which combines the advantages of the Momentum
and RMSprop methods for adaptive adjustment of the learning rate during stochastic
optimization. The author's article by Rahul Agarwal [4] provides a detailed overview of
the Adam algorithm, its advantages, drawbacks, and practical aspects of use, which
can be useful for machine learning practitioners. In the paper [5], the authors propose a
modification of the Adam algorithm, known as AdamW, which improves the
regularization of the model by separating the weight decay from parameter updates,
which contributes to better generalization of the model. The paper [6] analyses the
problem of large variation in adaptive learning rate in Adam-type algorithms at the initial
stages of training and proposes a variant of RAdam, which fixes this issue and
improves the stability and performance of optimization. The paper [7] presents the
NosAdam algorithm, which gives more weight to the previous gradients in calculating
the adaptive learning rate, which contributes to better convergence and stability of
learning. The paper [8] investigates the choice of optimal learning rates for adaptive
algorithms such as Adam and AMSGrad and their impact on the convergence and
performance of deep neural networks.

In the paper [9], we present a new and complex framework for analyzing the
convergence properties of Adam. This structure offers a universal approach to
establishing Adam convergence. Adam has been shown to reach non-asymptotic limits of
sample complexity similar to SGD.
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The purpose of this work is to study maps of dynamic learning modes of a
multilayer neural network using the Adam optimization method for the target learning
error function.

The hyperparameters 3; and 8, were scanned within the interval [0; 0.999] using a
uniform scanning step. The periodicity detection parameter q was chosen as g =8 or
q = 16, depending on the experiment. The neural network was trained using the mean
squared error (MSE) loss function. Sigmoid activation was used in the output layer, while
standard nonlinear activation functions were used in hidden layers. Weights were
initialized randomly with a fixed random seed to ensure reproducibility. A regime was
classified as chaotic if no periodicity up to order q was detected and convergence was
absent within the observation window.

MATERIALS AND METHODS

The construction of dynamic mode maps was carried out in the coordinates of the
hyperparameters at different values of the learning rate, the number of hidden layers,
and the number of neurons in them and the number of iterations. Under these
conditions, the learning error value of each neuron was analyzed in comparison with
the others. The construction of a multilayer neural network was performed in the Python
software environment. An array of printed digits represented as a set of zeros and ones
with a dimension of 4x7 was used as the dataset. The sample contained 5 options for
representing each digit. The sample for each digit contained variants of distortions of
this digit. The amount of distortion was 5%. The construction of maps of dynamic
modes was carried out according to the method described in the paper [10] and was as
follows.

It is known that two-dimensional mappings can be specified by recurrence relations
of the form:

Xn+1 = f(xn'Yn)’

6
Yn+1 = 90n, Yn)- ©)

When building maps of dynamic modes, the function f(x,,y,) was a function
describing the learning error of a neuron in the output layer on the n-th neuron. The
function g(x,,y,) was a function describing the learning error of a neuron in the output
layer on the (n — 1)-th neuron.

The following algorithm was used to build maps of dynamic modes.

For some initial pair (xy,y,) at some pair of values (B, S-), according to Eq. (6), a
set of iterative values (x1,v4), (X2, V2), -, (X, Vn)-

A few ¢ last points stand out. For example, 8 or 16. g is the number that will denote
the maximum period that can be determined using this algorithm. The selected points

form a set of (xn—q+1:yn—q+1)' (xn—q+ZIYn—q+2)v s O, V).

Working with a set of points that has 2 coordinates is not very convenient in our
case. To do this, you need to replace 2 coordinates with a single nhumber. For example,
replace with a square the modulus of the vector that corresponds to this coordinate. That
is, instead of a point (x;,¥;), the value d; = x? + y? is used. The result is a set of
d ={d4,d,,...}. For further actions, it will be necessary that d; displays a specific value
(x;,v;) and does not allow duplicates. But this cannot be achieved if the points form a
certain symmetrical figure, for example, a circle — the distances to the middle of the
center of the coordinates of which will be the same. Therefore, it makes sense to
introduce some asymmetry into the above operation. For example, like this: d; =
(x; +k)? + (; + k)2
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If the last, g element, coincides with g — 1, then it is stated that the resulting set d
has a period of 1, which means that with the parameters (f;, §,), the system has a limit
point. until the period is detected. That is, where a situation is reached when none of the
numbers of the set d will coincide with the last element. In this case, the presence of
chaos is asserted. Although in fact it may turn out to be a period of higher order or the
system has not yet moved to stable behavior, and we ourselves have the right to choose
with what accuracy the behavior of the system is considered. In a situation where the
period has not been detected, it is wise to write it as zero. The above method of
determining the period can be called the method of simple comparison or the method of
convergence of periodicities.

Next, it is necessary to save the obtained result. In pre-created 3 arrays, values are
stored according to the following rule: in the first array — the value of 1, in the second —
the value of 35, and, finally, in the third — the value of the obtained period.

All the previous points are worked out at other values of S, B.. It is necessary to
go through all possible combinations (f1, 52) from the interval, going over with a certain
step.

The last stage is the display of the image. Points corresponding to different period
values must be displayed using different colors. To do this, you can use check loops or
logical operations.

When building dynamic mode maps, we selected only the first fourteen possible
periodicities (red — 1, orange — 2, yellow — 3, green — 4, cyan — 5, blue — 6, violet — 7,
navy (#000080) — 8, light shade of purple-blue (#9370DB) — 9, dark -orchid (#9932CC) —
10, medium light shade of purple (#{DDAODD) — 11, purple red (#C71585) — 12, midnight
blue (#191970) — 13, purple (#DB7093) — 14, white (white) — all others). The black color
indicates the absence of any periodicity.

RESULTS AND DISCUSSION

Fig. 1 shows maps of dynamic training modes of a three-layer neural network for
printed digits with 28 neurons in each layer, training step at 10 iterations. Maps of
dynamic neuronal learning modes are characterized mainly by the existence of the first
periodicity (red color) in the entire spatial area of change. Since the first periodicity is
associated with the largest gradient change, this indicates that under these conditions of
neural network training, its underfitting can be traced. Only in the spatial region of
changes (0.7-0.9999) and (0-0.2) there is an appearance of periodicity with a longer
period (tripling and above), that is, a decrease in the gradient of weight correction, and
therefore in the speed of learning. Therefore, under these conditions (during the training
step and 10 iterations), the neural network is in underfitting mode.

1.0 10

0.8

0.8

0.6 0.6

betal
betal

0.4 0.4

032 0.2

0.0 0.0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
beta2 (a) beta2 (b)
Fig. 1. Dynamic regime maps of a three-layer neural network trained on printed digits, with 28 neurons per
layer, learning rate a=0.001, and 10 training iterations: (a) digit “0”; (b) digit “1”, illustrating the
dependence of learning dynamics on the input pattern
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Fig. 2 shows maps of dynamic learning modes of the neural network, provided that
the learning rate (a) is equal to 0.1, with 10 iterations. With small values of (0-0.2) and
(0-0.2), the existence of periodicity with a longer period can be traced.

dynamic mode maps

dynamic mode maps

1.0 r_i 1.0 r_

0.0 0.2 0. .6 08 L 0.0 0.2 0.4 06 0.8 1.0

0
(a) beta2 (b)
Fig. 2. Dynamic regime maps of a three-layer neural network trained on printed digits, with 28 neurons per
layer, learning rate a=0.1, and 10 training iterations: (a) digit “0”; (b) digit “1”, illustrating the
dependence of learning dynamics on the input pattern

.4 0
beta2

The update of weights is more sensitive to gradients, and in this interval of changes
in optimization parameters, an uneven learning process is observed. In this range of
changes f; and f,, the emergence and increase of the range of periodicity with the
smallest period can be traced. That is, training takes place with a larger gradient of weight
correction. With an increase in optimization parameters 8; and S,, there is an expansion
of the spatial area of existence of periodicity with the shortest period. At values of
(0.2-0.6) and S, (0.2-0.999), it (the periodicity with the smallest period) becomes
decisive. That is, the learning process takes place at the same speed. Along with this, for
some numbers ("0", "2", "4", "5", "6", "9"), there is a threefold (yellow) period, four (green)
longer than the periodicity with the shortest period (red). At 8, >0.9 and 5, >0.9,
according to the authors, there is a transition to periodicities with a period longer than the
existing largest periodicity (white palette (white) - all other periodicities). Therefore, high
values of §; and 3, stimulate a smooth update of learning parameters with a transition to
insignificant, large gradients of weight correction, or practically to their absence. That is,
under these conditons f(; >0.9 and [, >0.9 (white palette (white) - all other
periodicities), there may be no process of correcting the weights. Based on the above, the
following conclusion can be drawn. Provided that the control of inertia in the direction of
the gradients is negligible (B; < 0.4) and the control of the "adaptive" learning rate is
insufficient (S, < 0.2), it reacts quickly to gradient changes, resulting in unstable learning
and oscillations. Under the same conditions, the speed adapts to new gradients, and this
increases the risk of fluctuations (there is no change in the colors specified in the method,
and therefore periodicity.

It is known [11] that in the Adam (Adaptive Moment Estimation) method, the
parameters ; and B, control the smoothing of first- and second-order moments,
respectively. They affect the speed of updating weights and the stability of learning. S
(usually 0.9) determines the smoothing of the first moment (mean gradient), expression
(1.1)

A high B, (for example, 0.4—0.99) adds "inertia" to the update of the weights, which
helps to avoid sudden changes in the direction of movement, as well as smoothes
gradients, stabilizes learning.

Low f; results in less anti-aliasing effect, making weight updates more sensitive to
current gradients, and making learning faster but less stable.
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B, determines the smoothing of the second moment (the mean square of the
gradients), the expression (1.2).

A high [, allows for smooth parameter updates, but can cause excessive anti-
aliasing, which slows learning, as well as smoother refresh but slower adaptation of
learning speed [12].

Low 8, makes the model more sensitive to gradient changes, which can help when
gradients change rapidly, as well as faster adaptation, but greater risk of instability.

Usually, the default is ; = 0.9, B, = 0.999 [11]. If the gradients change very quickly,
you can reduce [3,. If the weights are very unstable, you can increase ;.

So, based on Fig. 2, at §; >0.9 and S, > 0.9, there is a smooth update of
parameters, which is accompanied by a slowdown in learning or practically its absence.
To identify the learning dynamics processes of a neural network under the condition
B1>0.9 and S, > 0.9, we will consider the influence of the number of iterations, the
learning rate, the number of hidden layers and neurons in them on the learning
process.

Influence of the number of iterations.
Fig. 3 shows the dependence of dynamic mode maps on the number of iterations.
The obtained maps of dynamic modes of neuronal learning indicate that the process of
difference in the learning of one neuron in relation to another is not very sensitive to the
number of iterations.

dynamic mode maps dynamic mode maps
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Fig. 3. Dynamic regime maps of a three-layer neural network trained on printed digits (digit “0”), with 28 neurons
per layer and learning rate a =0.1: (a) 3 training iterations; (b) 100 training iterations, illustrating the
effect of iteration number on learning dynamics

Although it is known [13] that the number of iterations directly affects the role of the
B1 and [, parameters in the Adam method, especially because of their role in bias
correction in the early stages of learning. Since the evaluation moments of m; and v;
are calculated recursively, they are shifted towards zero in the first iterations. To
compensate for this, bias correction is applied to expressions (1.3) and (1.4). This
correction has a strong effect in the early stages of learning (small t). Since ; and £,
are initially close to zero, the denominator is small, which amplifies updates in early
iterations.

With a large number of iterations (t — ©0), correction becomes almost unnecessary,
since 1 — Bf ~ 1 and 1 — B} ~ 1. On small iterations, low values 3; make the weights
update sensitive to gradient changes. High [5; gives greater inertia, which stabilizes the
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update. On large iterations, the effect of choosing f; is smoothed out because the middle
gradient accumulates enough information.

If the training is short (a few iterations), it is worth reducing ; to respond faster to
changes. If the training is long, high B; (0.9-0.99) improves stability.

On small iterations, high f, makes updating weights very careful, which can slow
adaptation. On large iterations: v; (RMS gradients) is already stabilized, and £, is
affected less. If the learning is short (a few iterations), you can reduce S, it so that the
adaptation of the learning speed is faster. If the training is long, high 8, will help to avoid
fluctuations in the learning speed.

Therefore, in the early iterations, the bias correction plays an important role by
enhancing the effect of the gradients. In the later iterations, the effect of choosing £
and B, becomes less critical, and Adam works stably. If the training is short (a few
iterations), it is possible to reduce f; and B, so that the network adapts faster. If the
training is long, the standard values are ; = 0.9, £, = 0.9999, and usually work well
[12, 13].

The difference between our results and the generally accepted statements about
the influence of the number of iterations on the role of the parameters ; and 3, in the
Adam method may be related to the method for determining recurrence relationships,
Eq. (1.6).

Impact of the learning rate.

The learning rate (a) in the Adam optimizer significantly affects the learning process
of the neural network [3]. This manifests itself as follows.

The Large learning rate ().

A quick update of the weights, which can accelerate convergence, while the network
may "jump" the optimum and not stabilize. The error can fluctuate or even increase.

Small learning rate ().

Learning is stable and smooth. Very slow convergence. Can get stuck at a local
minimum.

The optimal value of the learning rate would be the balance between speed and
stability. Normally, Adam works well at « = 0.001 (recommended value for convolutional
neural networks). A reduction in the learning rate can be used to improve convergence
(3]

Choosing the right training step is critical for the neural network to train effectively.

According to the work [2], an increase in the learning rate (a) can lead to overfitting
of the neural network, which ultimately leads to a chaotic learning mode of the neural
network (for a three-layer neural network). Fig. 4 a—c shows maps of dynamic modes
under the condition of « = 0.4, = 0.6, « = 0.9. According to Fig. 4a, an increase in the
learning rate caused a decrease in the spatial region in the coordinates f; and 3, the
existence of periodicity. In particular, first of all, periodicity with the shortest period. Along
with this, the appearance of new periodicities and the expansion of existing periodicities
with an increased period take place. This indicates a change in the speed of learning in
the direction of its decrease. In our opinion, this is due to an increase in the speed of
weight correction and the rapid achievement of a local minimum.

Let's consider it in more detail. Under the condition of §; < 0.1 and 8, < 0.9, there
is practically no learning process. A similar situation is observed for 0.4 < ; < 0.99 and
0 < B, < 0.99. The origin of periodicity with different periods can be traced in the spatial
region of changes in optimization parameters 0 < ; < 0.3 and 0 < 8, < 0.2. A further
increase in the [, parameter is an increase in the spatial regions of periodicity. In
particular, this is well traced for the smallest periodicity, and for the periodicity of which
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the period has increased by three, four, five, and six times (Fig. 4a). Ideally, the pattern of
neural network learning when using an optimizer should be as follows.
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Fig. 4. Dynamic regime maps of a three-layer neural network trained on printed digits, with 28 neurons per layer
and 10 training iterations: (a), (b) learning rate a = 0.4; (c), (d) a = 0.6; (e), (f) a = 0.9; for each pair, (a),
(c), (e) correspond to digit “0” and (b), (d), (f) to digit “1”, illustrating the effect of increasing learning rate
on learning dynamics and the emergence of complex and chaotic regimes

At the beginning, as a result of large gradients, the highest learning speed should be
traced, in our case, the correction Weights. As we approach the global minimum, the
magnitude of the gradients decreases, so there will be an increase in periodicity. That is,
ideally, we should observe the following sequence of color palettes with increasing values
of optimization parameters 8, and S,: red — 1, orange — 2, yellow — 3, green — 4, cyan —
5, blue — 6, violet — 7, navy (#000080) — 8, light shade of purple-blue (#9370DB) — 9, dark
— orchid (#9932CC) — 10, medium light shade of purple (#DDAODD) — 11, purple red
(#C71585) — 12, midnight blue (#191970) — 13, purple (#DB7093) — 14, white (white) — all
others). That is, the first periodicity (red color) with the smallest period is described by the
largest changes in the learning error gradient. Other, subsequent periodicities are
characterized by a longer period multiple of the period of the first periodicity. In fact,
according to Fig. 4a, at the initial stage, learning begins with not the biggest change in
the target learning function of the neural network. That is, learning begins with
periodicities, the period of which is three or six times longer than the period of the first
periodicity. This indicates that learning does not begin with the highest learning speed,
but three to six times less than the maximum possible. The sequence of periodicities with
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an increase in the value of f; in the entire range of changes in the optimization
parameter 3, is also far from the ideal sequence of periodicities.

That is, for most digits, except for "1", "2", "3", "4", "8", the periodicity with a longer
period is traced first, before that with a decreasing period. Therefore, there is a non-
equilibrium learning process, which is accompanied by a different sequence of
periodicities, i.e. uneven learning with different changes in speeds when changing
parameters. In addition, it should be noted an increase in the spatial area of changes in
the parameters 8; and f3,, where periodicity is traced, the period of which is 14 times
longer than the period of the first periodicity. In this area, chaotic fluctuations in the speed
of neurons learning can also occur.

A further increase in the learning rate @ = 0.6 (Fig. 4b) is similar to that for Fig. 4a.

The sequence of periodicity with increasing magnitude f; in the entire range of
changes in the optimization parameter §, is also far from its ideal sequence. This
indicates a non-equilibrium learning process, which is accompanied by a different
sequence of periodicities, i.e. uneven learning with different changes in speeds when
optimizing parameters change. In addition, there is an increase in the spatial area of
changes in parameters [; and f,, and where periodicity is traced, the period of which is
14 times longer than the period of the first periodicity.

Fig. 4c shows maps of the dynamic learning modes of a neural network during a
learning rate & = 0.9. The resulting maps are dynamic, provided a = 0.9, indicate the
practical absence of the neural network learning process. The observed periodicities
have an insignificant spatial area of existence and undergo their non-sequential change
(with a decrease in the period). That is, the learning process is almost non-existent. It is
known [2] that with a given value of the learning rate in multilayer neural networks, the
existence of a chaotic learning mode can be traced, which is due to the overfitting of
neurons. The optimizer’s attempt to stabilize the learning process leads to the existence
of a number of periodicities with a narrow area of their existence, which can be traced
in Fig. 4b and Fig. 4c.

Additional studies of dynamic mode maps have been carried out, under these
conditions, at different values ¢ (¢ determines the existence of periodicities with a value of
€), testified to the absence of any periodicity in the spatial region, which is described by
the existence of white. This state of the neural network can be described as a chaotic
mode of the neural network learning process. This conclusion follows from the algorithm
for building maps of dynamic modes using the method of convergence of periodicity.
Namely, it is known that the chaotic regime is characterized by the fact that small
changes in the initial conditions lead to radically different results. Under such conditions,
periodicities occur that are not convergent, and the amplitude of such fluctuations can
vary sharply. Therefore, in this method, a limit was set on the magnification of the
learning error, and on the map of dynamic modes, this area is indicated in black. An area
that is represented in white can be described as a region in which there are periodicities
with a period greater than fourteen times the periodicity with the smallest period, zero
period, or chaotic. The chaotic oscillations existing in this area (indicated in white) are
amplitudes smaller in magnitude than in the specified black region. Therefore, in the white
area of dynamic mode maps, a chaotic learning mode occurs with an amplitude less than
the specified value in the black area.

Influence of the number of neurons
It is known [3—8] that the change in the number of neurons in the network affects the
stability and efficiency of the neural network learning process.
If the number of neurons is small, Adam works stably, because there are fewer
parameters and fewer gradient fluctuations. The model learns quickly. Possible
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underfitting is insufficient expressiveness of the model. Adam updates the weights, but
they are not enough for the model to summarize the data well.

You can use a larger learning rate (a), because the model is less sensitive to large
updates. Gradients are more stable, so moments work efficiently [3].

If the number of neurons is large, the model can study complex patterns. The
gradients become noisy, which can make it difficult for Adam to work. The model can be
overtrained. Learning becomes slower due to more scale updates. Under these
conditions, it is necessary to reduce the training step (a) to avoid sudden changes in
large models. Adam adapts to gradient changes but can match more slowly due to the
large size of the parameters.

So, when there are fewer neurons, Adam works more stably, and a larger learning
rate can be used. More neurons — Adam can be unstable due to variable gradients,
requiring a lower learning rate [3].

Fig. 5a—j presents dynamic regime maps for different numbers of neurons in the
network. Figures 5a—d correspond to configurations with fewer neurons than the input
dimensionality, whereas Fig. 5e—j illustrate cases with a larger number of neurons. For
the configuration with 20 neurons per layer (i.e., fewer than the number of input features),

the initial variation of the hyperparameters ; and fS,is associated with the emergence of

first-order periodicity. As fB; and f, increase, this periodicity expands and gradually
transitions to higher-order periodic regimes. Notably, the observed periodicities may
exceed the fundamental period by more than a factor of five. Thus, for small values of the
optimization parameters (f; < 0.2 and 3, < 0.2), the learning process is characterized by
the dominance of low-order periodic behavior.

Learning is mostly characterized by an uneven learning speed. At low values of f5;
(B1<0.2) and B, (B, <0.2), rapid adaptation takes place, but with greater instability.
Lower values of 8, are accompanied by a smaller smoothing effect, and the update of
weights is painfully sensitive to current gradients. A further increase in the optimization
parameters stimulates the presence of the highest learning rate, the interval of existence
of which mainly depends on the parameter ;. That is, ; it affects the rate of renewal of
weights and the stability of learning. At higher values of 5,, the intervals of the existence
of periodicities are larger. This indicates that [3, it causes excessive smoothing, and this
results in homogeneous learning. This, in particular, is indicated by the sequence of
existing periodicities. That is, according to the first periodicity, the presence of periodicity
is observed, a period that significantly exceeds (five or more times) the period of the first
periodicity. A further increase in 8; and 3, causes the disappearance of periodicity, which
indicates the transition of the neural network to the overfitting mode or to the chaotic
mode. Therefore, a sharp transition to the periodicity with the longest period indicates the
presence of a smoothing process, which provokes a decrease in the learning speed and
expansion of the spatial areas of the periodicity of periodicity on the map of dynamic
modes.

A further decrease in the number of neurons (up to 18, Fig. 5¢c-d) is accompanied by
the separation of the spatial region of changes f; (81 < 0.4) and 8, (5, < 0.4), where the
existence of a significant number of periodicities, which indicates the existence of a
number of learning speeds. Further increase in the value of parameters ; and B, is
accompanied by the expansion of the spatial regions of the first, second, and third
periodicity. This indicates a gradual transition to a decrease in the value of the learning
speed (periodicity determined by red, yellow, and orange). The next increase in the value
of $; and 3, contributes to the appearance of periodicity with an even longer period,
which indicates a further decrease in the learning rate. In addition, there is a transition to
the absence of any periodicity (areas of white color), which in some places are separated
by periodicities with a long period. This behavior of dynamic mode maps at large values
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Fig. 5. Dynamic regime maps of a three-layer neural network trained on printed digits, evaluated over 10
training iterations: (a), (b) 20 neurons per layer, learning rate a =0.1; (c), (d) 18 neurons per layer,
a=0.1; (e), (f) 50 neurons per layer, a = 0.4; (g), (h) 75 neurons per layer, a = 0.4; (i), (j) 100 neurons
per layer, a = 0.4; for each pair, the left panel corresponds to digit “0” and the right panel to digit “1”,
illustrating the effect of network width on learning dynamics
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of 5, and B, indicates a significant decrease in the learning rate or its absence. That is,
at large values of §; and 3, reaches a global minimum, and neural network training can
go into chaotic learning mode. Wedging of single periodicities with a long period may
indicate the presence of a learning process confirming the existence of transparency
windows on the branching diagram [2].

A slight further decrease in the number of neurons (up to 15 neurons) is
accompanied by a lack of periodicity on the maps of dynamic learning modes of the
neural network. This indicates the absence of a neuronal learning process. Therefore, a
decrease in the number of neurons in comparison with the number of input variables
leads to an improvement in the learning process in the early stages, making it more
monotonous in terms of learning speed.

Let's consider how the process of increasing the number of neurons affects the
dynamics of the learning speed. Fig. 5e—j shows maps of the dynamic modes of training
of the neural network with an increase in the number of neurons in each layer (50, 75,
100 neurons). Choosing a learning rate equal a = 0.4 is due to the fact that, as shown in
the paper [2], this training step corresponds to the optimal learning error of a three-layer
neural network, with 28 neurons in each layer. An increase in the number of neurons is
accompanied by a narrowing of the spatial areas of the existence of periodicities, the
appearance of periodicities with longer periods. With 50 neurons (Fig. 5e-f), there is a
sharp transition to periodicity with longer periods and to the mode of absence of the
learning process. That is, there is a sharp decrease in the speed of learning and the
transition to the mode of its absence. An increase in the number of neurons to 75 (Fig.
5g-h) leads to the separation of spatial areas of the existence of periodicity by areas of
their absence, which indicates the appearance of a heterogeneous process of neuronal
learning A further increase in the number of neurons (100 neurons, Fig. 5i-j) is
accompanied by an increase in the heterogeneous process of neuronal learning, and
possibly the appearance of a chaotic learning mode. This, in particular, is indicated by the
results of work [2] on the influence of the number of neurons on the learning error of a
three-layer neural network.

Consider how the number of hidden layers affects the performance of the Adam
optimizer. Fig. 6a—d shows the influence of the number of hidden layers and the
dynamics of the learning speed of the neural network.

An increase in the number of layers of a neural network from three to five is
accompanied by a spatial expansion of the existence of periodicity with a shorter
period, which indicates the existence of a slow learning process, compared to a three-
layer neural network. At the same time, there is a decrease in the moment parameter
(B1 < 0.4), at which there is a more significant change in the learning speed. At 5; >
0.4, the learning of the neural network goes into the mode of practically its absence.
Wedging of single periodicities with a long period (Fig. 6a-b) may indicate the presence
of a learning process with a low learning speed, which indicates the existence of a
heterogeneous learning process. An increase in hidden layers from five to seven leads
to the disappearance of almost periodicity with a short period (areas of red, orange, and
yellow), and the appearance of periodicity with a longer period. That is, an increase in
the number of layers of the neural network at this stage leads to a decrease in the
learning speed of the neural network, and an increase in the heterogeneity of the
learning process not only at 8; > 0.4. Therefore, the learning process becomes more
heterogeneous. This, according to the authors, leads to a decrease in learning speed.
That is, the Adam optimization method becomes slower due to the fact that the
gradients become noisier.

It is known [2] that the optimizer Adam adaptively changes the learning rate for each
network parameter, taking into account the average and variance of the gradients.
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Increasing the number of hidden layers affects the dynamics of gradients and,
accordingly; the behavior of Adam.
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Fig. 6. Dynamic regime maps of a multilayer neural network trained on printed digits, with 28 neurons per layer,
learning rate a = 0.4, and 10 training iterations: (a), (b) five-layer network; (c), (d) seven-layer network;
(e), (f) nine-layer network; (g), (h) twelve-layer network; for each pair, the left panel corresponds to digit
“0” and the right panel to digit “1”, illustrating the effect of network depth on learning dynamics

Few hidden layers (fine mesh). A simpler network is easier to optimize. Gradients
change predictably, Adam controls them well.

Lots of hidden layers (deep web). Better at detecting complex patterns in data. May
suffer from decay or explosion of gradients. Increasing the volume of calculations, Adam
may run more slowly. Gradients can become noisy, making it difficult to learn.

Shown in Fig. 6e—h are maps of dynamic modes of the nine- and twelve-layer non-
grid. Their maps of dynamic modes are radically different from maps of dynamic modes
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with fewer layers (Fig. 6a—d). This difference lies in the presence of periodicity with the
shortest period, which indicates an increase in the speed of learning. Taking into account
the results shown in Fig. 6 g, h, according to the authors, this is due to the processes of
undertraining of the neural network with a small number of iterations. Further studies with
more hidden layers show a slowdown in the learning process.

So, the paper considers maps of dynamic learning modes of the neural network
depending on the number of iterations, the learning rate, the number of neurons, and the
number of neural network layers. The construction of maps of dynamic modes was
carried out in the coordinates of hyperparameter optimization $; and f,, and since these
parameters, according to the work [2], determine the learning speed of the neural
network. In the role of recurrent correlations was the learning error of the neuron and its
neighbor. This is the peculiarity of the task.

The relationship was intended to determine the heterogeneity of the learning of one
neuron in relation to another. Considering the influence of iterations (3, 5, 10, 100
iterations) on the dynamics of neural network learning, we did not establish any features
of neuron training in relation to each other. As for the impact of the learning rate on the
learning process, depending on its magnitude, there are modes of underfitting,
satisfactory training (when there is no overfitting of the neurons) and the mode of
overfitting, which degenerates into a chaotic one.

Let us now consider these learning modes in the coordinates of the hyperparameters
of optimization 8, and f3,. In the mode of underfitting (in particular, when « = 0.001) in
the range 0 < ; < 0.99 and 0 < 8, < 0.2, a monotonic decrease in the learning rate is
observed with an increase in the value of B;. With higher values of ,, 8, > 0.2, the
appearance of the underfitting process is traced in 10 iterations. It is known that a high
value B, leads to a significant smoothing of correction gradients, which leads to a
slowdown in the learning process. In the mode of satisfactory learning (in particular at
a =0.1 and a = 0.4), the neural network achieves a global minimum faster and
transitions to a mode of practically no learning process. In the shift interval 0 < 5; < 0.4
and 0 < 8, < 0.2 traces the existence of abrupt and heterogeneous changes in the
learning rate. An increase in the magnitude of the second moment (f3,) is accompanied
by a smoothing of gradients, which leads to a monotonous decrease in the learning rate
and the achievement of a global minimum. Under these conditions, if there is a
heterogeneity of learning, it manifests itself in a consistent decrease in the speed of
learning.

Switching to overfitting mode (In particular, when = 0.6, a = 0.9), then at the
coordinates f; and B, it manifests itself in heterogeneous learning, which is described
both in a non-monotonic change in the learning rate and the existence of intervals
where it is practically absent. It should be especially noted that at small values of f; in
a satisfactory learning mode (0.1 < a < 0.5), the appearance of a heterogeneous
learning process, or practically no learning, can be traced. This is due to the magnitude
B1 and [, are much smaller than one. Since the evaluation of moments m. and v; are
calculated recursively, they are shifted towards zero in the first iterations. To
compensate for this, displacement correction (expressions (1.3) and (1.4)). This
correction has a strong effect on early stages of training (small t), since by default the
value f; and f,, in Adam method, respectively, f; = 0.9 and 5, = 0.999. In our case,
the parameters f; and 3, are variable quantities and vary in the range 0, up to 0.999.
That is, at small values, especially f;, it does not occur Strengthening Training
Updates. An increase in value f3,, with lower values of the learning rate, in the mode of
satisfactory learning improves the situation somewhat, contributing to the learning
process.
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A change in the number of neurons in a multilayer neural network does not
unambiguously affect the learning process when they increase compared to their
decrease relative to the number of input values. On maps of dynamic modes in
coordinates 8; and f3,, this manifests itself as follows. If the number of neurons is less
than the number of input values, Adam works stably. This is most likely due to fewer
parameters and a lower value of gradient oscillations. The model learns quickly. The
gradients are more stable, so the moments m: and v: work efficiently. The change in the
learning rate in the coordinates 3; and 8, becomes more monotonous as the number of
neurons decreases. In the interval of changes 0.1 < 8; < 0.4 and 0 < f8, < 0.3, the
existence of sharp and heterogeneous changes in the learning speed is traced. An
increase in the magnitude of the smoothing of the second moment (f,) contributes to the
smoothing of gradients, which leads to a monotonous decrease in the learning speed and
the achievement of a global minimum. The model is less sensitive to large updates.
Provided that the number of neurons is greater than the number of input variables, it
contributes to the complication of the work of Adam. The constructed maps of dynamic
modes testify to the overfitting of the neural network (50 neurons), with the transition to
the chaotic mode of learning the neural network (75, 100 neurons). This is due to the
noisiness of the gradients.

An increase in the number of layers is accompanied by an increase in the depth of
the neural network, and therefore an increase in the complexity of its optimization. Built
maps of dynamic modes in coordinates f; and [5,, indicate that with an increase in the
number of hidden layers, at the initial stages (3+7 layers), gradients become noisy,
which complicates the learning process. Under these conditions, a heterogeneous
learning process begins to be traced with the emergence of a chaotic learning mode. A
further increase in the number of layers leads to the normalization of the learning
process with the advent of the underfitting regime. The subsequent increase in the
layers of the neural network contributes to the appearance of a satisfactory learning
mode first, and then, with the transition to an overfitting mode, which turns into a
chaotic one. At the same time, both attenuation modes and gradient explosions can be
traced on dynamic mode maps.

The maps offer a compact diagnostic of Adam’s stability across architecture and
hyperparameters. Large ; and 3, promote smooth updates but can stall progress;
small §; and 3, adapt rapidly but risk oscillations. Increasing network width/depth
amplifies gradient noise, shrinking stable regions. These findings align with reports on
optimizer sensitivity and the importance of tuning a and decay rates. Practically, the
maps can guide the selection of (S, f,, a) for a given budget of iterations and model
size.

The obtained results should be considered as a qualitative framework for studying
the nonlinear dynamics of the Adam optimizer rather than as a direct benchmark
evaluation of modern datasets. Extension of the proposed approach to larger-scale
datasets and architectures represents an important direction for future research.

CONCLUSION

Therefore, training a multilayer neural network with the Adam optimization method
is sensitive to both the learning rate, the number of neurons in the layer, and the
number of layers of the neural network. Changing these parameters leads to the
emergence of several neural network training modes. In particular, to the mode of
undertraining, satisfactory training, and the mode of overfitting, which can turn into a
chaotic mode.

Recurrence-based dynamic mode maps in (f1, B,) reveal distinct Adam learning
regimes and their dependence on a, iterations, width, and depth. This approach helps

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 47



Sergiy Sveleba, lvan Katerynchuk et al.

identify stable operating regions and anticipate chaotic behavior in multilayer neural
networks.

The source code is available in the GitHub repository at the following link:
incom2025neuro_map (https://github.com/incom2025/neuro_map).
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BAFATOMAPAMETPUYHI JUHAMIYHI KAPTU HABYAHHA HEMPOHHUX
MEPEX, HABYEHUX 3A AOMOMOIOKO ONMTUMISATOPA ADAM

Cepeiii Ceeneba’*, lean Kamepuruyk', Sipocnae LLmMuzenbcekuli’,
Jrouisin Menby?, Bonodumup Bpuzinesuy?, Hazap Ceeneba’®
1[Ibgiecbkuli HauioHanbHUl yHisepcumem imeHi leaHa ®parka

8yn. ['eH. TapHaecbkoeo, 107, 79017 Jlbsis, YkpaiHa

2[lepxasHa euwa WKona MexHosoziti ma eKoHoMIKuU 8 Spocrnasi

8yn. YapHeuskoeo 16, 37-500 SApocnas, lNonbuwa.

SMpueamHuli suwuli HagyarnbHUl 3aknad «Eeponelicbkull yHisepcumemsy,
bynbeap akademika BepHadcbko2o 16 B, Kuis, YkpaiHa

AHOTALIA

BcTtyn. Po3ymiHHs Toro, Sk rinepnapameTpu ontumizatopa Adam dopmytoTb AUHAMIKY
HaBYaHHA OaraTollapoBMX HEWPOHHUX MEpPEeX, 3anulaeTbCs BiAKPUTOK npobnemoto,
0cobnnBo B pexumax, e HaBYaHHS nepexoauTb Big cTabinbHOI 40 XaOTUYHOT NOBEIHKM.
MonepeaHi pocnigjxeHHs nokasyBanu, WO LWBWUAKICTb HaBYaHHA Ta CKMagHIiCTb Mepexi
MOXYTb 3yMOBMIOBATM HELOHABYAHHS, 3a[0BiNbHE HaBYaHHs, NepeHaBYyaHHs abo HaBiTb
XaOTWYHI CTaHW; OHAK CMCTEMATMYHOI Bidyanisauii uux pexumie y npocTopi napameTpis
B1—B, boci Bpakye.

Martepianu Ta wmetoamu. [lobygoBaHO kapTM AMHAMIYHUMX PEeXuUMIiB  And
HaraTowapoBOi HEMPOHHOI MepeXi, HaBYEHOI Ha ABINKOBO 3aKOAOBAHMX 3paskax umdp.
[OuHamiky HaBYaHHA aHanisyBanM 3a [JOMOMOTO PEKYPEHTHOro  OBOBMMIPHOIO
BigobpaxeHHsi, Wwo 6a3yeTbcA Ha noxubLui HelpoHa Ta woro cyciga. lNepioguyHocTi y
iHanbHMX g iTepauisx BU3Ha4anm meTogom 36iKHOCTi NepioANYHOCTEN, Lo Aano 3Mory
KrnacugikyBaTu CTaHM HaB4YaHHA — Big4 CTabinbHMX pikCoBaHMX TOYOK OO UMKMIB
BMCOKOro nopsgky Ta xaocy. KapTtu reHepyBanu gns pi3HUMX 3HaYeHb LUBUMAKOCTI
HaBYaHHS a, KiNbKOCTI iTepauiil, Yicna HeMpoHIB y wapi Ta rMubuHn Mepexi, Npu Lbomy
B i B, ckanyBanu B iHTepBani [0; 0.999].

Pe3synbTatn Ta ob6roBopeHHA. [ocnigkeHHs nokasano, wo nosediHka Adam e
CUMBbHO YYTNMBOK [0 CMiNbHUX 3HayeHb f3; i f,. Mani weuakocTi HayaHHs (o = 0.001)
nepeBaHO MpUBOAATbL [0 MepiogMyHOCTi  MepLllioro Mnopsiaky, LWo BKasye Ha
HegoHaByaHHs. MomipHi wemakocTi (@ = 0.1 — 0.4) dopmytoTb CTPYKTYpOBaHi nepexoau
Bif LUBMOKOrO HaBYaHHS [0 MOBIMbHILLMX PEXUMIB i3 3pocTaHHsIM f3,, ToAi sk HagMipHO
Benuki 3HayeHHa «a (20.6) nopooxyloTb parMeHTOBaHi, HEMOHOTOHHI CTPYKTypW,
XapaKkTepHi Ans nepeHaBYaHHS Ta XaOTUYHOI AMHaMikK. 36iNbLUEHHS KiNbKOCTi HEMPOHIB
abo wWapiB nocunioe LWyM y rpagieHTax, 3ByXXytoum obnacTi cTabinbHOCTI Ta po3LLMPOYN
XaOTU4YHI 30HW. HaBnaku, 3MEHLUEHHSA 4uUcra HEWPOHIB HWMXKYE PO3MIPHOCTI BXiQHOMO
npocTopy npuBoauTb A0 Oinbll OAHOPIAHWMX TPAEKTOPIA HaBYaHHS 3i 3rmagKeHummu
nepexogamu Nepiogn4HocCTi.

BucHoBku. KapTtorpadyBaHHs AUHAMIYHUX PeXUMIB y npocTopi f1—L, € MOTYXHUM
[DiarHOCTUYHMM  IHCTPYMEHTOM ANs  BU3HAYEHHs1 CTabinbHWX, HeedekTUBHUX abo
XaOTUYHMX PEXMMIB HaBYaHHS B HEMPOHHMX Mepexax, LU0 HaB4aloTbCsl 3a A0MOMOrow
ontumizatopa Adam. PesynbTaTu niaTBEpAXytTb, WO Adam € BWUCOKOYYTIMBMM [0
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B3aeMofii rinepnapameTpiB Ta apXxiTEKTYpU MepeXi, i Lo HEKOPEKTHI iX KOMOiHaLii MOXyTb
CMPUYMHUTM  XaOTUYHE HABYaHHA HaBiTb 32 MNOMIPHWX LWBWOKOCTEW HaBYaHHS.
3anponoHoBaHa MeToaornoris OpMye HOBY OCHOBY ANS aHarisy AvHaMikv onTMMisaTopis
Ta onTMMarnsLHOro BUGopy rinepnapameTpis y Mogensx rmmbuHHOrO HaBYaHHS.

Knro4oei cnoea: ontumizatop Adam; AuMHaMika HaB4YaHHS; KapTW NepioauMYHOCTI;
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ABSTRACT

Background. Semantic Text Similarity (STS) estimation is one of the useful proxy-based
approaches for analyzing semantic differences between responses generated by various
large language models (LLMs) used in Al chats and Al agents. Various studies in recent
years have attempted to estimate STS for Al-generated responses, but they typically focus
on ground-truth estimation by comparing Al-generated responses with predefined answers
that, in most cases, differ structurally from the generated texts. However, cross-model STS
estimation can provide valuable insights into model similarity, independent of how well they
align with the predefined answers.

Materials and Methods. In this paper, we estimate both types of STS, but primarily
focus on the STS between responses generated by several selected LLMs from different
providers. We build our estimation framework using a subset of Frequently Asked Questions
(FAQs) in English from the MFAQ dataset, as it offers a wide range of topics and a clear,
easy-to-use structure.

Results and Discussion. The results of our experiments are organized into two parts.
In the first part, we estimate ground-truth STS scores using multiple metrics (Cosine
Similarity, BERTScore, and Latent Semantic Analysis (LSA)) to analyze how closely the
generated answers from each model match the ground-truth answer in the MFAQ dataset.
In the second part, we estimated cross-model STS scores using the same metrics to
analyze how closely models align with each other. Additionally, we measure average
request latency and use publicly available information on model context size and input
and output prices to explore possible relationships between these parameters and STS-
based quality indicators.

Conclusion. Our results indicate relatively high semantic similarity between models
from the same provider in the selected experimental setup and demonstrate that high
ground-truth STS scores do not necessarily imply high inter-model semantic similarity within
the selected benchmark and metrics, as seen in the analysis of cross-model STS scores.
Additionally, we show that not all metrics are equally suitable for cross-model STS
estimation, and that metrics like Cosine Similarity or LSA scores can provide better
sensitivity than BERTScore or similar metrics.

Keywords: semantic text similarity (STS), large language model (LLM), MFAQ dataset,
cosine similarity, BERTS core, latent semantic analysis (LSA)
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INTRODUCTION

Extremely rapid growth and evolution of large language models (LLMs) in the context
of Al chats and Al agents make the problem of selecting an appropriate LLM for everyday
tasks increasingly important. In most cases, different research and surveys compare cost,
response speed (or request latency, depending on how you look at it), and answer
correctness to address this question. When cost and response speed can be estimated
objectively, the estimation of answer correctness is usually less reliable. It strongly depends
on the chosen dataset and the additional settings provided to the LLM, often in the form of
an additional prompt. Additionally, the criteria for correctness can vary, as well as the
application area.

Much research focuses on ground-truth estimation [1-5], comparing model responses
with predetermined answers that are usually not generated and structurally don'’t
correspond to LLM responses. In this case, the correctness of the responses is usually
measured by text similarity between the ground truth and generated responses. In other
cases, the correctness can be measured as the consistency [3-4], coherence [3], or
comprehensiveness [3] of the LLM-generated responses.

When we look at the application areas, most research focuses on specific domains,
such as medicine [1, 5], education [3], market research [6-8], etc. In contrast, only a few
focus on general knowledge that covers a wide range of topics.

In our research, we aim to examine LLM response estimation more broadly and
focus on general knowledge, including information from fields such as medicine, retail,
and technology. Therefore, we decided to use STS as a proxy indicator of semantic
proximity to reference answers, while recognizing that STS does not directly measure
factual correctness, completeness, or safety. That reduces sensitivity to structural
differences between the reference and generated responses, but also to estimate cross-
model STS, which enables us to indirectly analyze similarities and differences between
LLMs. For the estimation dataset, we chose the Multilingual FAQ Dataset (MFAQ) [9],
which contains more than 6M question-answer pairs across 21 languages. Though we
used only question-answer pairs in English for our estimation framework and restricted
the MFAQ subset to 1000 pairs from the validation dataset due to constraints on available
LLM resources, we still estimated STS on a sample of question-answer pairs drawn from
883 web domains.

The most complex part of our estimation framework was selecting LLMs. We aimed
not only to choose models from different LLM providers that, in theory, should yield different
results, but also to estimate the different model classes and service tiers, such as Fast,
Thinking and Pro, that model providers typically use to accommodate different LLM
choices. In addition, we should have accounted for constraints across different LLMs when
choosing models to fully estimate our test set. Therefore, we analyzed the available LLM
providers and the models they offer, including not only the latest models, which are usually
more expensive and have stricter constraints, but also earlier model generations (see
Table 1). Based on it and available LLM resources, we chose two LLM providers and their
corresponding models for the different model classes and service tiers:

e OpenAl: GPT-5-mini, GPT-4.1;

¢ Anthropic: Claude Haiku 4.5, Claude Sonnet 4.6, Claude Opus 4.6.

Despite the growing number of benchmarks for LLMs, there remains a
methodological gap between evaluating reference-based responses and benchmarking
model behavior. Existing approaches typically evaluate how close a generated response
is to a predefined reference, but they do not sufficiently explain how semantically similar
responses are between different models, nor do they support model selection given
latency and cost constraints. This poses a scientific challenge: to demonstrate an
integrated framework for assessing both response adequacy and semantic consistency
between models. Therefore, the scientific objective of this study is to develop and
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Table 1. Overview of LLM providers and their models by operational mode

LLM Provider Fast / Small Thinking / Medium Pro / Large
2026 — Present
OpenAl (GPT-5 Era) GPT-5.4-mini GPT-5.4 GPT-5.4-pro
Google Gemini 3 Flash Gemini 3 Thinking Gemini 3.1 Pro
Anthropic Claude Haiku 4.5 Claude Sonnet 4.6 Claude Opus 4.6
Meta Al Llama 4 Scout Llama 4 Maverick Llama 4 Behemoth
DeepSeek DeepSeek-V3.2 DeepSeek-R2 Deegi:gilg—l\el&z
Mistral Al Mistral Small 4 Mistral Medium 3.1 Mistral Large 3
XAl Grok-4.1 Fast Grok-4 Heavy Grok-4 03
2023 — 2025
OpenAl (GPT-4 Era) GPT-40 mini GPT-40 / Turbo OpenAl o1-preview

Google Gemini 1.5 Flash Gemini 1.5 Pro Gemini 1.0 Ultra
Anthropic Claude 3 Haiku Claude 3.5 Sonnet Claude 3 Opus
Meta Al Llama 3 8B N/A Llama 3 70B
Mistral Al Mistral 8x7B N/A Mistral Large
DeepSeek DeepSeek-R1-Lite N/A DeepSeek-V2

experimentally validate an STS-based framework that combines reference-based
comparison, inter-model comparison, and operational indicators for a set of LLMs
evaluated on a general-domain FAQ dataset.

In the next sections, we provide a detailed overview of related works, analyze the
advantages of semantic text similarity, and discuss the metrics that can be used to estimate
it. In the last two sections, we provide a detailed description of our estimation framework,
how we obtained our test set from the MFAQ subset, analyzed the results, and draw
insights from them.

RELATED WORK

Since the release of ChatGPT in November 2022 [10], the massive adoption of LLMs
in the form of Al chats and agents has affected many people's daily lives in many ways.
And this is of not only practical interest, but also scientific interest, since the application of
LLMs significantly changes both individual aspects of activity and entire industries.

In recent years, there has been a lot of research that has tried to estimate LLMs [1-8]
in different ways, but all of them face the same issues:

e Extremely rapid evolution makes any research quickly outdated.

e Choosing a good estimation dataset is extremely hard, since we don’t know, what
data was used to train these models. And most of the proposed datasets have
become biased, since the next generation of models will very likely be fine-tuned
on them.
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e Choosing the right estimation criteria and metrics that represent them is also
challenging. That's why most researchers choose different metrics or calculate
multiple metrics for the same experiments.

e Model constraints limit or make independent research very costly. As a result,
researchers tend to use limited datasets [2-5] or prefer open-weighted local or older
free models [1-2, 4-5], which often cannot compete with cloud-based counterparts.

In addition to these issues, most research focuses on specific domains, such as
medicine [1, 5], education [3], market research [6-8], etc. So, their results and datasets
cannot be directly generalized to broad-domain LLM estimation. And even papers that don’t
focus on specific domains [2, 4] use specific data representations, such as role-play
dialogues [2] or multiple responses and user ratings [4].

Moreover, most research focuses on ground-truth estimation [1-5], comparing model
responses with predetermined answers that are usually not generated and structurally don’t
correspond to LLM responses. Such a comparison requires more sophisticated
preprocessing and/or postprocessing. Preprocessing may include prompting the model to
limit its answers and make them more structurally similar to the expected answers.
Postprocessing requires more complex embedding methods to improve precision and
reduce sensitivity to structural differences between the generated and expected answers.

We also conduct ground-truth estimation in our work, but our main assumption is
based on cross-model STS. We hypothesize that models with high inter-model semantic
similarity may produce responses that are semantically close under the selected
benchmark and evaluation metrics but may differ in request latency, context size, input
price, and output price. So, identifying groups of semantically similar models may support
selecting a more efficient model on these metrics while maintaining relatively similar
responses.

Thus, the reviewed literature suggests that existing studies rarely combine reference-
based semantic adequacy, inter-model semantic similarity, and operational indicators
within a single comparative framework. This gap defines the scientific task of this study: to
develop and test a comparative framework for assessing the STS between different LLMs
and their operating modes, using a common FAQ-based benchmark, multiple STS metrics,
and operational indicators such as latency and token cost.

MATERIALS AND METHODS

Understanding how close two texts are to each other is a classical problem in natural
language processing (NLP). However, even now, choosing the best metric remains an
open question, and in many cases, different researchers can propose their own metrics to
estimate text similarity [4, 16-22]. But different metrics may use different approaches, so it
is important to understand exactly how each metric is calculated.

Two main approaches to measuring text similarity are lexical and semantic. The lexical
similarity measures the degree to which the word sets of two given languages or texts are
similar. The semantic similarity measures the degree to which the meanings of two text
fragments are similar, rather than just matching words [11-12]. While lexical similarity is
easier to calculate and interpret, it focuses solely on a text's lexical structure, ignoring its
meaning. Therefore, lexical similarity metrics usually perform poorly when the structures of
the texts being compared differ.

In contrast, semantic similarity is less sensitive to text structure and focuses on overall
text meaning, allowing comparisons of texts with different structures and lengths that cover
the same topic. But at the same time, semantic similarity is often confused with semantic
relatedness [12], which measures the relationship between two words or concepts based
on the closeness of their meanings [13]. For this reason, semantic similarity is more specific
and can be considered as a particular case of semantic relatedness. However, semantic
similarity estimation is more complex and requires additional text processing to extract
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meaning. This makes semantic similarity estimation more challenging and requires more
sophisticated methods.

There are a lot of different metrics that can be used for semantic estimation [12, 14-
15], but in general, they can be divided into three categories:

e Corpus-based [12] or structure-based [14] metrics;

e Knowledge-based [12] or feature-based [14] metrics;

e Hybrid [14] metrics.

Though the boundaries between groups aren’t always clear, and some research [15]
doesn’t distinguish between hybrid and feature-based metrics, each metric has its own
advantages. After analyzing prior studies [4, 13-22], we selected three metrics that are
suitable for our experimental purpose:

e Latent Semantic Analysis (LSA) [23] using the TF-IDF vectorization [24].

e Cosine similarity based on Sentence-BERT (SBERT) [18] embeddings;

e BERTScore [19].

Latent Semantic Analysis (LSA) [23] is a traditional natural language processing (NLP)
technique that uses singular value decomposition (SVD) [25-27] to identify latent patterns
and relationships between a set of documents and the terms and concepts they contain.
As input to SVD, we provide text vectors generated using the TF-IDF (term frequency—
inverse document frequency) vectorizer. For our implementation, we used truncated SVD
[26] with 10 components.

Cosine similarity [12] is one of the most widely used methods for measuring similarity.
For this, we convert text into high-dimensional vectors that capture context using Sentence-
BERT (SBERT) [18]. Then we calculate the cosine of the angle between vectors, which
measures similarity regardless of text length:

A-B
lAllBII

similarity=cos(0)=

BERTScore [19] computes similarity using the contextualized token embeddings from
the BERT model. It captures deep semantic nuances by matching tokens in the candidate
and reference sentences rather than relying on surface-level overlaps.

In our estimation framework, we estimate two types of STS:

e Ground-truth STS score that measures the similarity between the ground-truth

answer from the MFAQ subset and the answer generated by some LLM.

e Cross-model STS score that measures the similarity between answers generated

by different LLMs.

While the ground-truth STS score provides a baseline based on the expected answer
and allows evaluating how close the generated response is to the commonly provided
answer, the cross-model STS score shows how close the answers of different LLMs are.

Combining these two perspectives allows us to compare models both by semantic
proximity to reference responses and by semantic similarity between model outputs,
together with descriptive latency and cost indicators.

RESULTS AND DISCUSSION

As mentioned earlier, we selected the 1000-pair English subset from the validation
dataset of the Multilingual FAQ Dataset (MFAQ) [9] as the estimation dataset. The original
English validation dataset contains 151825 question-answer pairs across 8178 unique web
domains. To form our subset, we downloaded the corresponding Parquet file for the English
validation dataset from Hugging Face (see the MFAQ official repository for more details)
and randomly chose 1000 question-answer pairs. For random generation, we read the
Parquet file as a pandas DataFrame in Python and used the DataFrame’s built-in sample
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method with random_state = 42 to select 1000 records. As a result, our estimation subset
contained 1000 question-answer pairs from 883 unique web domains.

For ground-truth STS metrics, we calculate the LSA (Latent Semantic Analysis) score,
the Cosine Similarity score, the BERTScore and the latency for each model, comparing its
answers to the ground-truth answers from the MFAQ dataset. Cross-model STS metrics
are estimated as the LSA score, the Cosine Similarity score, and the BERTScore for each
pair of models. Additionally, to compare model costs and available context, we obtained
the context size and the price in USD for model input and output per 1M tokens from the
Price Per Token site [28] (see Table 2).

Table 2. Context size and model input/output prices per 1M tokens for the
researched models from the Price Per Token site [28]

LLM Context size Input price, USD Output price, USD
GPT-5-mini 400K 0.25 2.00
GPT-4.1 1.0M 2.00 8.00
Claude Haiku 4.5 200K 1.00 5.00
Claude Sonnet 4.6 1.0M 3.00 15.00
Claude Opus 4.6 1.0M 5.00 25.00

After running our estimation framework for each selected model, we grouped our
results for ground-truth STS metrics by the average request latency (see Table 3), context
size (see Table 4), input price (see Table 5), and output price (see Table 6).

Table 3. The ground-truth STS metrics for the researched models, depending on
the average request latency (in seconds)

Cosine Similarity

Model Latency, s Score BERTScore LSA Score
GPT-5-mini 25.677 0.5934 0.8267 0.6259
GPT-4.1 10.233 0.6060 0.8451 0.6439
Claude Haiku 4.5 7.359 0.4197 0.8145 0.4570
Claude Sonnet 4.6 7.863 0.4810 0.8280 0.5027
Claude Opus 4.6 8.310 0.4505 0.8252 0.4658

From the results obtained, we observe that some models from different providers
achieve comparable reference-based STS scores. This may indicate partially similar
semantic response patterns on the selected benchmark. However, no conclusions can be
drawn about internal optimization priorities from these results alone. Interestingly,
BERTScore places GPT-5-mini between Claude Sonnet 4.6 and Claude Opus 4.6 and
reports lower STS than in GPT-4.1 (see Table 3).

Also, as shown in Table 3, the average request latency for GPT-5-mini is much higher
than for other models, especially GPT-4.1, the larger model from the same provider. It may
seem contradictory, since GPT-5-mini has much less context size and, intuitively, should
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Table 4. The ground-truth STS metrics for the researched models, depending on
the context size in thousands

Context Cosine Similarity

Model BERTScore LSA Score

size, K Score
GPT-5-mini 400 0.5934 0.8267 0.6259
GPT-4.1 1000 0.6060 0.8451 0.6439
Claude Haiku 4.5 200 0.4197 0.8145 0.4570
Claude Sonnet 4.6 1000 0.4810 0.8280 0.5027
Claude Opus 4.6 1000 0.4505 0.8252 0.4658

Table 5. The ground-truth STS metrics for the researched models, depending on
the input price per 1M tokens in USD

Input price, Cosine Similarity

Model USD Score BERTScore LSA Score
GPT-5-mini 0.25 0.5934 0.8267 0.6259
GPT-4.1 2.00 0.6060 0.8451 0.6439
Claude Haiku 4.5 1.00 0.4197 0.8145 0.4570
Claude Sonnet 4.6 3.00 0.4810 0.8280 0.5027
Claude Opus 4.6 5.00 0.4505 0.8252 0.4658

Table 6. The ground-truth STS metrics for the researched models, depending on
the output price per 1M tokens in USD

Output Cosine Similarity

Model price, USD Score BERTScore LSA Score
GPT-5-mini 2.00 0.5934 0.8267 0.6259
GPT-4.1 8.00 0.6060 0.8451 0.6439
Claude Haiku 4.5 5.00 0.4197 0.8145 0.4570
Claude Sonnet 4.6 15.00 0.4810 0.8280 0.5027
Claude Opus 4.6 25.00 0.4505 0.8252 0.4658

be faster. We manually investigated these two models and compared the results. First of
all, we compared additional model properties using the Price Per Token site [28] and found
that GPT-5-mini has much higher latency in generating the first output token, as measured
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by Time to First Token (TTFT). For GPT-4.1, TTFT is only 0.61 s; for GPT-5-mini, itis 14.39
s. Additionally, the output speed for token generation in GPT-4.1 is higher than in GPT-5-
mini, at 109 tokens/second, compared to 77 tokens/second in GPT-5-mini.

After manual investigation of the results, we also found that GPT-5-mini tends to
generate longer responses, which, in combination with higher TTFT and lower token
generation speed, results in approximately 2.51 times the latency of GPT-4.1.

Another interesting insight is that the more advanced and costly Claude Opus 4.6
provides semantically less similar answers compared to the cheaper Claude Sonnet 4.6.
Although the reason for this requires further investigation, one possible explanation is that
longer or more elaborate responses may receive lower similarity scores than shorter FAQ-
style reference answers; however, this assumption requires additional verification.

Moreover, the comparison with the context size (see Table 4) clearly indicates that it
does not reveal a clear relationship between the STS estimation and models with the same
context size can have very different STS scores, and even some models with smaller
context windows achieved higher STS scores than certain models with larger context
windows in our experiment.

The input and output price comparison (see Table 5-6) shows that a high cost for model
tokens doesn’t guarantee high STS scores, and that using relatively less expensive models,
such as GPT-4.1 and GPT-5-mini, can yield better STS than more expensive models.

The cross-model STS metrics are displayed as heat maps for each metric to visualise
similarities across models (see Fig. 1-3).

The cross-model STS analysis yields several informative observations, especially
regarding the metrics that can be used to estimate it. Our experiments show that, in the
selected setup, BERTScore has limited discriminative power for cross-model comparison,
since it produces very similar values for many model pairs (see Fig. 2). These results make
it hard to use BERTScore to estimate cross-model STS, since these differences aren'’t
practically meaningful or statistically significant and can be misinterpreted.

Claude 10
Haiku 4.5 1.000 ' 0.184 0.053 | 0.043
Claud "%
aude o
Opus 4.6 0.184 1.000 3
= F0.6:2
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é Sonnet 4.6 0.685 E
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020
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Fig. 1. The cross-model STS estimation using the Cosine Similarity Score
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Fig. 3. The cross-model STS estimation using the LSA Score

In contrast, cosine similarity provides a wider spread of pairwise estimates and more
clearly separates model pairs with relatively high and low similarity (see Fig. 1). At the
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same time, the LSA score provides an intermediate level of separation between model
pairs, clearly showing the high and low similarity of the models (see Fig. 3).

If we analyse the results indicate high semantic similarity between the two OpenAl
models under the selected metrics (see Fig. 1-3). Anthropic models also show high
similarity among themselves, but we can clearly see that Claude Sonnet 4.6 occupies an
intermediate position between Claude Haiku 4.5 and Claude Opus 4.6 and is highly similar
to both. However, the comparison between Claude Haiku 4.5 and Claude Opus 4.6
indicates lower semantic similarity than for other within-provider model pairs.

CONCLUSION

STS is an important metric for estimating the similarity of two texts, especially when
we consider Al-generated texts and the variety of LLMs that can generate them. In this
work, we presented the results of STS estimation for 5 LLMs from two providers (Anthropic
and OpenAl). For our research, we developed the estimation framework based on the
1000-pair English subset from the MFAQ validation dataset.

In contrast to many reference-based studies, we estimated not only reference-based
STS scores but also cross-model STS scores by comparing models. This extends the
reviewed approaches by adding cross-model STS analysis, which provides additional
insight into inter-model response similarity. However, as shown in the work, it strongly
depends on the metric used, since different metrics yield different sensitivities for cross-
model STS estimation. In our experimental setup, the LSA score and cosine similarity were
the most informative metrics for cross-model comparison, whereas BERTScore yielded
less sensitive and interpretable results.

Also, our results suggest that, in this experimental setting, models from the same
provider are more semantically similar to each other than to models from another provider.
We also showed that similar ground-truth estimates don’t necessarily imply high STS
between the models, as evidenced by the cross-model STS scores.

Additionally, our experimental results showed that more expensive models did not
consistently achieve the highest STS scores on the selected benchmark. Therefore, for the
benchmark considered, some medium-cost or relatively inexpensive models may offer a
reasonable balance between STS-based indicators, latency, and cost.

Despite the results obtained, the STS of Al-generated texts still requires further
research using larger datasets and more models to provide a more complete picture. Also,
in this research, we minimized any additional prompting from our side, but it can
significantly affect the responses generated by models.
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OLIHKA CEMAHTUYHOI NOAIBHOCTI TEKCTY PI3SHUX BEJTMKUX MOBHUX
MOQOENEN

Bimaniti Napy6o4uii* 0, Onexcandp Ymuxano, Onez Nycak, PomaH Lllyeap
Kagbedpa cucmemHo20 npoekmyeaHHs,

JibeiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,

eyn. M. [lpacomarosa, 50, fibsie, 79005, YkpaiHa

AHOTALIA

BcTyn. OuiHka cemaHTu4HoI noaibHocTi TekcTiB (CMNT) € oaHUM i3 KOPUCHUX NigxoaiB Ha
OCHOBI MpPOKCI-MeTOAiB AN aHanidy CeMaHTUYHWX BiAMIHHOCTEW MK Bignosigamu,
3reHepOBaHUMM PiIBHUMW BENVKMMU MOBHUMWU mogensamn (BMM), Lo BUKOPMCTOBYIOTLCH B
YyaTtax LITYYHOrO iHTENeKTy Ta areHTaMu LUTYYHOro iHTenekTy. Pi3Hi JocnigXeHHs OCTaHHiX
pokiB Hamaranuca ouiHuT CINT ans BignoBsigewn, 3reHePoOBaHNX LWTYYHUM iHTENEKTOM, ane
BOHM 3a3BMYall 30CEpepKeHi Ha OUiHUi ICTMHHOCTI LUNAXOM MOPIBHAHHA BignoOBIAEN,
3reHepoBaHMX LUTYYHUM iHTENeKkToM, i3 3asganerigb BU3Ha4YeHMMM BIiANOBIASMW, sKi B
GinbLIOCTi BUNAAKIB CTPYKTYPHO BIiOPI3HAOTLCS BiA 3reHepoBaHuMx TekcTiB. OpHak,
MixMogenbHa ouiHka CIT moxe HagaTu uiHHYy iHdopmauilo npo nogibHicTe Moaeni,
He3arexHo Bif TOro, Hackinbky JOOGpe BOHM Y3ro[pKylTbCs i3 3a3danerigb BU3HaYeHUMHU
BignoBiaamMu.

MaTtepianu Ta metoam. Y Ui cTatTi Mu ouiHioemo obuasa tunu CIT, ane, B nepLuy
yepry, 3ocepemxyemocsi Ha CIT mix BignoBiasamMu, areHepoOBaHMMU KiflbkoMa BUOpaHUMKn
BMM Big pi3Hux noctayanbHukiB. Mu Gygyemo Hawy cuCTEMY  OLiHIOBaHHS,
BMKOPUCTOBYIOYM MNIAMHOXWHY 4YacTo 3apgaBaHux nuTadb (Y3M1, aHrn. FAQ — Frequently
Asked Questions) aHrniicekoto MoBoto 3 Habopy aaHux MFAQ, ockinbku BOHa NpomnoHye
LLUMPOKMIA CNEKTP TEM Ta YiTKy, NPOCTY Y BUKOPUCTaHHI CTPYKTYpY.

Pesynbratn. Pe3ynbTaT HaluxX eKCnepuMMEHTIB CKragatoTbCs 3 ABOX YacTuH. Y
nepLii YacTuHi My oujiHemMo 6a3oBi nokasHuku CIT, BUKOPMCTOBYHOYM KiNlbka METPUK
(kocvHycHa nopibHicte, BERTScore Ta nateHTHo-ceMaHTuyHuii aHania (JICA)), wob
npoaHanidyBatv, Hackinbku OnM3bkO BiOMNOBIAI, 3reHepoBaHi  KOXHOKW  MOZensto,
cnieBigHOCATbCA 3 GasoBuMMM BignoBiasMu Habopy gaHux MFAQ. Y gpyrii yactuHi Mu
OLjiHIOEMO MiXMopenbHi nokasHukn CIT, BMKOpPUCTOBYKOYM Ti cami MeTpuku, LWob
npoaHaniyBaTu, HackKinbky 6Gnn3bko MoAEeni y3rooXyTbCcs ogHa 3 ogHot. Kpim Toro, mu
BMMIPIOEMO CepefHlo  3aTpPMMKy 3anuTy Ta BUKOPUCTOBYEMO  3araribHOA4OCTYMHY
iHpopmaLito Npo po3mip KOHTEKCTY Mogeni Ta UiHW BXigHWMX i BUXIOHWMX AdaHux, Wwob
OOCTiANTU MOXIMBI 3B'SI3KM MK MMM MapameTpamMuy Ta NoKa3HMkamm siKocTi Ha ocHoBi CIMT.

BucHoBkW. Hawi pe3ynbTtati BKadytoTb Ha BifHOCHO BMCOKY CEMAaHTUYHY MOAIGHICTb
MK MOZensiMM Bif, OQHOrO nocTavyanbHUKa y BUOPaHi ekcneprMMeHTanbHi YCTaHoBLi Ta
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OEMOHCTPYIOTb, WO BUCOKI nokasHuku CIT, wo BignosigaloTb peanbHUM AaHuM, He
060B'A3K0BO 03Ha4alTb BUCOKY MiDKMOZENbHY CEMaHTUYHY NOAiIGHICTL Yy Mexax BubpaHoro
TECTY OLjiHKM Ta METPUK, K BUOHO 3 aHanidy MixkmoaensHux nokasHukis CINT. Kpim Toro, mu
NMokasyemo, LLIO He BCi METPUKM O4HAKOBO NpuaaTHi Ana mMixmogensHoi ouiHku CIMT, i wo
Taki METPUKN, SIK KOCUHYCHOI noAibHocTi abo JICA, MOXyTb 3ab6e3neunTu KpaLly YyTnmBiCTb,
Hixx BERTScore abo nogibHi meTpuku.

Knro4oei cnnoea: cemaHTnyHa nogibHicTe Tekcty (CIT), Benuka mosHa mogens (BMM),
Habip paHux MFAQ, «kocuHycHa nogibHicte, BERTScore, narteHTHO-
ceMaHTu4Hui aHanis (JICA)
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ABSTRACT

Background. Climate-related hazards require early warning systems to combine
heterogeneous environmental observations, detect anomalous spatiotemporal patterns, and
disseminate warning signals to stakeholders. Existing solutions separate software
architecture, anomaly-detection models, and decision logic to transform deviations into early

signals.

Materials and Methods. The study develops a cloud-agnostic intelligent monitoring
architecture for early warning systems, supported by ML-based anomaly identification and
decision support. A hierarchical anomaly model is introduced for climate zones, areas, and
regions. It evaluates four types of evidence: deviation from normal state, consistency with
neighboring regions, consistency with parent area, and the influence of contextual factors.
The method combines region-specific detector training, multi-component anomaly scoring,
persistence-based warning confirmation, and CEP-based escalation. A synthetic
spatiotemporal climate graph was used to compare the Robust Z-score statistical method,
the Isolation Forest anomaly-detection algorithm, the One-Class Support Vector Machine
method, and the proposed HCOIM-EWS method, where HCOIM-EWS denotes Hierarchical

Context-Orchestrated Intelligent Monitoring for Early Warning Systems.

Results and Discussion. The proposed architecture integrates ML-based detector
selection, region-specific training, hierarchical anomaly scoring, CEP-based warning
logic, and natification distribution. In simulation, HCOIM-EWS achieved the lowest false-
alarm count while maintaining comparable event-level recall. Compared with Robust Z-
score, Isolation Forest, and One-Class SVM, the proposed method reduced false alarms
by 55.0%, 22.6%, and 49.7%. The method is suitable for warning-oriented intelligent
monitoring, where operational reliability and false-alarm reduction are as important as

point-level sensitivity.

Conclusion. The proposed method extends anomaly detection in early warning systems
from isolated local time-series analysis to hierarchical, context-aware, and event-driven
intelligent monitoring. This confirms the technical feasibility of the architecture and justifies

its use as a reusable template for climate-risk monitoring platforms.

Keywords: anomaly detection, early warning systems, intelligent monitoring, cloud-

agnostic architecture, complex event processing, machine learning.
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INTRODUCTION

Early warning systems (EWSs) are key instruments of disaster risk reduction because
they support timely monitoring, forecasting, communication, and coordinated response to
hazardous events [1].

Anomaly detection identifies patterns that deviate from expected behavior, including
outliers, novelties, exceptions, or potentially dangerous states [2, 3]. In environmental and
meteorological settings, anomaly detection becomes a basis for identifying deviations that
may precede floods, storms, droughts, heatwaves, or other natural hazards [3]. Recent ML-
based studies also demonstrate the growing role of artificial intelligence in modeling
extreme weather events, quality control of meteorological observations, and heavy-rainfall
observation analysis [4-6].

This paper uses weather singularities as a motivating class of climate-related
deviations and studies their identification through hierarchical anomaly monitoring.
Regardless of terminology, the core problem is how to build a scalable system that ingests
heterogeneous climate signals, synchronizes them in time and space, trains and deploys
multiple anomaly detectors, and transforms anomaly evidence into actionable warning
signals.

Recent studies show that EWSs are moving from isolated forecasting tools to modular,
digital, and intelligent architectures [7], with an emphasis on interoperability, resilience,
governance, and integration of analytical and distributive workflows [8, 9]. Their practical
implementation increasingly relies on scalable big data processing, automated machine
learning, and climate zone segmentation to support distributed model training and region-
specific analysis [10—12]. At the same time, anomaly detection in environmental monitoring
is evolving from purely local time series analysis to spatiotemporal and context-dependent
formulations, where a local anomaly is interpreted in relation to neighboring regions and
broader climate regimes [13-15].

In this study, intelligent monitoring is understood as a continuous process that
combines data acquisition, anomaly identification, contextual interpretation, and warning-
oriented decision support. Such a perspective is consistent with recent work on intelligent
monitoring, optimization of analytical pipelines by machine learning and genetic algorithms,
and scenario-based environmental modeling [16—18].

This work addresses the lack of an integrated cloud-agnostic intelligent monitoring
architecture that combines ML-based anomaly identification, warning-oriented decision
support, hierarchical anomaly modeling, and EWS reference architecture. The objective is
to develop and evaluate a cloud-agnostic intelligent monitoring architecture supported by
the author-defined HCOIM-EWS method, which connects ML-based anomaly detection,
warning-oriented decision logic, and reusable deployment principles for early warning
systems. In this study, HCOIM-EWS denotes Hierarchical Context-Orchestrated Intelligent
Monitoring for Early Warning Systems and is not used as a standardized or officially
established IT-industry term. The study demonstrates the feasibility of the method through
simulation on a synthetic hierarchical climate graph. The main contributions are: (i) a formal
hierarchical anomaly model for climate-anomaly monitoring; (ii) the author-defined HCOIM-
EWS method for transforming anomaly candidates into warning-level evidence; (iii) a
simulation-based comparison with three baseline anomaly-identification methods; and (iv)
a cloud-agnostic reference architecture for early warning systems.

MATERIALS AND METHODS

The proposed solution assumes a hierarchically organized monitored space
composed of climate zones, areas, and regions. For each region, the system maintains
synchronized multivariate observations, local and neighboring context, and higher-level
climatic aggregates. The event-driven cloud-agnostic architecture integrates distributed
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APIs, Kafka, Big Data storage and preprocessing, AutoML training, and CEP-based
warning fusion.

Problem formulation and decision-support objective

The problem addressed in this study is the detection of anomalous deviations
associated with weather singularities that may serve as early indicators of natural hazards.
Unlike conventional forecasting systems focused on isolated regional observations, the
proposed method assumes that weather conditions in a given region may be influenced by
patterns observed in neighboring regions and broader climatic domains. Accordingly,
anomaly detection should not be restricted to a single local time series but should
incorporate both vertical scaling across broader and narrower climatic levels and horizontal
orchestration across adjacent regions.

Formal hierarchical anomaly model

Let R denote the set of monitored regions, A — set of climate areas, and Z — set of
climate zones. For each region r € R and time moment t, the monitoring system observes
a synchronized multivariate environmental vector x,.(t) € R™. Let N(r) denote the set of
horizontally neighboring regions and P(r) denote the parent climatic area or zone
associated with region 7.

The normal behavior of a region is represented by the expected state vector x;:(t),
estimated from historical synchronized observations, temporal context, and higher-level
climatic context. We define a regional anomaly as a deviation that simultaneously affects
at least one of four dimensions: local deviation, horizontal coherence, vertical coherence,
or contextual stress, which represents deviation of external environmental drivers from their
expected baseline:

Dioe(r,t) = |12y () = 2 ()] s, (1)

where X, is the covariance matrix of normal regional behavior,

N(r)
1
Dhor(r' t) = |N(T‘)| nZl Wrnllxr(t) - xn(t)llz: ()

where w,.,, is the strength of spatial linkage between neighboring regions,
Doer (r,8) = |5 (®) = gpn @], (3)
where gp (t) is the aggregated climatic state of the parent area or zone,
Detx(r, 1) = [ler (8) = G (I, (4)
where c,(t) is a vector of contextual drivers and ¢, is its expected baseline,
A(r,t) = a Dioc(r,t) + B Dpor(1,t) + ¥ * Dyer(1,t) + & * Degx (1, 1), (5)
where a+f+y+6d=1, and ,5,y,6 = 0. A point is marked as a local anomaly

candidate if A(r,t) > T,; a warning is generated only after persistence and cross-region
confirmation rules are satisfied within a sliding time window H.
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The score is an operational monitoring indicator for warning-oriented decision logic,
not a replacement for physical meteorological forecasting models.

Proposed HCOIM-EWS anomaly identification method

To operationalize the formal anomaly model, the author-defined method Hierarchical
Context-Orchestrated Intelligent Monitoring for Early Warning Systems (HCOIM-EWS) is
proposed. In this paper, HCOIM-EWS is used as the author’s designation for a hierarchical
context-orchestrated intelligent monitoring method for early warning systems, not as a
standardized, generally accepted, or official IT-industry term. It integrates machine
learning-based anomaly identification, hierarchical contextual interpretation, and warning
decision rules. It considers:

e multi-source ingestion and synchronization of environmental data streams through
APIs, Kafka topics, and storage services;

e construction of region-level, area-level, and zone-level feature spaces with explicit
horizontal and vertical linking;

e construction and periodic retraining of region-specific anomaly detectors using
synchronized multivariate feature vectors, baseline estimation, unsupervised
anomaly scoring, and warning-oriented threshold calibration;

¢ online inference for each region with computation D;,., Dpor, Dyer, @and D ty;

e aggregation of local anomaly events in the CEP layer to identify warning templates
based on persistence, neighborhood support, and hierarchical escalation;

¢ dissemination of warning signals to the alert subsystem, dashboards, and external
stakeholders.

Thus, HCOIM-EWS transforms ML-based anomaly candidates into operational

warning events through hierarchical context and decision logic.

Machine learning model construction

The machine learning component was constructed as a region-specific anomaly
identification pipeline. The objective was to adapt anomaly scoring to each region and
interpret local results in spatial and hierarchical contexts.

For each monitored region r, the input data were represented as a synchronized
multivariate environmental vector:

X (8) = [0 (), X 2(0), ooy Xy (D], (6)

where x,.(t) describes synchronized environmental and contextual variables.

In the simulation, each region had 720 synchronized observations. These
observations were used to estimate the baseline behavior of each region and to train or
calibrate anomaly detectors.

The procedure included the stages summarized in Table 1. The ML component
consists of a region-specific anomaly identification layer and a warning-oriented decision
layer. The first layer detects candidate deviations, while the second layer determines
whether these deviations are persistent, spatially supported, and sufficiently meaningful to
generate an early warning. To clarify how the machine learning component was
constructed, Table 1 summarizes the model-building procedure used in the proposed
method.

Table 1 shows that HCOIM-EWS extends point-level anomaly detection with
horizontal, vertical, contextual, and CEP-based confirmation mechanisms.
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Table 1. Machine learning model-building procedure

Stage Input Operation Output
Data Hetgrogeneous Time alignment, grouping by Sy.nchronlzed
o environmental . o regional feature
synchronization : region, normalization
observations vectors
Baseline Historical regional Estimation of expected Reglon-spemflc
S . : : normal behavior
estimation observations regional behavior
model
Baseline Robust Z-score method,
Normalized feature Isolation Forest algorithm, Comparative
detector
: vectors and One-Class SVM anomaly scores
construction
method
Author-defined . : .
Regional, neighboring, . Aggregated
HCZLI\S;EWS parent-level, and Computaglon O;Dl"c’ Dror. anomaly score
: contextual features B e A(r,t)
construction
Thresholding Anomaly scores Quantlle-baseq threshold Local qnomaly
selection candidates
Warning Local anomaly CEPIES, per3|stence Warning-level
- . check, spatial and
decision candidates anomaly events

hierarchical confirmation

Cloud-agnostic EWS workflow

At the application level, the proposed early warning system is organized as a pipeline
that transforms heterogeneous environmental data into warning-oriented information
products. The workflow begins with data acquisition and normalization, continues with
regional forecasting and anomaly detection, and ends with complex event processing and
signal dissemination to end users and response services.

Simulation design

Anomalies that appear weak or noisy at one spatial scale may become interpretable
when neighboring regions and parent climatic structures are considered together.
Vertical scaling moves from smaller territorial units toward larger climatic aggregations
and back, allowing the monitoring system to assess whether local instability is consistent
with broader climatic states.

Climate regimes motivate the hierarchical grouping of regions. The Képpen-—
Geiger classification supports this conceptual partitioning and justifies region-specific
models.

Horizontal and vertical orchestration evaluate the target region along with
neighboring regions for anomaly interpretation. This is important when the local signal
needs to be amplified, attenuated, or contextualized using spatial coherence (Fig. 1).

Fig. 1 shows how the target region is compared with adjacent regions. If the target
region deviates while neighboring regions remain stable, the system may treat the
signal as a local anomaly candidate. If the deviation is also supported by neighboring
regions, the anomaly evidence becomes stronger and may contribute to warning-level
escalation.
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A2R1
A1R1 A2R2
A1R2 > A1R2
A1R4 A2R3
Results of anomaly detection in
A1R3 weather singularity

Weather condition
orchestration of target A1R2

Fig. 1. Horizontal orchestration of a target region and neighboring regions for spatial coherence assessment.
Source: developed by the authors

To test the feasibility of the anomaly model and the proposed monitoring method, a
synthetic spatiotemporal climate graph was generated for 36 regions organized into 3
zones x 3 areas X 4 regions. Each regional time series contained 720 synchronized
observations and combined seasonal structure, local trend, global climatic oscillation,
zone-specific variation, area-specific variation, and random noise.

In this study, the synthetic spatiotemporal climate graph is understood as an artificially
generated hierarchical model of climate zones, areas, and regions. Each region is
represented as a graph node with a synchronized environmental time series, while links
between nodes describe spatial neighborhood relations and membership in higher climatic
levels. This representation allows controlled generation of normal states, injected
anomalies, and ground-truth anomaly episodes for comparative evaluation of anomaly-
identification methods.

Four anomaly types were injected into the synthetic environment:

¢ local spikes;

e regional drifts affecting all regions inside an area;

¢ hierarchy breaks where one area diverged from its zone-level regime;

¢ latent-driver anomalies affecting multiple semantically related regions.

In total, 33 anomaly episodes were injected and used as ground truth.

Four approaches were compared: the Robust Z-score statistical method, the Isolation
Forest anomaly-detection algorithm, the One-Class SVM method, and the proposed
author-defined HCOIM-EWS intelligent monitoring method.

All diagrams, workflows, algorithms, and architecture figures presented in this paper
were redrawn and unified by the authors. Figures based on external concepts are explicitly
marked as “developed by the authors based on [source]”, while fully original figures are
marked as “developed by the authors”.

RESULTS AND DISCUSSION

Anomaly model simulation

The simulation inspected whether the model distinguishes isolated local deviations
from spatially and hierarchically meaningful warning patterns. The synthetic climate graph
contained 36 monitored regions arranged into 3 zones, 9 areas, and 36 regions. For each
region, a synchronized multivariate time series of 720 observations was generated. Each
observation included seasonal variation, local noise, regional trend, zone-specific climatic
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oscillation, area-level variation, and contextual drivers. Table 2 summarizes the main
configuration parameters of the synthetic simulation environment.

Table 2. Configuration of the synthetic simulation environment

Value used in

Parameter simulation Purpose
Number of climatic zones 3 Representation of broad climatic regimes
Number of climatic areas 9 Intermediate aggregation level
Number of regions 36 Region-specific anomaly detection
Regions per area 4 Local spatial neighborhood construction
Observations per region 720 Synchronized time-series simulation
-L%fel:\?gtiig?gl 25,920 Complete synthetic monitoring dataset
Number qf input 6 Multivariate environmente_zl and contextual
dimensions representation
I ) Eneily 33 Ground truth for event-level validation

episodes

Robust Z-score method, Isolation Forest
Compared methods 4 algorithm, One-Class SVM method,
HCOIM-EWS method

Warning-level rather than point-level

Evaluation unit Anomaly episode validation

The generated observations were used to compute four partial anomaly components:
local deviation, horizontal deviation, vertical deviation, and contextual stress. The local
deviation component reacted to abrupt changes in a single regional signal. The horizontal
component evaluated whether the target region remained coherent with neighboring
regions. The vertical component measured whether the region was consistent with its
parent climatic area or zone. The contextual component represented abnormal pressure
caused by external or latent drivers. The final anomaly score combined these components
using weighted aggregation and a region-specific threshold estimated from baseline
observations.

The injected anomalies were designed to activate different components of the
proposed anomaly model. Table 3 shows the relationship between anomaly type, spatial
scope, expected dominant anomaly component, and warning-level interpretation.

The design supports component-level inspection because different anomaly classes
should activate different evidence patterns.

The simulation confirmed that the four-component anomaly model produces more
interpretable warning evidence than a purely local detector. Local spikes were mainly
reflected by the local deviation component. Regional drifts increased both local and
horizontal components. Hierarchy breaks were most clearly reflected by vertical
incoherence. Latent-driver anomalies increased contextual stress and produced spatially
distributed but semantically coherent deviations. Therefore, the model can explain not only
that an anomaly occurred, but also which type of spatial, hierarchical, or contextual
inconsistency contributed to the warning signal.
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Table 3. Injected anomaly types and expected response of the proposed anomaly
model

Anomaly ; Expected dominant : : .
type Spatial scope component Warning-level interpretation
Lo_cal Single region Local deviation, Dy, e, _abrupt rEgfene]
spike disturbance

Local deviation and
horizontal coherence, Dy,
+ Dhor

Regional  All regions inside
drift one area

Gradual area-level
instability

Inconsistency between the

FISEreny | QI e ehegee Vertical coherence, D,,,, area and the parent climatic

break from its zone X
regime
Latent- : Contextual stress and  Distributed anomaly caused
X Several semantically . X
driver . horizontal coherence, D, by hidden contextual
related regions
anomaly + Dpor pressure

The most important observation is that not every detected point anomaly should be
escalated into an early warning. In the proposed model, an event is escalated only when
the anomaly score remains persistent within a sliding window and is supported by
neighboring regions, parent climatic structures, or contextual drivers. This makes the model
suitable for early warning systems, where excessive sensitivity to isolated outliers may
produce many false alarms and reduce trust in the warning service.

The model was inspected at the component level to check whether each component
contributes distinct anomaly evidence.

The local deviation component was sensitive to abrupt single-region changes and
therefore provided fast initial detection. However, this component alone was not sufficient
for warning-level decisions because local noise, sensor artifacts, or short-term weather
fluctuations may also produce high local anomaly scores. The horizontal coherence
component reduced this limitation by comparing the target region with neighboring
regions. If the deviation was not supported by spatial context, the probability of escalation
decreased. This behavior is important for suppressing spatially inconsistent noise. An
ablation-style inspection showed the expected behavior of the model (Table 4).

Table 4. Component-level inspection of the proposed anomaly model

Model variant ez Expected strength Expected limitation
components
Local-only model Dy Fast _reactlon tp gbrupt High s.ensmwty to noise
regional deviations and isolated outliers
Local + D +D Suppression of spatially ~ Weaker interpretation of
horizontal model Hoe™ oo inconsistent false alarms hierarchy-level deviations
Local + Detection of

Dypet Dpor + Limited explanation of

horizontal + inconsistencies between

vertical model Doer regions, areas, and zones L EEIER GG
Full HCOIM- Dioe * Dport Balanced warning-level Requires calibration of
EWS model Dyert Doyt detection with reduced weights, thresholds, and
CEP rules false alarms CEP rules
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The vertical coherence component evaluated whether regional behavior was consis-
tent with the parent’s climatic area or zone. This component was especially useful for
hierarchy-break anomalies, where a local or area-level pattern diverged from the broader
climatic regime. The contextual stress component captured abnormal influence from
external or latent drivers. It was useful in cases where several regions changed in a
coordinated way, but the change was not fully explained by local or neighboring time-series
behavior.

The inspection confirms that each additional component contributes to a distinct type
of monitoring evidence. The local component provides initial sensitivity, the horizontal
component checks spatial support, the vertical component evaluates hierarchical
consistency, and the contextual component captures external or latent pressure. CEP rules
then transform the aggregated anomaly score into warning-level evidence.

Thus, the weighted anomaly score is a warning-oriented evidence function rather than
a universal meteorological risk index.

Anomaly detection method implementation

The HCOIM-EWS method was implemented as a sequence of data-processing,
model-training, inference, and warning-aggregation operations aligned with the proposed
cloud-agnostic architecture (Fig. 2). The implementation assumes that each monitored
region has its own synchronized data stream, historical baseline, neighboring regions, and
parent climatic area or zone.

At the ingestion stage, heterogeneous environmental inputs are collected through
distributed APIs and transformed into unified time-indexed observations. Missing or
delayed values are handled through time alignment, caching of the last valid values, and
normalization by input type. The resulting observations are written to the storage layer and
also published as events for online inference.

At the feature-construction stage, the system builds three connected feature spaces:
region-level features, neighborhood-level features, and parent-level climatic aggregates.
Region-level features are used to estimate local deviation. Neighborhood-level features are
used to estimate horizontal coherence. Parent-level aggregates are used to estimate
vertical coherence. Contextual drivers are represented as an additional feature vector and
compared with their expected baseline.

Fig. 2 shows that HCOIM-EWS separates local anomaly candidate generation from
the final warning generation. This separation prevents local anomaly candidates from being
treated as warnings without persistence and spatial support.

At the training stage, region-specific models are trained or calibrated on synchronized
baseline observations. The Robust Z-score statistical method estimates robust statistical
deviation, the Isolation Forest anomaly-detection algorithm learns isolation-based
abnormality, the One-Class Support Vector Machine method estimates the boundary of
normal behavior, and the proposed HCOIM-EWS intelligent monitoring method constructs
a multi-component anomaly score from local, horizontal, vertical, and contextual evidence.
In a production environment, this stage can be implemented through AutoML services that
periodically retrain region-specific models and update thresholds.

At the online inference stage, each new observation is processed as follows:

e receive synchronized observation for region r at time t;
compute local deviation D,,. using the regional baseline;
compute horizontal deviation D,,,, using neighboring regions N(r);
compute vertical deviation D,,, using the parent climatic aggregate P(r);
compute contextual stress D, using contextual drivers;
calculate the aggregated anomaly score A(r, t);
compare A(r, t) with the region-specific threshold ,;
publish a local anomaly event if the threshold is exceeded;
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?

[ collect enviranmental data from distributed APIs |

[ Synchronize time series by region and input type \
‘: Normalize observations and store baseline data |
: Build region-level feature vector \ Build neighborhood feature vector | Build parent area/zone aggregate _‘l | Build contextual driver vector
| Estimate local baseline | \ Estimate horizontal coherence | | Estimate vertical coherence \ Estimate contextual baseline |
[ Train or update region-specific anomaly models |
( Receive new observation x_r(t)

|. Compute D_loc(rt) |

<

| Compute D_hor(r,t) |

-

|: Compute D_ver(r,t) \

| Compute D_ctx(r,t) |
: Calculate A(r,t) = alpha*D_loc + beta*D_hor + gamma*D_ver + delta*D_ctx
;—m" A(r,t) > tau_r? E—Jr
| Publish local anomaly event | | Store normal monitoring state
| Apply CEP rules
"'fi Persistence and spatial support confirmed? ui
| Generate warning event Store as nor lated anomaly

v

‘ Send alert to dashboard and stakeholders |

I

>

o

Fig. 2. Implementation flow of the HCOIM-EWS method from data ingestion to warning generation. Source:
developed by the authors

e apply CEP rules for persistence, neighborhood support, and hierarchical

escalation;

e generate a warning event only when the escalation conditions are satisfied.

The implementation separates ML-based anomaly candidate generation from
warning-level decision-making. This separation is essential for early warning systems
because a point anomaly is only a signal candidate, whereas a warning must be persistent,
spatially supported, and operationally meaningful. As a result, HCOIM-EWS acts not only
as an anomaly detector but also as an intelligent monitoring method that transforms local
deviations into structured warning evidence.
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Validation protocol

The validation protocol was designed to evaluate the proposed method from the
viewpoint of warning management rather than only point-level anomaly classification. This
distinction is important because an early warning system should not simply maximize the
number of detected abnormal points. It should detect meaningful anomaly episodes while
minimizing false alarms and maintaining acceptable detection delays. Fig. 3 summarizes
the validation procedure: synthetic graph generation, normal data simulation, anomaly
injection, method comparison, and event-level evaluation.

? 3 zones m

) 9 areas
36 regions

Generate synthetic climate graph -
\ Y,
720 observations per region

A

-

Generate normal multivariate time series |

¢ Local spikes 7

. - | Regional drifts
L Inject anomaly eplsodes_'_} Hierarchy breaks

l Latent-driver anomalies

L

Define ground-truth anomaly intervals \

™ N e N

4 Run Robust Z-score | Run Isolation Forest | Run One-Class SVM

Convert point detections into event-level outputs

Measure recall |
Measure detection delay \
\_ Y,

| Count false alarms
. A

/ b

Interpret warning-management suitability
N /

®

Fig. 3. Validation protocol for event-level evaluation of the HCOIM-EWS method. Source: developed by the
authors

™

The main evaluation unit was an anomaly episode rather than an isolated anomalous
point. An injected episode was counted as detected if at least one warning was generated
within the allowed time window. Detection delay was calculated as the difference between
the start of the injected episode and the first corresponding detection. False alarms were
counted when the method generated warning-level events outside the ground-truth
anomaly intervals.
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HCOIM-EWS achieved the lowest false-alarm count while preserving a recall level
comparable to the best baseline methods. This confirms that the proposed method is
suitable for warning-oriented monitoring, where the operational cost of excessive false
positives is high.

Simulation-based comparison of four methods

The compared methods were evaluated from the perspective of warning-level anomaly
detection. Therefore, the evaluation focused not only on whether anomalous points were
detected, but also on whether complete anomaly episodes were identified with acceptable
delay and a limited number of false alarms. Table 5 summarizes the threshold quantile
used for each method, event-level recall, average detection delay, and the number of false
alarms generated during the simulation.

Table 5. Simulation results for the compared methods

2;3%223? Threshold quantile Event-level recall Detection delay False alarms
Robust Z-score 0.960 0.641 2.88 160
Isolation Forest 0.975 0.641 6.20 93
One-Class SVM 0.985 0.667 2.65 143

HCOIM-EWS 0.975 0.641 3.16 72

HCOIM-EWS achieved the lowest false-alarm count while preserving recall
comparable to Robust Z-score and Isolation Forest. One-Class SVM had slightly higher
recall but much more false alarms. Thus, the proposed method provides a more balanced
warning-management profile, prioritizing stable and context-supported warning generation
rather than sensitivity to isolated anomalous points. This behavior is especially important
for early warning systems, where excessive false positives may reduce user trust and
overload downstream response services.

The compared ML models were constructed on the same synchronized feature space,
but they differed in the way anomaly evidence was interpreted. The Robust Z-score
statistical method evaluated deviations from a robust statistical baseline. The Isolation
Forest anomaly-detection algorithm identified observations that were easier to isolate in
the feature space. The One-Class SVM method estimated the boundary of normal
behavior. The proposed author-defined HCOIM-EWS intelligent monitoring method
extended this point-level logic by adding spatial, hierarchical, and contextual interpretation.

To make the comparison more explicit, Table 6 presents the relative false-alarm
reduction achieved by HCOIM-EWS in comparison with the baseline approaches.

Table 6. Relative improvement of HCOIM-EWS by false-alarm reduction

Baseline approach False ala_rms of False alarms of Absoll_Jte Relati_ve
baseline HCOIM-EWS reduction reduction
Robust Z-score 160 72 88 55.0%
Isolation Forest 93 72 21 22.6%
One-Class SVM 143 72 71 49.7%

Thus, HCOIM-EWS mainly improves operational reliability by reducing false warnings.
Table 7 summarizes the operational interpretation of these results.
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The method is therefore best interpreted as a balanced warning-management method,
not as the most sensitive point detector.

Cloud-agnostic intelligent monitoring reference architecture for EWS

The proposed cloud-agnostic architecture treats anomaly identification and warning
generation in EWSs as a sequence of distributed events and analytics operations rather
than as a monolithic forecasting task. The monitored climate space is partitioned into
zones, areas, and regions. Vertical and horizontal orchestration of those partitions allows
the monitoring system to interpret local instability in a broader climatic context and to scale
to hundreds of region-specific models.

Table 7. Operational interpretation of model-evaluation results

Best-performing

Evaluation aspect method

Interpretation

Lowest false-alarm count  HCOIM-EWS Best warning-management reliability

Highest sensitivity, but with high false-

Highest event-level recall One-Class SVM
alarm burden

Shortest detection delay One-Class SVM Fastest detection in the simulation

Lowest delay among
methods with low false HCOIM-EWS
alarms

Balanced compromise between delay
and false-alarm reduction

Most suitable for warning-oriented

Best operational trade-off HCOIM-EWS . e .
anomaly identification

The reference architecture consists of five logical layers: data acquisition, event and
storage infrastructure, ML training and inference, warning decision support, and alert
dissemination. In this interpretation, the architecture is not only a reference software design
but also a practical implementation environment for intelligent monitoring: Kafka provides
asynchronous event exchange, Spark-based processing supports scalable feature
preparation, AutoML manages model training and retraining, and CEP converts anomaly
evidence into warning-level decisions [10, 11].

Region-specific anomaly detectors publish local anomaly events that are aggregated
by the context orchestration and CEP layers. Confirmed warning events are disseminated
to dashboards, notification services, emergency services, and user-facing applications,
reflecting the role of communication and response capacity in effective EWSs [19, 20].

Because environmental inputs differ in update periods, quality, and temporal
resolution, the architecture performs time alignment, value reconciliation, caching,
grouping, and normalization before training and inference.

The training contour includes historical data storage, feature preparation, model
training, model registry, threshold calibration, and deployment to online inference services.
Cloud-agnostic deployment is achieved by using provider-independent components such
as containerized services, Kubernetes orchestration, Spark-compatible processing, object
or distributed storage, and event streaming.

Fig. 4 presents the proposed reference architecture as an implementation template
for HCOIM-EWS. The architecture is cloud-agnostic, meaning that its components can be
deployed in public, private, or hybrid cloud environments without dependence on the
proprietary services of a particular cloud provider.
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Fig. 4 shows how regional anomaly identification, hierarchical context orchestration,
CEP-based warning confirmation, and alert dissemination are connected in one cloud-
agnostic monitoring architecture.

The study has several limitations. The validation was performed on synthetic data,
which allows controlled inspection of anomaly types but does not fully reproduce the
complexity of real climate and sensor data. The thresholds and weights of the anomaly
score were selected for simulation purposes and require calibration on historical
observations. In addition, the proposed architecture was evaluated conceptually and
through simulation rather than through full industrial deployment. These limitations define
the next stage of validation, which should include calibration on real historical climate
observations, testing on streaming sensor data, sensitivity analysis of weights and
thresholds, and evaluation in a pilot deployment scenario.

% Data Acquisition Layer |27 HCOIM-EWS decision-support layer
[ Environmental ] [Sensor gateways} [Exlema\ clwmals] o Local deviation Dy,
services

Horizontal coherence Dy,
Vertical coherence Do,

r——)[ Contextual stress D,

/;//J —

) Event and storage infrastructure

Kafka event bus Big Data Spark-compatible Feature
storage prucessmg store

Hierarchical context
orchestration

[ ‘CEP warning confirmation ]

{ C/ML training and inference layer l <] Alert dissemination and monitoring layer l
1 |

[ Historical baseline estimation ] [ AutoML training and retraining ]

Emergency User-facing Monitoring Notification
services applications dashboard service

Model registry [
[ Online anomaly inference services ]—I-/JJ

Fig. 4. Cloud-agnostic HCOIM-EWS reference architecture connecting environmental data acquisition, event
streaming, ML training and inference, hierarchical context orchestration, CEP-based warning
confirmation, and alert dissemination. Source: developed by the authors

Evidence and audit log ]

CONCLUSION

This paper proposed a cloud-agnostic intelligent monitoring architecture for climate
anomalies in early warning systems, supported by an integrated ML-based anomaly-
identification and decision-support method. The architecture combines a formal
hierarchical anomaly model, region-specific anomaly detector training, warning-oriented
decision logic, the author-defined HCOIM-EWS method, and a reusable cloud-agnostic
reference architecture.

The proposed anomaly model integrates local deviation, horizontal coherence, vertical
coherence, and contextual stress. These components allow the system to distinguish
isolated local deviations from spatially and hierarchically meaningful warning patterns. The
HCOIM-EWS method operationalizes this model by transforming local anomaly candidates
into warning-level evidence using persistence, neighborhood support, hierarchical
consistency, and CEP-based escalation rules.

Simulation on a synthetic climate graph with 36 regions and 33 injected anomaly
episodes showed that the author-defined HCOIM-EWS intelligent monitoring method
achieved the lowest false-alarm count at a comparable event-recall level relative to the
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Robust Z-score statistical method, the Isolation Forest anomaly-detection algorithm, and
the One-Class SVM method. The proposed method reduced false alarms by 55.0%
compared with the Robust Z-score statistical method, 22.6% compared with the Isolation
Forest anomaly-detection algorithm, and 49.7% compared with the One-Class SVM
method, while preserving comparable event-level recall.

The obtained results confirm that the proposed method is suitable for warning-oriented
anomaly identification, where false-alarm reduction, contextual interpretation, and decision-
support reliability are as important as point-level anomaly sensitivity. Future work should
include validation on real historical and streaming climate data, calibration of thresholds
and CEP rules, integration of data- and model-drift management, and extension of XAl and
MLOps mechanisms for industrial-scale early warning systems.
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XMAPHO-HE3AJIEXXHA APXITEKTYPA IHTEJNIEKTYAJNIbHOIO
MOHITOPUHIY KNIMATUYHUX AHOMATIA Y CUCTEMAX PAHHbLOIO
NOMNEPEMXXEHHA

Bacunb Jlawkesu4*, FOpiti Map4yk, lTempo Kynuk,
AHOpit NamuHko, Tapac Kepod

Jibsiecbkuli HayioHanbHUl yHieepcumem imeHi lIeaHa ®paHka,
syn. [pazomaHosa, 50, Jleis, 79005, YkpaiHa

AHOTALUIA

BcTyn. Knimatuuni HeGesnekn BruMaraTb CUCTEM PaHHLOTO NMOMEPEKEHHS, 30aTHUX
noegHyBaTU reTeporeHHi CrnoCTepeXeHHA 3a CTaHOM [OBKINMsSA, BUSBNATM aHOManbHi
NpoCTOPOBO-4acoOBi  3aKOHOMIPHOCTI Ta nepedasBaTV  nonepemkyBarbHi  CUrHanu
3auikaBneHnMm cTtopoHam. HasiBHi pilleHHs 4acTo pO3AiNsloTb NPOrpamHy apxiTekTypy,
mMoZaeni BUABNEHHA aHOMani i Noriky NPUMHATTS pilleHb, SKka NepeTBOPIOE BIAXUMEHHS Ha
PaHHi curHanu.

MaTtepianu Ta meTogun. Y gocnigkeHHi po3pobneHo XMapHO-He3anexHy apXiTektypy
iHTEeNeKTyanbHOro MOHITOPUHIY ANs CUCTEM PaHHLOrO NONepeaXeHHs, WO NigTPUMYETLCH
ineHTudikauielo aHomanin i NPUAHATTAM pilleHb Ha OCHOBI MaLUMHHOIO HaB4YaHHSA. BoHa
OL|iHIOE YOTUPM TUNW O3HAK: BiAXWITEHHSA BiJ HOPMAanbHOrO CTaHy, Y3roXeHiCTb i3 CyCiaHIMM
perioHamu, y3rooKeHiCTb i3 GaTbkiBCbkOl 0OMacTio Ta BMMB KOHTEKCTHUX YMHHUKIB.
CVHTETUYHMI MPOCTOPOBO-YACOBUI KIIMATUYHUI rpad BUKOPWUCTAHO ANA MOPIBHSHHSA
cratuctTudHoro metody Robust Z-score, anroputmy BusiBneHHs aHomanin Isolation Forest,
meToay One-Class Support Vector Machine Ta 3anponoHosaHoro metogy HCOIM-EWS, ge
HCOIM-EWS o3Hauae Hierarchical Context-Orchestrated Intelligent Monitoring for Early
Warning Systems.

Pe3ynbTaTtn. 3anponoHoBaHWi MeTop iHTerpye BUbip AETEKTOPIB HAa OCHOBI MAaLLMHHOIO
HaB4YaHHSA, perioHanbHO-cneumMdiyHe HaBYaHHs, iepapxiyHy OLUiHKY aHomanin, noriky
NPUMAHATTA pilleHb Woao nonepempkeHb Ha OCHOBI CUCTEMU OnpautoBaHHS KOMMNEKCHMX
MOAiV Ta XMapHO-He3anexHy eTarnoHHy apXiTeKTypy MOHITOpuHry. Y mogentoaHHi HCOIM-
EWS pocar HamHWk4Yoi KinbKOCTi XMOHMX TPMBOr 3a MOPIBHIOBAHOMO PiBHSA MOBHOTM
BusABneHHA nogin. [MopiBHaHO 3 Robust Z-score, Isolation Forest i One-Class SVM
3anponoHOBaHNA METOA 3MEHLUMB KiflbKiCTb XMOHUX TpuBor Ha 55,0 %, 22,6 % i 49,7 %
BignosigHo. MeToa nmpuaaTHWN ONS iHTEneKTyanbHOro MOHITOPUHIY, OpPIEHTOBaHOro Ha
nonepemkeHHs, e onepauiiiHa HagifHICTb | 3MEHLWEHHS XUOHWX TPUBOT € TakuMK X
BaXXMMBUMMU, SIK | HYTNMBICTb 40 TOYKOBUX aHOManIn.
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BucHoBKkW. 3anpornoHOBaHW MeTOA PO3LMPIOE BUSIBIEHHA aHomanii y cuctemax
pPaHHLOrO MOMEepekeHHs BiA aHanidy i30fbOBaHMX JOKanbHUX YacoBWX psAiB Ao
iEPapXiYHOro, KOHTEKCTHO-3aneXHOro Ta MNOAIEBO-OPIEHTOBAHOMO  iHTENEeKTyanbHOro
MOHITOpWHry. Lle nigTBepaxye TexHiYHy AOUINbHICTL apxiTekTypu Ta o6rpyHToBYE i
BMKOPUCTaHHA sk GaraTopa3oBoro LwabnoHy And nnatgopm MOHITOPUHIY KriMaTUYHMX
pU3nKiB.

Knroyoei cnoea: BusiBNeHHs aHomaninn, CWUCTEMW pPaHHbOrO MNOMepe;KEHHS,
iHTEeNeKTyanbHUA MOHITOPUHI, XMapHO-He3anexHa apxiTektypa, obpobka
cKnagHuX nogin, MallnHHE HaBYaHHSA
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ABSTRACT

Introduction. Cryptocurrency price direction classification is a binary classification task
for time series with low composite signal/sum. Image encoding methods (GASF, MTF,
Recurrence Plot) transform one-dimensional time series into two-dimensional images for
processing by CNNs. However, a systematic comparison of the performance of such
approaches with classical sequential and tabular methods for different data scales and
forecasting horizons is lacking.

Materials and methods. A streaming pipeline based on Apache Kafka is proposed for
collecting and processing OHLCV data of cryptocurrency trading pairs from the Binance
exchange. Three series of experiments of different scales are conducted: small (46 pairs, 3
months, 10 948 samples), medium (91 pairs, 6 months, 46 355) and large (147 pairs, 12
months, 139 887). For each scale, six CNN architectures are compared — five with 2D image
coding (SimpleCNN, HybridCNN, HybridResCNN, EfficientNet-B0, MobileNetV2) and one
1D control (CNN1D-Hybrid) — with gradient boosting (LightGBM) on tabular features.
Classification was performed for four forecast horizons (1, 3, 6, and 12 intervals of 8 hours).
Statistical significance was assessed using the McNemar criterion.

Results and Discussion. At a small scale, the 1D control model achieves the highest
Matthews correlation coefficient (MCC) = +0.21 at horizon h = 1, while the best 2D image-
based result is only MCC = +0.11. At medium scale, all CNN models exhibit MCC = 0, while
LightGBM consistently dominates with MCC up to +0.09 at horizons h =6 and h = 12. At
large scale, no model exceeds MCC = +0.07, indicating saturation of the predictive signal
with increasing data heterogeneity. 2D image-based coding does not provide a consistent
advantage over 1D sequential and tabular approaches at any scale.

Conclusion. The transformation of time series into two-dimensional images for
convolutional neural networks does not provide a sustainable advantage over tabular
gradient boosting and 1D convolutional networks in classifying cryptocurrency price
direction. Naive scaling by increasing the number of trading pairs and time window worsens
results of all model classes due to increasing heterogeneity of market regimes. These results
indicate a need for regime-adaptive and cluster approaches instead of building a single
global model.

Keywords: data classification; time series imaging; convolutional neural networks;
gradient boosting; data streaming; Apache Kafka.
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INTRODUCTION

Predicting the direction of price movements for financial assets is one of the key
challenges of algorithmic trading and automated decision-making in financial markets. The
cryptocurrency market, characterized by high volatility, round-the-clock trading, and a
significant amount of noise, presents a particularly challenging environment for building
predictive models [1]. Unlike traditional stock markets, cryptocurrency data flows in a
continuous stream from hundreds of trading pairs simultaneously, creating a need for
scalable approaches to real-time processing and classification [2].

In recent years, researchers have focused considerable attention on methods of
image-based encoding of time series, in particular the Gramian Angular Summation Field
(GASF) and the Markov Transition Field (MTF) [3] and Recurrence Plot (RP) [4]. These
methods transform a one-dimensional time series into a two-dimensional image, which is
then processed by convolutional neural networks (CNNs). The theoretical advantage of this
approach is the ability of CNNs to detect spatial patterns and correlations between different
time points that may be invisible to sequential models [5]. Some studies demonstrate the
potential of image-based coding for classifying time series in financial forecasting [6] and
monitoring the cryptocurrency market [7]. However, its effectiveness in the financial
domain, where the signal-to-noise ratio is significantly lower, remains a subject of debate.

On the other hand, classical machine learning methods based on tabular features,
particularly gradient boosting (LightGBM, XGBoost), demonstrate consistently high
performance in financial time series classification tasks [8]. These models work directly with
engineered features (technical indicators, window statistics) without an intermediate
transformation into images and train orders of magnitude faster than deep neural networks.
At the same time, tabular methods do not utilize information about the spatial structure of
the time series, which image-based encoding is potentially capable of capturing.

Several factors make it difficult to objectively compare these approaches. First, most
existing studies evaluate models on a limited nhumber of currency pairs and a fixed time
horizon, which does not reflect real-world streaming conditions [9]. Second, the influence
of the tabular component is rarely controlled for: hybrid models may perform well due to
their tabular branch rather than graphical encoding. Third, the effect of data scale has not
been systematically investigated, although more data may not improve models when
trading pairs exhibit fundamentally different market regimes.

To address these issues, this paper proposes a controlled experiment involving a
systematic comparison of CNN architectures based on image encoding, one-dimensional
convolutional networks, and gradient boosting on tabular features. All neural models were
built with a single table branch and the embedding of a trading pair identifier, which allows
us to isolate the contribution of the image component specifically. The study was conducted
on three data scales: small (50 trading pairs, 3 months), medium (100 pairs, 6 months),
and large (200 pairs, 12 months), with four forecasting horizons (1, 3, 6, 12 intervals of 8
hours each). After data cleaning number of pairs was reduced to 46, 91 and 147 pairs.
Data collection and preprocessing were implemented in a streaming pipeline based on
Apache Kafka, which replicates the conditions of a real-world streaming system.

A novel aspect of this study is the multi-scale setting with controlled ablation. Unlike
studies that compare models on a single fixed dataset, we systematically vary two
measures of complexity — the number of trading pairs and the time window length — and
investigate how these factors interact with the forecasting horizon and the type of input data
encoding. This allows us not only to determine which architecture performs best under
specific conditions but also to identify patterns of model degradation when scaling, which
is critically important for designing real-world streaming decision-making systems.
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MATERIALS AND METHODS

Data sources and the data collection pipeline

Cryptocurrency markets generate a continuous stream of quotes across hundreds of
trading pairs simultaneously, which fundamentally distinguishes them from traditional stock
markets with fixed trading sessions. To replicate these conditions, this work builds a
streaming pipeline based on Apache Kafka, which collects OHLCV data (Open, High, Low,
Close, Volume) from the Binance exchange’s public API at 8-hour candle intervals. The
Kafka producer periodically polls the APl and publishes the received records to a topic,
from which the Kafka consumer reads them for further feature extraction and the formation
of training samples. This approach ensures the reproducibility of the experiment and
simulates the real architecture of a streaming decision-making system [2]. Trading pairs
were selected based on the criterion of the highest average daily trading volume in pairs
with USDT. To systematically study the impact of data scale, the experiment was
conducted in three configurations, the parameters of which are shown in Table 1. The
chronological split into training, validation, and test samples (64% / 16% / 20%) was
performed without shuffling to prevent information leakage from future time points into past
ones.

Feature engineering and target variable

For each trading pair, a set of table-based features is calculated based on OHLCV
data, covering technical indicators (moving averages, RSI, MACD, Bollinger Bands, ATR),
statistical characteristics of the window (volatility, asymmetry, and excess of the return
distribution), and volume metrics (the ratio of current volume to the moving average). These
features are calculated on a fixed window of the latest observations and fed into the input
of the tabular branch of hybrid models and the gradient boosting model. Each trading pair
is also assigned an integer identifier, which is used to construct a training embedding,
allowing the model to account for the individual behavioral characteristics of a specific
instrument.

The target variable is defined as a binary indicator of the direction of the closing price
change over a given forecasting horizon:

_ 1,ifCt+h > Ct
yt—{O,ifCHhSCt (1)

where C; — is the closing price at time t, and h € {1,3,6,12} — is the forecasting horizon,
expressed in terms of the number of 8-hour intervals. Thus, the problem reduces to binary
classification: the model predicts whether the price will rise relative to the current level over
the next 8, 24, 48, or 96 hours, respectively.

Image encoding of time series

To transform one-dimensional time series into two-dimensional images, three
encoding methods were applied, each of which captures a different aspect of the series’
dynamics.

The Gramian Angular Summation Field (GASF) encodes pairwise trigonometric
relationships between the normalized values of the series. The input time series
X = {xq,x3, ..., x5} is first normalized to the interval [-1, 1]. After which each value ¥; s
mapped to an angular representation ¢; = arccos(X;). The GASF matrix is defined as:

Gij = cos(@; + ¢;), (2)

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 85



lvan Khamar

where G;; encodes the temporal correlation between positions i and j. The diagonal of the
matrix contains information about the absolute values of the series, while the off-diagonal
elements contain information about the relationships between different time points.

The Markov Transition Field (MTF) represents the transition probabilities between the
discrete states of a sequence. The range of values is divided into Q quantile bins, and for
each pair of bins (g;, q;). The transition frequency w;; from bin g; to bin q; per step is
calculated. The MTF matrix is constructed as follows:

Mij = qu_>qj, (3)

where g; and q; are the bins to which the series values at times i and j, respectively,
belong. The MTF thus encodes the dynamics of transitions between price levels, allowing
for the identification of sustained trends and reversal points [3].

A Recurrence Plot (RP) visualizes the recurrence of states of a dynamic system in
phase space. The elements of the binary matrix are defined as:

Rij = 0(e — |x; — x;]), (4)

where 0 is the Heaviside function, ¢ is the similarity threshold radius, and || is the Euclidean
norm. A value of R;; =1 indicates that the states at times i and j are close within the
threshold €. RP effectively detects cyclic patterns, regime changes, and laminar phases in
time series [4].

The three resulting matrices are combined into a three-dimensional image as separate
channels (similar to RGB), forming a 32x32x6 input for convolutional models (Fig. 1).

Image encoding was performed using a time-series window of 32 candles
(window_size = 32), producing 32x32 matrices for all three methods. For MTF, the value
range was discretized into Q = 8 quantile bins. For Recurrence Plot, an adaptive similarity
threshold ¢ = 0.5 - o(&%) was applied, where o(X) is the standard deviation of the
normalized series. The full implementation is available in the Kaggle notebook [10].

This approach allows CNN to simultaneously analyze angular dependencies (GASF),
transition dynamics (MTF), and the recurrent structure (RP) of a time series in a single
image.

Model architectures

All models under study are divided into three categories based on the type of input
data: models based on 2D image encoding, a 1D control model, and tabular gradient
boosting. To ensure a controlled comparison, the hybrid neural models are built using a
unified two-branch architecture: the image (or sequential) branch extracts features from the
time series, while the tabular branch processes engineered features along with a learned
embedding of the trading pair identifier. The outputs of both branches are concatenated in
a shared fusion head, which generates a single logit for binary classification.

The tabular branch is common to all hybrid models. The trade pair identifier is mapped
to an 8-dimensional embedding vector, which is concatenated with the tabular features and
processed by a two-layer perceptron (MLP) with a 32-dimensional output. The fusion head
takes the concatenation of the image and table feature vectors, passes it through a 64-
dimensional hidden layer with a ReLU activation function and 0.3 dropout, and returns a
scalar logit. This unified design allows us to isolate the contribution of the image
component, since the only difference between the models is the method of processing the
time series.
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RGB-approach: GASF / MTF / RP — BTCUSDT (8h)
MTF(close)

RP(close)

GASF(close)

10 15 20 15 20 15 20
Time ) Time (t) Time ()
GASF(volume) RP(volume)

MTF(volume)

: 25 30 :
Time (1) Time (1) Time (1)

Fig. 1. RGB-approach of GASF, MTF and RP.

In the category of 2D models, five architectures of increasing complexity were
investigated. SimpleCNN is the only model without a tabular branch, serving as a baseline
for evaluating the effectiveness of image encoding itself. Its backbone consists of two
convolutional layers (32 and 64 filters) with batch normalization and global average pooling,
yielding a 128-dimensional feature vector. HybridCNN uses an identical backbone but is
augmented with a tabular branch via a merge head. HybridResCNN replaces the backbone
with an architecture featuring two residual blocks in the style of ResNet [11], which allows
for training a deeper network without gradient degradation. The two models are built on
backbones pre-trained on ImageNet: EfficientNet-B0O-Hybrid [12] and MobileNetV2-Hybrid
[13]. Since the input images are 32x32 with 6 channels (two time series x three encoding
methods), a 1x1 adaptive convolutional layer is used to project from 6 channels to 3, after
which the image is upscaled to 96x96 for compatibility with pretrained models. The last 30
parameters of the backbone are unfrozen for fine-tuning; the rest remain fixed.

CNN1D-Hybrid serves as the baseline model for testing the hypothesis regarding the
advantage of 2D encoding. It receives the same raw time series (close and volume) used
to construct images, but processes them directly using a one-dimensional convolutional
network (three Conv1d layers with 32, 64, and 128 filters). The tabular branch and merge
head are identical to those in other hybrid models. Thus, if the 2D models outperform the
CNN1D-Hybrid, this can be attributed specifically to the contribution of image encoding,
rather than tabular features or pair embedding.

LightGBM - a gradient boosting implementation that operates exclusively on
engineered tabular features without any time-series encoding — is used as the tabular
baseline. LightGBM was chosen for its consistently high performance on tabular data and
its learning speed, which is several orders of magnitude faster than neural networks..

Training and assessment

All neural models are trained using the BCEWithLogitsLoss loss function and the
Adam optimizer. To prevent overtraining, an early stopping mechanism with a patience of
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7 epochs is applied: training is stopped if the Matthews correlation coefficient (MCC) value
on the validation sample does not improve for 7 consecutive epochs, and the weights with
the best validation quality are restored. The maximum number of epochs is limited to 30.
The optimal probability binarization threshold is selected on the validation sample by
iterating over values from 0,2 to 0,8 with a step of 0,01 according to the MCC maximization
criterion. LightGBM is trained with default parameters without additional hyperparameter
tuning.

This creates asymmetry in comparison conditions: while neural models benefit from
early stopping and threshold tuning, LightGBM uses default parameters. This asymmetry
should be considered when interpreting the advantage of the tabular approach - the gap
may narrow with hyperparameter tuning of LightGBM, which is left for future work.

MCC is chosen as the main evaluation metric, which is resistant to class imbalance
and takes into account all four elements of the confusion matrix, unlike accuracy and F1-
score [14]. Additionally, AUC-ROC, F1-score, and Brier score are recorded. The statistical
significance of the differences between pairs of models is assessed using the McNemar
criterion, which compares the error distributions of two classifiers on the same test sample
[15]. The parameters of the three scales of the experiment are given in Table 1.

Table 1. Experimental scale parameters.

Parameter Small Medium Large
Number of trading pairs 46 91 147
Time window 3 months. 6 months. 12 months.
Training sample 7 084 30121 90 860
Validation sample 1610 6 944 20 848
Test sample 2254 9290 28 179
Forecasting horizons 1,3,6,12%x8h
Image size 32x32x6

Maximum epochs /

: 30/7
patience

Execution environment

The experiments were implemented in Python 3.10 using the PyTorch 2.1 (neural
networks), LightGBM (gradient boosting), and pyts (image encoding of time series)
libraries. The computations were performed in the Kaggle Notebooks cloud environment
with an NVIDIA Tesla P100 hardware accelerator (16 GB VRAM) and approximately 30
GB of RAM. A streaming data collection pipeline based on Apache Kafka was deployed
locally. It should be noted that the training times reported in the results reflect the conditions
of a cloud environment with shared resources and are not directly transferable to dedicated
hardware; they are provided solely for relative comparison between models within a single
execution environment.

RESULTS AND DISCUSSION

Models and Baselines

To evaluate the effectiveness of image coding, five 2D-CNN architectures
(SimpleCNN, HybridCNN, HybridResCNN, EffNetBO-Hybrid, MobileNetV2-Hybrid) were
compared with two alternative approaches:
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1. CNN1D-Hybrid — a control model that uses the same tabular branch and merge
head as the 2D hybrids, but processes raw time series using one-dimensional
convolution without image encoding. Comparison with this model isolates the
contribution of the 2D transformation specifically.

2. LGBM-Tabular — gradient boosting (LightGBM) that operates exclusively on
engineered tabular features. It serves as the top baseline for the tabular approach.

Additionally, three naive baselines were used: Majority (always predicts the dominant

class), Random (random classifier), and Persistence (predicts the continuation of the
current trend). The comparison was conducted on three scales (Small, Medium, Large) for
four forecasting horizons (h = 1, 3, 6, 12 intervals of 8 hours each).

Comparison of performance by scale

Table 2 presents the MCC values for the best 2D-CNN, the baseline CNN1D-Hybrid,
and LGBM-Tabular at each scale and horizon.

Table 2. MCC of the best models at each scale and horizon.

Scale Model h=1 h=3 h=6 h=12
Best 2D CNN +0.115 +0.059 +0.095 +0.074

Small CNN1D Hybrid +0.212 +0.070 +0.026  -0.014
LGBM -0.038 -0.008  +0.095 +0.139

Best 2D CNN +0.005 +0.035 -0.002 +0.019

Medium CNN1D Hybrid -0.011 +0.055  -0.147 -0.087
LGBM +0.031 +0.030 +0.091  +0.093

Best 2D CNN +0.007 +0.008 +0.015  +0.033

Large CNN1D Hybrid -0.003  +0.039  +0.047  +0.017
LGBM +0.061  +0.022 +0.075 -0.042

At the small scale, the clearest differentiation between models is observed. CNN1D-
Hybrid achieves an MCC of +0.212 at h = 1, which is the highest value in the entire study.
This indicates that, on a limited sample, one-dimensional convolution is more effective at
extracting short-term patterns than 2D image encoding. At the same time, on longer
horizons (h = 6, h = 12), LGBM-Tabular dominates with an MCC of up to +0.139, while all
CNN models degrade.

At the medium scale, there is a sharp decline in the performance of all neural models.
The best 2D-CNN achieves only MCC = +0.035, and CNN1D-Hybrid exhibits negative MCC
values at h = 6 and h = 12. The only model that consistently outperforms the baselines
remains LGBM-Tabular, with MCC ranging from +0.030 to +0.093 across all horizons.

At large scale, no model exceeds MCC = +0.075. All 2D-CNNs exhibit MCC < +0.033,
which is statistically indistinguishable from a random classifier. Notably, even LGBM-
Tabular, which consistently dominated at the medium scale, shows a negative MCC of
-0.042 at h = 12, indicating a general saturation of the predictive signal as data
heterogeneity increases.

Ablation analysis

Table 3 shows the pairwise comparisons performed to isolate the contribution of 2D
encoding. The comparisons were performed using the McNemar criterion between the best
2D-CNN and CNN1D-Hybrid. Since both models have an identical tabular branch, the
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statistically significant difference in accuracy can only be explained by the effect of image
encoding.

The results reveal a clear pattern: 2D encoding has an advantage mainly at longer
horizons (h = 6, h = 12), where spatial patterns in the GASF/MTF/RP images reflect slower
market trends. In contrast, at the short horizon (h = 1), 1D convolution consistently
outperforms 2D at small and medium scales. However, this advantage of 2D at longer
horizons disappears at large scale, where 2D instead shows an advantage only at the
shortest horizon (h = 1). Heterogeneity of 147 pairs, which blurs the structural patterns in
the images, could be the reason.

Table 3. Ablation of the best 2D-CNN vs CNN1D-Hybrid with McNemar’s test.

Scale h Best 2D Acc 2D, % Acc 1D, % A p Result
1 HybResCNN 49,0 60,9 -11,9 <0,001 2D worse
Small 6 HybCNN 65,1 61,7 +3,5 0,012 2D better
12 MobNetV2 71,8 58,9 +12,9 <0,001 2D better
1 HybCNN 45,8 50,3 -4,5 <0,001 2D worse
Medium 6 EffBO 51,6 441 +7,5 <0,001 2D better
12 HybResCNN 51,7 43,0 +8,7 <0,001 2D better
1 HybResCNN 54,0 50,8 +3,2 <0,001 2D better
Large 6 EffBO 47,37 57,1 -9,73 <0,001 2D worse
12 HybResCNN 59,76 6041  -065 0071 o=dnnoant
Discussion

The results demonstrate that image-based encoding of time series (GASF, MTF, RP)
does not provide a universal improvement for financial data classification tasks. Although
some studies report promise for financial forecasting [6] and the cryptocurrency market [7].
Our systematic multi-scale comparison demonstrates that this advantage is not replicated.
The key difference lies in the nature of the signal: in physiological or industrial time series,
there are stable spatial patterns (e.g., the morphology of the QRS complex) that CNNs can
effectively recognize in a 2D representation. In cryptocurrency data with a low signal-to-
noise ratio, such stable visual structures are either absent or too weak to compensate for
the additional complexity of 2D encoding [16]. This explains why simpler 1D and tabular
approaches prove competitive or superior — they avoid a transformation that adds no
information but introduces noise from discretization and compression to 32x32.

The practical implication of these results concerns the design of real-world streaming
decision-making systems. Training a single 2D-CNN model at scale takes nearly 15
minutes, whereas LightGBM takes less than a minute. Given periodic retraining across
four horizons, this computational gap becomes critical — if 2D encoding provides no
sustained quality gain, its use in streaming systems wastes resources. Available
hyperparameter tuning should be taken into account as a limitation of current research and
an improvement possibility for future work.

At the same time, on a small scale with longer horizons (h =6, h =12), 2D models
demonstrate a statistically significant advantage, leaving room for their targeted application
in highly specialized scenarios with a limited number of currency pairs.

A significant limitation of the study is the use of a single global model for all currency
pairs. The increase in heterogeneity as the scale expands — from 46 to 147 pairs with

90 Electronics and Information Technologies ¢ 2026 ¢ Issue 34



Convolutional Neural Networks and Gradient Boosting...

fundamentally different market regimes — is a likely cause of the degradation of all models
at large scales. Training-based pair embedding only partially mitigates this problem, as it
encodes only the identity of the pair, not its current market regime. Clustered or regime-
adaptive approaches could mitigate this effect but are beyond the current scope.
Furthermore, the fixed image size of 32x32 may be insufficient to preserve fine-grained
structures in GASF/MTF/RP — increasing the resolution to 64x64 or 128x128 would
potentially improve the performance of 2D models at the cost of a proportional increase in
training time.

Despite the generally low absolute MCC values, the study reveals a non-trivial
interaction structure between encoding type, horizon, and scale, which has practical value.
The very fact that data scaling degrades the results of all classes of models is an important
negative result: it refutes the intuitive assumption that “more data means a better model,”
which is often taken as an axiom, and points to the need for qualitative data selection
instead of quantitative data augmentation.

CONCLUSION

This paper presents a systematic comparison of 2D image-based time series encoding
methods (GASF, MTF, Recurrence Plot) with one-dimensional convolutional networks and
tabular gradient boosting for the task of classifying cryptocurrency price trends. The central
contribution is a multiscale framework with controlled ablation: a unified two-branch
architecture allowed us to isolate the influence of the image component specifically, while
three data scales revealed patterns that were not apparent in a single fixed dataset.

Experiments across three scales (46,91,147 trading pairs, 3—12 months) and four
forecasting horizons showed that 2D encoding does not provide a consistent advantage.
At the small scale, CNN1D-Hybrid achieved the highest MCC =+0.212 at h=1,
outperforming all 2D models. At the medium scale, all neural models were outperformed
by LightGBM (MCC up to +0.093). At a large scale, no model exceeded MCC = +0.075,
indicating saturation of the predictive signal as data heterogeneity increases. The
McNemar’s criterion confirmed that 2D encoding significantly outperforms 1D in only 5 out
of 12 scale x horizon combinations.

From a practical standpoint, these results imply that for streaming classification
systems of cryptocurrency data, the use of image-based encoding with convolutional
networks does not justify the computational cost compared to tabular gradient boosting,
which trains several orders of magnitude faster and demonstrates more stable performance
over medium forecasting horizons.

Promising directions include cluster-based or regime-adaptive models to account for
heterogeneous market regimes; higher image resolution (64x64, 128x128) to preserve
finer structures; and attention-based architectures (Transformer) for weighting
contributions of different pairs and intervals.

In summary, the study demonstrates the importance of controlled multiscale
evaluation when selecting an architecture for financial time series. The intuitive assumption
that more complex data representations and larger sample sizes are superior is not
supported in domains with a low signal-to-noise ratio. This conclusion is transferable to
other tasks of classifying noisy time series, where the choice between image-based
encoding and tabular methods requires empirical verification rather than a priori
assumptions.
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MOPIBHANBbHUA AHANI3 3rOPTKOBUX HEMIPOHHUX MEPEX TA
MPAOIEHTHOIO NIACUNEHHSA ANA BATATOMOPU3OHTHOI
KNACUDIKALII KPUITTOBANIOTHUX MOTOKOBUX OAHUX

leaH Xamap

o

KagpeOpa padioenekKmpoHHUX ma KOMITIOmepHUX cucmem,
JibeiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,
syn. [ipazomaHosa, 50, Jibeie, 79005, YkpaiHa

AHOTALIA

Beryn. Knacudikauis HanpaMKy UiHW KpUNTOBamiOTM — Ue 3aBAaHHs OiHapHOi
knacudikauii 4ns YacoBux pAAiB 3 HA3LKMM CNiBBIHOLLEHHAM curHan/wym. B ocTtaHHi poku
LUMPOKOro MOWMPEHHA Habynnm MmeToau KodyBaHHA 300paXeHb, fKi NepeTBOpPHOTHL
OAHOBUMIPHI 4YacoBi psAM Ha ABOBUMIPHI 306paXeHHs Ans o6pobku 3ropTKOBi HEWPOHHI
mepexi (BHM). OpHak cucTemaTuyHe MOPIBHSAHHA MNPOOYKTUBHOCTI TakuMx Migxonis 3
KNacuyHMMM NOCMIAOBHUMM Ta TabnuyHumy MeTogammn ANs pisHUX macwTabiB AaHux Ta
rOPU30HTIB MPOrHO3yBaHHSA BiACyTHE. Lle Bkmovae BMGIp apxiTekTypu Ans peanbHUX
MOTOKOBMX CUCTEM, Ae obuMcnioBanbHi pecypcn obmexeHi, a obcar Ta HeoAHOPIAHICTb
AaHWX MOCTIHO 3pOCTaloTh.

MaTtepianu Ta meToau. 3anponoHoBaHO NOTOKOBMI KOHBeEP Ha 6asi Anavi Kadka ans
36opy Ta 06pobkM gaHux UiH Ta obcsariB TOproBux nap kpuntoamntoT 3 Bipxi Binance.
lMpoBeneHo Tpu cepii ekcnepumeHTiB pisHoro mMacwtaby: manun (46 nap, 3 micaui, 10 948
BMBIipokK), cepeHin (91 nap, 6 micauis, 46 355) Ta Benukuin (147 nap, 12 micsauis, 139 887).
Ons koxHoro macwtaby nopiBHioTbCA WicTk apxiTektyp 3HM — n'atb 3 2D-kogyBaHHAM
306paxeHb (SimpleCNN, HybridCNN, HybridResCNN, EfficientNet-BO, MobileNetV2) Ta
ogHa 1D-koHTpornbHa (CNN1D-Hybrid) — 3 rpagieHTHuM nigcunernHam (LightGBM) Ha
TabnunyHmx o3Hakax. Yci ribpugHi moaeni BUKOPWUCTOBYIOTb CRiNbHY TabnuyHy rinky 3
BOyZOBYBaHHAM TOProBux nap, WO 3abesneyye KOHTPONbOBaHE 3MEHLUEHHS BMUBY
KoAyBaHHS 300paxeHb. Knacudikauito npoBoamMnu Ans YOTMPbOX MPOTrHO3HWMX FOPU3OHTIB
(1, 3, 6 Ta 12 iHTepeanie no 8 roguH). CTaTUCTMYHY 3HAYYLLICTb BiAMIHHOCTEN OUiHIOBaN1
3a kpuTtepiem MakHemapa.

Pesynbtatn. ¥ manomy macwtabi 1D mMogenb KepyBaHHS [OCArae HanBUWLLOIO
3HayeHHs koediuieHTy kopensauii MeTbtosza (KKM) = +0,21 Ha ropusoHTi h =1, Todi sK
Halkpalmin pesynbTaT Ha ocHoBi 2D 306paxeHb cTaHoBWTb nuwe KKM =+0.11. Y
cepegHboMy MacwTabi Bci mogeni 3HM pemoHcTtpytote KKM =0, Toami sik LightGBM
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ctabinbHo gomiHye 3 KKM go +0,09 Ha ropusoHTax h = 6 ta h = 12. Y BenvkoMy macLutabi
xogHa mopgenb He nepesuwye MCC = +0.07, W0 Bkadye Ha HaCWYEHHS] MPOrHO3HOro
curHany 3i 36inbLIeHHAM HeogHopiaHOCTI AaHnx. KogyBaHHA Ha ocHoBi 2D 306paxeHb He
3abesneyye ctabinbHoi nepesaru Hag 1D nocnigoBHuM Ta TabnuyHum nigxogamu B 6yab-
AKkoMy MacLuTabi.

BucHoBkn. BusBneHo, wWo HaiBHe MacwTabyBaHHA AaHUX LWAAXOM 36inbLUeHHSs
KiNTbKOCTi TOProBMX nap Ta 4acoBOro BikHa MOripLUye pe3ynbTaTu BCiX KNaciB Moaenen yepes
3pOCTaHHSA HEOQHOPIAHOCTI PUHKOBUX PEXMMIB. [epeTBOpeHHs1 YacoBUX pSAiB Y ABOBUMIPHI
300pakeHHs ONsl 3ropTKOBMX HEMPOHHMX Mepex He 3abesnedvye CTiliKOi nepeBarn Hag
TabnMyHMM rpagieHTHUM NIACUNEHHAM Ta OLHOBUMIPHMMU 3rOpTKOBUMW Mepexamu B
3aBAaHHi Knacudikauii HanpsMKy UiH KpuntoBamoT. Li pesdynbTaTm BKasyloTb Ha
HeOOXiQHICTb PeXMMHO-aAanTUBHOMO Ta KIAcTePHOro nigxoA4iB 3amicTb NobynoBW eguHOT
rno6anbHoi Moaeni.

Knro4oei crnosa: knacudikauis 4acoBux psais; Bidyanisawis YacoBuX psagiB; 3ropTKOBI
HENPOHHI MepeXxi; rpagieHTHe NiACUNEHHS; KPUNTOBaNOTH; NOTOKOBI AaHi; Anadi Kadka.
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ABSTRACT

Background. Text image binarization is an important preprocessing task in document
analysis, optical character recognition, and automated information extraction. The task
becomes challenging when images contain blur, noise, low contrast, or background
degradation.

Materials and Methods. This study compares classical and lightweight neural methods
for binarizing degraded text images. The evaluation was conducted on a paired text
binarization dataset comprising degraded input images and their corresponding clean binary
target masks. The evaluated methods included simple global thresholding, Otsu
binarization, adaptive thresholding, K-means clustering, Fuzzy C-means clustering,
watershed segmentation, region growing, region splitting and merging, Canny edge
detection, Laplacian of Gaussian filtering, and a U-Net model. Tunable parameters were
selected on the validation subset, while final results were reported on the independent test
subset. The methods were assessed using Intersection over Union (loU, Jaccard index),
Dice similarity coefficient (DSC), Pixel Accuracy (PA), Precision, Recall, and execution time.

Results and Discussion. Adaptive thresholding achieved the best performance among
classical methods: loU=0.785, DSC =0.877, PA=0.961, Precision =0.851, and
Recall = 0.923. Simple global thresholding was the fastest method, with a runtime of 0.0015
ms/image, but lower Precision. K-means, Fuzzy C-means, Otsu, and region growing
demonstrated high Recall values above 0.97, but lower Precision, indicating that degraded
background regions were often classified as foreground. Edge-based methods produced
lower loU and DSC because they mainly detected character contours. The Tiny U-Net model
achieved the highest overall quality: IoU=0.959, DSC=0.979, PA=0.994,
Precision = 0.979, and Recall = 0.979.

Conclusion. The results show that different binarization methods are suitable for
different scenarios, depending on the required accuracy, runtime constraints, and available
resources. Classical methods remain useful for low-latency processing, while lightweight
neural models provide higher accuracy when sufficient computational resources are
available. Pixel Accuracy should be interpreted carefully because background pixels
dominate document images.

Keywords: text binarization, image segmentation, thresholding, clustering, U-Net,
evaluation metrics.

INTRODUCTION

Image segmentation is one of the fundamental tasks in computer vision and digital
image processing. It aims to divide an image into meaningful regions or classes and is
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widely used as a preprocessing or decision-support stage in many computer vision
systems. The quality of segmentation directly affects the reliability of subsequent tasks
such as object recognition, measurement, classification, and visual analysis. Despite
significant progress in this field, accurate and computationally efficient segmentation
remains challenging, especially under conditions of noise, blur, uneven illumination, and
low contrast.

One practically important segmentation problem is text image binarization. In this task,
textimage is transformed into a binary representation, where text pixels are separated from
the background. Text binarization is an essential preprocessing step for optical character
recognition, document analysis, historical document restoration, and automated
information extraction. Although the task may appear simple in high-contrast images, its
complexity increases significantly when the input contains degradation artifacts such as
blur, background noise, low contrast, or non-uniform illumination [1-2].

Over the decades, many classical methods have been proposed for image
segmentation and binarization. Threshold-based approaches, such as simple global
thresholding [3], Otsu binarization [4], and adaptive thresholding [5], remain widely used
because of their simplicity and low computational cost. Clustering-based methods,
including K-means [6] and Fuzzy C-means [7], separate pixels according to intensity
similarity and can be applied without supervised training. Region-based methods, such as
watershed segmentation [8], region growing [9], and region splitting and merging [10], use
spatial or structural information to form image regions. Edge-based methods, including
Canny edge detection [11] and Laplacian of Gaussian filtering [12], focus on detecting
intensity transitions and object boundaries.

Each of these methods has its own advantages and limitations. Global thresholding
methods are fast but sensitive to illumination and contrast variation. Adaptive thresholding
can handle local intensity changes but strongly depends on the choice of block size and
threshold offset. Clustering-based methods may detect most text pixels but can also assign
noisy background regions to the foreground when intensity distributions overlap. Region-
based methods can incorporate spatial structure but are sensitive to seed selection, region
homogeneity criteria, or marker generation. Edge-based methods are effective for
detecting character contours but do not naturally produce filled foreground masks.
Therefore, the choice of a segmentation method depends not only on accuracy but also on
robustness, parameter sensitivity, and computational cost.

Recent deep learning methods have significantly improved segmentation performance
in many computer vision tasks and have become a dominant direction in modern
segmentation research [13]. However, neural models require training data, computational
resources, and careful validation. For small text images, lightweight architectures may be
more appropriate than deep backbone-based models because excessive downsampling
can remove fine character details. Therefore, compact encoder-decoder architectures such
as lightweight U-Net [14] models are of particular interest for text binarization.

A common limitation of comparative studies is that segmentation methods are often
evaluated under limited experimental conditions or on a small number of examples. In such
cases, conclusions about the superiority of a method may be strongly influenced by image
characteristics, parameter choices, or class imbalance. In document binarization, this is
especially important because background pixels usually dominate the image area, making
Pixel Accuracy (PA) [15] less informative than foreground-oriented metrics such as loU
[16], Dice similarity coefficient (DSC) [17], Precision, and Recall.

This study presents a comparative experimental evaluation of classical segmentation
algorithms and a lightweight neural baseline for text image binarization. The evaluated
methods include simple global thresholding, Otsu binarization, adaptive thresholding, K-
means clustering, Fuzzy C-means clustering, watershed segmentation, region growing,
region splitting and merging, Canny edge detection, Laplacian of Gaussian filtering, and a
compact U-Net model. The experiments are conducted on a paired text binarization dataset
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containing degraded input images and corresponding clean binary target masks. To ensure
a fair comparison, tunable parameters are selected using a validation subset, while final
results are reported on an independent test subset.

The main contribution of this study is a unified benchmark of classical and lightweight
neural methods for degraded text binarization. The comparison considers not only
segmentation accuracy but also parameter sensitivity, runtime efficiency, and differences
between metrics. This allows a more detailed analysis of why methods with similar Pixel
Accuracy may differ substantially in foreground segmentation quality and practical
applicability.

MATERIALS AND METHODS

This study evaluates classical and lightweight neural methods for text image
binarization, formulated as a binary segmentation task where text pixels represent the
foreground class and background pixels represent the background class. The experimental
protocol includes dataset preparation, validation-based parameter selection, final
evaluation on an independent test subset, and runtime analysis.

Dataset

The experiments were conducted using the Text Binarization dataset available on
Kaggle [18]. The dataset contains 20,000 paired examples of randomly generated multiline
text images, where each degraded input image is matched with a clean binarized target
mask. The input images contain blur and noise, making the dataset suitable for evaluating
binarization methods under degraded image conditions. An example of the input images is
shown in Fig. 1.
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Fig. 1. Example of the dataset images

All images were processed in grayscale, and the provided binary target images were
used as ground-truth masks. The dataset was divided into training, validation, and test
subsets using a 70/15/15 split. The training subset was used only for the neural network
model, while the validation subset was used for parameter selection in classical methods
and threshold selection for the neural baseline. Final results were reported only on the
independent test subset to avoid test-set-based parameter tuning.

Evaluated Methods

The study evaluated classical and lightweight neural approaches for degraded text
image binarization. The classical methods included simple global thresholding, Otsu
binarization, adaptive thresholding, K-means clustering, Fuzzy C-means clustering,
watershed segmentation, region growing, region splitting and merging, Canny edge
detection, and Laplacian of Gaussian filtering. These methods cover threshold-based,
clustering-based, region-based, and edge-based segmentation strategies. [3-12]

A compact two-level U-Net [14] was additionally trained as a neural baseline. This
architecture was selected because the input images have a small spatial resolution of
50x50 pixels, where deeper backbone-based models may lose fine text details due to
excessive downsampling. The model consists of two encoder blocks, a bottleneck, and two
decoder blocks with skip connections, producing a single-channel probability map. The
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architecture of the model is shown in Fig. 2. It was trained using a combined binary cross-
entropy and Dice loss, and the best checkpoint was selected according to validation loU.

Input ConvBlock = Conv 3x3 + BN + ReLU
3x50x%x50 + Conv 3x3 + BN + ReLU

Decoder 1

Encoder 1
ConvBlock
32x50x%50

ConvBlock
32x50x% 50

b skip————q-————f-————————————————-— 1
\ \J
MaxPool 1 x 1 Conv Concat
32x25x%x25 1x50x50 | 64+32

Encoder 2
ConvBlock
64 x25x%x25

Decoder 2
ConvBlock
64 x25x%x25

MaxPool Concat Upsample
64x12x12 128 + 64 64 x 50 x 50

A

Bottleneck

ConvBlock
128 x 12 x 12

\4

Upsample
128 x 25 x 25

Fig. 2. Visualization of model architecture

Parameter Selection Protocol

All tunable parameters were selected on the validation subset using a predefined
parameter grid. For each method, the configuration with the highest mean loU was selected
and then fixed for final evaluation on the independent test subset. Otsu binarization was
the only exception, since its threshold was estimated automatically for each image. For the
neural baseline, the probability threshold used to convert the output probability map into a
binary mask was also selected on the validation subset.

Evaluation Metrics

loU and Dice were used as the main foreground segmentation metrics because they
directly measure the overlap between predicted and ground-truth text regions. Precision
and Recall were used to analyze over-segmentation and under-segmentation behavior.
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Pixel Accuracy was reported as an auxiliary metric, since background pixels dominate
document images and may increase this metric even when the foreground mask is not
accurately segmented.

Runtime Measurement

Computational efficiency was evaluated as execution time in milliseconds per image.
For classical algorithms, runtime included only image processing time and excluded file
loading and result saving. For the neural network, inference time included the forward pass
of the model. Final runtime values are reported as mean milliseconds per image.

Experimental Environment

All experiments were implemented in Python 3.9. Classical methods were
implemented using OpenCV and NumPYy, while the neural network model was implemented
using PyTorch. The experiments were conducted on a workstation equipped with an Apple
M1 CPU and 8 GB of RAM, running macOS 26.4.1.

RESULTS AND DISCUSSION

Simple Global Thresholding

The global threshold value was selected on the validation subset, with the best result
obtained at T = 165. As shown in Fig. 3, increasing the threshold improved text coverage
up to an optimal range, after which additional background pixels started to be classified as
foreground. On the test subset, the method achieved loU =0.661, DSC =0.784,
PA = 0.933, Precision = 0.751, and Recall = 0.861. The high Recall indicates that most text
pixels were detected, while the lower Precision shows that some background degradation
was also included in the foreground mask. The visual examples in Fig. 4 and Fig. 5 confirm
this behavior. The method was extremely fast, with an average runtime of 0.0015
ms/image, but its robustness is limited by the use of a single global threshold.
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Fig. 3. Effect of the global threshold value on validation metrics for simple thresholding
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Fig. 4. Visual comparison of simple thresholding results with different threshold values on a test image
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Fig. 5. Example of the best simple thresholding result on the test subset using the validation-selected threshold
T=165

K-means Clustering

For K-means clustering, the number of clusters was fixed to K = 2, and the maximum
number of iterations was selected on the validation subset. The best validation result was
obtained with max_iter = 5, although the validation curves in Fig. 6 show that increasing
this value had almost no effect on the metrics, indicating early convergence. On the test
subset, K-means achieved loU = 0.587, DSC = 0.730, PA = 0.886, Precision = 0.596, and
Recall = 0.984. The very high Recall shows that the method detected almost all text pixels,
while the lower Precision indicates that many degraded background pixels were also
assigned to the foreground cluster. The visual examples in Fig. 7 and Fig. 8 confirm this
tendency toward over-segmentation. The average runtime was 0.305 ms/image, which is
higher than simple thresholding but still computationally efficient.
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Fig. 6. Effect of the maximum number of K-means iterations on validation metrics
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Fig. 7. Visual comparison of K-means results with different max_iter values on a test image

Fig. 8. Example of the best K-means result on the test subset using the validation-selected parameter max_iter = 5
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Otsu Binarization

Otsu binarization was applied as an automatic thresholding method, so no validation-
based parameter selection was required. On the test subset, it achieved loU = 0.587,
DSC =0.725, PA =0.884, Precision = 0.595, and Recall = 0.984. The very high Recall
shows that Otsu detected almost all text pixels, but the lower Precision indicates that
background noise and degraded regions were often included as foreground. As shown in
Fig. 9, the automatically selected thresholds varied across images, with an average
threshold of 181.853. A representative qualitative result of Otsu binarization is shown in
Fig. 10. The average runtime was 0.0073 ms/image, confirming that Otsu remains a very
fast classical baseline.
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Fig. 9. Distribution of automatically selected Otsu threshold values on the test subset
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Fig. 10. Example of Otsu binarization on the test subset with the automatically selected threshold

Watershed Segmentation

For watershed segmentation, the distance threshold ratio for foreground marker
generation was selected on the validation subset. The best result was obtained with
ratio = 0.4. As shown in Fig. 11, increasing the ratio improved Precision but reduced Recall,
since stricter foreground markers limited the segmented text regions. The comparison in
Fig. 12 illustrates how different ratio values affect the resulting masks. On the test subset,
watershed achieved loU =0.567, DSC =0.718, PA =0.905, Precision=0.721, and
Recall = 0.756. Compared with K-means and Otsu, watershed produced more balanced
Precision and Recall, but it missed more text pixels. The best test example obtained with
the selected ratio is shown in Fig. 13. The average runtime was 0.111 ms/image, remaining
relatively low for a region-based method.

Fuzzy C-means Clustering

For Fuzzy C-means, the number of clusters was fixed to 2, and the fuzziness
coefficient was selected on the validation subset. The best result was obtained with
m = 1.7. As shown in Fig. 14, changing m had only a minor effect on the validation metrics,
indicating that the method behaved similarly across the tested fuzziness values. The
comparison in Fig. 15 illustrates how different values affect the resulting masks. On the
test subset, Fuzzy C-means achieved loU =0.590, DSC =0.727, PA =0.885,
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Precision = 0.599, and Recall = 0.983. Similar to K-means and Otsu, the method detected
almost all text pixels, but also included degraded background regions as foreground. The
best test example obtained with the selected parameters is shown in Fig. 16. The average
runtime was 2.965 ms/image, making it noticeably slower than K-means due to iterative
soft membership estimation.
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Fig. 11. Effect of the watershed distance threshold ratio on validation metrics
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Fig. 12. Visual comparison of watershed results with different distance threshold ratios on a test image
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Fig. 14. Effect of the fuzziness coefficient m on validation metrics for Fuzzy C-mean
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Fig. 15. Visual comparison of Fuzzy C-means results with different m values on a test image.

Fig. 16. Example of the best Fuzzy C-means result on the test subset using the validation-selected value m = 1.7

Adaptive Thresholding

For adaptive thresholding, the best validation configuration was Gaussian adaptive
thresholding with block size = 3 and C=5. As shown in Fig. 17, the method was highly
sensitive to the local window size and C value, confirming the importance of validation-
based parameter selection. The comparison in Fig. 18 illustrates how different values affect
the resulting masks. On the test subset, adaptive thresholding achieved loU = 0.785,
DSC =0.877, PA =0.961, Precision = 0.851, and Recall = 0.923. Compared with global
thresholding, it provided a better balance between Precision and Recall, indicating stronger
robustness to local intensity variation and noise. The best test example obtained with the
selected parameters is shown in Fig. 19. The average runtime was 0.022 ms/image, which
is still very low and suitable for lightweight processing.
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Fig. 17. Effect of adaptive thresholding parameters on validation metrics
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Fig. 18. Visual comparison of adaptive thresholding results with different parameter configurations on a testimage
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Fig. 19. Example of the best adaptive thresholding result on the test subset using Gaussian adaptive thresholding
with block size =3 and C=5

Region Growing

For region growing, the growth margin was selected on the validation subset, with the
best result obtained at grow_margin = 0. As shown in Fig. 20, increasing the growth margin
did not improve the segmentation quality, because additional expansion mainly introduced
background artifacts rather than useful text pixels. The comparison in Fig. 21 illustrates
how different values affect the resulting masks. On the test subset, the method achieved
loU = 0.590, DSC = 0.727, PA = 0.886, Precision = 0.601, and Recall = 0.978. Similar to
clustering-based methods, Region Growing detected almost all text pixels but also included
degraded background regions as foreground. The best test example obtained with the
selected parameters is shown in Fig. 22. The average runtime was 0.073 ms/image,
making it relatively fast among region-based methods.
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Fig. 20. Effect of the growth margin on validation metrics for Region Growing.
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Fig. 21. Visual comparison of Region Growing results with different growth margin values on a test image

Inpu Result

e SR
Uk Uk:GG“
Ve LI R

Fig. 22. Example of the best Region Growing result on the test subset using the validation-selected value
grow_margin =0
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Region Splitting and Merging

For Region Splitting and Merging, the split threshold was selected on the validation
subset, with the best result obtained at split_threshold = 5. As shown in Fig. 23, increasing
the split threshold reduced loU, Dice, and Recall because larger regions were no longer
divided sufficiently and more text pixels were missed. The comparison in Fig. 24 illustrates
how different values affect the resulting masks. On the test subset, the method achieved
loU = 0.460, DSC =0.620, PA =0.830, Precision =0.500, and Recall =0.868. The
relatively high Recall indicates that much of the text was detected, but the low Precision
shows that the region-level decisions also introduced many false foreground pixels. The
best test example obtained with the selected parameters is shown in Fig. 25. The average
runtime was 5.836 ms/image, making it slower than threshold-based and clustering-based
methods.
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Fig. 23. Effect of the split threshold on validation metrics for Region Splitting and Merging
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Fig. 24. Visual comparison of Region Splitting and Merging results with different split threshold values on a test
image
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Fig. 25. Example of the best Region Splitting and Merging result on the test subset using the validation-selected
value split_threshold = 5

Edge-Based Detection

For edge-based detection, the best validation configuration was Canny low
threshold = 100, high threshold = 250, and dilation iterations = 1. As shown in Fig. 26,
changing the Canny low threshold had only a minor effect on the validation metrics. As
shown in Fig. 27, dilation improved overlap with the ground-truth masks, but the method
remained limited because it detects character contours rather than filled text regions. On
the test subset, it achieved loU = 0.313, DSC = 0.469, PA = 0.646, Precision = 0.320, and
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Recall = 0.955. The high Recall indicates that most text boundaries were detected, while
the low Precision shows that many non-text edges and background artifacts were also
included. The best test example obtained with the selected parameters is shown in Fig. 28.
The average runtime was 0.058 ms/image.
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Fig. 26. Effect of Canny edge detection parameters on validation metrics

Fig. 28. Example of the best edge-based result on the test subset using Canny thresholds 100/250 and one
dilation iteration

Laplacian of Gaussian Filtering

For Laplacian of Gaussian filtering, the best validation configuration was Gaussian
kernel size = 7, sigma = 1.5, LoG threshold = 40, and dilation iterations = 0. Fig. 29 shows
the influence of LoG threshold on metrics. As shown in Fig. 30, the method was sensitive
to the response threshold, since low thresholds introduced more noisy edges, while high
thresholds removed weak text structures. On the test subset, it achieved loU = 0.415,
DSC =0.584, PA =0.823, Precision = 0.492, and Recall = 0.742. These results confirm
that LoG captures part of the text structure, but as an edge-based method, it does not fully
recover complete foreground regions. The best test example obtained with the selected
parameters is shown in Fig. 31. The average runtime was 0.036 ms/image.
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Fig. 29. Effect of Laplacian of Gaussian parameters on validation metrics.
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Fig. 30. Visual comparison of Laplacian of Gaussian results with different parameter configurations on a test
image
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Fig. 31. Example of the best Laplacian of Gaussian result on the test subset using Gaussian kernel size =7,
sigma = 1.5, and LoG threshold = 40

Tiny U-Net

For the neural baseline, the probability threshold was selected on the validation
subset, with the best result obtained at threshold = 0.55. The training curve in Fig. 32
shows that both training and validation loss decreased and stabilized, indicating successful
model training. As shown in Fig. 33, the validation metrics remained high across a wide
threshold range, indicating stable model predictions and good separation between text and
background probabilities. The comparison in Fig. 34 illustrates how different values affect
the resulting masks. On the test subset, Tiny U-Net achieved IoU = 0.959, DSC = 0.979,
PA = 0.994, Precision = 0.979, and Recall = 0.979. These results substantially outperform
the classical methods, showing that the model successfully learned spatial text structure
and degraded background patterns. The best test example obtained with the selected
threshold is shown in Fig. 35. The average inference time was 3.191 ms/image, which is
slower than most classical methods but still practical for lightweight processing.

Overall Comparison of Methods

Table 1 summarizes the final test results for all evaluated methods. The reported
parameters were selected on the validation subset, while the metrics were computed on
the independent test subset.
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Fig. 35. Example of the best Tiny U-Net result on the test subset using the validation-selected threshold T=0.55
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Table 1. Final comparison of segmentation methods on the test subset.

Method SEEEER loU Dice Pixel Precision Recall R“'.“'me’
parameters Accuracy ms/image
Simple Global = _ 455, 0661 0784 0933 0751 0861 0.0015
Thresholding
e automatic 4 557 0725 0.884 0595 0.984 0.0073
Binarization threshold

Adaptive Gaussian, block

Thresholding size = 3, (C = 5) 0.785 0.877 0.961 0.851 0.923 0.022

K-means (K=2), 587 0730 0886 0596 0984 0.305
Clustering max_iter =5
Fuzzy C-

means (c=2),(m=1.7) 0.590 0.727 0.885 0.599 0.983 2.965
Clustering

Watershed distance

Segmentation ratio = 0.4 0.567 0.718  0.905 0.721 0.756  0.111

Region

Growi grow_margin=0 0.590 0.727 0.886 0.601 0.978 0.073
rowing

Region
Splitting and split_threshold =5 0.460 0.620 0.830 0.500 0.868 5.836
Merging
Edge-Based Canny 100/250,
Detection dilation = 1
(k=7),
Laplacian of  (\sigma = 1.5),
Gaussian threshold = 40,
dilation =0

0.313 0.469 0.646 0.320 0.955 0.058

0.415 0.584 0.823 0492 0.742 0.036

input
Tiny U-Net size = 50x50, 0.959 0.979 0.994 0.979 0979 3.191
threshold = 0.55

CONCLUSION

This study presented a comparative evaluation of classical segmentation methods and
a lightweight neural baseline for binarizing degraded text images. The task was formulated
as binary semantic segmentation, where text pixels were treated as the foreground class
and background pixels as the background class. To ensure a fair comparison, all tunable
parameters were selected on the validation subset, while the final quantitative results were
reported on the independent test subset.

The experimental results showed that the evaluated methods differ substantially in
terms of segmentation quality, robustness, and computational efficiency. Among the
classical approaches, adaptive thresholding achieved the best overall performance, with
loU =0.785, DSC =0.877, and PA = 0.961. This confirms that local threshold estimation is
more suitable for degraded text images than a single global threshold. At the same time,
simple global thresholding demonstrated the lowest runtime, requiring only 0.0015
ms/image, which makes it an attractive option for extremely resource-constrained
scenarios despite its lower robustness.
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Clustering-based methods, including K-means and Fuzzy C-means, achieved very
high Recall values, indicating that they detected most text pixels. However, their lower
Precision showed that background degradation and noise were often incorrectly assigned
to the foreground class. Region-based methods demonstrated mixed performance.
Watershed segmentation provided a more balanced Precision—Recall trade-off, while
Region Splitting and Merging suffered from lower foreground accuracy due to coarse
region-level decisions. Edge-based methods, including Canny edge detection and
Laplacian of Gaussian filtering, were less effective for full-text mask extraction because
they primarily detected character contours rather than complete foreground regions.

The Tiny U-Net neural baseline achieved the highest segmentation quality among all
evaluated methods, with loU = 0.959, DSC = 0.979, PA = 0.994, Precision = 0.979, and
Recall = 0.979. These results indicate that even a compact neural architecture can
effectively learn spatial text structures and distinguish text from degraded background
patterns. However, this improvement comes at the cost of higher inference time compared
with most classical algorithms.

The results also confirmed that Pixel Accuracy should not be used as the only
evaluation metric for text binarization. Due to the dominance of background pixels, Pixel
Accuracy can remain high even when the foreground text mask is incomplete or contains
many false positives. Therefore, foreground-oriented metrics such as loU, DSC, Precision,
and Recall provide a more reliable interpretation of segmentation quality.

Overall, the results show that different binarization methods are suitable for different
application scenarios, depending on the required accuracy, runtime constraints, and
available computational resources. Classical methods remain useful when simplicity,
interpretability, and low runtime are the main requirements. Adaptive thresholding provides
the strongest classical baseline, while Tiny U-Net offers the best segmentation quality when
training data and computational resources are available. Future research will focus on
extending this comparative evaluation framework to 3D point cloud segmentation and
classification, where irregular data structure, noise, varying point density, and complex
object geometry introduce additional methodological challenges.
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EBOJIIOLIA METOAIB CEFMEHTALIT 306PAXEHb: KNACUYHI
ANropnTMu TA rMUBUHHE HABYAHHSA

Bikmop BdoesuyeHko QO
JIbsiecbkuli HayioHanbHUl yHieepcumem iMeHi IeaHa ®paHka,
syn. [pazomarosa 50, 79005 flksis, YkpaiHa

AHOTALIA

BcTyn. BiHapusauis TekcToBux 306paxeHb € BaXMBUM eTanom nonepeaHboi 06pobku
B 3aJla4ax aHanisy JOKYMEHTIB, ONTUYHOro po3ni3HaBaHHSA CMMBOJIB Ta aBTOMaTN30BaHOIO
BUITyYeEHHs iHcpopmalii. 3aBaaHHs cTae ckrnagHWM, KOnu 306paXkeHHs! MIiCTATb PO3MUTTS,
LUYM, HU3bKY KOHTPACTHICTb abo aerpagauito oHy.

MaTtepianu Ta meToaun. Y UbOMY AOCNIMKEHHI MOPIBHIOTLCA KNACWUYHI Ta HENPOHHI
meToam BiHapu3auii gerpagoBaHuX TEKCTOBUX 300paxeHb. OuiHIOBaHHA NPOBOAMITIOCS Ha
napHomy Habopi gaHux gna 6GiHapusauii TEKCTy, SKMA MICTUTb AerpagoBaHi  BXigHi
306paeHHs Ta BignoBigHI YncTi GiHapHi LinboBi mackn. OuiHioBanbHI MeToan BKIOYanm
npocTe rnobansHe noporose 3HayeHHs, GiHapuaauito Ouy, aganTyBHE NMOPOroBe 3HAYEHHS,
knacTtepusauito K-cepefHix, MeTtoa HeuiTkoi knacudikauii C-cepegHix, Bogopo3ainbHa
cermeHTaLisi, HapoluyBaHHsA obnacTtewn, po3buTTs Ta 3nMTTa obnacTen, 4ETEKTOP rpaHnLb
KenHi, nannaciaH raycciaHa i mogenb U-Net. Metogu ouiHoBanuca 3a HacCTynMHUMMU
meTpukamu: koediuienTom Xakkapa (KXK), koediuieHtom nogibHocTti [Hanca (KMA),
TouHicTio nikcenis (TT1), BNyYHICTIO, MOBHOTOIO Ta YaCOM BUKOHAHHS.

Pe3ynbTatn Ta 06roBopeHHs. AganTvBHe MOPOroBe 3HaYeHHA NPOAEMOHCTPYBarno
HalKpally siKiCTb cepef, KnacudHux MeToais, aocsrHyswm KK = 0,785. Mpocte rmobansHe
noporoe 3HayeHHs Oyno HaiwBuAWWUM MeToAoM i3 4Yacom BuKOHaHwHA 0,0015
MC/306pakeHHs1, ane 3 Hk4Yo TouHicTio. MeTon K-cepeaHix, HeviTkunii metop C-cepefHix
GiHapusauis Ouy Ta HapollyBaHHS obnacte nNpoAEeMOHCTPYBanu BUCOKI 3HaYEHHS
noBHoTM noHag 0,97, NpoTe HWXKYi 3HAYEHHS BITyYHOCTI Mokasanu, Wo AerpagoBaHi OinsiHKA
POHY YacTo knacudikyBanucst sik nepefHii nnaH. MeToam Ha OCHOBI rpaHWLUb Nokasanmu
HWwkdi 3HaveHHA KK ta KIM[, ockinbkv BOHW MepeBaXHO BUSABMNANM KOHTYpW CMMBOSIB.
Mogenb U-Net gocsirna Hareuwoi 3aranbHoi sikocTi: KXK = 0,959.

BucHoBkW. Pe3ynbTatin [OCNiOKEHHs] NOKasykTb, WO pi3Hi meTtoau GiHapu3sauii €
OOUiNbHUMY NS Pi3HUX YMOB 3aCTOCYBaHHS, 3aMeXHO Bif BUMOT A0 TOYHOCTI, WBKAKoAil Ta
obumcnioBanbHUX pecypcis. KnacuyHi metoam sanviiaioTbest NnpyBabnvemMmMmn Ans cueHapiis
i3 HM3bKOK 3aTPMMKOM, TOAi K Nerki HeMpOHHI Moaeni 3abe3nevyloTe CYTTEBO BULLY
TOYHICTb CermMeHTauii 3a HasiBHOCTI OOCTaTHIX obuMcnoBanbHUX pecypciB. PesynbtaTtu
TaKOX MOKa3ylTb, WO TOYHICTb MiKCeniB MOTPiOHO iHTepnpeTyBaTn 06epexHO 4epes
OOMiHYBaHHSA (hOHOBUX MiKCENIB Yy 300paKeHHSX JOKYMEHTIB.

Knroyoei cnoea: GiHapusauisa TeKCTy, cermeHTauia 306paxeHb, MOPOroBe 3HaAYEHHs,
knactepmusauiqa, U-Net, nokasHMKM OUiHIOBaHHS.
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ABSTRACT

Background. In the context of significant contamination of Ukraine's territory with
explosive ordnance (EO) resulting from the Russian Federation's aggression and over 11
years of ongoing hostilities, coupled with limited resources for detection and demining, the
implementation of innovative technologies for identifying and recognizing such objects is
critical. Therefore, the application of artificial intelligence-based methods for the detection
and recognition of explosive devices is both relevant and essential.

Materials and Methods. This article explores the potential of Deep Neural Networks
(DNNs) and computer vision for automating EO detection. The study reviews the
theoretical foundations and practical applications of Convolutional Neural Networks
(CNNs) in object recognition tasks. The primary focus is on utilizing modern deep learning
methods to identify explosive devices, specifically technologies employing single-stage
(SSD - Single Shot MultiBox Detector, and YOLO — You Only Look Once) and two-stage
(R-CNN, Regions-based Convolutional Neural Networks) approaches for object detection
and identification. Key aspects of using single- and two-stage DNN architectures for visual
object recognition are investigated, comparing the strengths and weaknesses of both
approaches and examining ways to improve them to enhance detection efficiency.

Results and Discussion. Based on the conducted analysis, models were developed
using single-stage (SSD and YOLOvV8) and two-stage (Faster R-CNN) object identification
technologies. These models were trained on an original dataset created from internet-
sourced images, which included eight common types of EO found in combat zones and
de-occupied territories. Testing results of the trained models demonstrated the superiority
of the YOLOvV8 architecture for explosive device detection and recognition, which was
subsequently used to develop a web server for explosive ordnance recognition.

Conclusions. A project was developed to train EO recognition model architectures
based on two-stage and single-stage approaches. Using these models, a web server with
a REST API (Representational State Transfer Application Programming Interface) was
created for EO recognition in both static images and real-time video streams. The
proposed system can facilitate demining operations and reduce risks to civilian
populations.

Keywords: deep learning, visual recognition, explosive ordnance, SSD (Single Shot
MultiBox Detector), YOLOVS8, Faster R-CNN
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INTRODUCTION

In the context of modern military conflicts, the problem of detecting explosive devices
(EDs) has become particularly urgent. For Ukraine, which finds itself at the epicenter of
the largest armed confrontation in Europe in recent decades, the timely detection of such
objects is critical for both military units and the civilian population. Traditional search
methods, which rely on metal detectors and manual operator work, often fail to provide
the necessary speed, accuracy, and adaptability required on the modern battlefield.

According to the State Emergency Service of Ukraine, as of late 2024, up to 25% of
the country's territory is contaminated with explosive hazards [1]. The frontline and de-
occupied areas remain the most dangerous. In recent years alone, Ukrainian sappers
have detected and neutralized about 780,000 explosive items [2], yet approximately
144,000 km?2 of territory remains potentially hazardous. Preliminary estimates show that
complete clearance will require around 37 billion USD and the involvement of over 10,000
specialists, whereas only about 3,000 sappers currently operate in Ukraine [3]. The scale
of the problem is so vast that relying solely on traditional methods could mean that
complete clearance takes hundreds of years [4].

One of the most promising avenues for accelerating ED detection is the
implementation of computer vision technologies [5], where the vital task is the automatic
detection, classification, and localization of objects within images. The primary
performance metrics of such systems are recognition accuracy and data processing
throughput. According to research [6], the evolution of object detection methods can be
broadly divided into two periods: the traditional methods era (before 2014) and the deep
learning-based systems era (after 2014) (Fig. 1). The rapid advancement of deep
learning methods [7] has driven a qualitative breakthrough in the field, transitioning object
detection technologies from a primarily research-oriented domain into widespread
practical application [8].

. . . | +Keypoint Based Detection 4 p4+0 £ petect
Object Detection Milestones sMuteoutonDetection  comerier | /L
| +Hard-negative Mining N / CenterNet
(L. Hei et al-18)
/ 55D (W. Liu Retina-Net 7 /  (X.Zhou et al-19)
/
oem + Bounding Box Regression et al-16) (T. Y. Linetal17) / /
/ Reference-free Detection
HOG Det. (P. Felzenszwalb et al-08, 10) YOLO (I. Redmon / / / / /  +Aeference-iree Detection
N. Dalal et al-05) etob26.17) / / /o / DETR (N.Carion  One-stage
VJ Det. / / / / / / / etal20) detector
) ¥ / / | +AlexNet
(P. Viola et al-01) -, [ roede 2014 2015 2016 2017 2018 2019 2020 2021 2022
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2014 2015 2016 2017 2018 2019 2020 2021 2022
Traditional Detection - Renv N\ .
/ (R. Girshick et al-14) \ O\ FPN (T. . Lin et al-17) Two-stage
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/ #+ Multi-reference Detection (Anchors Boxes

Fig. 1. Object detection "roadmap"” [6]

Unlike classical computer vision approaches that require manual feature
engineering, deep neural networks can automatically extract informative features directly
from raw images. Convolutional neural networks (CNNs) [9, 10] play a pivotal role in this
process, demonstrating high efficiency in visual recognition tasks. Their capacity to
construct multi-level data representations and identify complex patterns makes these
models a promising foundation for automated explosive device detection systems.

The integration of deep learning technologies has led to the formation of two main
approaches to object detection: two-stage and one-stage frameworks. Two-stage
methods implement a "coarse-to-fine" principle, first generating region proposals and
subsequently refining the classification and localization results. One-stage methods
execute these operations within a single unified process, offering significantly higher
processing speeds and unlocking the potential for real-time applications.
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MATERIALS AND METHODS

Two-Stage CNN-Based Recognition Systems

The emergence of two-stage object detection systems was a direct response to the
limitations of traditional computer vision methods and early convolutional neural network
architectures. Throughout the 2000s and 2010s, CNNs were primarily used for image
classification—determining whether an object of a certain class was present without
establishing its precise location or quantity. In contrast, the task of object detection
requires the simultaneous execution of two interconnected functions: object localization
using bounding boxes and its subsequent classification.

A significant challenge was also the handling of objects varying in scale and shape.
Traditional approaches often relied on multi-scale analysis or image pyramids, which
drastically increased computational costs. The sliding window method [11, 12], where a
classifier was repeatedly applied to a vast number of image patches, was particularly
resource-intensive. Consequently, these systems could not provide sufficient processing
speed for practical use, especially in real-time environments. Additional drawbacks
included a heavy reliance on manual feature engineering, insufficient robustness to
changing observation conditions, and low efficiency in detecting small or partially
occluded objects.

To overcome these constraints, a two-stage approach was proposed, dividing the
detection process into two sequential phases. In the first stage, region proposals are
generated—potential areas of the image that are likely to contain objects. Fast algorithms,
such as Selective Search [13], are utilized here to significantly reduce the number of
candidate regions requiring further analysis.

In the second stage, the selected regions are processed by a convolutional neural
network, which performs object classification and refines the coordinates of their
bounding boxes. By decoupling the localization and recognition tasks, two-stage
architectures delivered a substantial leap in detection accuracy and established a
foundation for the further evolution of modern computer vision systems.

R-CNN

The development of two-stage object detectors based on convolutional neural
networks began with the introduction of the R-CNN (Regions with Convolutional Neural
Networks) architecture, proposed by R. Girshick et al. in 2013 [14]. Prior to this, most
object detection systems relied on manual feature engineering and the sliding-window
method, which required significant computational resources and provided limited
accuracy.

The key idea behind R-CNN was to combine region proposal algorithms with the
automated feature extraction capabilities of CNNs. The model's workflow consisted of
three main stages. First, using the Selective Search algorithm [13], approximately 2,000
candidate regions that could potentially contain objects were generated. Next, each
region was scaled to a fixed size, which was required for input into the pre-trained
network. In the final stage, the CNN extracted a feature vector, which was then used to
determine the presence of an object, classify it, and refine its bounding box coordinates
using a regression model.

The introduction of R-CNN delivered a substantial increase in detection accuracy
compared to previous approaches and marked a major step forward in the evolution of
modern computer vision. At the same time, the architecture suffered from several
drawbacks. The most significant of these was the necessity to process each region’s
proposal individually. Since a large portion of the candidate regions overlapped, identical
features were repeatedly recomputed, which drastically reduced the system's processing
speed. Furthermore, the use of fully connected layers required a fixed input size,
complicating the handling of regions with different scales and aspect ratios.
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To overcome these limitations, the SPPNet (Spatial Pyramid Pooling Network)
architecture was proposed [15]. Its primary advantage was that feature maps were
computed for the entire image only once and were subsequently shared across all
candidate regions. The key element of this model was the Spatial Pyramid Pooling (SPP)
layer, which ensured the generation of fixed-size features regardless of the input region's
dimensions. This eliminated the need to scale each proposal and significantly reduced
processing time compared to R-CNN.

Fast R-CNN and Faster R-CNN

The evolution of two-stage detectors advanced significantly with the introduction of
Fast R-CNN [16] (2015) and Faster R-CNN [17] (2015), which brought substantial
improvements in both speed and accuracy.

e Fast R-CNN unified the training of all components (feature extraction,

classification, and bounding box regression) into a single network. It utilized Rol
Pooling (Region of Interest Pooling), a simplified version of SPP, to extract
features from object proposals on a feature map generated from the entire image
and represent them as a single fixed-length vector.

According to [16], the Rol Pooling mechanism operates by first locating the region on
the feature map generated by the backbone CNN that corresponds to each region
proposal (Rol). This region, regardless of its arbitrary size, is then divided into a fixed grid
(e.g., 7x7 cells). Next, a pooling operation (typically max pooling) is performed on each
cell to select the maximum feature value within it. The result of this process is a fixed-size
feature vector for each Rol, which can then be fed into fully connected layers for
subsequent classification and regression. This approach significantly accelerated both
training and inference compared to R-CNN.

e Faster R-CNN marked the next breakthrough by integrating object proposal

generation directly into the network using the Region Proposal Network (RPN).
The RPN is a fully convolutional network that operates on top of the feature map
generated by a backbone convolutional network (such as VGG or ResNet).

One of the key advantages of the RPN is its feature-sharing mechanism, where the
features generated by the convolutional layers are simultaneously used by both the RPN
and the detection network (Fast R-CNN). This eliminates the need for redundant
computations, drastically boosting computational efficiency.

Another critical component is the anchor mechanism, which involves placing a set of
predefined bounding boxes (anchor boxes) of various scales and aspect ratios at each
spatial position of the feature map. For each anchor, the network performs two tasks: it
estimates an objectness score (the probability that an object is present) and performs
bounding box regression offsets to refine the position of the bounding box.

Due to its fully convolutional architecture, the RPN can efficiently process images of
arbitrary sizes, generating high-quality region proposals based on local features.
Furthermore, the capacity for joint training with the Fast R-CNN detector within an end-to-
end optimization framework allows for a coordinated improvement in the performance of
both system components.

Combined, these characteristics ensure high throughput and efficiency for the RPN,
substantially cutting down the time required to generate region proposals and enabling
the real-time application of two-stage object detectors. The integration of the RPN into
Faster R-CNN resolved the primary bottleneck that hindered the speed and efficiency of
previous methods—namely, computationally expensive region proposal generation—and
transformed Faster R-CNN into a completely end-to-end system, resulting in
unprecedented acceleration and accuracy enhancements.

Feature Pyramid Networks
A significant improvement for two-stage detectors, especially in detecting objects of
varying scales, was the introduction of Feature Pyramid Networks (FPN, 2017) [18].
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Traditional CNNs extract features from the upper layers, which possess rich semantics
but low spatial resolution, making the detection of small objects difficult. FPN addresses
this by constructing a multi-level feature pyramid where each layer combines semantically
strong features from the upper layers with spatially precise features from the lower layers.
This is achieved through:

e Bottom-up pathway: A standard CNN generates a hierarchy of feature maps
where, with each subsequent layer, spatial resolution decreases while semantic
information becomes more abstract.

e Top-down pathway: Using upsampling operations, features from higher levels are
enlarged and merged with the corresponding feature maps from lower levels.

e Lateral connections: These connections transfer information between layers of
the same scale, enhancing the overall informativeness of the features.

Thanks to FPN, detectors like Faster R-CNN can efficiently identify objects of any
size. An extension of this architecture for instance segmentation tasks is Mask R-CNN
[19]. By adding a parallel branch for predicting an object mask alongside the standard
bounding box branch, it simultaneously localizes the object and generates its high-quality
pixel-level mask.

Single-Stage CNN-Based Recognition Systems

Single-stage detectors based on convolutional neural networks have become a
powerful alternative to two-stage systems and are currently one of the key directions in
computer vision. This approach to visual object detection is characterized by the ability to
perform object detection in a single pass of the network, unlike two-stage architectures
that first generate region proposals and then classify them. This approach provides a
significant increase in recognition speed, which is critical for real-time applications.

The idea of single-stage detection arose from the need to overcome the
computational overhead of two-stage systems. The first breakthrough in this direction was
the YOLO (You Only Look Once) model, introduced by Joseph Redmon and colleagues
in 2016 [20]. YOLO redefined the object detection task as a regression problem, where a
single CNN directly predicts bounding boxes and corresponding class probabilities for all
objects in an image by dividing the input image into a grid. This allowed for
unprecedented inference speeds, albeit with some loss of accuracy compared to the two-
stage models of that time, particularly for small and closely packed objects.

YOLO: Architectures and Applications

YOLO (You Only Look Once) is an object detection approach that fundamentally
differs from two-stage methods by formulating detection as a single regression problem
[20]. This allows the entire detection pipeline to be performed in a single forward pass of
a neural network, ensuring high image processing speed.

The main idea of YOLO is to divide the input image into an SxS grid (e.g., 7x7),
where each grid cell is responsible for detecting objects whose centers fall within it. For
each cell, the model predicts B bounding boxes (typically 2), each described by
coordinates (x, y), dimensions (w, h), and a confidence score indicating both the
probability of an object being present and the accuracy of localization. In addition, each
cell estimates conditional class probabilities for C classes. As a result, the output tensor
has a size of SxSx(Bx5+C). For example, with S=7, B=2, and C=20, the output becomes
7x7%30.

The YOLOv1 architecture consists of 24 convolutional layers followed by 2 fully
connected layers, enabling effective feature extraction from images. Despite its high
speed, early versions had certain limitations: each grid cell could predict only one object,
which made it difficult to detect multiple small objects within the same region. Moreover,
the use of a single-scale representation and the absence of anchor boxes reduced
accuracy for small objects and objects with unusual aspect ratios.
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Further development of YOLO significantly improved its performance. YOLOv2
(YOLO9000) [21] introduced anchor boxes, K-means clustering for their selection, batch
normalization, and a stronger backbone network, Darknet-19. YOLOv3 [22] added multi-
scale predictions and the Darknet-53 architecture with residual connections, improving
detection accuracy, especially for small objects.

Subsequent versions focused on balancing speed and accuracy: YOLOv4 [23]
integrated modern optimization techniques (CSPDarknet53, PANet, SPP, Mosaic
augmentation, CloU loss); YOLOv5 [24] gained popularity due to its PyTorch
implementation and ease of deployment; YOLOv7 [25] introduced E-ELAN and improved
scaling strategies; YOLOvV8 [26] shifted to an anchor-free approach and supports multi-
task learning (detection, segmentation, classification); and YOLOv9 [27] focuses on
efficiency improvements through Programmable Gradient Information (PGI) and the
GELAN architecture, achieving higher accuracy with reduced computational cost.

SSD and Other Single-Stage Recognition Architectures

Almost simultaneously with YOLO, the SSD (Single Shot MultiBox Detector)
architecture was proposed in 2016 [28], further advancing the one-stage detection
approach. SSD utilizes multi-scale predictions by adding auxiliary convolutional layers to
the backbone network (e.g., VGG-16 or ResNet). This enables object detection at various
scales by leveraging feature maps from different levels of the network. The application of
default (anchor) boxes with diverse aspect ratios at each feature level substantially
enhanced accuracy, particularly for small objects, while maintaining high processing
speeds.

Subsequent development of one-stage detectors focused on improving accuracy
and training stability without causing a significant drop in performance. RetinaNet [29]
(2017) addressed the extreme imbalance between background and foreground (object)
examples by introducing Focal Loss, which down-weights the loss assigned to well-
classified examples. This allowed the model to achieve accuracy comparable to two-
stage systems while maintaining high inference speeds.

EfficientDet [30] (2019) focused on efficiency and scalability, introducing the BiFPN
(Bi-directional Feature Pyramid Network) for enhanced multi-scale feature fusion,
alongside a compound scaling method to uniformly scale the network's depth, width, and
input resolution.

FCOS (Fully Convolutional One-Stage Object Detector) [31], also introduced in
2019, moved away from anchor boxes entirely. Instead, it directly predicts the distance
from a given pixel to the boundaries of an object, which simplifies the architecture and
increases model flexibility.

In conclusion, despite certain limitations in specific scenarios, one-stage detectors
have achieved high accuracy and have become a versatile tool for fast and efficient
object detection.

Comparison of Key Characteristics of Two-Stage and Single-Stage Recognition

Systems

Modern object recognition systems based on Convolutional Neural Networks (CNNs)
have achieved significant progress in solving computer vision tasks. They are generally
divided into two main categories: two-stage and one-stage detectors, which differ in
architecture, speed, and accuracy.

Two-stage models, such as R-CNN, Fast R-CNN, and Faster R-CNN, first generate
region proposals where objects are likely to be located and then perform classification
and bounding box refinement. This approach provides high localization accuracy but is
computationally more complex and slower.

One-stage detectors, such as YOLO (You Only Look Once), SSD (Single Shot
MultiBox Detector), and RetinaNet, perform detection in a single forward pass without a

118 Electronics and Information Technologies ¢ 2026 ¢ Issue 34



Deep Learning Architectures for Visual Recognition...

separate proposal generation stage. They directly predict object coordinates and class
labels, enabling significantly higher speed and making them suitable for real-time
applications, although sometimes at a slight cost in accuracy compared to the best two-
stage models.

At the same time, a convergence of the two paradigms can be observed. Modern
one-stage models (YOLOv7, YOLOv8, RetinaNet with Focal Loss) have significantly
improved accuracy, while two-stage systems continue to be optimized for speed.
Techniques such as Feature Pyramid Networks (FPN), anchor boxes, improved loss
functions, and advanced backbone networks are widely used in both approaches,
allowing models to be adapted to specific task requirements.

Based on the conducted analysis, YOLOv8, SSD, and Faster R-CNN were selected
for studying the recognition of explosive devices from images and video streams. These
models were fine-tuned using a specially prepared dataset. The most effective system will
be used for further evaluation of automated explosive device detection capabilities.

IMPLEMENTATION

The practical component of the project involves three sequential stages aimed at

developing an explosive device recognition system.

e Stage I: Curation of the Labeled Image Dataset. This stage encompasses
gathering images of the eight primary types of explosive devices, annotating them
to generate baseline ground-truth data, and subsequently exporting and structuring
the dataset into formats compatible with the selected model architectures.

e Stage ll: Training of the Detection Models. This phase focuses on training the
YOLOVS, Faster R-CNN, and SSD models. It involves environment configuration,
loading pre-trained weights, and fine-tuning them for the specific task of explosive
device detection. The models are then trained on the compiled dataset to
optimize detection accuracy, followed by validation and testing on independent
data to evaluate precision and inference speed.

e Stage Ill: Comparative Performance Analysis. The final stage entails a
comprehensive evaluation of the model benchmarks to select the most effective
architecture for the deployment of the recognition system.

Dataset Development for Training Explosive Object Detection Models
For the effective development of visual object detection systems using deep neural
networks (DNNSs), the availability of a representative and high-quality annotated training
dataset is paramount [32, 33, 34]. Data quality has a critical impact on deep learning
outcomes; low-quality data leads to degraded model performance even when using
optimal network architectures and advanced training algorithms.
A high-quality dataset provides several vital advantages:

e Accuracy and Strong Generalization Capability: It allows the network to learn true
underlying patterns in the data, ensuring high accuracy on new, unseen samples.
Conversely, noisy or incorrectly annotated data forces the network to learn false
correlations or random noise, leading to overfitting.

¢ Robustness to Noise and Anomalies: Incorporating diverse conditions (varying
lighting, aspect angles, and partial occlusions) makes the model robust against
real-world environmental interference.

e Speed and Stability of Convergence: It minimizes the risk of oscillations or a
complete failure to converge during training.

e Mitigation of Bias: It prevents systematic errors from reflecting in predictions,
which is critical for safety-critical and security applications.

e Optimization of Computational Costs: It reduces the training time required to
reach target performance metrics.
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However, standardized, publicly accessible image datasets of explosive devices
(EDs) are non-existent due to several factors:

¢ Information Sensitivity: Data regarding EDs is highly critical to national security,
meaning most collected repositories remain strictly confidential.

e Complexity and Danger of Data Collection: Documenting EDs in field
environments is hazardous, expensive, and requires specialized permits and
explosive ordnance disposal (EOD) expertise.

e Object Diversity and Specificity: Significant variations in device type, physical
condition, viewing angles, and background clutter demand vast amounts of data
to achieve proper generalization.

This forces developers to adopt custom approaches: scraping open-source data
(frequently limited by low quality), generating synthetic data via 3D modeling (resource-
intensive), or utilizing proprietary corporate datasets. Consequently, custom curation and
meticulous annotation of a training dataset is the only viable path to successfully
engineering effective DNN-based ED detection systems. This ensures that the training
data remains directly relevant to the specific characteristics of the target objects.

Since no ready-made datasets exist for detecting Soviet- and Russian-designed
explosive devices, creating a proprietary dataset became necessary. Eight of the most
prevalent ED types frequently encountered in combat zones and de-occupied territories
of Ukraine were selected:

PFM-1 ("Lepestok" / "Petal") — an anti-personnel blast mine;

PMN-2 ("Black Widow") — an anti-personnel blast mine;

F-1 ("Limonka" / "Lemon") — a defensive hand fragmentation grenade;

RGD-5 — an offensive hand fragmentation grenade;

RKG-3 — a hand anti-tank grenade;

TM-62 — a heavy high-explosive anti-tank blast mine;

OZM-72 ("Vidhma" / "Witch" or "Bounding Mine") — a bounding fragmentation
anti-personnel mine;

8. MON-50 — a directional fragmentation anti-personnel mine.

Images were collected from open sources using search engines. For each device
type, 100 unique samples were downloaded. In total, 800 images were selected for
primary training and 200 for hyperparameter experimentation. During collection, care was
taken to approximate a normal distribution of image quality: roughly two-thirds consisted
of clear photos of objects under various natural conditions to facilitate stable model
convergence, while the remaining third comprised low-quality samples with unusual
angles, partial occlusions, or sensor noise (an example for the PFM-1 is shown in Fig. 2).
This distribution ensures the system's resilience to real-world visual interference. All
gathered images were standardized to the JPEG format, and file naming conventions
were restricted to alphanumeric characters, excluding Cyrillic letters and special symbols.

Annotation and data structuring were carried out using the online service CVAT.io
(Computer Vision Annotation Tool) [35] — a widely recognized tool for image and video
labeling (Fig. 3).

A total of 992 images were manually annotated in CVAT. The workflow included
creating a project, defining 8 target class labels, uploading the imagery, tight labeling of
each ED with bounding boxes while assigning its respective class, and exporting the
annotated data in YOLO and COCO formats.

The data structures of these formats differ substantially in how they encode
annotations and bind them to image files:

e COCO Format: Labels for all data splits (train, valid, test) are consolidated into a
single _annotations.coco.json file. This file contains complete metadata
regarding the classes; bounding box coordinates, and references to the
corresponding image files.
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e YOLO Format: Each directory split (train, valid, test) contains two mirrored
subdirectories: images and Labels. Each image file maps to a text file with an
identical name containing the class indices and normalized bounding box
coordinates bounded in the range [0, 1]. Overall metadata, including class names
and relative directory paths, is defined in a separate data. ymL configuration file.

The annotated images were split into two primary datasets:

e explosives dataset (approximately 800 images) — used for baseline model
training.

e explosives_small_dataset (approximately 200 images) — used for rapid
hyperparameter optimization, as the smaller data volume allows for faster
convergence and accelerated iterative testing.

Each dataset was partitioned into three subsets following an 80% / 10% / 10% ratio:

e Training (train) — 80%: Fed directly into the network to optimize and update the
model weights.

¢ Validation (valid) — 10%: Utilized to monitor performance during training, calculate
intermediate evaluation metrics, and guard against overfitting.

e Testing (test) — 10%: Maintained strictly for final benchmarking to evaluate the
detector's true performance and generalization capabilities on completely unseen
data.

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 121



Volodymyr Hrabovskyi & Oleksii Hryhorashyk

Software Implementation of the Explosive Device Detection System

Structure of the Model Training Project
A software suite was developed for training and evaluating the performance of deep
learning models — specifically YOLOv8, SSD+VGG, and Faster R-CNN-to solve the task
of explosive device detection in images.
The project architecture includes the following directories:

explosives_dataset — a directory containing the labeled set of images classified
into eight types of explosive devices, divided into training, validation, and test
subsets.

explosives_small_dataset — a reduced version of the main dataset including 200
images; used to verify model convergence and investigate the impact of
hyperparameters on the training process.

trained_models — a directory containing pre-optimized models adapted for the
explosive device recognition task, which includes:

— exp_yolo.pt — an optimized model based on YOLOVS;

— exp_ssd.pth - a configuration file for the optimized
ssdlite320_mobilenet_v3_large model from the torchvision library;
— exp_faster rcnn.pth — a configuration file for the optimized

fasterrcnn_resnet56_fpn_v2 model from torchvision.

YOLO - a module for training, validation, and practical application of the

YOLOv8-based model:

— yolo_model.ipynb — a Jupyter Notebook for model training and validation;

— runs — a folder containing training and validation results;

— yolo_test.py — a script for analyzing static images;

— webcam_detection.py — a real-time module for processing video from a
webcam.

R-CNN and SSD - a set of components for training and testing Faster R-CNN

and SSD models from the torchvision library:

— RCNN_notebook and SSD_notebook — interactive Jupyter Notebooks for
testing the respective models;

— pytorch_detection_tools.py — methods for object detection using these
models in PyTorch;

— training_tools.py - tools for training, optimization, and saving models;

— faster_rcnn_train.py, ssd_train.py — scripts for training models on a
custom dataset.

Model Training Based on YOLOv8
The script for training and validating the model is contained within the
yolo_model. ipynb file.
First, we create a model object pre-trained on the COCO dataset:

model = YOLO("yolov8n.pt").

Alternatively, we load the weights of a saved model that has already been trained on
our custom dataset:

model path = "../trained_models/exp_yolo.pt"
model = YOLO(model path) # using pre-trained model

Next, we specify the path to the data.yaml configuration file from our dataset:

dataset_config = "../explosives_dataset/yolov8/data.yaml"

We conduct the model training for 10 epochs, specifying the requirement for input
image augmentation:
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results = model.train(data=dataset_config, epochs=10, augment=True)
Finally, we export the model:
model.export()

After loading the trained model and specifying the path to the validation dataset:

model_name = "exp_yolo"
model = YOLO(f"../trained_models/{model_name}.pt")
dataset_config = "../explosives_dataset/yolov8/data.yaml”

We perform validation, specifying the relevant metrics:

metrics = model.val(data=dataset_config)

metrics.box.map # mAP50-95

metrics.box.map50 # mAP50

metrics.box.map75 # mAP75

metrics.box.maps # a list containing mAP50-95 of each category

In addition to the aforementioned mAP50 and mAP50-95, the following metrics are
used to evaluate model accuracy: precision (the ratio of correctly identified objects to all
identified objects), recall (the ratio of correctly identified objects to all objects that should
have been identified), and F1-score (reflecting the balance between precision and recall;
used to find the optimal IoU (Intersection over Union) confidence threshold at which the
minimum number of Type | and Type Il errors is achieved) [37].

The recognition results for all eight types of explosive objects in the validation set are
shown in Table 1.

Table 1. Recognition results of the YOLOv8-based model on the validation set
objects

Class Images Instances P R mAP50  mAP50-95

all 730 938 0.969 0.956 0.984 0.889
PFM 1 730 191 0.948 0.921 0.978 0.819
PMN 2 730 106 1 0.962 0.994 0.922

F1 730 127 0.956 0.976 0.990 0.867
RGD 5 730 115 0.949 0.974 0.992 0.930
RKG 3 730 44 0.995 0.886 0.947 0.835
T™ 62 730 125 0.978 0.968 0.992 0.934
OZM 72 730 127 0.934 0.969 0.987 0.880
MON 50 730 103 0.993 0.990 0.995 0.927

The obtained results demonstrate that the trained YOLOv8 model achieves a mean
average precision mAP50 of 0.984. However, the mAP50-95 metric appears more
realistic, indicating that in our case, the detected object matches the identified class with
an average accuracy of 89%.

A recall (R) value of 0.956 reflects that 95.6% of all objects in the validation dataset
were correctly recognized, while a precision (P) of 0.969 indicates that nearly 97% of all
recognized objects actually corresponded to the identified class.

Model Training Based on Faster R-CNN
To create the recognition model, the fasterrcnn_resnet56_fpn_v2 architecture
with pre-trained convolutional layer weights was utilized. The modification of the model
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involved replacing the existing logistic regressor layers with new ones that provide a
number of model outputs corresponding to the number of explosive device types + 1.

A training script, fast_rcnn_train.py, was developed, which handles loading the
saved model from a configuration file along with optimizer parameters, training epochs, and
current error rates, and executes the model training for a specified number of epochs.

To load our dataset, we use a DataLoader for the MS COCO format:

train_data_dir = "../explosives_dataset/coco/train"
my_dataset = get_custom_dataset(train_data_dir)
print('Number of samples: ', len(my_dataset))

# Dataloader instance

data_loader = DatalLoader(my_dataset,
batch_size=2,
shuffle=True,
collate fn=collate_fn)

We load the fasterrcnn_resnet50_fpn _v2 model with pre-trained convolutional
weights:

model = fasterrcnn_resnet50_fpn_v2(pretrained=True)

The model modification involved replacing the existing logistic regressor layers at its
head with new ones that define the number of model outputs to match the number of
detected explosive device types + 1:

num_classes = 9 # 8 types of explosive devices + 1 background class

# Update the classifier head

in_features = model.roi_heads.box_predictor.cls_score.in_features
model.roi_heads.box_predictor = torchvision.models.detection.faster_rcnn.
FastRCNNPredictor(in_features, num_classes)

The training process can be executed either on a GPU using CUDA or on a CPU:

device = torch.device('cuda') if torch.cuda.is_available() else
torch.device('cpu')
model.to(device)

SGD (Stochastic Gradient Descent) is used as the optimizer, and StepLR is
employed as the learning rate scheduler:

params = [p for p in model.parameters() if p.requires_grad]
optimizer = optim.SGD(params, 1lr=0.001, momentum=0.7, weight_decay=0.004)
1r_scheduler = StepLR(optimizer, step_size=3, gamma=0.1)

The model was trained incrementally, with the learning rate decreasing every three
scheduler steps:

for images, targets in data_loader:
images = list(image.to(device) for image in images)
targets = [{k: v.to(device) for k, v in t.items()} for t in targets]

optimizer.zero_grad()
losses = model(images, targets)
loss = sum(loss for loss in losses.values())

loss.backward()
optimizer.step()

if not i % 2:
print(f"Epoch: {epoch}, Iteration: {i}, Loss: {loss.item()}")
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i+=1
1r_scheduler.step()
epoch += 1
save_model (model, model_state_path, optimizer, epoch, loss)

Additionally, the configuration allows for the use of the Adam optimizer and the
ReducelLROnPlateau scheduler:

optimizer = optim.Adam(params, 1r=0.001)
1lr_scheduler = ReducelLROnPlateau(optimizer, mode='min', patience=2,
factor=0.1)

SSD Model Training
The model training is implemented in the ssd_train. py script. The model is built upon
the ssd300_vgg16 architecture, utilizing VGG 16 as the backbone convolutional network:

def create_ssd_model(num_classes=8, size=640):
# Load the Torchvision pretrained model.
model = ssd.ssd300_vggl6()

# Retrieve the list of input channels.
in_channels = _utils.retrieve_out_channels(model.backbone, (size, size))

# List containing number of anchors based on aspect ratios.
num_anchors = model.anchor_generator.num_anchors_per_location()

The modification of this architecture involved replacing the final classification layers
as well as the additional SSD convolutional layers directly connected to the logistic
regressor:

# The classification head.

model.head.classification_head = ssd.SSDClassificationHead(
in_channels=in_channels,
num_anchors=num_anchors,
num_classes=num_classes,

)

# Image size for transforms.
model.transform.min_size = (size,)
model.transform.max_size = size

return model

Adam was used as the optimizer, and ReduceLROnPlateau was employed as the
learning rate scheduler:

optimizer = optim.Adam(params, 1lr=0.001)
1lr_scheduler = ReducelLROnPlateau(optimizer, mode='min', patience=2,
factor=0.1, verbose=True)

Analysis of the Obtained Recognition Results on Validation and Test Sets

Three different types of object detection models were trained on the custom-made
explosive device dataset. To evaluate the accuracy of the models, the following metrics
were used: mAP50, mAP50-95, precision, and recall [36]. The absolute values of these
metrics are a function of the loU (Intersection over Union) confidence threshold.
Therefore, it is necessary to find a threshold value that achieves a satisfactory balance
between the precision and recall metrics.

In the case of the YOLOv8-based model, after only 10 training epochs, the values of
the corresponding metrics were: precision = 0.950 and recall = 0.951. The F1-curve
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demonstrates that the maximum F1-score is reached at a confidence threshold of 0.765
(Fig. 4). The obtained values for the accuracy metrics mAP50 and mAP50-95 for the
validation and test sets of our dataset are as follows:

¢ Validation set: mAP50 — 0.984 and mAP50-95 — 0.889.

o Test set: mMAP50 — 0.943 and mAP50-95 — 0.795.

1.0

—— PMF1
PMN 2
m—" |F1
—— RGD 5
—— RKG 3
— TM 62
0OzZM 72
—— MON 50
= 3|l classes 0.96 at 0.765

0.8 |
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0.4

0.2 1

0.0 T T T T |
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Fig. 4. F1-confidence curve for the YOLOv8 model.

The higher metric values for the validation set in the YOLOv8 model can be
explained by the fact that the test set contained more images with interference (noise).
Therefore, the test set results are clearly more representative for evaluating the real-world
recognition performance of the specified explosive devices by this model.

At the same time, the SSD and Faster R-CNN models showed significantly worse
convergence than the YOLOv8-type model. Adjusting the training hyperparameters
(switching the optimizer from SGD to Adam and the scheduler from StepLR to
ReducelLROnPlateau, which should have provided a more adaptive reduction in the
learning rate) did not allow for accuracy comparable to the YOLO model. Specifically, the
Faster R-CNN-based model, after a total of approximately 20 training epochs and various
manipulations with training parameters and optimizers, was able to reach an mAP50 of
0.724 and an mAP50-95 of 0.421. The SSD-based model encountered similar issues as
Faster R-CNN, achieving an mAP50 of 0.630 and an mAP50-95 of 0.261. It was
established that under the given conditions, after the third epoch, the SSD and Faster R-
CNN models became "stuck" in a local minimum plateau and, regardless of the optimizer
parameters or even its type, failed to achieve sufficient accuracy.

Although all three models were trained on the same dataset, it appears that the error
function landscape (loss landscape) for them turned out to be different. While the YOLO
architecture managed to reach a satisfactory minimum error providing approximately 95%
accuracy, the models of the other two architectures failed to achieve a satisfactory result.

These results were somewhat unexpected. According to the data presented in [37],
these three models achieve nearly comparable accuracy levels on popular general-
purpose datasets, such as COCO and Pascal VOC. However, in our case, when using a
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custom-made dataset, the training results for the Faster R-CNN and SSD models failed to
achieve satisfactory accuracy that would allow for their integration into an explosive
device recognition server. Based on our findings and considering the conclusions of [37],
it can be assumed that the training performance of the models depends not only on their
architecture but is also significantly influenced by the structure, quality, and specific
characteristics of the training dataset, which, in turn, are also determined by the
application domain.

Web Server Development for Trained Models

The web server was developed using the Flask framework for Python, a powerful
tool for building web applications and APIs. The server's endpoints are Image Detection
(/image-detection) for recognition in static images and Video Feed (/video-feed) for
real-time video stream recognition.

Based on the obtained results, the trained YOLOv8 model was selected for the
explosive device recognition functionality within the web server. The use of this model for
recognition, especially for real-time applications, is recommended by [37].

Experimental deployment of the server was performed on an Apple M4 Max (36 GB
RAM) hardware platform with an integrated graphics system lacking CUDA architecture
support. Under these conditions, the developed web server delivers an average
processing speed of over 30 FPS. Utilizing hardware with CUDA technology support,
however, will significantly optimize computational resources and enable system load
scaling.

The project consists of:

e three saved model configuration files;

e detection.py — containing the detector descriptions and logic;

e server.py — defining the endpoints and rendering the user interface and API

documentation;

e swagger.py — containing the documentation for the endpoints;

e image.html and video.html — defining the user interface pages, along with

style.css for the stylesheet.

The "/image-detection" endpoint accepts an image, detects explosive devices within
it, overlays bounding boxes and class names, and returns the processed image to the
client (Fig. 5).

Upload an Image to Detect Explosives
Select Image:

Betpam 9] 0_6 oo

Output Image:

¥/ SPUTNIK

Fig. 5. View of the explosive device recognition window for images.
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The "/video-feed" endpoint receives a video stream, detects explosive devices in its
frames, overlays bounding boxes and class names, and returns the processed video
frames to the client in real-time (Fig. 6).

Real Time Detection Application

"

L

Fig. 6. Real-time recognition result from a video stream.

CONCLUSIONS

This study confirms the effectiveness of applying deep neural networks (DNNs) to
the practical task of automated explosive device detection in both static images and video
streams. The developed web server with a REST API ensures the integration of trained
deep learning models into application systems, enabling the detection of hazardous
objects in uploaded images as well as in real-time mode.

In the course of this work, a theoretical analysis of modern image processing
methods and deep neural network architectures was conducted, specifically focusing on
single-stage and two-stage approaches (YOLOv8, SSD, Faster R-CNN). To train the
models, a proprietary dataset was formed containing images of the eight most common
types of explosive devices found in Ukraine. The created dataset facilitated proper
training and enabled a comparative analysis of the selected architectures.

Experimental results demonstrated that:

¢ The YOLOv8 model exhibited the highest performance metrics (mAP50 = 0.984
on validation data and 0.943 on test data; maximum F1-score reached at a
threshold of 0.765), indicating its suitability for the stated task.

e The Faster R-CNN and SSD models proved to be less effective when trained on
our custom dataset (MAP50-95 = 0.421 and 0.261, respectively). This could be
attributed to architectural limitations, specific characteristics of the created
dataset, and the insufficient robustness of these models to data variability.

Based on the most productive model under our conditions (YOLOvVS8), a software
suite was implemented capable of providing efficient and rapid explosive device detection
across various use cases. The interface, built in accordance with the OpenAPI standard,
offers users flexible options for system integration and practical application.

The results obtained confirm the high potential of deep neural networks for
enhancing security levels and demonstrate the feasibility of developing robust practical
solutions based on modern deep learning methods. Future research should focus on
expanding the dataset, optimizing models for operation on resource-constrained devices,
and integrating the system with other security monitoring technologies.
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APXITEKTYPU NMWBOKOIo HABYAHHSA AN BISYAJIbHOIO
PO3MISHABAHHA BUBPAHUX TUMNIB BUBYXOHEBE3NEYHUX
NMPEAMETIB: NOPIBHANBbHUA AHATI3 TA CACTEMHI BMPOBADKEHHS.

Bonodumup Mpaboecbkkuli*, Onekcili Fpuzopawuk
Kagedpa onmoenekmpoHiku ma iHghopMauiliiHux mexHornoaid,
JibeiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,

8yn. ['eH. TapHaecbkoeo 107, Jlbsis, 79017, YkpaiHa

AHOTALIA

BeTyn. Y KOHTEKCTI 3Ha4yHOro 3abpyaHeHHsa TepuTopii YkpaiHu BnbyxoHebeaneyHumm
npuctpoamu (BHIM), wo cranocsa BHacnigok arpecii Pocincekoi ®epepadii Ta noHag 11
pokiB GoMoBUX i, @ TakoX OOMEXEeHWX pecypcCiB Ans BUSBIEHHA Ta PO3MiHYyBaHHS,
BNPOBAMKEHHS iHHOBALiMHMX TEXHOMOrM Ansa igeHtTudikauii Ta po3nisHaBaHHA TaKuMx
06'exTiB € KPUTUYHO BaxnuMBMM. TOMY 3aCTOCYBaHHsi TEXHOMOriA Ha OCHOBI LUTY4YHOro
iHTENEeKTY AN BUSIBNEHHS Ta poO3ni3HaBaHHs BUOYXOBMX MPUCTPOIB € akTyanbHWM Ta
HeoOXigHUM.

Marepianu Ta MmeTogu. Y Uil CTaTTi 4OCNIOKYETLCA NOTEHUian rmmMboKnx HEMPOHHMX
mepex (THM) Ta komm'toTepHOro 3opy Anst aBToMaTtusadii BusisneHHs BHI. Y gocnigkeHHi
pPO3rNsifalnTbCsl TEOPETUYHI OCHOBM Ta MPaKTUYHE 3aCTOCYBaHHS 3rOPTKOBUX HEMPOHHUX
mepex (3HM) y 3apgavax posnizHaBaHHA o6'ekTiB. OCHOBHa yBara npuainseTscst
BMKOPUCTaHHIO Cy4YacHMX MeTodiB rMMOOKOro HaBYaHHs Ans igeHTudikauii B1OYxoBmx
NpUCTPOIB, 30KpeEMa TEXHOMOriN, WO BMKOPUCTOBYIOTb OAHOCTYMIHYACTi (O4HONPOXigHWA
JeTekTop O06’eKkTiB i3 MHOXUHHUMKU OoOMexyBanbHuMu pamkamu SSD — Single Shot
MultiBox Detector, Ta ogHonpoxigHuin MmeTog BusisneHHst o6’ektiB YOLO — You Only Look
Once,) Ta gBoCTyniHYacTi (perioHanbHO-OpiEHTOBaHa 3ropTKOBa HEWpPOHHA Mmepexa R-
RCN) nigxoon ons BusiBNeHHs Ta igeHTUdikauii 00'ekTiB. [JOCNiopKeHO KIOYOBi acnekTu
BUKOPUCTAHHA OAHO- Ta ABOCTyniHYacTux apxitektyp [HM gns  BisyanbHoro
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po3ni3HaBaHHs 00'EKTIB, MOPIBHSAHHA CUMBbHUX Ta CnabKuMx CTOpiH 060X NigXOAiB, a TakoX
BMBYEHHS LUNAXIB 1X yOOCKOHaNEeHHs Ans NigBULWEHHS e(PeKTUBHOCTI BUSIBMIEHHS.

Pesynbtatn. Ha ocHoBi npoBegeHoro aHanidy ©Oyno pospobrneHo wmogeni 3
BMKOPUCT@HHAM  OOHOCTYNiHYacTol (ogHoNpoXigHWN  AEeTeKTOp i3 MHOXWMHHUMMU
obmexysanbHuMn pamkamu SSD, Ta ogHOCTYMiHYacTU OEeTEeKTOp BUSIBNIEHHS O6’EKTiB,
BoCbMa Bepcia apxitektypu You Only Look Once YOLOvV8) Ta pgBocTyniHYacTol
(aBocTyniHYacTuin perioHanbHUn aetektop o6’exkTiB Ha ocHosi 3HM Faster R-CNN)
TexHonorin igeHTudikauii ob'ekTie. Lli mogeni 6ynu HaByeHi Ha opwuriHanbHOMYy Habopi
OaHuX, CTBOPEHOMY 3 300pakeHb 3 IHTEepHeTy, SKMI BKIOYaB BICIM MOLIMPEHMX TUMIB
BHIM, wo 3ycTpivyaioTbcs B 30Hax OOMOBUX Aii Ta Ha [OEOKYNnoBaHUX TepUTOpIsX.
PesynbTaT TecTyBaHHA HaBYeHWX MOZeNen NpoaeMOHCTpyBanv nepesary apxitektypwu
YOLOV8 ans BusABMEHHSA Ta po3ni3HaBaHHSA BUOYXOBUX NPUCTPOIB, WO Byno BUKOpUCTAHO
Ans pospobkn Beb-cepeepa Ans posnisHaBaHHA BUbyxoHebe3neyHnx npucTpois.

BucHoBku. Po3po6neHo npoekT Ans HaByaHHA mopenew poanisHaBanHA BHIT Ha
OCHOBI JBOCTYMiHYaCcTOro Ta OAHOCTYMiHYacToro nigxopgis. BukopuctoBytoum Ui moaeni,
ctBopeHo BebG-cepep 3 REST API (iHTepdeiicy npuknagHoro nporpaMyBaHHsi Ha OCHOBI
apxiTektypn Representational State Transfer) anst posnisHaBaHHa BHI1 sk Ha cTaTnyHMX
300paxXeHHsX, TaK i y BigeonoTokax y peanbHOMy 4aci. 3anpornoHoBaHa cucTtemMa MOXe
CNpUATM MPUCKOPEHHIO MPOLIECIB PO3MiIHYBaHHS Ta 3MEHLUEHHIO PU3WKIB AN LMBINbHOIO
HacerneHHs.

Knro4oei cnoea: rmnboke HaB4YaHHS, BidyanbHe po3ni3HaBaHHA, BUOyxoHebesneyHi
npeameTtn, SSD (Single Shot MultiBox Detector), YOLOvVS8, Faster R-CNN
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ABSTRACT

Background. The rapid development of next-generation sequencing (NGS)
technologies has resulted in a massive accumulation of genomic data, creating new
opportunities and challenges for identifying genetic variants associated with diseases.
Traditional statistical and rule-based approaches often fail to capture the complex, non-
linear relationships between genomic features and variant pathogenicity. The integration of
ensemble machine learning techniques provides a promising pathway to enhance
prediction accuracy and interpretability in genomic research. This study focuses on
developing an ensemble-based framework for the classification of genetic variants using
gradient boosting.

Materials and Methods. The dataset was obtained from the open-access ClinVar
repository, containing annotated genomic variants with clinical significance labels. After
preprocessing and feature engineering, a set of ensemble algorithms, including
HistGradientBoosting, XGBoost, and LightGBM, was trained and evaluated. The
implemented pipeline was designed to be reproducible and computationally efficient,
enabling model training on standard workstation environments.

Results and Discussion. The conducted experiments demonstrated the effectiveness
of the proposed framework for the classification of pathogenic and benign genetic variants.
The results indicate that the integration of biologically informed genomic features
contributes to improved predictive accuracy, robustness, and generalization across
heterogeneous genomic datasets. The combination of an expanded feature space with
gradient boosting ensemble algorithms achieved strong ROC-AUC and PR-AUC
performance on an independent test.

Conclusion. Ensemble learning represents an effective and interpretable approach for
genomic variant classification and pathogenicity prediction. The study demonstrated that
the integration of biologically informed feature engineering with gradient boosting
ensemble models improves predictive robustness, generalization, and resilience to class
imbalance in heterogeneous genomic datasets. Future work will focus on advanced deep
learning components and further optimization strategies to enhance predictive
performance on large-scale genomic datasets.

Keywords: ensemble learning, genomic prediction, pathogenic variants, gradient
boosting, feature engineering, bioinformatics.
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INTRODUCTION

The rapidly decreasing cost and increasing throughput of next-generation
sequencing (NGS) technologies have revolutionized modern genomics. Millions of novel
variants are identified annually, yet determining their clinical significance remains a major
challenge [1]. Manual curation and laboratory validation are often infeasible at scale,
prompting the integration of computational approaches — particularly machine learning
(ML) — to automate variant interpretation [2].

ML techniques have demonstrated strong performance across numerous genomics
tasks, including variant pathogenicity assessment [3]. Among ML algorithms, ensemble
learning and particularly gradient-boosted decision trees (GBDT) have gained attention
due to their high predictive performance, robustness to noise, and interpretability [4].
Gradient boosting approaches such as XGBoost have been successfully adopted for
genomic variant classification tasks. For instance, a study by Jain et al. demonstrated
high accuracy of XGBoost on large variant datasets [5]. A significant motivation for
computational pathogenicity prediction is the growing proportion of variants classified
as “Variants of Uncertain Significance” (VUS). A substantial proportion of ClinVar
entries fall into this category, underscoring the lack of functional evidence and the
urgent need for robust computational methods capable of assisting in variant
prioritization. Accurate and interpretable prediction models provide meaningful support
for clinicians and geneticists, enabling more efficient triage of candidate variants for
experimental validation [6].

Previous studies have applied ML to variant impact prediction. CADD introduced a
large-scale integrative approach [3], while deep learning models like DANN [7] and
consensus methods such as REVEL improved accuracy by aggregating outputs from
multiple models. Recent ML-based frameworks further improved automated variant
prioritization and classification performance [5]. Nevertheless, many existing
frameworks are highly gene-specific, dependent on extensive protein-level annotations,
or require high-performance computing resources [8]. There remains a need for a
lightweight, interpretable, and reproducible machine learning pipeline capable of high-
accuracy pathogenicity prediction using open-access genomic datasets. The present
study proposes such a framework, combining gradient boosting models with extended
feature engineering to improve discriminatory performance and biological
interpretability. The ultimate purpose of this study is to design and implement an
interpretable ensemble-based model that integrates feature engineering and boosting
algorithms for effective genomic variant classification. The primary contribution of this
work is not the introduction of a novel machine learning algorithm, but the design and
evaluation of a reproducible computational pipeline for genomic variant pathogenicity
prediction that integrates biologically informed feature engineering, automated
Bayesian hyperparameter optimization, and gradient boosting ensemble algorithms
(HistGradientBoosting, XGBoost, and LightGBM). Particular emphasis is placed on the
systematic construction of an expanded biologically informed feature space and on
evaluating its contribution to predictive robustness, generalization, and pathogenicity
prediction performance.

MATERIALS AND METHODS

The Methodology section provides a detailed description of the lightweight and
reproducible machine learning pipeline developed for the variant classification task,
ensuring that all procedures can be reliably replicated by other researchers.

134 Electronics and Information Technologies ¢ 2026 ¢ Issue 34



Ensemble Machine Learning Techniques for Genomic...

Data Acquisition and Preprocessing

The foundational dataset for model training was the ClinVar repository, an open-
access resource containing annotated genomic variants paired with their clinical
significance labels. The analysis focused on binary classification: distinguishing between
pathogenic/likely pathogenic variants and benign/likely benign variants. Variants labeled
as 'Uncertain Significance' (VUS) were excluded to maintain annotation purity. The final
dataset consisted of 58,214 clinically annotated variants extracted from ClinVar, including
12,487 pathogenic or likely pathogenic variants and 45,727 benign or likely benign
variants. After preprocessing and removing entries with incomplete annotations, 56,902
variants remained for model development. This distribution reflects the characteristic
imbalance of real-world genomic datasets, underscoring the need for metrics and
algorithms tailored for rare-class prediction.

Data Splitting and Experimental Design. The dataset was subjected to
comprehensive preprocessing, including filtering variants based on clear clinical
significance and handling missing feature values. Missing continuous values (e.g.,
allele frequency) were imputed using feature-wise means, while categorical variables
(e.g., variant impact) were imputed via mode. The processed dataset was then
randomly partitioned into three subsets: a training set (70%), a validation set (15%),
and a testing set (15%), ensuring independent evaluation of the model's generalization
capacity.

Pipeline Architecture and Workflow

The proposed computational workflow was implemented as a domain-specific,
modular, and reproducible pipeline for genomic variant pathogenicity prediction, as
illustrated in Fig. 1. Unlike a generic data-processing workflow, the pipeline reflects the
main stages required for transforming raw ClinVar annotations into a machine-readable
feature matrix and evaluating pathogenicity prediction models.

1. ClinVar 2. Variant Filtering 3. Genomic Feature 4. Stratified
Variant Extraction and Preprocessing Engineering Data Split
* Download clinically annotated ¢ Remove duplicates and * Population descriptors Preserve class distribution
iants from ClinVz icti i
vana.n s from -m.ar . = conflicting labels o, Euricional annotations {  across splits
* Retain pathogenic/likely pathogenic * Remove incomplete records
and benign/likely benign variants * Evolutionary conservation

Missing value imputation * 70% Training

Exclude variants of uncertain

significance (VUS) + Categorical encoding * Sequence-context features « 15% Validation
« Remove conflicting interpretations « Standardize feature formats * Variant-specific metrics * 15% Test
5. Bayesian 6. GBDT Model 7. Pathogenicity 8. Feature Importance
Hyperparameter Training Prediction and Evaluation and Interpretability
Optimization Train gradient boosting models + ROC-AUC * Identify genomic features
* Optuna-based optimization P with early stopping regularization P contributing to pathogenicity
" * PR-AUC prediction
. 10tf§|d cross-validation on + XGBoost SR + SHAP analysis
training set ¢ Allele frequency
* Optimize model-specific * LightGBM * Precision, Recall « Conservation scores
parameters * Variant impact

* HistGradientBoosting * Imbalance-aware assessment

Objective: maximize PR-AUC Other genomic features

Fig. 1. Domain-specific computational pipeline for genomic variant pathogenicity prediction. The pipeline
illustrates the transformation of clinically annotated ClinVar variants into an expanded biologically
informed genomic feature space for pathogenicity prediction

At the data acquisition stage, clinically annotated variants were extracted from the
ClinVar repository. Variants with uncertain or conflicting clinical significance were
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excluded, while pathogenic/likely pathogenic and benign/likely benign variants were
retained for binary classification. During preprocessing, incomplete records were
removed, missing allele-frequency values were imputed, and categorical annotations
such as variant consequence and clinical significance labels were encoded into numerical
representations.

At the feature engineering stage, biologically informed descriptors were extracted
and integrated into an expanded genomic feature space. These descriptors included
population-level features (allele frequency), functional annotations (variant impact
categories), evolutionary conservation scores, sequence-context characteristics, and
transition/transversion metrics. This stage represented a key component of the proposed
framework, enabling the incorporation of biologically relevant information into the
predictive models and contributing to improved predictive robustness and generalization
across heterogeneous genomic datasets.

The model training stage included Bayesian hyperparameter optimization, early
stopping, and ensemble learning with HistGradientBoosting, XGBoost, and LightGBM
classifiers. Finally, model performance was evaluated using ROC-AUC and PR-AUC
metrics on an independent test set.

The entire workflow was implemented using open-source Python libraries and
designed as a lightweight, reproducible framework that can be efficiently executed on
standard workstation environments without specialized GPU infrastructure.

Feature engineering was performed to extract biologically relevant predictive signals
from the raw variant data. The minimal set of key predictive features included: allele
frequency (leveraging population data from resources like 1000 Genomes) [1], variant
impact (e.g., missense, loss-of-function), and transition/transversion ratios.

Building upon recent advancements in feature fusion, the study utilized an
extended feature space to integrate heterogeneous genomic information. This
integrated information incorporated features derived primarily from genomic
annotations, including conservation scores, sequence-context descriptors, and
functional variant annotations [3], significantly enhancing the model’s ability to capture
complex non-linear relationships.

The key genomic features used for model training and their biological interpretation
are summarized in Table 1.

Table 1. Key Genomic Features Used for Pathogenicity Classification and Their
Sources

Feature Feature Description Data Tvoe Example
Category Name P YP€ " Annotation Tool
Population Allele Frequency of the variant allele in Continuous gnomAD,
Genetics Frequency global or reference populations. 1000 Genomes
Sequence TranS|t|or1/ Measure of substitution types .
Transversion ; S Continuous
Context ; (Purine/Pyrimidine changes).
Ratio
Functional Variant Pred_lcted consequence on the . SIFT,
resulting protein (e.g., Missense, Categorical
Impact Impact ; PolyPhen-2
Loss-of-Function).
Structural Evolutionary Degree of sequence
Conservation  preservation across multiple  Continuous = CADD Score
Features X
Score species.
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Ensemble Model Training and Statistical Analysis

The core classification framework relies on advanced gradient boosting decision
trees (GBDT) due to their superior performance and interpretability [4]. We trained and
evaluated three specific ensemble algorithms: HistGradientBoosting, XGBoost, and
LightGBM [5]. This GBDT approach naturally mitigates the challenge of class imbalance
by aggregating diverse weak learners, reducing the need for explicit resampling
techniques such as SMOTE [6].

Hyperparameter Optimization and Reproducibility. To achieve optimal generalization
and efficiency, the training process utilized automated optimization techniques. Bayesian
search was employed for hyperparameter tuning [9], and early stopping criteria were
implemented to monitor performance on the validation set and prevent overfitting. The
entire pipeline was designed to be reproducible and computationally efficient, enabling
model training on standard workstation environments.

Statistical Software and Metrics. All model training, evaluation, and statistical
analysis were performed using the Python programming language (version 3.9+). Key
libraries included Scikit-learn, XGBoost, and LightGBM [10]. The models were evaluated
using metrics appropriate for imbalanced classification tasks: the Area Under the ROC
Curve (ROC-AUC) and the Area Under the Precision-Recall Curve (PR-AUC), with PR-
AUC providing a more robust measure of performance on rare classes [11]. Statistical
comparisons between the best ensemble model and baseline models were conducted
using standard ROC-AUC comparison procedures, with the resulting P-values reported in
the text.

Listing 1. XGBoost model initialization with optimized parameters (Python)
The following Python fragment illustrates the core logic for initializing the XGBoost
classifier with optimized parameters, including the metric selection for imbalanced data
and the early stopping mechanism.

# Model Initialization (Python 3.9+)
import xgboost as xgb
from sklearn.model selection import train_test split

# Optimized parameters obtained via Bayesian Search
params = {
'objective': 'binary:logistic’',
'learning_rate': 0.045,
'n_estimators': 2000,
'max_depth': 6,
'subsample': 0.8,
‘eval_metric': ‘aucpr’, # Metric optimized for imbalance
'random_state': 42 # Ensures reproducibility

}

clf = xgb.XGBClassifier(**params)

# Assuming X_train, y_train, X_val, y_val are prepared datasets
# clf.fit(

# X_train, y_train,

# early_ stopping_rounds=50, # Early stopping prevents overfitting
# eval_set=[(X_val, y_val)],

# verbose=False

#)
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Reproducibility and FAIR Compliance

To ensure methodological transparency and facilitate independent replication, the
proposed pipeline adheres to the FAIR data principles (Findable, Accessible,
Interoperable, and Reusable). All datasets used in this study originate from publicly
accessible repositories, primarily ClinVar and gnomAD, which provide standardized
variant annotation formats and stable identifiers. The computational workflow was
implemented using open-source Python libraries, including Scikit-learn (version 1.3+),
XGBoost (version 1.7+), and LightGBM (version 4.0+), ensuring long-term software
reproducibility. Random seeds were fixed across all steps of training, validation, and
evaluation to guarantee deterministic behavior.

Moreover, the feature-engineering and preprocessing procedures were scripted in a
fully automated pipeline, enabling seamless reconstruction of the experimental
environment on standard workstation hardware. This compliance with reproducible
research practices strengthens the reliability of the findings and supports further
integration of the proposed methods into clinical and research settings.

RESULTS AND DISCUSSION

Comparative Performance Analysis

Experimental validation confirmed the robustness and efficacy of the proposed
ensemble models. The GBDT-based classifiers consistently outperformed baseline
methods (such as Logistic Regression and SVM) in distinguishing between pathogenic
and benign variants [12]. All models were evaluated on an independent test subset of
8,535 variants (approximately 15% of the total dataset), preserving the original class
proportions. This ensured that the reported performance metrics reliably reflect model
behavior under real-world class imbalance conditions.

The synergy between systematically engineered genomic features and boosting
algorithms resulted in substantial improvements in predictive performance. The combined
approach achieved higher AUC and precision—recall values compared to traditional
single-model methodologies. High AUC values indicate strong discriminatory capacity,
while improved precision—recall performance confirms robustness in handling rare
pathogenic variants [4].

As illustrated in Fig. 2, the ROC curves of the ensemble models are consistently
positioned closer to the top-left corner of the plot, demonstrating superior sensitivity—
specificity trade-offs relative to the baseline classifier. Notably, the best-performing model
(XGBoost) [5] achieved an AUC of 0.985 and a PR-AUC of 0.892 (P < 0.001 compared to
SVM). These results confirm a statistically significant improvement over conventional
baseline machine learning approaches.

The observed performance gains can be attributed to the ability of gradient boosting
algorithms to capture complex nonlinear interactions within high-dimensional genomic
feature spaces. Feature space expansion combined with ensemble optimization
enhanced model generalization and robustness across datasets [13]. An additional
performance increase was observed after extending the feature space with
heterogeneous genomic descriptors, including conservation-related and sequence-
context annotations. Compared to the minimal feature subset, the expanded
representation improved model stability and reduced sensitivity to class imbalance,
particularly for rare pathogenic variants. These findings suggest that biologically informed
feature engineering contributes substantially to predictive robustness and complements
the discriminative capacity of ensemble learning algorithms.
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Fig. 2. Comparative Receiver Operating Characteristic (ROC) Curves for Pathogenicity Prediction

Comparative Receiver Operating Characteristic (ROC) Curves illustrating the
predictive performance of the proposed ensemble models (HistGradientBoosting,
XGBoost, LightGBM) versus a standard baseline classifier (e.g., SVM) on the ClinVar
dataset. The ensemble approaches consistently exhibit higher Area Under the Curve
(AUC) scores, demonstrating enhanced discriminatory power between pathogenic and
benign variants

To further assess predictive quality under class imbalance, Precision—Recall (PR)
curves were constructed for all classifiers (Fig. 3). Unlike ROC analysis, PR curves
provide a more informative evaluation when the positive class is relatively rare. The
ensemble models maintained consistently higher precision across a broad recall range
compared to the baseline classifier, confirming their superior capability to identify
pathogenic variants while limiting false positives. This behavior highlights the clinical
relevance and practical applicability of gradient boosting frameworks in genomic variant
prioritization.

Comparative Precision—Recall curves illustrating the performance of the proposed
ensemble models (HistGradientBoosting, XGBoost, and LightGBM) in comparison with a
baseline classifier (SVM) on the ClinVar test subset. The ensemble approaches
demonstrate consistently higher precision across a wide range of recall values,
confirming their robustness in handling class imbalance and rare pathogenic variant
prediction.

Collectively, the ROC and PR analyses provide complementary evidence of the
superior generalization capacity and clinical relevance of the proposed ensemble
framework. Together, these findings establish the quantitative foundation for further
model interpretability analysis.

Unlike previous studies that primarily focus on the predictive performance of
individual machine learning algorithms, this work demonstrates that systematic
biologically informed feature engineering combined with a lightweight reproducible
pipeline improves model robustness and generalization while remaining computationally
feasible on standard workstation environments.
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Fig. 3. Comparative Precision—Recall (PR) Curves for Pathogenicity Prediction

Feature Importance and Model Interpretability

A crucial component of this framework is the integration of Explainable Artificial
Intelligence (XAl) principles. By utilizing SHAP-based interpretability methods, the model
provides transparency regarding the contribution of specific biological features to
individual predictions [14].

Analysis of feature importance across the ensemble models revealed that Allele
Frequency (reflecting variant rarity in populations) and Evolutionary Conservation Scores
were consistently ranked as the most influential features for predicting pathogenicity [3,
12]. This finding confirms the biological plausibility of the model's decisions, which is
essential for ensuring clinical reliability. The lightweight and reproducible design of the
pipeline, allowing training on standard workstations, makes the high-accuracy prediction
methodologies widely accessible to the scientific community. Recent advances in deep
learning for genomics have highlighted the growing importance of representation-learning
approaches for capturing complex biological relationships that may not be explicitly
encoded through handcrafted features [15].

Limitations and Future Considerations

Although the proposed ensemble framework demonstrates strong predictive
capacity, several limitations must be acknowledged to contextualize the results. First,
ClinVar annotations inherently reflect reporting and submission biases, with pathogenic
variants more frequently documented in clinical populations from North America and
Europe. This may introduce population stratification effects not fully captured by the
models.

Second, the present study does not incorporate structural variants, splice-region
effects, or long-range regulatory interactions, which increasingly contribute to the
understanding of rare disease mechanisms and have been successfully modeled using
deep learning approaches for noncoding variant interpretation [16]. While the engineered
feature set captures essential population and conservation signals, additional molecular-
level features — such as protein stability scores or deep-learning—derived sequence
embeddings — may further enhance performance.
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Finally, although gradient boosting provides a favorable balance between
interpretability and accuracy, deep learning approaches such as graph neural networks
or transformer-based genomic architectures may offer complementary perspectives.
Future pipelines may benefit from hybrid or stacked-ensemble designs integrating both
model families while maintaining explainability requirements essential for clinical
adoption.

CONCLUSION

Ensemble learning techniques, particularly those based on advanced gradient
boosting frameworks (HistGradientBoosting, XGBoost, and LightGBM), offer an effective,
robust, and interpretable strategy for genomic variant classification and pathogenicity
prediction.

The work successfully developed a computationally efficient and reproducible
pipeline trained on systematically engineered and expanded feature representations
derived from the open-access ClinVar repository. The proposed computational pipeline
demonstrated that the systematic integration of biologically informed feature
engineering with gradient boosting ensemble algorithms improves predictive robustness
and generalization across heterogeneous genomic datasets. The expanded biologically
informed feature space contributed not only to higher classification accuracy but also
to improved predictive stability and greater resilience to class imbalance under real-
world clinical genomic data conditions. This pipeline can be readily integrated into
automated genomic analysis workflows and provides a practical foundation for future
extensions involving additional biological data modalities and deep learning—based
approaches.

The principal contribution of this study lies in the design and evaluation of
a lightweight, reproducible computational pipeline that combines biologically
informed genomic feature engineering, automated Bayesian hyperparameter
optimization, and interpretable ensemble learning for genomic variant pathogenicity
prediction.

Future work will focus on three main directions to further enhance predictive
capacity: expanding the feature set through the integration of additional biological
modalities (e.g., transcriptomic profiles), incorporating advanced deep learning
components (e.g., neural embeddings) to capture increasingly complex relationships, and
continuously optimizing hyperparameters and model architecture using automated search
techniques for scalability on ever-growing large-scale genomic datasets. These
continuous improvements are vital for translating complex genomic data into actionable
clinical understanding.
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AHCAMBJIEBI METOOU MALUMHHOIO HABYAHHA ANA
NMPOrHO3YBAHHA FTEHOMHUX BAPIAHTIB

AHOpil Cmonsik, leaH KyHbo

Kagbedpa onmoenekmpoHiku ma iHghopMauiltiHux mexHornoaid,
JIbsiecbkuli HayioHanbHUl yHieepcumem imeHi IeaHa ®paHka,
8yn. 'eH. TapHaecbko20, 107, Jlbeis, 79017, YkpaiHa

AHOTALIA

Bctyn. CTpiMKuiA pO3BUTOK TEXHOIOriA CEKBEHyBaHHS HOBOro nokoniHHA (CHIT)
Npv3BiB A0 HAKOMUYEHHs BenMYye3HuX OOCAriB FeHOMHWX [OaHWX, WO BiOKPMBAE HOBI
MOXINMBOCTI Ta BWKIUKM Yy BUSBIMEHHI TFEHETUYHWX BapiaHTiB, MOB'A3aHMX i3
3aXBOPIOBaHHAMMW. TpaauuiviHi CTaTUCTUYHI abo €BPUCTMYHI MIOXOAM 4YacTo He 3aaTHi
BpaxyBaTW CKnafHi, HENiHiHi B3aEMO3B’'I3KN MK TEHOMHMMW O3HaKamy Ta MaTOreHHICTIO
BapiaHTiB. |HTerpauis aHcambriesux mMemodie MalwUHHO20 HasyaHHsl € NepCneKTUBHUM
HanpsiMOM  MiABULLEHHS TOYHOCTI Ta iHTepnpeToBaHOCTI pe3ynbTaTiB Yy T[eHOMHUX
JocnigkeHHsx. Y uin poboTi po3pobneHo aHcambrieBy Moaenb Anst knacudikawii
reHETUYHUX BapiaHTIB i3 BMKOPUCTAHHAM anropuTMiB rPagieHTHOro NiACUIHOBaAHHS,
HaTpeHoBaHNX Ha gaHux 6asun ClinVar.

Marepianu Ta mMeToau. [ns HaBYaHHA BUKOPUCTAHO BIOAKPUTWUIA Habip gaHux 6aswu
ClinVar, Wwo MiCTUTb aHOTOBaHi reHeTUYHI BapiaHTU 3 NO3HAYEHHSIMU KIiHIYHOTO 3HAYEHHS.
Micna eTaniB nonepegHboi 0OpoOOKM Ta iHXeHepii O3HaK 3acToCOBaHO aHcaMbOnesi
anroputmn  HistGradientBoosting, XGBoost Ta LightGBM. Byno BugineHo Kno4oBi
MPOrHOCTWYHI O3HaKW, Taki sk YacToTa anenen, Tun BapiaHTy, CMIBBIAHOLIEHHS
TpaH3uuin/TpaHcBepcin  Towo. 3anponoHOBaHWA  KOHBEEP € BiATBOPHOBaHMM Ta
ONTMMi30BaHUM A5 pobOTU Ha CTaHAAPTHUX POBOUMX CTaHLisX.

Pe3ynbTaTu. [poBeaeHi ekcnepyMeHTU NiaTBepannmn ePekTUBHICTbL 3anpornoHOBaHOMo
nigxoady Ans knacudikalii naToreHHnx Ta A06POSAKICHMX reHeTUYHUX BapiaHTiB. OTpumaHi
pesynbTaTu cBigYaTh, WO iHTerpauis 6ionoriyHo 06rpyHTOBaHMX FEHOMHUX O3HaK, 30KpeMa
yacToTu anenen, yHKUIOHaNbHMX aHOTaLi, NOKA3HMKIB €BOMOLIAHOI KOHCEPBATMBHOCTI
Ta XapakTepUCTUK MOCNILOBHOCTEN, CNpUSE NIOBULLEHHIO MNPOrHOCTUYHOI TOYHOCTI,
CTIViKOCTi Ta y3aranbHIOBanbHOI 30aTHOCTI MOAeneln Ha reTeporeHHNX reHoMHUX Habopax
paHux. [oegHaHHs pO3LUMPEHOro MNpOCTOpYy O3HaK i3 aHcambneBMMUW anropyTMamu
rpagieHTHOro niacunioBaHHs 3abe3neunno Bucoki 3HadeHHss ROC-AUC T1a PR-AUC Ha
Hes3anexHin TecToBi BuGIpUi npu 306epexeHHi obuyncroBanbHOi edEeKTMBHOCTI Ta
BiTBOPIOBAHOCTI.
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BucHoBKNU. AHcaMbreBe MalUMHHE HaB4YaHHA € e(EeKTMBHMM Ta iHTeprnpeToBaHUM
nigxogomMm Anga Knacudikauil reHeTUYHUX BapiaHTiB i NPOrHO3yBaHHA X MNaTOrEeHHOCTI.
MpoBeaeHe gocnigXeHHs nokasano, Wo noedHaHHA GionoriyHo obrpyHTOBaHOI iHXeHepil
O3HaK i3 aHcamMbneBumu MOLENAMWU rPagieHTHOro MiACUMIMIOBAHHA CrPUSIE MiABULLIEHHIO
NPOrHOCTUYHOI CTINKOCTI, y3aranbHOBanbHOI 34aTHOCTI Ta CTINKOCTI A0 AucbanaHcy knacis
y reTeporeHHMX reHOMHUX Habopax pAaHux. 3anponoHOBaHWi  BiOTBOPIOBaHWUN
obuucnioBansHui ppenmeopk, NnobyaosaHnin Ha ocHoBi aHoTauin ClinVar Ta poswmpeHoro
NPOCTOPY FEHOMHMX O3HaK, € 0BuMCroBanbHO eEKTMBHUM pILLEHHAM i Ma€e moTeHujian
Onsa iHTerpauil B aBTOMaTU30BaHi CUCTEMUW aHanisy reHomHux paHux. [loganbli
JocnigkeHHs 6yoyTe CnpsiMoBaHi Ha iHTerpauito gogaTtkoBux BionoriyHMx MoganbHOCTEN
[aHuX, KOMMOHEHTIB IMMOOKOro HaB4YaHHA Ta nojanblly OnTMMi3auilo mogenen Ans
poboTu 3 BenukomacwtabHMMu reHoMHUMK BUBipkamu.

Knro4oei crnoea: aHcambneBe HaBYaHHSA, MNPOrHO3YBaHHS TFEHOMHMX BapiaHTiB,
naTtoreHHi  MyTtauii, rpagieHTHe nigCWUMIOBaHHSA,  IHXeHepis  O3Hak,
BioiHdopmaTuka.
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ABSTRACT

Background. Protocol performance in cloud—-edge systems is regime-dependent: the
transport that minimizes latency, loss, or CPU cost changes with payload, rate, link type,
and signal quality, and tail latency often inverts the median ranking. Static choices and hand-
tuned heuristic switchers cannot track these shifts, and many nearby adaptive-selection
prototypes remain deterministic scorers, not online learners. This paper establishes the
theoretical foundation for an adaptive protocol selection layer that treats protocol choice at
decision ticks as online decision-making under partial feedback, demonstrated on isolated
proof-of-concept examples.

Materials and Methods. Protocol selection is formulated as a contextual multi-armed
bandit over the five supported implementation transports and solved with LinUCB: a per-arm
ridge-regression estimator with an upper-confidence-bound exploration term, computed by
Gaussian elimination. The four-dimensional context couples a log-linear payload feature,
normalized Wi-Fi signal and link-rate features, and a bias term. Bounded penalty and peer-
relative rewards are derived from blended median/tail latency, goodput, and loss. Non-
stationarity is handled by per-tick geometric decay, and a Bayesian warm-start encodes
offline ridge priors in the initial state; normal per-tick decay may scale that prior before the
first logged score.

Results and Discussion. The five-protocol formulation is demonstrated on isolated
Raspberry Pi 5B and Pi Zero 2 W examples; the adaptive algorithm uses five protocols
(gRPC, gRPC-bidi, MQTT, CoAP, HTTP). Baseline runs confirm the best transport changes
with payload, host, and objective; decision logs show LinUCB concentrating on a strong
context-conditioned arm in stable regimes, while a deliberately retained cold-start miss
exposes early-evidence path dependence; a Bayesian warm-start improves cold-start
latency and throughput.

Conclusion. The paper gives a reproducible contextual-bandit formulation with
Bayesian warm-start for multi-protocol cloud—edge data delivery. It defines context, reward,
and exploration sufficient for further research.

Keywords: contextual bandit, LinUCB, adaptive protocol selection, cloud—edge
systems, Bayesian prior, exploration-exploitation.
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INTRODUCTION

Cloud—edge systems, including remote-instrumentation deployments such as
Internet-accessible laboratories [1], deliver data over a few interchangeable application
transports — gRPC [2], MQTT [3], CoAP [4], HTTP — each with different framing, session,
congestion, and reliability semantics, and each evolving independently (QUIC and HTTP/3
[5, 6] are recent instances). Across cross-protocol loT benchmarks [7], no single transport
dominates across regimes: the protocol that minimizes median round-trip time at a 256-
byte payload over Wi-Fi is often not the one that minimizes tail latency, loss, or edge CPU
at a larger payload or on a wired link, and the ranking can invert between the 50th and 99th
percentiles. The "best" protocol is thus a function of context, not a constant.

The conventional response is either a static, globally fixed protocol choice or a hand-
tuned heuristic switcher with weighted scores, hysteresis, and moving averages. Both are
brittle: a static choice cannot follow regime changes, and a heuristic switcher encodes its
trade-offs in fixed weights and thresholds that must be re-tuned per deployment and gives
no principled treatment of the exploration/exploitation dilemma — choosing the apparently
best protocol now forecloses the information needed to tell whether an under-measured
protocol is better. The closest prototypes in the literature remain deterministic scorers;
online-learning theory, by contrast, frames this problem as regret minimization under partial
(bandit) feedback [8, 9, 10, 11, 12, 13].

This paper develops the theoretical foundation for an adaptive protocol selection layer
that closes this gap. We formulate protocol choice at adaptive decision ticks as a contextual
multi-armed bandit and instantiate it with LinUCB [14, 15], whose decision index
decomposes transparently into exploitation and uncertainty-driven exploration terms. We
also derive a Bayesian warm-start that converts an offline benchmark corpus into per-arm
priors, shortening the cold-start phase in which an unprimed bandit selects almost
randomly. The scope is deliberate: we present the context design, reward function,
exploitation/exploration mechanism, non-stationarity treatment, and prior warm-start — all
reflecting a working reference implementation — and demonstrate them on isolated worked
examples from a heterogeneous Raspberry Pi testbed. The systematic payload/rate
evaluation, offline-replay parameter study, and reward-shaping and exploration-coefficient
ablations are deferred to a companion paper; this article fixes the methodological baseline
for that study.

This paper's contributions are: (i) a precise contextual-bandit formulation of multi-
protocol cloud—edge data delivery with an explicitly bounded context vector; (ii) two
bounded reward shapings — an absolute payload-aware penalty and a peer-relative
advantage — derived from latency, loss, and goodput; (iii) a decay-based non-stationarity
model integrated into the per-arm ridge estimator; (iv) an algebraic Bayesian warm-start
identity with a tunable prior strength; and (v) a proof-of-concept demonstration on a
heterogeneous Raspberry Pi testbed that makes the exploitation/exploration split, the
safety filter, and the warm-start identity observable on real traffic. All equations map directly
to the implemented controller, so the formulation is independently reproducible.

MATERIALS AND METHODS

Problem formulation

Define the action set A as the five supported transports: A = {gRPC, gRPC-bidi, MQTT,
CoAP, HTTP}. At each decision tick t the controller observes a context vector
x: € R* (defined below), selects one protocol a; € 4, routes subsequent messages
through it for the configured decision interval, and later observes a scalar reward r; derived
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from the observed latency, loss, and throughput of that protocol over the interval since the
previous tick. Crucially, the controller observes a reward only for the protocol it selected
(and for any protocol that produced resolved traffic in the window) — this is the defining
partial-feedback structure of a bandit problem [9, 13]. Conceptually, this is a regret-
minimization problem against the unknown context-conditioned optimal protocol rather than
the maximization of a fixed weighted score, which is what motivates the bandit formulation
adopted here. A quantitative regret analysis — for example, cumulative-regret curves on
offline replay — is beyond the scope of this foundational paper and is deferred to the
companion paper; the worked examples below instead characterize behavior through
aggregate latency and throughput statistics and arm-selection shares. Decisions are
pinned for a configurable interval after a switch to prevent flapping. Rewards are
accumulated from an append-cursor delta so that each update reflects only the samples
produced since that arm's previous update.

Context vector
The per-decision context is a four-dimensional vector that combines a workload
feature, two link-quality features, and a bias term:

x = [payloadNorm,rssiNorm, txBitrateNorm,1]7. )]

The payload feature maps message size log-linearly onto the unit interval over the
range [256 B, 1 MB] and saturates outside it (with LNZ = In2 and the constant
12 =log,(1 MB /256 B)):

n[2e)
0,10 (2)

payloadNorm(p) = clip CLN2 - 12

A logarithmic scale matches how transports experience size — a 256 B — 1 KB
increase is perceptually similar to a 256 KB — 1 MB increase — and, more importantly, the
explicit clip keeps the context norm ||x|| bounded. Since the LinUCB exploration term grows
with ||x||, an unbounded payload feature would cause the exploration bonus to diverge at
large payloads, and the bandit would fail to converge. Bounding the feature is done to avoid
this problem. The link-quality features are sourced from a background poller of the edge
device's network endpoint and normalized as:

rSSi — (—90
rssiNorm = clip{[ dBm60 ( )],O, 1}, default 0.5, (3)
) . (txMbps
txBitrateNorm = clip (W'O’ 1), default 0.5 (4)

RSSI is mapped from [-90, -30] dBm and link rate from [0, 300] Mbps (a typical
802.11n peak; 300 Mbps is the two-stream 40 MHz 802.11n maximum). On non-WiFi links,
or before the first poll completes, both default to the neutral value 0.5. The constant bias
term absorbs each arm's intercept. Payloads are additionally discretized into a small
number of buckets (default 8) using the same payloadNorm mapping; the buckets index
the empirical baselines used by the reward function. We note a known degeneracy: on a
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wired link rssiNorm and txBitrateNorm are held at the neutral constant 0.5, so the effective
feature subspace collapses from four dimensions to two: [payloadNorm, bias]. This does
not cause underdetermination in the numerical sense — the precision matrix 4, is initialized
to the identity (the ridge regularizer) and receives positive diagonal mass at every update,
so the linear system A,z = b, stays full-rank and uniquely solvable throughout. The
practical consequence is that the two constant columns add no arm-differentiating signal:
on a wired link, per-arm ordering reflects only payload sensitivity and the per-arm intercept,
while any wired-link quality variation (interface speed, congestion, half-duplex state) stays
invisible to the learner. Two of the four model degrees of freedom are therefore wasted on
informationally dark dimensions. The exploration bonus a+/x7 Az x does still converge as
payloadNorm varies across ticks, but convergence is slower than in a full-rank context
because the effective information per tick is lower. This limitation motivates the richer wired-
context design planned for the companion paper.

LinUCB estimator: exploitation and exploration

Each arm a maintains a ridge-regression state: a 4x4 precision matrix 4, and a 4-
vector b,. A, is the accumulated outer-product design matrix (initialized to the identity,
which is the ridge regularizer [16]); b, is the reward-weighted feature accumulator. The
point estimate of the per-arm weight vector is the ridge solution:

0o = A51 bg. ()

The inverse is never materialized; the linear system A,z = rhs is solved by Gaussian
elimination with partial pivoting [17], an O(d®) operation that is negligible for d = 4 and
numerically stable for the well-conditioned, identity-regularized A4,. Each protocol is scored
by its upper-confidence-bound index, which is the sum of an exploitation term and an
exploration term:

pa(x) = 6 x+a-/xT Azt x (6)

The first term 6% x is the model's current best estimate of the expected reward for
context x (pure exploitation). The second term is the one-sided confidence width: x7 A5 x
is large when arm a has few observations in the region of feature space near x, so the
bonus rewards uncertainty. The coefficient a (default 1.0) sets the exploration intensity;
a — 0Ois greedy exploitation, larger a explores more aggressively [14, 18]. At each decision
tick, the candidate set is first reduced to the protocols that satisfy the viability filter
(described below), which excludes any arm that is mechanically unsuitable for the current
context — for example, CoAP above its supported payload boundary, or an arm currently in
viability cooldown. The controller then evaluates the upper-confidence-bound index p, (x)
for each remaining arm and selects the one that maximizes it:

a; = argmax pq (x;). (7)
a € viable

At cold start 8, = 0, for every arm, the index reduces to the exploration term alone;

at the very first tick A, = I, for all arms, and the shared context makes the bonus aVvxTx.
Identical across arms, so the initial pick is an arbitrary tie-break, not real exploration. Once
arms begin to differ, the bonus favors whichever arm is least sampled near x, so the
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controller explores; as evidence accumulates, the exploitation term dominates and the
policy concentrates on the context-conditioned best arm. This is the principled treatment of
the exploration/exploitation trade-off that fixed heuristic scorers lack.

Online update and non-stationarity
After the reward r for context x is computed for an arm, its state is updated by the
standard recursive least-squares step:

Ag < Ag+x-xT,  bygebg+1-x. (8)

Network conditions drift, so old evidence must not dominate indefinitely. Once per
active decision tick (not on pinned ticks, and not for an arm in viability cooldown), every
arm is decayed geometrically toward the regularized:

Ay «vA, + (1 =y, bg < ybq 9

with y € (0, 1] (default 0.99). The (1 — y)I term prevents A, from becoming near-singular
as the old signal fades, keeping the solve well-conditioned [19]. Values of y near 1 give
long memory; smaller y adapts faster but is noisier. For arms placed in cooldown by the
viability filter, the geometric decay step (Eq. 9) is suspended for the entire quarantine
period. Without this exception, every active tick would shrink both A, and b, toward the
identity prior, gradually erasing the large negative reward that triggered the gate in the first

place. As 6, relaxes back toward zero and xT A;! x grows, the UCB index for the
quarantined arm would rise purely as an artefact of forgetting, and the controller would re-
select it as soon as cooldown expires — only to have it gated again. Freezing decay during
cooldown preserves the evidence that justified the gate, so the arm is re-admitted based
on explicit re-evaluation rather than uncertainty.

Reward function

The LinUCB selector learns from a scalar reward derived from three performance
indicators — latency, message loss, and throughput — designed to be both interpretable and
sufficiently discriminative across workload conditions. The simplest form is an absolute
reward that compares each measured outcome against fixed reference values: latency is
penalized when it exceeds a predefined budget, throughput when it falls below a target,
and loss as its rate increases. This directly measures how far a protocol deviates from its
expected performance targets.

However, fixed reference values are not robust across payload sizes: larger messages
naturally require more transmission and processing time, so a single latency budget applied
to all payloads is frequently reached or exceeded by larger ones. Because the penalty is
clipped to the interval [0, 1], clearly different outcomes then collapse to the same saturated
value — under a fixed 20 ms budget, latencies of 35, 60, and 120 ms all receive the
maximum penalty. This saturation reduces the resolution of the reward signal, giving the
bandit nearly identical feedback for protocols whose actual performance differs
substantially and weakening learning in large-payload regimes. To address this, we use
two reward-shaping modes: absolute and relative.

For each arm for which at least one resolved response is recorded within the delta
window, an observation is formed from the windowed median (ps) and tail (pgg9) round-trip
times, payload size, and loss count. The latency signal € is defined as a fixed equal-weight
combination of the two percentiles, which makes tail behavior one of the primary objectives:
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£=05" Pso + 0.5- D99, (10)

_ payload - 1000
B max(£,1)

(11)

Here g is an internal goodput proxy in bytes per second, used only to rank arms inside
the reward; it is distinct from the message-rate throughput (messages per second) reported
in the Results. If an arm sent messages but received no responses in the window, its reward
is fixed at -1 (the worst value) in both reward modes. Otherwise, one of two bounded
shapings is applied.

Absolute reward mode converts a single protocol observation into a score between -1
and 0, where 0 means the protocol performed perfectly and -1 means it performed as badly
as possible. The score is a penalty — the worse the protocol behaved, the more negative it
gets.

To compute this penalty, the system first sets a target budget for each metric —
essentially an acceptable performance threshold. For latency, the budget B, (Eq. 12) is
either:

e alearned threshold: the protocol's recent average latency (tracked as an EWMA —

a smoothed running average) multiplied by a headroom factor of 1.25, giving the
protocol 25% slack above its typical performance, or

e a cold-start fallback: an analytic formula based on a fixed base of 15 ms plus up to
135 ms scaled by normalized payload size, used when not enough data has been
collected yet.

From the observation, three individual penalty components are computed (Eq. 13):

e latPen — how much the measured latency ¢ exceeds the budget B, clipped to [0,
1]. Zero if latency is within budget; 1 if it's at or beyond the budget.

e lossPen — packet loss rate g scaled by 10, clipped to [0, 1]. A loss rate of 10% or
more fully saturates this component (score = 1), meaning the packet loss has a
very high impact on reward.

e thrPen — how far the goodput proxy g falls short of its budget By, clipped to [0, 1].
Zero if throughput meets the target or 1 if it falls to zero.

These three components are combined into a single reward (Eq. 14) using fixed
weights: latency weight w# = 0.45, loss weight wq = 0.35, goodput weight wy = 0.20.
Latency and loss together account for 80% of the score, reflecting that they matter more
than raw throughput on constrained edge links. The division by the sum of weights is
technically an identity at the defaults (they already sum to 1), but is kept explicitly so the
reward stays bounded if we decide to adjust the weights.

B, = baseMs + scaleMs - payloadNorm, or B, = ewma, - headroom, (12)

?
latPen = clip (—, 0, 1) ;
B,
lossPen = clip(10 g, 0, 1); (13)

thrPen = clip <1 — i, 0, 1),
By
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wp - latPen + wy - lossPen + wy, - thrPen
, 01 (14)

T, = —cli
abs p( Wy + wy +wy

The EWMA (Exponentially Weighted Moving Average) baselines used for the
budgets are updated each round using (Eq. 15) with smoothing factor § = 0.20 — meaning
each new observation contributes 20% to the running estimate and the previous average
retains 80%.

me (1 —-pB)-m+p-obs, [ =EWMA factor, default 0.20 (15)

Relative reward mode uses the same observation and running averages, but instead
of scoring against a predefined baseline, it scores the protocol relative to the other
candidate protocols. This mode activates once at least two arms have accumulated enough
observations to have stable EWMA baselines in the current payload bucket.

The comparison baselines — med,, med,;, med; — are the medians of the ready arms
EWMA values that were measured by now. They represent the typical performance level
of the available protocols as seen so far.

Three advantage signals are computed (Eq. 16):

A, — log-ratio of the peer median latency to this arm's latency. Positive when this arm
is faster than the median.

Ay — log-ratio of this arm's goodput proxy to the peer median. Positive when this arm
has higher throughput.

Ag - linear difference between the peer median loss rate and this arm's loss rate,
scaled by 10. Positive when this arm loses fewer packets.

These are combined with the same weights into a single advantage A (Eqg. 17).

=10 (™. 4 —in(—9). 4 = (med 10 16
=T ) 9T M ned, )’ o = (medg =q)- 10, "o

wp-Ap+w, A +w, A
A=t 4 a9 "9 (17)
Wp + wq + Wy

Because 4 is on an arbitrary scale, it is normalized (Eq. 18) by centering on the median
advantage across all ready arms and dividing by a robust spread measure (MAD — median
absolute deviation, floored at 0.02 to avoid division by near-zero). This makes the score
comparable across different operating regimes.

~ —c
¢ = median(4;); s = max(median |A; — c|, minSpread); A = — (18)

The normalized advantage is then passed through a tanh function clipped to [-1, 1]
(Eq. 19), with a gain of 2.0 that sharpens separation between protocols that are close in
performance. Unlike the absolute reward (always < 0), the relative reward can be positive;
a protocol that outperforms its peers gets a positive score, which more aggressively steers
the bandit toward the best option in a stable environment.
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Trel = tanh(gain . Z) (19)

Until two baselines are ready, the controller falls back to the absolute reward. The
relative reward lies in [-1, 1] and can be positive when a protocol beats the current peer
median, sharpening the separation between near-tied arms in a stable regime; because
the baseline is online and payload-bucket-specific, relative reward values are comparable
within a regime but not across unrelated regimes.

Bayesian prior warm-start

The LinUCB selector normally starts with no knowledge about which protocol is good.
At the beginning of a run, all protocol arms have almost the same model parameters, so
the selector must spend some time exploring all the protocols before it can learn which one
performs best. This early exploration phase wastes time and may deliver poor performance
in the first few runs. To reduce this cost, each protocol arm is pre-loaded with a starting
model fitted from historical (non-adaptive) benchmark data. This technique — seeding a
bandit from past observations — is a well-established way to shorten the exploration phase
[20].

The pre-loading works as follows: for each protocol separately, a ridge regression
model [16] is fitted on the historical data. Its target is an offline utility score, a single number
that summarizes how well a protocol behaved in the past. This score combines three
factors:

¢ Reliability — how often the protocol succeeded without errors

e Tail-latency sigmoid — a smooth penalty for high worst-case latency (using a

sigmoid so the penalty grows gradually, not as a hard cutoff)

e CPU headroom — how much processing capacity was left unused

This offline score uses the same input features as the online model, but it is a
different quantity from the online reward computed in equations (Eq. 14) and (Eq. 19) —
it is only used to initialize the model, not during live operation. The target y in (Eq. 20)
multiplies a reliability term (1 — loss), a tail-latency sigmoid o(—pg9/T), and a CPU
headroom term (1 — cpu), and the model parameters 6 are found by ridge regression
with regularizer A:

. -p
ming ) (v = 0"x)? + 6N, y = (1= loss) -0 (—22) - (1= cpw),  (20)
L

where o is the logistic function, T is an RTT decay scale in milliseconds, A is the ridge
regularizer, and loss and CPU are normalized fractions in [0, 1]. The prior JSON used at
runtime stores fitted vectors )., keyed by protocol, together with metadata such as d,
Tms> and A. At runtime, each arm is initialized so that its ridge state algebraically encodes
the prior; the online controller loads the 6 vectors and does not re-fit the offline prior. Setting
the initial state to a scaled identity and a scaled prior:

0 0
AP =51, b =5-0ppi0r 21)

Substituting the initial values from (Eq. 21) into the standard parameter update (Eq. 5)
confirms that the model starts at exactly the prior vector:

0 _
ch ) = (s-1) 1 (S : Qprior) = eprior- (22)
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The initial setup encodes the prior knowledge directly into the model's starting state.
Before any real data arrives, the model behaves as if it has already seen s observations
consistent with the prior. The scalar s (default 1.0) controls how strongly the prior holds: a
larger s means each new real observation has less relative influence, so the model takes
longer to drift away from the prior. As more data accumulates, the prior's influence fades
naturally.

One practical note: the per-tick decay step (which gradually reduces the weight of old
observations) can run before the first real score is logged, so equations (Eq. 21) and (Eq.
22) describe the initialization state.

Finally, if a prior file is specified but fails to load, the system stops execution. This
ensures a warm-start run is never accidentally treated as a cold one.

Safety and viability filter

Learning and reliability are kept separate. Before the bandit index (Eq. 6) is
compared, a viability filter removes protocols that must not be selected in the current
context, independently of their estimated reward: CoAP is hard-excluded for any payload
strictly above a fixed 1900 B limit, an arm whose recent loss exceeds a threshold or
whose recent receive count is zero (after a minimum sample count) is gated, and a gated
arm enters a cooldown whose duration grows by exponential backoff on consecutive gate
fires and resets after a healthy window. If every candidate is filtered out, the controller
falls back to a configured safe-default protocol. This filter is a hard constraint applied to
the action set before the reward calculation. Keeping the safety constraint outside the
learned objective, rather than encoding it as a conservative reward penalty as in
conservative-bandit formulations [21], means safety does not depend on the learner
having converged.

Reference testbed

The formulation above is implemented in a working multi-protocol benchmark stack.
The testbed consists of two edge devices — a Raspberry Pi 5 Model B (8 GB RAM, Gigabit
Ethernet) and a Raspberry Pi Zero 2 W (512 MB RAM, 2.4 GHz Wi-Fi) — and a
laptop/desktop client on Gigabit Ethernet. A deterministic offline replay harness drives the
identical production selector against per-protocol isolated-baseline traces, enabling
parameter studies without re-running on hardware. The selective worked examples
reported below exercise this testbed only to make the formulation's moving parts
observable on real traffic; the exhaustive payload/rate sweep, the replay parameter study,
and the reward-shaping and exploration-coefficient sensitivity analyses are deferred to the
companion paper. The software stack is implemented in Kotlin 1.9.22 (JVM 17). Transport
client library versions: gRPC-Netty 1.62.2 and Protobuf 3.25.3 (QRPC and gRPC-bidi),
HiveMQ MQTT Client 1.3.3 (MQTT), Eclipse Californium 3.9.0 (CoAP), and the Java built-
in HTTP server from JDK 17 (HTTP).

Code and data availability

The selector implementation, the multi-protocol benchmark stack, and the decision
logs used for the worked examples reported in this paper are publicly available at
https://github.com/lemberh/proto-bench-pub/releases/tag/ELIT 2026Q2 publication.
The repository provides the LinUCB selector, the per-protocol isolated-baseline traces,
and the deterministic offline replay harness, enabling full reproduction of the reported
results given the same configuration and candidate protocols. Also referenced version of
the repository contains test results used in this paper and decision logs in the bench-
runner/results directory.
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RESULTS AND DISCUSSION

This paper is the foundational first part of a two-part series; its purpose is to establish
the methodology and to demonstrate it on isolated worked examples. The reference
testbed described above is exercised on the two heterogeneous edge devices — a
Raspberry Pi 5 Model B on Gigabit Ethernet and a Raspberry Pi Zero 2 W on 2.4 GHz Wi-
Fi — with a laptop client. Unless stated otherwise, the adaptive examples below use
throughput mode with throughputMaxinFlight =1 where applicable, LinUCB with --
banditAlpha 0.5 (alpha=0.5), --banditDecay 0.99 (decay factor y=0.99), --
banditRewardMode relative, and the five logged candidate protocols {gRPC, gRPC-bidi,
MQTT, CoAP, HTTP}. The results below are deliberately selective: a baseline
characterization that motivates the formulation, two decision-log walkthroughs that make
the LinUCB index and the Bayesian warm-start observable, and an isolated-baseline
reading of the selected runs. The exhaustive payload/rate sweep, the offline-replay
parameter study, and the reward-shaping and a/y sensitivity analyses are the subject of
the companion paper and are not claimed here.

Baseline regime dependence

The isolated baseline results confirm that protocol performance is regime-dependent.
Across the Raspberry Pi 5B and Raspberry Pi Zero 2W runs, the protocol minimizing
median round-trip time is often not the protocol minimizing tail round-trip time, maximizing
throughput, or minimizing edge CPU. The resulting winner grid (Fig. 1) changes across
payloads and devices, which rules out a single globally optimal transport and motivates
adaptive selection at decision ticks. These results confirm empirically what the Introduction
asserts: optimal protocol choice is context-dependent, and a context-conditioned learner is
therefore the correct instrument to select the optimal protocol, not a fixed selection or a
statically weighted rule.

Safety gates are empirically justified

The separation between learning and reliability in the Materials and Methods section
is not only a modeling choice; it is supported by the measurements. In our experimental
setup, CoAP shows a sharp loss cliff when the payload approaches and exceeds the
supported message-size region around 1900 B (Fig. 2). Below this boundary, CoAP
remains competitive and can provide low-latency communication for small messages.
Once the payload moves beyond the supported range, however, loss increases abruptly
and can approach total failure.

This behavior should not be interpreted as a universal fixed limit of the CoAP protocol
itself. The observed cliff is implementation- and platform-dependent. CoAP performance
near large payloads is affected by the endpoint configuration and library behavior, including
message-size limits, resource-body limits, block-wise transfer handling, UDP packet sizing
and fragmentation, receive buffers, timeout behavior, and memory available on the edge
device. These factors may differ across hardware platforms, operating systems,
programming languages, and CoAP libraries.

The CoAP result illustrates why the selector must distinguish between learning which
admissible protocol is best and detecting protocols that are no longer operationally safe.
When a protocol enters a failure region caused by payload limits or resource constraints,
continued exploration does not provide useful performance information. Instead, it mostly
produces failed requests and distorted reward observations. A soft reward penalty alone is
insufficient in this case: LinUCB may still occasionally re-sample a mechanically failing arm
because exploration is part of its decision rule.
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Fig. 1. Best-protocol grid by payload size and optimization objective (p5q RTT, pgg RTT, throughput, edge CPU):
(a) Raspberry Pi 5B; (b) Raspberry Pi Zero 2 W. The winning transport changes across cells, so no single
protocol dominates.

LinUCB convergence: a worked example

A clean convergence example is the Raspberry Pi Zero 2 W throughput run at a 256
B payload. Its decision log contains 282 scored UCB decision entries, excluding
fallback/event records, with 51 switches; the selected-arm share concentrates on CoAP
(=78.7 %), with MQTT (=9.6 %) and gRPC-bidi (=8.9 %) absorbing most of the remainder.
The aggregate outcome is psg = 3.548 ms, pgg = 18.336 ms, throughput = 198.6 msg/s,
and zero effective loss. Fig. 3 plots the per-arm total UCB index over time. The controller
begins in an exploration-dominated phase in which the indices are close and selection
alternates, then the exploitation term 8"x separates the arms and selection concentrates
on the context-conditioned best protocol. This is the exploitation/exploration decomposition
of the UCB index made directly observable on real traffic, and it shows that the bandit
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leaves its initial exploration phase and locks onto a strong arm for the observed context
without external tuning.

100 A - - i, a0 o o o
X 801
(0]
-
°
w 001 —e— COAP on Pi 5B
8 —— COAP on Pi Zero W
E 40 - ---- hard-exclusion gate (1900 B)
>
2
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“ © 4 Q Q
K > © 3 N~
Payload size

Fig. 2. CoAP message-loss rate versus payload size. The sharp drop just above the 1900 B supported message
boundary motivates the hard CoAP payload exclusion (for payloads strictly above 1900 B) in the viability
filter, independent of estimated reward.
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Fig. 3. Per-arm total UCB index over the decision sequence for the Raspberry Pi Zero 2 W 256 B throughput run
(282 scored decisions, 51 switches). Each curve is the total index for one protocol arm; the controller
begins in an exploration-dominated phase where indices are near-tied and selection alternates, after
which the exploitation term (8"x) separates the arms and selection concentrates on CoAP (=78.7% share;

MQTT =9.6%, gRPC-bidi =8.9%). Aggregate outcome: psg=3.548 ms, pPgg =18.336 ms,
throughput = 198.6 msg/s, zero effective loss.

Cold-start path dependence

The Pi 5B adaptive sweep illustrates the cold-start behavior of an online learner. At
1900 B, two cold runs followed different trajectories: run 1 concentrated on MQTT (75.3 %
share) and missed the isolated-baseline envelope — pso 3.271 ms, a +37.8 % pso gap
against the CoAP ps reference (CoAP is still admissible at exactly 1900 B — the hard filter
excludes it only strictly above that limit — so it is a legitimate reference here) and a +30.7 %
throughput gap against the best logged-candidate reference, gRPC-bidi, while run 2
concentrated on gRPC (90.2 % share) and recovered to near-reference performance (psq
2.397 ms, +1.0 % gap; throughput gap +2.9 %). At 8000 B both repeated runs stayed close
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to the isolated-baseline envelope despite different gRPC/gRPC-bidi shares at 128000 B
the adaptive runs showed moderate ps, gap (= +8 %) but a pgg that was 8-13 % below the
isolated HTTP pgg suggesting that looking at median latency alone misses part of the
picture, and that the isolated baselines should be read as reference points, not as a head-
to-head comparison run at the same time Fig. 4 (a—d) shows which protocol was chosen
at each decision step for these difficult cases, and Table 1 puts numbers on how far they
were from the baselines. Bad outcome of run-1 is left in deliberately, it is proof that the
learner can go wrong early on when it has little data, and leaving it out would make the
method look more reliable than it is at startup.

Bayesian prior initialization

The Raspberry Pi Zero 2 W 8000 B comparison gives the clearest evidence that
prior initialization changes early adaptive behavior, and it links directly to the warm-start
identity (Eq. 21) and (Eq. 22). The no-prior pair converged almost entirely to HTTP (82.8
% and 99.0 % share) and produced higher median and tail RTT; with the prior enabled,
the selected-arm distribution shifted toward gRPC/gRPC-bidi. Averaged across the two
runs in each condition (n = 2 runs per condition, single host and payload, no confidence
intervals — these figures are illustrative of the proof-of-concept), the prior increased

H gRPC mgRPC bidi m MQTT m CoAP mHTTP
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0%
Om m 2m 3m 4m s5m d)

Fig. 4. Selected-arm convergence for the Raspberry Pi 5B hard cases, showing which protocol was chosen at
each decision step: (a) 1900 B, cold-start run 1 — selection concentrates on MQTT (=75.3% share),

missing the isolated-baseline envelope (psq 3.271 ms, +37.8% pso gap vs. the CoAP reference); (b)
1900 B, cold-start run 2 — selection concentrates on gRPC (=90.2% share) and recovers to near-reference
performance (pso 2.397 ms, +1.0% gap); (c) 8000 B — selection settles on gRPC-bidi, staying close to
the isolated-baseline envelope; (d) 128000 B — selection concentrates on gRPC, with a moderate ps
gap (=+8%) while pgg runs 8-13% below the isolated HTTP pgq. The (a)/(b) pair shows divergent cold-
start trajectories from identical starting conditions.

EnekTpoHika Ta iHpopmaUinHi TexHonorii « 2026 « Bunyck 34 157



Roman Nazarevych & lvan Bolesta

Table 1. Selected adaptive runs versus the isolated-protocol baseline reference

Host Payload Run/  Dominant Pso DPsogap Tputgap  pgg Vs

(B) prior arm (ms) (%) (%) ref. (%)
pise 1900 unt MQIT 5570 4378 4307  +1895
no prior 75.3 %
: run 2, gRPC
PisB 1000 ST og 2397 +1.0 +2.9 2.2
. run 2, gRPC-bidi
PisB 8000 ST U T 4144 w14 1.4 1.8
PisB 128000 N2 GRPC - oh000  4g3 +5.1 ~13.4
no prior 84.5 %
PiZero  ghgq Moprior - HTTP- 45 401 +14.9.23 +14.207 +80.104
2W (mean) dominated
Pi Zero prior gRPC/ _ _
sw_ 8000 (POO RnChig 10638 ~13.453 -1.6.+46 +27.46

Note: reference = mean of three isolated baseline runs for the same host and payload; positive = worse than reference.

throughput by 19.2 % (70.5 — 84.1 msg/s), decreased psq by 14.2 % (12.40 — 10.64
ms), and decreased pqq by 28.9 % (50.43 — 35.87 ms); mean edge CPU rose slightly
(8.90 % — 9.26 %), which is reported as an explicit trade-off rather than hidden. Fig. 5
(per-arm total index) and Fig. 6 (selected-arm distribution) show that the prior front-loads
useful exploitation by initializing each arm from the offline prior, while online evidence still
revises the ranking, exactly the graceful-fade behaviour the prior-strength scalar is
designed to produce.

Isolated-baseline interpretation and limitations

The results show that no single application protocol is always the best choice. Protocol
performance changes with the operating conditions, such as the device, payload size, and
measured metric. For this reason, we evaluate the adaptive LinUCB runs against an
isolated baseline envelope. This envelope is built by taking the best fixed protocol for each
host, payload size, and metric from the isolated baseline experiments.

This comparison helps show how close the adaptive selector comes to the best
observed fixed protocol result in each case. In many selected runs, the adaptive method
performs near this reference envelope. At the same time, the results also show the
expected weakness of an online learner at the start of a run: before enough evidence has
been collected, early decisions can depend strongly on the first observations.

This baseline should not be interpreted as a direct competitor measured under the
same conditions. The fixed-protocol baselines were measured separately and sequentially,
while the adaptive selector made decisions inside its own run. Therefore, the baseline
envelope is used as a reference for interpretation, not as a true simultaneous
counterfactual. For this reason, we do not claim that the adaptive method always
outperforms the best fixed protocol.

Five limitations are important in this interpretation.

e First, cold-start behavior can lead to poor early choices. The Pi 5B result at 1900 B

in run 1 is kept showing that the learning path can depend on the evidence
collected at the beginning of the run.
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Fig. 5. Per-arm total UCB index over time for the Raspberry Pi Zero 2 W at 8000 B, showing how the Bayesian
warm-start reshapes early exploitation: (a) no prior, run 1 — the index trajectories keep HTTP ahead
through the cold-start phase, matching the HTTP-dominated selection in Fig. 6-a; (b) no prior, run 2 — the
second no-prior run shows the same qualitative HTTP-leading trajectory; (c) with prior, run 1 — the warm-
start initializes each arm from the offline prior, front-loading the gRPC/gRPC-bidi indices and shifting the
initial policy away from the HTTP-dominated cold trajectory; (d) with prior, run 2 — the second prior-
enabled run shows the same qualitative front-loaded gRPC/gRPC-bidi indices, with the warm-start
redirecting early exploitation in this run as well.

e Second, a Bayesian prior can improve some performance metrics while worsening
others. In the Raspberry Pi Zero 2 W 8000 B case, the prior improves throughput,
median latency (psg), and tail latency (pgg), but slightly increases mean CPU
usage. Whether this trade-off is acceptable depends on the system objective. For
a CPU-constrained edge device, the operator may prefer a different balance.

e Third, the CoAP loss cliff should not be read as a failure of the bandit learner.
Instead, it shows that some protocols can become mechanically unsuitable in
certain regimes. Such cases must be handled by a hard viability filter that removes
unsafe or non-viable actions, rather than relying only on a softer reward penalty.

e Fourth, the reported warm-start gains are illustrative rather than statistically
characterized. The throughput, psq, and pgg improvements above are averaged
over only two runs in a single host and payload condition, without confidence
intervals or multi-seed replication. A systematic multi-seed study with variance
estimates is deferred to the companion paper.
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Fig. 6. Selected-arm distribution over time for the Raspberry Pi Zero 2 W at 8000 B, no prior versus Bayesian
warm-start: (a) no prior, run 1 — selection collapses almost entirely onto HTTP, reflecting the cold-start
trajectory before sufficient online evidence is gathered, with gRPC and gRPC-bidi receiving few selections
and yielding higher median and tail RTT; (b) no prior, run 2 — the second no-prior run shows the same
qualitative HTTP-dominated pattern; (c) with prior, run 1 — the warm-start shifts the distribution away from
HTTP toward gRPC/gRPC-bidi as each arm is initialized from the offline prior, front-loading exploitation
while online evidence still revises the ranking, lowering median and tail RTT and raising throughput; (d)
with prior, run 2 — the second prior-enabled run shows the same qualitative shift toward gRPC/gRPC-bidi,
consistent with the throughput and RTT gains reported across the two-run average.

e Fifth, on wired-link deployments (such as tested Raspberry Pi 5B connected via
Gigabit Ethernet), the context collapses to [payloadNorm, bias], as noted in the
Methods. The worked examples reported here are therefore not an evaluation of
the full four-dimensional context under wired conditions: the Pi 5B results reflect
only payload-driven arm discrimination, not link-quality discrimination. A wired-
aware context extension is planned for the companion paper.

Overall, these examples make the main parts of the approach visible on real hardware:
the balance between exploration and exploitation in the UCB score, the effect of Bayesian
warm-starting, and the separation between learning and safety constraints. They also
define the baseline interpretation used for the broader evaluation in the companion study,
including payload and rate sweeps, offline replay experiments, reward-shaping
comparisons, and exploration-parameter ablations.

CONCLUSION

We have established the theoretical foundation for an adaptive protocol selection layer
for cloud—edge data delivery. Transport choice at adaptive decision ticks is cast as a
contextual multi-armed bandit and solved with LinUCB, whose decision index cleanly
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separates exploitation (the ridge estimate 67x) from exploration (the uncertainty width

a - xTA™'x. The context is a compact four-dimensional vector, the reward captures tail
latency, packet loss, and throughput in two bounded formulations an absolute mode that
scores each protocol against fixed thresholds, and a relative mode that scores it against
the current field. Non-stationarity is handled by a geometric decay that gradually discounts
old observations. A Bayesian warm start lets the selector begin from an offline prior and
shift toward live data at a tunable rate. Unsafe protocols are blocked by a hard filter before
the learner acts, meaning the safety is not mixed into the reward signal. The implementation
supports five concrete transports. Each formula in the paper has a direct counterpart in the
code, so the results are fully reproducible given the same configuration and candidate
protocols. We validated the formulation on a heterogeneous Raspberry Pi 5B / Raspberry
Pi Zero 2 W testbed, showing regime dependence in the baselines, the
exploitation/exploration split in the decision logs, and cold-start path dependence in the
repeated runs. The companion paper will report the full payload/rate sweep, the replay
parameter study, and the reward-shaping and exploration-coefficient sensitivity analyses
and will extend the evaluation to dynamic conditions including mid-run wireless network
changes and varying payload sizes within a single run. It will also extend the context vector
for wired-link deployments — replacing the two Wi-Fi features with wired-link analogues
(interface speed, instantaneous goodput, link-saturation indicator) already exposed by the
edge reporter. This paper's formulation serves as the fixed methodological baseline for that
study.
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METOA AOANTUBHOIO BUBOPY MNMPOTOKOIB AJ1A KOHTEKCTHO-
3ANEXHOI NEPEQAYI OAHUX Y XMAPHO-NEPU®EPIMHUX CACTEMAX
HA OCHOBI KOHTEKCTHOIO BAHOUTA 3 BAECOBOIO AIMNPIOPHOIO
IHILIANI3ALIEO

PomaH Ha3apeeuy, IeaH bonecma

Kagpedpa padiogpisuku ma komm'romepHUX mexHoroaid,
Jibsiecbkull HayioHanbHUl yHieepcumem imeHi lIeaHa ®paHka,
8yrn. 2eH. TapHaecbkoeo, 107, Jlbeie, 79017, YkpaiHa

AHOTALIA

BeTyn. [NpoaykTMBHICTL NPOTOKOMIB Y XMapHO-nepudepinHux cnuctemax 3anexuTb Big
pPO3Mipy KOPUCHOrO HaBaHTaXEHHs, iIHTEHCUBHOCTI nepefaBaHHs, TUMY KaHamny Ta SKOCTi
curHany. ToMy NpoToKoM, ONTUMarnbHWIN 3a 3aTPUMKOLO, BTpaTaMmu abo BUTpaTaMu npoLiecop-
HOro Yacy, 3MiHIETbCSI pa3oM 3 yMoBaMu poboTH, a paHXyBaHHsI 32 XBOCTOBO 3aTPUMKOH
MOXe He 3biratnucs 3 paHXyBaHHAM 3a MediaHHo. CTaTuyHi MexaHiamu i (ikcoBaHi eBpuc-
TUKM He 3abe3nevyroTb HanexHoi aganTauii, a OinblWiCTb HAsIBHUX «a4anTUBHUX» PilLEHb €
[eTepMiHOBaHUMM OLiHIOBa4aMu, @ He CUCTEMaMM OHNaMH-HaBYaHHS. Y cTaTTi 06rpyHTOBaHO
afanTVBHUIA MeTof, WO hopmyIntoe BUBIp NPOTOKOMY SiK 3a4ady OHNManiH-MPUAHATTS pilleHb
3a 4aCTKOBOrO 3BOPOTHOro 3B’A3Ky. MeTog npoAEeMOHCTPOBAHO Ha  KOHLUEeNTyarbHUX
npuknagax; NoBHy ekcnepyMMeHTanbHy oLiHKy Oyae HaBe4eHO B CynpoBigHii cTaTTi.

Martepiann Ta metogu. BubGip npoTokony ccopmynboBaHO $K 3a4advy KOHTEKCTHOro
Garatopykoro GaHguTa Ans M'ATM TpaHCMopTiB i po3s’sizaHo anroputmMom LinUCB. KoxeH
MPOTOKON MOAEMIETLCH OKPEMO rpebeHeBo perpecieto 3 BEpXHbLOH [JOBIPHOK MEXELD,
napamMeTpu sIKoi 0BUMCTIIOTLCS MeToaoM ['ayca. KOHTEKCT OXOnmtoe NorapudMiyHo HopmMari-
30BaHU PO3MIp KOPUCHOIO HaBaHTaXEHHs1, HopMani3oBaHi piBeHb Wi-Fi-curHany Ta WwBeuakicTb
nepefaBaHHs, a TakoX BiNbHWUI YneH. BuHaropoaa BpaxoBye MefiaHHy 1 XBOCTOBY 3aTPUMKY,
KOPWUCHY MPOMNYCKHY 34aTHICTb | BTpaTW. HecTauioHapHICTb MOAEMNETECA FEOMETPUYHUM
3racaHHsIM, a GaecoBa anpiopHa iHilianisauis 3agae no4yaTtkoBi MapameTpu perpecii Yepes
MaTpuLto ToyHOCTi. OCKinbKM 3racaHHs 3aCTOCOBYETLCS MOKPOKOBO, anpiopHe 3HaHHS MoXe
nocnabnioBaTncs Le 40 NepLuoi ouiHk1. PopMynM y3rofkeHi 3 mporpaMHoto pearisaujieto.
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Roman Nazarevych & lvan Bolesta

PesynbTatTm Ta o06GroBopeHHA. 3anpornoHoBaHy dopmanisauilo ans m'amm
TPaHCMOPTHMX MPOTOKOIIB MPOOAEMOHCTPOBAHO Ha i30MbOBaHMX EKCMEPUMEHTarNbHUX
npuknagax i3 BUKOpUCTaHHAM ogHonnaTHUX komn'toTepiB Raspberry Pi 5B Ta Pi Zero 2 W.
Y XKypHanax ajanTuBHOro BMOOPY po3rnsadanu M'ATb NPOTOKOMIB NepefaBaHHA AaHuX:
gRPC, gRPC-bidi, MQTT, CoAP i HTTP. ba3soBi ekcnepumeHTM nigTBEpAMNU, LWLO
ONTUManbHUA MPOTOKON 3anexuTb Bif, PO3MiPy KOPUCHOIO HaBaHTaXEeHHS, anapaTtHoi
nnatdopmu Ta LiNboBOI YHKLUii. AHani3 XypHanie nokasas, WO B CTabiNbHUX pexumax
LinUCB 3ocepepxye Bubip Ha NpoToKoni, HanedeKTUBHILLOMY Ansi MOTOYHOIO KOHTEKCTY.
BogHoyac npuknag HeBAanoro XOnogHOro CTapTy MPOAEMOHCTPYBaB  YyTUBICTb
anroputMy A0 paHHiX crnoctepexeHb. baecoBa anpiopHa iHiuianizauia 3meHwwuna uen
edeKT i noninwmnia NokasHUKM 3aTPUMKK Ta NPOMYCKHOI 30aTHOCTI HA MOYaTKOBOMY eTani.

BucHoBkn. Y cTaTTi 3anponoHoBaHO BiATBOpPtOBaHE (HOPMYINIOBaHHSA adanTUBHOMO
BMOOpY NpOTOKOMY AN nepefaBaHHA AaHUX MK XMapHUMU Ta nepudepiiinMn By3namm
Ha OCHOBI KOHTEKCTHOro Garatopykoro 6aHouTa 3 6aecoBO anpiopHOHO iHilianisadieto.
BusHayeHHss KOHTEKCTY, (YHKUii BuHaropogu Ta cTpaTerii AocnigxeHHs 3abeanevye
HesarnexHe BiATBOPeHHs MeToay N (hopMye OCHOBY ANSA AOCHIOKEHHS B CyNpOBIAHIM CTaTTi.

Knro4oei crnoea: koHTekcTHui GaHout, LinUCB, apanTtvBHui BuGip npoTokony,
XMapHo-nepudepiiHi cnctemun, 6aecoBuii anpiopHUA Po3noain, KOMMNpPoMic
AOCniAXeHHs—eKcnnyaTauis.
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ABSTRACT

Background. For an adequate description of complex systems, it is necessary to use
significantly nonlinear mathematical models. An effective approach to the identification of
such models is the use of optimization procedures based on various optimization methods.
For the comprehensive implementation of these procedures, it is necessary to create
software that meets modern trends in the field of computer modeling.

Materials and Methods. To identify models, various optimization algorithms are used,
which are developed within the framework of various optimization methods, in particular,
within the framework of quasi-Newton methods or stochastic methods. The article considers
the BFGS, L-BFGS, and L-BFGS-B algorithms, which belong to the first class of methods,
and algorithms that implement the stochastic directed cone method, namely: the basic
algorithm and its three modifications. A researcher engaged in mathematical modeling
selects one of the software-implemented optimization algorithms that best corresponds to
the formulated modeling problem. To do this, he must be able to evaluate the qualitative
indicators of these algorithms, which are integrated in a single software environment.

Results and Discussion. The software environment for the identification of
mathematical models using optimization procedures, in addition to the specific features
associated with identification, must comply with modern programming paradigms and their
use. In view of this, it is proposed to use the Python programming environment for its
creation. The structure of the software subsystem that implements the selection of the type
of mathematical model, its structural and parametric identification and evaluation, as well as
integration with other subsystems of the created software environment, is considered.
General requirements for ensuring its functionality are formulated. The prospects for the
application of cloud IT and Al are considered.

Conclusion. The proposed software and architectural solutions allow creating a
software environment that will significantly facilitate the process of computer-generated
mathematical models of various complex systems. At the same time, it remains open for
further modernization and expansion of functionality.

Keywords: mathematical model, identification, optimization algorithms, software,
architecture.

INTRODUCTION

A large number of real objects and processes are considered complex abstract
systems, which are described using nonlinear mathematical models. The process of

© 2026 Bohdan Melnyk. Published by the Ivan Franko National University of Lviv on behalf of
@ ® EnexTtpoHika Ta iHdopmauinHi TexHonorii / Electronics and Information Technologies. This is an Open
Access article distributed under the terms of the Creative Commons Attribution 4.0 License which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly

cited.

ISSN 2224-088X (print) « ISSN 2224-0888 (on-line) 165


http://publications.lnu.edu.ua/collections/index.php/electronics/index
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.30970/eli.34.10
https://orcid.org/0000-0001-6399-6317
mailto:bohdan.melnyk@lnu.edu.ua

Bohdan Melnyk

constructing a mathematical model is multi-stage and significantly depends on the nature
of the processes being modeled, as well as on the applied modeling approaches [1, 2].

In the case when it is difficult to describe the structure of the internal connections of
the system or it is not advisable from the researcher's point of view, a mathematical model
of the “black box” type is used [3]. In the multidimensional case, such a model uses as
variables input signals[vy, v,, ..., v,,]7 = ¥ (external disturbances that affect the behavior
of the system), output signals [y;,y5, ..., m]" = ¥, which reflect the external reaction of
the system to external influences, state variables [x;, x5, ..., xr]T = X (formal variables that
in a certain way reflect the internal state of the system), as well as equation coefficients
[p1, P2, -, Ds]T = B, which reflect the relationship between variables (model parameters).

If a dynamic system is considered, then the values of the variables change over time.
In the case of fixing the values of these variables at specific points in time, a discrete model
is used. The general form of a discrete model of the “black box” type with constant
parameters is as follows

§ = f(g(k)’,-g(k),ﬁ)’ (1)

where 0, 3 () gre respectively, the vectors of output and input signals, as well as
the vector of state variables, which are defined at the k-th time instant (k = 1, N, N is the
number of time instants at which the values of the vector components are defined); p is

the vector of model parameters; f(-) is a certain vector function, the components of which
describe the relationships between the variables.

In the process of building a mathematical model, two important stages can be
distinguished among others: the stage of structural identification of the model and the stage
of parametric identification of the model [4, 5]. At the stage of structural identification, the

form of equations in f(-) is selected. This choice significantly depends on the specific
formulation of the modeling problem. In the general case, these equations are nonlinear.
At the stage of parametric identification, the values of the model parameters are
determined. Parametric identification procedures can be carried out either sequentially
after the completion of all structural identification procedures, or in parallel with individual
ones [5].

Currently, a number of methods are used for structural identification of mathematical
models: methods of reduction and complication of the model structure (MSR and MSC),
group method of data handling (GMDH), genetic algorithms (GA), methods based on the
principles of self-organization of multi-agent systems (SO_MAS) [5]. Promising are the
methods of structural identification that use an ontological approach to the construction of
mathematical models [6].

In this article, we will limit ourselves to considering the stage of parametric
identification of models. Therefore, we will assume that the structure of the model is
previously determined on the basis of a detailed study of the behavior of the system or a
certain hypothesis about the formal relationships between its input and output signals.

Note that the results published in this article are a continuation of the research
presented in [7-11].

Different approaches are used for parametric identification of a mathematical model.
In the case of a linear discrete dynamic model in the space of state variables, there is an
effective analytical algorithm for parametric identification of the Ho-Kalman, and for a
bilinear model, the analytical algorithm proposed by Isidori [4] is used. These algorithms
are appropriate to apply at the initial stage of parametric identification of the model if in the
structure of the generally nonlinear model it is possible to clearly distinguish the linear [7]
or bilinear part. Then, the parameters of these parts of the model obtained at this stage are
used as an initial approximation for the identification process of the entire nonlinear model.
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For parametric identification of a mathematical model with a significantly complex
structure, it is necessary to spend significant computational and especially time resources.
This reduces the practical value for the researcher of the modeling process. Therefore, an
approach that involves the formal division of a single complex model into simpler
submodels that are identified in parallel is quite effective [4, 7]. It is obvious that
parallelization of computational procedures accelerates the process of parametric
identification of the entire model. And the implementation of algorithms for determining the
parameters of individual submodels can hypothetically be significantly simplified.
Therefore, the identification process of the general model, even with the need to coordinate
the parameters of the submodels, will require less computational cost.

A big problem for significantly nonlinear models is the lack of universal analytical
algorithms for their parametric identification. The solution to this problem is the use of an
optimization approach. It consists in the fact that as a result of solving the optimization
problem, such model parameters are found that allow it to adequately reproduce real
processes [8]. Usually, the adequacy of a “black box” model is estimated by the deviation
of the real output signals y**) from the simulated output signals y*). The expression that
reflects this deviation defines the objective function in the corresponding optimization
problem:

Q@) = g(||y*® —y3®||) - minQ, (2)

where Q(p) is the objective function, the arguments of which are the parameters of the
model (1); g is a functional of various types, in particular [8], which reflects the deviation of

the real output signals }7*(") from the output signals 37(") of the model (1).

To solve the optimization problem of type (2), various deterministic and stochastic
optimization methods can be used. The choice of a specific method depends on many
circumstances [9]. Therefore, the researcher should be able to choose from some methods
the one that is most successful for the given problem of parametric identification of a
mathematical model. Such a choice involves testing different optimization methods on a
certain class of problems [10]. For this, it is necessary to integrate as many algorithms as
possible that implement these methods and their modifications into a single software
environment [11]. In addition, this environment should be an element of the software
package that is directly used for both creating and using the created models. That is why
the purpose of this article is to design the architecture of this software environment and
develop its individual software modules, which implement and integrate various
optimization algorithms used in the process of parametric identification of mathematical
models of complex objects and processes.

MATERIALS AND METHODS

The defining element of the considered software complex for the identification of
mathematical models is a set of modules that implement optimization algorithms. For
example, we will consider only a few of them. The completed implementation of the created
software complex should cover as many algorithms as possible.

In this article, we focus on three algorithms that are modifications of the deterministic
quasi-Newton method and four variations of the stochastic optimization method. It is
important that deterministic methods have their advantages and disadvantages compared
to stochastic ones [12]. Therefore, in practical mathematical modeling, there is a need to
apply both of these approaches to solving various optimization problems.
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Quasi-Newton methods

A feature of quasi-Newton optimization methods that distinguishes them from
Newtonian methods is that the Hessian matrix is not directly calculated, but is approximated
by another matrix [13]. This, in particular, reduces the computational and time costs of the
optimization process. Examples of quasi-Newton optimization algorithms are the classical
Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm and its modifications, namely,
limited-memory BFGS (L-BFGS) and L-BFGS with box constraints (L-BFGS-B).

BFGS algorithm

As is known, the optimization process is iterative. At each of its iterations, the direction
and step of moving to the minimum point of the objective function at the next iteration are
determined. The direction and step can be determined directly or indirectly through the
parameters of searching for the next point on the trajectory of movement to the minimum,
which are inherent to a particular optimization method.

The BFGS algorithm is based on the idea that at each i-th iteration, the inverse
Hessian matrix is approximated by the approximate matrix B;, which is obtained based on
the calculation of the first partial derivatives of the objective function [14]. As a result, the
direction of further searching for the minimum of the objective function is obtained, and the
values of its arguments are calculated at the i + 1-th iteration. Regarding the optimization
problem of type (2), the vector of parameters of the mathematical model at the i + 1-th
iteration is calculated by the formula

Pi+1 = Di =V Bi - gr (1), 3)

where v is the optimal step length in the chosen search direction; g, (p;) is the gradient
of the objective function Q(p).

L-BFGS algorithm
The basic BFGS algorithm assumes that to determine the matrix B; at the i-th iteration,
it is necessary to store the gradients calculated at all previous iterations. This increases the
memory consumption of the computing system and, as a result, slows down the
optimization process. In the L-BFGS algorithm, this drawback is eliminated by reducing the
number of previous iterations, the results of which must be taken into account at the current
iteration [15].

L-BFGS-B algorithm
The L-BFGS-B algorithm is a modification of the L-BFGS algorithm. It provides for
imposing restrictions on the arguments of the objective function [16], which makes it
possible to make the search for the next point on the path to the minimum more directed.

Software implementation of the quasi-Newton algorithm
The BFGS and L-BFGS-B algorithms are implemented in the scipy.optimize library of
the Python environment. The programmatic call of these algorithms is carried out through
a universal function [17]

minimize(fun, x@, args=(), method=None, jac=None, hess=None, hessp=None,
bounds=None, constraints=(), tol=None, callback=None, options=None),

where the value of parameter method ‘BFGS’ or ‘L-BFGS-B’ indicates the corresponding
algorithm.

Stochastic directed cone methods

In the directed cone method, at each i-th iteration of the main stage of the optimization
process, the further search direction on the way to the minimum point of the objective
function is chosen arbitrarily within a certain cone. The vertex of this cone lies at the point
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p;. The segment of space that limits the cone is determined by its deployment angle ¥;
and height h;. Several random test points are selected based on the cone. Among them,
the one in which the objective function has the smallest value is chosen. It becomes the
vertex of the cone, which is built in the next iteration [4, 8, 10].

Basic algorithm of the directed cone method

The basic algorithm of the directed cone method, proposed by Rastrigin, and its initial
adaptation, carried out by Bukashkin [4, 8], assume that the angle of deployment and the
height of the cone remain constant at all iterations of the optimization process
(¥; = const,h; = const,i = 1,2,...). This makes this process inefficient [9, 10].
Therefore, algorithms have been proposed that provide for the adaptation of the mentioned
optimization parameters to the conditions determined by the current behavior of the
objective function.

Algorithm with adaptation of the search step length
The height of the cone h; basically determines the distance between two neighboring
(i-th and i + 1-th) points on the path of finding the minimum of the objective function.
Therefore, h; can be considered as the search step at the i-th iteration. Depending on the

local behavior of the objective function, the current search step should be adapted
according to the formula [4, 10]

1

t: \z—1
hivqs = hy- <i> : 4)
e

where t; = d/d (d is the total number of attempts made with the search step length h; and
d is the number of successful attempts when the objective function decreased); t.r
(0 <tgr <1)is a parameter that is set to normalize t;; z is the dimensionality of the
objective function.

In general, the search step should be reduced near the minimum point of the objective
function (to determine the minimum as accurately as possible), and at a considerable
distance from the minimum point, on the contrary, it should be increased (to speed up the
optimization process) [11].

Algorithm with simultaneous adaptation of the cone deployment angle and the search
step length

In order to make the optimization process at individual stages, where the objective
function allows, more targeted, it was proposed to reduce the cone deployment angle. Such
angle adaptation is associated with the need for simultaneous adaptation of the search
step length. In this case, a decrease in the cone deployment angle should be accompanied
by a corresponding increase in the search step length and vice versa [4, 8].

It has been experimentally proven that the best result of the optimization search is
achieved when the adaptation at the i-th iteration of the cone deployment angle and the
search step length occurs according to the corresponding formulas [4, 10]

lpi+1 = 611.“_1 - LIJL,, (5)
1
t: \z—-1
Ry = h - <i> 5~ (wa-1), (6)
e
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where § > 1 is some constant (the larger the value of this constant, the faster the cone
deployment angle adapts); a is a coefficient that characterizes the deviation of the cone
axis at two consecutive iterations; u (1 < p < 2) is some coefficient.

Tunneling algorithm
The tunneling algorithm aims to significantly reduce the time of the optimization
process. This is achieved by significantly increasing the search step length in a statistically
justified direction on certain sections of the path to the minimum point of the objective
function [4, 10].

Software implementation of directed cone method algorithms
For the software implementation of the algorithms of the directed cone method,
original software modules were developed. Initially, they were implemented in the Delphi
software environment [18]. For example, below is a fragment of a Delphi program for
calculating a linear dynamic model with constant parameters in the space of state variables:

kD) — .30 4 6. 50 7
5;(k+1) =C- 55(k+1) +D- 1—;(k+1)' (7)

where F, G, C, D are the matrices of model parameters of the corresponding dimensions.

K: TVector;

F, G, C, D: TMatrix;

NewX: TVector;

VectorDeclare(Params.K, 'K', StateDimension);

MatrixDeclare(Params.F, 'F', StateDimension, StateDimension);

MatrixDeclare(Params.G, 'G', StateDimension, InputDimension);
.C, 'c',

1
3

MatrixDeclare(Params.C, ' OutputDimension, StateDimension);
atrixDeclare(Params.D, 'D', OutputDimension, InputDimension);
SetLength(Params.NewX, StateDimension);

var
i, j, k, 1: Integer;
S: Double;
// Calculation of the vector y
for i := @ to OutputDimension - 1 do
begin
S = 0;
for j := @ to StateDimension - 1 do
S :=S + Params.C[i][j] * Params.x[7j];
{
for j := @ to InputDimension - 1 do
S :=S + Params.D[i][]j] * Vv[i];
}
y[i] :='S;
end;

// Calculating the new value of the vector x

for i := @ to StateDimension - 1 do
begin
S := Params.K[i];
for j := @ to StateDimension - 1 do
S :=S + Params.F[i][j] * Params.x[j];
for j := @ to InputDimension - 1 do
S :=S + Params.G[i][j] * v[il;
Params.NewX[i] :=S;
end;
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for i := @ to StateDimension - 1 do
Params.x[i] := Params.NewX[i];

However, later, in order to adapt to modern programming systems, the optimization
algorithms of the directed cone method were modernized and implemented in the Python
environment. This made it possible to integrate these algorithms into a single software
system with other algorithms that are standardly implemented in this environment, for
example, with algorithms of quasi-Newton optimization methods. Note that the created
Python version of the software allows you to import previously programmatically
implemented models in the Delphi environment, in particular the one presented above. This
allows you to use already developed model structures in the Python environment.

Integration of optimization algorithms

For practical modeling, the researcher needs to be given the opportunity to choose
one of several optimization algorithms. Therefore, these algorithms must be integrated with
each other at the software level. The logic of using integrated optimization algorithms in the
process of parametric identification of a mathematical model is reproduced in Fig. 1. This
scheme considers the possibility of choosing among the following optimization algorithms:
two quasi-Newton algorithms — BFGS and L-BFGS-B, and three algorithms of the directed
cone method (DCM) — with adaptation of the search step length (DCM-S), with
simultaneous adaptation of the cone deployment angle and search step length (DCM-A-
S), with tunneling (DCM-T). Note that in the final implementation of the software complex,
it is necessary to provide for the integration of other optimization algorithms.

Selecting a model structure

>

Y

Algorithm

selection Creating the final model

A

A 4 A 4 A A 4 A 4

BFGS L-BFGS-B DCM-s DCM-A-S DCM-T

Y

No  “Modelis
adequate,

Saving calculated
parameters

A

No

algorithm

Fig. 1. The logic of using optimization algorithms integrated in a single software package in the process of
parametric identification of a mathematical model

After selecting the structure of the mathematical model, the researcher selects one of
the listed algorithms. It is used to perform parametric identification of the model. If,
according to the criteria selected by the researcher, the model with the calculated
parameters does not meet the adequacy conditions, the researcher selects another of the
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permissible optimization algorithms. The return to the selection of algorithms can also occur
if the researcher considers it necessary to improve the model parameters. In the case when
the best option, in the researcher's opinion, is achieved, then the final model is formed.

Note that the proposed integration of optimization algorithms allows us to research the
effectiveness of their application on a class of optimization problems using the procedures
proposed in [9].

RESULTS AND DISCUSSION

Programming environment requirements

The previously considered approach to the integration of various optimization
algorithms should be implemented programmatically as one of the modules of a more
complex software system, the purpose of which is to ensure the construction of various
nonlinear mathematical models. Other elements of such a system are modules that
provide: the system's interconnection with automated complexes for conducting physical
experiments, interfaces with information systems, interaction with artificial intelligence (Al),
support for databases (DB) and data warehouses (DW), interaction with widespread
computer modeling systems, support for parallel computing, carrying out the calculations
necessary for the construction and use of mathematical models, and the implementation of
a convenient user interface. In addition, some technological requirements are put forward
for modern software systems that determine the software environment in which these
systems should be created.

In view of this, the programming environment for the developed system of identification
of mathematical models should have a number of defining characteristics. In particular [9]:
support cross-platform [19] object-oriented [20], generalized [21] and procedural
programming [22], the ability to create software in a distributed software environment [23].
For simplicity of software development, it is worth using a high-level programming language
[24]. However, in order for the developed software to effectively use the functions of system
software, in particular, the functions of the operating system, it is necessary that the
programming language has a number of properties of a low-level language [25].

Currently popular programming languages that have the listed properties are Java and
C Sharp (C#). The basic constructs of these languages are borrowed from the C++
language [26]. The ISO/IEC 14882:2024 (C++23) standard is valid for C++ [27].
Standardization stimulates leading software manufacturers, in particular such giants of the
IT industry as IBM, Oracle, Intel, Microsoft, to create their own compilers from C++, or to
support their development within the framework of such projects as LLVM, Embarcadero
[28]. The principles on which the concept of the creation and development of this language
is based provide the possibility of: implementing any algorithms, using any programming
styles, creating an interface with system software, interacting with other programming
languages, and creating high-performance software [29]. The latter property is important
for reducing time costs in the process of solving optimization problems.

It is also important that the MATLAB software environment, popular among a large
number of researchers, is written in C++ and Java [30]. The Simulink visual modeling
package integrated into this environment is a convenient tool for simulating the operation
of various complex objects described by mathematical models [18].

So, taking into account all the previous considerations, it is appropriate to conclude
that it is worth creating the program code of the developed system in a language that is
related to C++ or can easily integrate with it.

Despite the significant capabilities of C-oriented programming languages, a large
number of software developers, particularly in the field of modeling, prefer Python. The
most important reason for the popularity of this language is that it is a high-level language
with a simple but at the same time understandable syntax. In addition, it supports cross-
platform and various programming concepts, which allows it to be used in different
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hardware and software environments to solve different classes of problems [31]. If it is
necessary to use low-level capabilities of the C language or previously created C program
modules in Python, the C Foreign Function Interface (CFFI) for Python is used [32].

A large number of libraries have been developed for the Python language, which
contain various standard functions and fundamental methods for implementing
computational procedures. This makes it easier for the programmer to use them when
solving specific problems. NumPy [33] and SciPy [34] libraries are used for modeling.

The Python programming environment can be easily integrated with other
programming environments used for modeling. For example, in the program code written
in Python, you can use the functions and methods of the MATLAB programming and
numerical computing platform using the MATLAB Engine API for Python, and vice versa,
you can access Python code libraries and constructs from the MATLAB environment by
calling a function with the prefix py. [35].

The disadvantage of the Python programming environment is that it works in
interpreter mode. This reduces the speed of computational procedures, which negatively
affects the effectiveness of the use of optimization methods. To speed up Python programs,
the PyPy interpreter is used, the work of which is accelerated by the Just-in-Time compiler
[36], or the Codon compiler, created based on the byte-coded LLVM [37] or the similar
Numba compiler [38]. In addition to compiling Python code, Codon and Numba provide
parallelization of computational procedures, which further speeds up their execution.

Given that the developed software system must interact at the information level with
other software systems and software environments, it is necessary to ensure the import
and export of data between them. One of the most successful data formats that provides
information coordination of different software environments is the csv (comma-separated
values) format [39]. The standard of this format [40] also provides support for cross-
platform. A file with the .csv extension can be created and edited directly by the user using
standard office applications, for example, in the MS Excel spreadsheet environment [39].
This data format must be accepted by the MATLAB environment [41]. Therefore, it should
be used to prepare data for model identification and export data to environments that these
models use in practice.

Structure of the subsystem for constructing and evaluating a mathematical model

Let us consider the subsystem for constructing and evaluating a mathematical model.

It is part of a more general system that performs a wide range of functions — from the
processing of experimentally obtained data for modeling to the practical application of the
constructed models. Fig. 2 shows the general structure of the subsystem under
consideration.

The subsystem includes the following functional modules:

e Interface module, which provides, on the one hand, user interaction with the
subsystem, and on the other hand, the transmission of user control commands to
other subsystem modules;

e Repository module is a software-implemented repository of model types defined in
the developed software environment or borrowed from outside, which serve as the
basis for the final identification of a specific mathematical model. The model type
here is understood as the form of the mathematical description of the model
(continuous, discrete, differential, integral, interval) and the initial structure of the
model (linear or nonlinear with various types of nonlinearity);

e The selection module provides, at the user's request, the selection from the
repository of the model type that is most advantageous for a specific modeling task;

e The structural identification module implements a user-defined structural identifica-
tion algorithm based on the selected model type. In cases where parallel application
of structural and parametric identification procedures is envisaged, the structural
identification module directly interacts with the parametric identification module;
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Fig. 2. General structure of the subsystem for constructing and evaluating a mathematical model

The parametric identification module implements a user-defined parametric
identification algorithm. An integral part of this module is the module for
implementing optimization algorithms, which was discussed above;

The evaluation module is used to determine the adequacy and accuracy of the

constructed model according to user-defined criteria;

The integration module provides interaction with other subsystems for:

— interpretation of experimental data used to build the model (for example, data
collected during physical experiments or during computer modeling of the
studied processes, in particular in the MATLAB environment);

— software representation of the constructed model for subsystems that use it in
the process of studying the corresponding complex objects.

Technology of using the software environment

The user uses the software environment in interactive mode. The UML use cases
diagram is shown in Fig. 3.

The software environment allows the user to activate the following main options:

import data obtained as a result of physical or computational experiments, which
are used to identify models;

export constructed models to other software environments for their practical
application;

filling the repository of model types;

select the type of models according to the criteria that correspond to the modeling
task;

select the method of structural identification of the model, in particular: MSR [42],
MSC [43], GMDH [44], GA [45], SO_MAS [46];
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e select the method of parametric identification of the model. In the case of using
analytical methods, it is possible to select the Ho-Kalman algorithm [47] or the
Isidori algorithm [48]. In the case of using optimization methods, the selection of
BFGS, L-BFGS-B, DCM-S, and DCM-A-S algorithms is provided. At certain stages
of the optimization process, the DCM-S and DCM-A-S algorithms can be
supplemented with the DCM-T algorithm. If necessary, during parametric
identification of the model, parallel computing algorithms can be used;

¢ evaluate the constructed model according to certain criteria.

Discussion

Modern software must comply with the latest approaches to its creation and use, as
well as IT trends for its future development. Therefore, it is important that the developed
software environment is not only functional and user-friendly but also adapted to modern
requirements. In particular, it must support cloud technologies (CT) and artificial
intelligence (Al) services.

Cloud infrastructure can be implemented on cloud platforms such as Amazon Web
Services, Microsoft Azure [49] or Google Cloud Platform [50]. This infrastructure provides
services such as scalable cloud computing, cloud data storage, supports MapReduce
parallel computing technology [51] and Kubernetes cloud containerization [52], which
provides automation of software deployment, scaling and management in a cloud
environment, provides RESTful API services [53], which in particular allow you to load data
for modeling directly from distributed sensors, and provides integration of the cloud
environment with Python libraries, in particular with Matplotlib and Seaborn libraries [54],
which allow you to visualize the results of modeling.

Integration of Al tools into the developed software environment increases its
intellectualization by adding the function of providing recommendations on modeling
procedures, processes of formalized description of models, and their practical use. The
integration process is carried out using APIs provided by developers of Al chatbots. For
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example, for ChatGPT, OpenAl Corporation provides cloud APIs for various programming
environments, in particular for Python [55].

CONCLUSION

This study attempts to propose architectural and software solutions for creating a
software environment for identifying mathematical models of complex objects, which is
based on the application of an optimization approach. These solutions allow creating
software that provides:

e a choice of a wide range of optimization algorithms that implement various

optimization methods;

e implementation of all computational stages of mathematical model development,
which include structural and parametric identification, parallelization of
computational procedures, and evaluation of the resulting model;

e preparation of input data for modeling and creation of software implementation of
the model for the environments of its use;

¢ integration with other software environments and modeling subsystems.

The choice of the Python programming system is justified, as it allows implementing
all the designed functionality of the software environment and corresponds to the modern
programming paradigm.

Promising directions for future research are formulated, which include the integration
of the developed software into the cloud environment, as well as integration with publicly
available Al mechanisms.

ACKNOWLEDGMENTS AND FUNDING SOURCES

The author received no financial support for the research, authorship, and/or
publication of this article.

COMPLIANCE WITH ETHICAL STANDARDS
The author declares that he has no competing interests.

AUTHOR CONTRIBUTIONS
The author has read and agreed to the published version of the manuscript

REFERENCES

[11 Voronin, A, Lebedeva, I., & Lebedev, S. (2022). A nonlinear mathematical model of
dynamics of production and economic objects. Development Management, 21(2), 8-
15. doi.org/10.57111/devt.20(2).2022.8-15

[2] Batlovskyy, O. O., Foros, G. V., & Siforov, O. |. (2023). Fundamentals of
mathematical modeling. Odesa: OSUIA (in Ukrainian).
https://files.znu.edu.ua/files/Bibliobooks/Inshi78/0058302.pdf (in. Ukr.).

[3] Hassija, V., Chamola, V., Mahapatra, A., Singal, A., Goel, D., Huang, K., ... Hussain,
A. (2023). Interpreting Black-Box Models: A Review on Explainable Artificial
Intelligence. Cognitive Computation. 16, 45—74. doi.org/10.1007/s12-559-023-
10179-8

[4] Stakhiv, P. G., Kozak, Yu. Ya., & Hoholyuk, O. P. (2014). Discrete modeling in
electrical engineering and related fields. Lviv: Publishing House of Lviv Polytechnic
(in Ukrainian).

[5] Dyvak, M.P., Pukas, A.V., Porplytsia, N.P., & Melnyk, A.M. (2021). Applied problems
of structural and parametric identification of interval models of complex objects.
Ternopil: University Thought (in Ukrainian).
http://dspace.wunu.edu.ua/handle/316497/43614

176 Electronics and Information Technologies ¢ 2026 ¢ Issue 34


https://doi.org/10.57111/devt.20(2).2022.8-15
https://files.znu.edu.ua/files/Bibliobooks/Inshi78/0058302.pdf
https://doi.org/10.1007/s12559-023-10179-8?urlappend=%3Futm_source%3Dresearchgate.net%26utm_medium%3Darticle
https://doi.org/10.1007/s12559-023-10179-8?urlappend=%3Futm_source%3Dresearchgate.net%26utm_medium%3Darticle
http://dspace.wunu.edu.ua/handle/316497/43614

Software Environment for Identification of Nonlinear Mathematical Models...

[6] Dyvak, M.P., Melnyk, A.M., Manzhula, V.l., Spivak, l.Ya., & Porplytsia, N.P. (2024).
Knowledge-oriented systems for identification of interval mathematical models of
complex dynamic and static objects. Ternopil: University Thought (in Ukrainian).

[7]1 Stakhiv, P., Melnyk, B., Hoholyuk, O., & Trokhaniak, S. (2024). Application of parallel
computing technology for modelling complex dynamic objects. Computational
problems of electrical engineering, 14 (1), 30-35.
https://doi.org/10.23939/jcpee2024.01.030

[8] Stakhiv, P., Gogoluk, O., Gamola, O., Melnyk, B., Maday, V., & Melnyk, N. (2023)
Application of the Rastrygin’s Method in Modeling of Complex Electrical Systems.
2023 24th International Conference on Computational Problems of Electrical
Engineering (CPEE). Grybéw: IEEE.
https://doi.org/10.1109/CPEE59623.2023.10285315

[91 Melnyk, B., Kozak, Yu., Melnyk, N., Trokhaniak, S., Dyyak, I., & Yatsyshyn, M.
(2025). Research into the Effectiveness of Using the Stochastic Optimization Method
in Constructing Discrete Dynamic Models. 2025 15th International Conference on
Advanced Computer Information Technologies ACIT’25. Sibenik: IEEE, 28-34.
https://doi.org/10.1109/ACIT65614.2025.11185720

[10] Melnyk, B., Dyvak, M., Melnyk, A., Tkacz, E., Banasik, A., Chwal, J., & Dzik, R.
(2025). Application of the Directed Cone Method for the Identification of
Mathematical Models of Electromechanical Systems. Energies, 18, 5949.
doi.org/10.3390/en18225949

[11] Melnyk, B., Stakhiv, P., Melnyk, N., Franko, Yu., Seniv, B., & Martsenyk, Ye. (2024).
Software for Implementing the Directed Cone Optimization Method. 2024 14th
International Conference on Advanced Computer Information Technologies ACIT’24.
Ceske Budejovice: IEEE, 6-12. https://doi.org/10.1109/ACIT62333.2024.10712522

[12] Fulber-Garcia, V., & Aibin, M. (2024). Deterministic and Stochastic Optimization
Methods. Baeldung. https://www.baeldung.com/cs/deterministic-stochastic-
optimization

[13] Steven, G. J. (2019). Quasi-Newton optimization: Origin of the BFGS update. Notes
for 18.335 at MIT. https://qithub.com/mitmath/18335/blob/spring21/notes/BFGS.pdf

[14] Dai, Y.-H. (2006). Convergence Properties of the BFGS Algoritm. SIAM Journal on
Optimization. 13 (3). 693-701. https://doi.org/10.1137/S1052623401383455

[15] Singh, M., Shastri, A., & Shaw, K. (2023). Machine Learning and Optimization for
Engineering Design. Springer Nature. https://doi.org/10.1007/978-981-99-7456-6

[16] Zhu, C., Byrd, R. H., Lu, P., & Nocedal, J. (1997). Algorithm 778: L-BFGS-B: Fortran
Subroutines for Large-Scale Bound-Constrained Optimization. ACM Transactions on
Mathematical Software, 23 (4), 550-560. https://doi.org/10.1145/279232.279236

[17] scipy.optimize. SciPy.
https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.minimize.html#s
cipy.optimize.minimize

[18] Hoholyuk, O., Kozak, Yu., Rosotowski, E., & Stakhiv, P. (2019). Increasing of the
effectiveness of algorithms implementation for development of discrete macromodels
and their adaptation to electric circuits simulation programs. Technical
electrodynamics, 2 (in Ukrainian). https://doi.org/10.15407/techned2019.02.003

[19] Popular programming languages for developing cross-platform applications. Kotlin
https://kotlinlang.org/docs/multiplatform/programming-languages-cross-platform.html

[20] BasuMallick, Ch. (2022). What is OOP (Object Oriented Programming)? Meaning,
Concepts, and Benefits. Spiceworks.
https://www.spiceworks.com/tech/devops/articles/object-oriented-programming/

[21] Siek, J.G., & Lumsdaine, A. (2011). A language for generic programming in the
large, Science of Computer Programming. 76 (5), 423-465.
https://doi.org/10.1016/j.scico.2008.09.009.

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 177


https://doi.org/10.23939/jcpee2024.01.030
https://doi.org/10.1109/CPEE59623.2023.10285315
https://doi.org/10.1109/ACIT65614.2025.11185720
https://doi.org/10.3390/en18225949
https://doi.org/10.1109/ACIT62333.2024.10712522
https://www.baeldung.com/cs/deterministic-stochastic-optimization
https://www.baeldung.com/cs/deterministic-stochastic-optimization
https://github.com/mitmath/18335/blob/spring21/notes/BFGS.pdf
https://doi.org/10.1137/S1052623401383455
https://doi.org/10.1007/978-981-99-7456-6
https://doi.org/10.1145/279232.279236
https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize
https://docs.scipy.org/doc/scipy/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize
https://doi.org/10.15407/techned2019.02.003
https://kotlinlang.org/docs/multiplatform/programming-languages-cross-platform.html
https://www.spiceworks.com/tech/devops/articles/object-oriented-programming/
https://www.spiceworks.com/tech/devops/articles/object-oriented-programming/

Bohdan Melnyk

[22] Coursera Staff (2025). Procedural Programming Language: What It Is and When It's
Used. Coursera. https://www.coursera.org/articles/procedural-programming-
language

[23] L'Erario, A., Fabri, J.A., Domingues, A., Duarte, A., Palacios, R., & Pessba, M.
(2012). A Distributed Software Development Environment Dynamics Model. 2072
IEEE Seventh International Conference on Global Software Engineering, Porto
Alegre, 184-184, doi: 10.1109/ICGSE.2012.13.

[24] What is High Level Language? Geeksfor-Geeks.
https://www.geeksforgeeks.org/software-engineering/what-is-high-level-language/

[25] Sentlrk, C. (2024). This Is All You Need to Know About Low-Level Languages.
Tuple. https://www.tuple.nl/en/blog/all-you-need-to-know-about-low-level-languages

[26] Mensh T. (2026). An In-depth Look at C++ vs. Java. Toptal.
https://www.toptal.com/developers/c-plus-plus/c-plus-plus-vs-java

[27] 1SO. (2024). ISOIEC 14882:2024. Programming languages — C++.
https://www.iso.org/standard/83626.html

[28] Rozenberg, Z. (2025). Top C++ compilers in 2025. Incredibuild.
https://www.incredibuild.com/blog/top-c-compilers

[29] Stroustrup, B. (2020). Thriving in a Crowded and Changing World: C++ 2006-2020.
Proceeding of the ACM Programming Languages. 4 (HOPL), 7, 1-168
https://doi.org/10.1145/3386320

[30] Schulze, J. (2025). What Is MATLAB? Overview and FAQ. Coursera.
https://www.coursera.org/articles/what-is-matlab

[31] Haniel, J. (2024)). What is Python used for? 11 most common use cases for Python.
JavaRush. https://javarush.com/ua/groups/posts/dlja-chogo-vikoristovutjhsja-python

[32] CFFI. CFFI documentation. https://cffi.readthedocs.io/en/stable/index.html

[33] NumPy. (2025). NumPy documentation. https://numpy.org/doc/stable/

[34] SciPy. (2026). https://scipy.org/

[35] Using MATLAB with Python. MATLAB.
https://www.mathworks.com/products/matlab/getting-started/using-matlab-
python.html#matlab-with-python

[36] PyPy-Features. PyPy. https://pypy.org/features.html

[37] Welcome to Codon. Condon. https://docs.exaloop.io/

[38] Numba. https://numba.pydata.org/

[39] Shafranovich, Y. (2005). Common Format and MIME Type for Comma-Separated
Values (CSV) Files. SolidMatrix Technologies, Inc.
https://datatracker.ietf.org/doc/html/rfc4180

[40] Cheusheva, S. (2023). How to convert (open or import) CSV file to Excel.
Ablebits.com. https://www.ablebits.com/office-addins-blog/convert-csv-excel/

[41] Supported File Formats for Import and Export. MATLAB Help Center.
https://www.mathworks.com/help/matlab/import export/supported-file-formats-for-
import-and-export.html

[42] Obertyuch, R.R., & Slabkyy, A.V. (2025). Mathematical modeling of mechanical
systems. Vinnytsia: VNTU (in Ukrainian).
https://pdf.lib.vntu.edu.ua/books/2025/Obertjukh 2025 119.pdf

[43] Silvestrov, A., Ostroverkhov, M., Spinul, L., Serdyuk, A., & Falchenko, M. (2022).
Structural and Parametric Identification of Mathematical Models of Control Objects
Based on the Principle of Rational Complication. 2022 IEEE 3rd KhPIl Week on
Advanced Technology (KhPIWeek). Kharkiv: IEEE. 1-4.
doi.org/10.1109/KhPIWeek57572.2022.9916340

[44] Amiri, M., & Soleimani, S. (2021). ML-based group method of data handling: an
improvement on the conventional GMDH. Complex Intelligent Systems. 7, 2949—
2960. https://link.springer.com/article/10.1007/s40747-021-00480-0#Bib1

178 Electronics and Information Technologies ¢ 2026 ¢ Issue 34


https://www.coursera.org/articles/procedural-programming-language
https://www.coursera.org/articles/procedural-programming-language
https://doi.ieeecomputersociety.org/10.1109/ICGSE.2012.13
https://www.geeksforgeeks.org/software-engineering/what-is-high-level-language/
https://www.tuple.nl/en/blog/all-you-need-to-know-about-low-level-languages
https://www.toptal.com/developers/c-plus-plus/c-plus-plus-vs-java
https://www.incredibuild.com/blog/top-c-compilers
https://doi.org/10.1145/3386320
https://www.coursera.org/articles/what-is-matlab
https://javarush.com/ua/groups/posts/dlja-chogo-vikoristovutjhsja-python
https://cffi.readthedocs.io/en/stable/index.html
https://scipy.org/
https://www.mathworks.com/products/matlab/getting-started/using-matlab-python.html#matlab-with-python
https://www.mathworks.com/products/matlab/getting-started/using-matlab-python.html#matlab-with-python
https://pypy.org/features.html
https://docs.exaloop.io/
https://numba.pydata.org/
https://datatracker.ietf.org/doc/html/rfc4180
https://www.ablebits.com/office-addins-blog/convert-csv-excel/
https://www.mathworks.com/help/matlab/import_export/supported-file-formats-for-import-and-export.html
https://www.mathworks.com/help/matlab/import_export/supported-file-formats-for-import-and-export.html
https://pdf.lib.vntu.edu.ua/books/2025/Obertjukh_2025_119.pdf
https://doi.org/10.1109/KhPIWeek57572.2022.9916340
https://link.springer.com/article/10.1007/s40747-021-00480-0#Bib1

Software Environment for Identification of Nonlinear Mathematical Models...

[45] MccCall, J. (2005). Genetic algorithms for modelling and optimization. Journal of
Computational and Applied Mathematics, 184 (1), 205-222.
https://doi.org/10.1016/j.cam.2004.07.034

[46] Di Marzo Serugendo, G., Gleizes, M.-P., & Karageorgos, A. (2005). Self-
organization in multi-agent systems. The Knowledge Engineering Review, 20(2),
165-189. d0i:10.1017/S0269888905000494

[47] Petreczky, M. (2023). Realization theory of cyber-physical systems and its
application to system identification and model reduction. Optimization and Control
[math.OC]. Université de Lille. https://hal.science/tel-04144797/document

[48] Panos M. Pardalos,P.M., & Yatsenko, V. (2008). Optimization and Control of Bilinear
Systems. Theory, Algorithms, and Applications. NY: Springer.
https://link.springer.com/book/10.1007/978-0-387-73669-3

[49] Perri, D., Simonetti, M., & Gervasi. O. (2022). Deploying Efficiently Modern
Applications on Cloud. Electronics, 11 (3), 450.
https://doi.org/10.3390/electronics11030450

[50] What is Google Cloud Platform (GCP)? Tandent.
https://ua.talend.com/resources/what-is-google-cloud-platform/

[51] Wang, Y., Goldstone, R., Yu, W., & Wang, T. (2014). Characterization and
Optimization of Memory-Resident MapReduce on HPC Systems. 2014 IEEE 28th
International Parallel and Distributed Processing Symposium. Phoenix: IEEE, 799-
808, https://doi.org/10.1109/IPDPS.2014.87

[52] Kubernetes And Cloud Native Architecture: A Comprehensive Guide. Kubegrade.
https://kubegrade.com/kubernetes-cloud-native-architecture/

[53] What is RESTful API? AWS. https://aws.amazon.com/what-is/restful-api/

[54] Muddarla, B., & Vatti, P. R. (2024). Machine Learning in Cloud Environments:
Leveraging SQL and Python for Big Data Analytics. Nanotechnology Perceptions. 20
(7). 12-21. https://doi.org/10.62441/nano-ntp.v20i7.3794

[55] Dyouri, A. (2026). How to Integrate ChatGPT's APl With Python Projects. Real
Python. (19.01.2026). https://realpython.com/chatgpt-api-python/

NMPOrPAMHE CEPELOBMULLE ONA IREHTU®IKALIT HENIHIMHUX
MATEMATUYHUX MOJENEN 3 BAKOPUCTAHHAM ONTUMISALIMHUX
NPOLUEANYP

BozadaH MenbHuk O

KagpeOdpa iHbopmauitiHux cucmem y MeHeOXMeHmi,
JIbsiecbkuli HayioHanbHUl yHieepcumem imeHi leaHa ®paHka,
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BcTyn. [1na agekBaTHOro onucy ckrnagHux CUCTeM HeOOXigHO BUKOPMCTOBYBATU CYTTEBO
HeniHinHi MaTemaTnyHi moaeni. EcdpektnBHum nigxonom Oo igeHTMdikauii Takux Mogenen e
3aCTOCYBaHHSl ONTUMI3aUIHUX npoueayp, ski 6a3yTbCs Ha Pi3HNX MeTodax onTuMisalii.
Ons  komnnekcHoi peanisauii uMx npoueayp HeobxigHO CTBOpPUTM  NporpamMHe
3abe3neyeHHsi, ske Bignoeigae CyvyacHUM TeHAeHUisM B ranysi  KoMmMm'loTEepPHOro
MOZAENIOBAHHS.
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Bohdan Melnyk

Matepianu Ta M™etoau. [ns igeHTudikauii mogenerd BUKOPUCTOBYIOTb  Pi3Hi
ONTMMIi3aUilHi anropuTMu, siki po3pobreHi B Mexax pisHUX MeToiB onTMMi3adii, 30Kkpema y
MeXa KBa3iHbIOTOHIBCbKMX METOLIB YM CTOXaCTUYHUX MeTOAiB. Y CTaTTi po3rnsgatroTbes
anroputmn BFGS, L-BFGS, L-BFGS-B, wo HanexaTtb 40 NepLuoro knacy MeTofis, a Takox
anropuTMu, siKi peanisyoTb MeTo CTOXacTUYHOro CNPSIMOBAHOMO KOHYCa, a came: 6a3oBui
anroputM Ta Tpu Knoro moaudikauii. [ocnigHuk, SKuA 3anMaeTbCsl MaTteMaTU4HUM
MoAentoBaHHAM, BUGMpae OAuH i3 NporpamMmHo peanisoBaHUX ONTUMI3aUinHMX anropuTMmiIB,
AKi Hawkpalle BignoBigawTb COPMYNbOBaHIN 3adadi MogentoBaHHA. [ns uboro BiH
NMOBUHEH MaTW 3MOrYy OLIHUTU AKICHI MOKa3HMKN LIUX anropuTMmiB, SIKi iIHTerpoBaHi y eauHoMy
nporpamMHOMy CepeaioBuLLi.

PesynbTatu. lNporpamHe cepefosulle ANS igeHTUdIKaUil MaTeMaTUYHNX Mogenen 3
BMKOPUCTaHHAM ONTUMI3aUiVHMX NpoLeayp, OKpiM cneundiyHnx ocobrnmBocTemn, NOB’A3aHNX
3 igeHTndikauieo, NOBMHHO BIiAMOBIAATM CyyacHiM Mmapagurmam nporpamyBaHHS i MOro
BMKOPUCTaHHA. 3Baxalun Ha ue, 3anpornoHOBAHO BMKOPUCTATW ONS1 MO0 CTBOPEHHSI
cepepnosuLe nporpaMmyBaHHs Python. Po3rnaHyTo CTpyKkTypy nporpamMHoi nigcuctemu, ska
peanisye BUGip TNy MaTteMaTuyHOT Mogeni, 1i CTPYKTYpPHY i NnapameTpuyHy igeHTudikadio
Ta OUiHKY, a TakoX iHTerpaujlo 3 iHWWMK nigcMcTeMamy CTBOPHOBAHOMO MpPOrpamHoro
cepefosuLLa. CdopmMynboBaHi  3aranbHi BUMOrM  aAnA  3abesnedeHHst 1noro
dyHKUioHanbHOCTI. PO3rnsaHyTo nepcnekTnem 3actocyBaHHSA xmapHux IT tn LWI.

BucHoBkW. 3anponoHOBaHi NporpamHi i apXiTeKTYpHi pilleHHS 4aloTb 3MOry CTBOPUTH
nporpamHe cepefoBulle, Ake CYTTEBO MONErwmTb MpPOLEeC KOMM'KOTEPHOTO CTBOPEHHSI
MaTeMaTUYHUX MOAENen pi3HUX cknagHmx cuctem. [py UbOMYy BOHO 3anuIaeTbCs
BIOKPUTMM ANS NOAanbLUOT MOAEPHi3aLii i pO3LUMPEHHST PYHKUIOHANbHUX MOXIMBOCTEN.

Knroyoei cnoea: matematudHa Mogernb, igeHTMdiKaLiga, onTUMi3auinHi anroputMu,
nporpamHe 3abe3neyeHHsi, apxiTektypa.
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ABSTRACT

Background. Speech recognition technology is an important component of intelligent
systems in various fields, in particular for voice control of smart home devices, personal
identification in security systems, automation of various technological processes, etc.
Increasing requirements for accuracy, speed, and autonomy of systems require
improvement of speech recognition methods, especially when affected by background
noise. Therefore, the goal of this work was to develop an adaptive noise reduction method
to improve the accuracy of audio information recognition.

Materials and methods. The study of the impact of noise environments on the accuracy
of automatic speech recognition covers the stages of spectral analysis of audio signals using
short-term Fourier transformation, adaptive noise reduction using soft masks and Wiener
filter elements, and signal reconstruction based on inverse Fourier transform. The study
uses Whisper speech recognition models and Common Voice and LibriSpeech datasets,
supplemented with synthesized noisy recordings.

Results and Discussion. It has been established that various types of background
noise (specifically low-frequency stationary, percussive, impulse, tonal, and broadband) and
signal-to-noise ratios affect the speech recognition accuracy of Whisper models differently.
A method to improve speech recognition accuracy based on adaptive noise reduction is
proposed. This method provides flexible suppression of unwanted frequencies without
significant speech distortion and allows for the compensation of even complex background
noises. A reduction in the average consonant confusion level by 50-60% for the Whisper
Tiny model and by 15-30% for the Whisper-1 model in real-time has been demonstrated.

Conclusion. As a result of analyzing the speech recognition efficiency of Whisper
models based on phonetic distortion metrics, transcription accuracy, consonant confusion,
and artifact perception across a wide range of signal-to-noise ratios, it has been established
that the application of adaptive noise reduction provides a significant improvement in
accuracy. Despite the higher accuracy of the Whisper-1 model, the Whisper Tiny model with
a soft mask demonstrates sufficient efficiency for intelligent systems based on real-time loT
platforms.

Keywords: Whisper models, background noise, noise reduction, Wiener filter, spectral
masking, loT.

INTRODUCTION

The current level of development in electronics, computing, and information
technology enables significant progress in modeling natural perception processes, such as
hearing, sound signal analysis, and human speech processing. Intelligent sound and voice
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command recognition systems hold a vital position in automation, security systems [1],
smart homes [2], voice-controlled devices, medical and adaptive technologies [3, 4]. As the
scale of these applications grows, the requirements for accuracy, speed, and autonomy of
systems are increasing, especially in conditions where processing is performed on low-
power loT platforms in real time [5, 6].

Studies have shown that even modern speech recognition models, such as the
Whisper family, demonstrate a significant decrease in accuracy under background noise
conditions [7, 8]. This is particularly critical for autonomous security systems, where
acoustic interference levels change constantly, and some noises possess complex spectral
structures comparable to fricative and affricate consonant sounds. Broadband noise from
fans and air conditioners, impulse signals when walking and keyboard clicks, low-frequency
vibrations from transport, or the rustling of people moving around in a room overlap critical
areas of the frequency spectrum and significantly impair intelligibility (s, sh, ch, zh; “c”, “w”,
“X”, “4”) of similar sounds in English and Ukrainian. This leads to recognition errors, which
mainly affect consonant groups with similar spectral profiles.

A key feature of this field is that loT-based security systems mostly operate in real-
time on hardware platforms with limited computational resources [9, 10]. Therefore, the use
of complex recurrent neural networks or deep noise-reduction models is impractical in such
scenarios. Instead, there is a relevant need for spectral processing methods that introduce
minimal signal delay (no more than 30-50 ms), require low computational power, and
significantly enhance automatic recognition accuracy [11].

Classic spectral subtraction approaches do not provide sufficient quality for practical
applications, as harsh truncating of energy in frequency bin cells leads to artifacts known
as "musical noise" or "metallic timbre" [12, 13]. These features distort the structure of high-
frequency consonants, degrade phase coherence, and can reduce the accuracy of Whisper
models, especially lightweight versions like Whisper Tiny [14]. This creates a demand for
more flexible frequency masking methods that gradually attenuate unwanted components
instead of cutting them off entirely [15].

The aim of this work is an in-depth analysis of the impact of various background noise
types on automatic speech recognition accuracy and the development of an adaptive noise
reduction method based on the Fast Fourier Transform. Unlike traditional algorithms, the
proposed approach uses a gradual transition from hard thresholds to soft spectral masks,
similar to Wiener filtering [16, 17]. This reduces noise without losing important spectral
characteristics of consonants and minimizes anomalies, preserving the natural sound.
Particular attention is focused on noise environments most common in household and
office settings, which are critical for real-time speech systems: walking, fan or air
conditioner operation, keyboard clicking, indoor rustling, and traffic noise.

The paper analyses which consonant groups in English and Ukrainian are most
affected by specific noise types, provides spectral examples, collects confusion statistics
for Whisper Tiny and Whisper-1 models, and evaluates the effect of the proposed method.
A series of experiments demonstrated that adaptive soft masking based on short-term
Fourier transform reduces consonant error rates by 50-60% and significantly improves
model accuracy in real-world loT conditions.

MATERIALS AND METHODS

Physical Meaning and Theoretical Foundation of Spectral Analysis

To study the impact of the noise environment on automatic speech recognition
accuracy, a generalized audio signal preprocessing architecture has been developed,
covering the stages of spectral analysis, adaptive noise reduction, and signal
reconstruction. This approach allows us to investigate the behavior of consonants in
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different spectral conditions and determine how energy distortions in the high-frequency
regions of the spectrum affect errors in Whisper models of different scales.

Spectral Estimation and Analysis Tools

Since speech is a non-stationary process, the estimation of spectral changes over
time was performed using the Short-Time Fourier Transform (STFT). The signal was
divided into overlapping frames of length N with a hop size H, each of which was multiplied
by a window function w[n]. For a frame with index m (the temporal position of the frame),
the spectral representation was calculated as:

N-1
Smlk] = Z x[n + mH]W[n]e_jZ”%. (1)
n=0

This representation allowed for tracking energy changes in frequency bins over time.
The concept of a "bin" in this context describes a single discrete frequency band f,
corresponding to the frequency.

_ ks

2
N ()

fx

This enables the investigation of local frequency regions where fricative and affricate
consonants are formed, which are particularly sensitive to noise overlap and determines
which specific speech segments are most distorted under the influence of noise

Adaptive Noise Reduction and Masking

The improvement of the noise reduction system was based on the application of
adaptive spectral masks. The base mask was constructed similarly to a Wiener filter:

GOm. k) = 1SGn, f " @)
) = Sam 01 + NG )1

Here, S(m, k) is the clean signal spectrum, N(m, k) is the noise spectrum, and a is the
sensitivity parameter (a = 1 corresponds to the classic Wiener filter, while a = 2 is a modified
version). The estimation of the noise spectrum N(m, k) was performed in the initial
segment of the recording and was adaptively updated thereafter. During frames with low
speech activity, the noise spectrum was adjusted using the formula:

Nep1 = BNe + (1 = RIS, (4)

The B € [0.95,0.995] value ensured a slow and stable update of the noise model, which
is essential for handling fan, air conditioner, and transport noises.

The next crucial component was the time-frequency smoothing of the mask. The mask
underwent exponential smoothing in the time domain to reduce sharp transitions between
adjacent frames, as well as a moving average in the frequency domain to prevent point-
like fluctuations in the spectrum. Additionally, a minimum mask floor of = 0.01 — 0.05 was
introduced to prevent the complete zeroing of narrow frequency bins, thereby reducing the
occurrence of "musical” artifacts typical of classic spectral subtraction.
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Signal Reconstruction and Synthesis

The inverse transform for each frame is performed using the Inverse Discrete Fourier
Transform (IDFT), described by the expression

N-—
z 12” n=01.,N—1 (5)
k=0

ZI'—‘

After restoring individual time segments, they are overlaid on each other taking into
account the window function, which ensures the correct merging of overlapping segments.
The final signal waveform

_ ZmIDFT(Sp)[n — mH]w[n — mH]

Yaw?[n —mH]| ©)

=

This expression guarantees that the signal energy remains constant after summing
the overlapping windows. The condition of a non-zero sum of squared windows ensures
the absence of artifacts during reconstruction.

Experimental Methodology and Corpus

To conduct experimental studies, a specialized audio corpus was developed based
on a combination of high-quality speech standards (Ground Truth) and synthesized noisy
samples. The sample was primarily based on recordings from the open datasets Common
Voice and LibriSpeech, supplemented by original recordings in a semi-formal style covering
security systems, household loT scenarios, and emergency alerts. Each audio segment,
ranging from 3 to 7 seconds in duration, was normalized to a sampling rate of 16 kHz and
a 16-bit quantization depth, consistent with the input requirements of the Whisper
architecture. Before the additive noise mixing stage, the Root Mean Square (RMS)
amplitude of the signals was adjusted to 20 dBFS, providing a consistent baseline for
varying the signal-to-noise ratio (SNR) within the range of 0 to 15 dB. The corpus comprised
approximately 83% English-language and 17% Ukrainian-language recordings, covering a
diverse range of speaker voices across the 850 individual trials. The synthesized noise
conditions were produced in two ways: by selecting recordings that already contained real
background noise, and by programmatically mixing clean speaker recordings with noise
samples sourced from open audio libraries. In Table 1, the interval distortion values
represent the range observed across SNR levels of 0—15 dB, averaged across all noise
instances within each noise category.

The testing methodology involved dividing the corpus into two control groups for a
detailed verification of algorithmic robustness. The first group included recordings where
target consonants (fricatives, affricates, and plosives) were heavily masked by impulsive,
tonal, or low-frequency noise. The second group consisted exclusively of clean reference
signals (SNR > 30 dB) passed through an identical processing chain, including spectral
subtraction and adaptive soft-mask Wiener filtering. This approach allowed for the
verification of the absence of undesirable side effects, such as "musical noise" or spectral
degradation, which could trigger new recognition errors in clean speech segments.

In order to minimize biological deviation and take into account the acoustic
characteristics of different voices, announcers aged 20 to 55 with different articulation
characteristics were involved in the project. The sample included both female voices with
a high fundamental frequency (F0=200-250 Hz), enabling the analysis of noise overlap on
high-register harmonics, and male voices (FO=85-155 Hz) to study robustness against low-
frequency transport interference. This demographic and acoustic balance, combined with
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850 iterative trials, ensured the formation of a comprehensive factor space for an objective
accuracy assessment of the Whisper Tiny and Whisper-1 models under complex
operational conditions.

The experiments used Whisper Tiny (39M parameters, multilingual) deployed locally
via the faster-whisper library (v1.1.1) for optimized CPU/GPU inference. Cloud-based
transcription was additionally evaluated using the Whisper-1 APl endpoint accessed via
the OpenAl Python SDK. The preprocessing pipeline was implemented in Python 3.10
using numpy (<2.0.0), scipy (1.15.1), torch (2.3.0), and transformers (4.50.1). Audio
capture was performed at a sampling rate of 16 kHz with a buffer size of 512 samples (~32
ms per frame). All local inference runs were performed on Raspberry Pi 4. The measured
end-to-end processing latency for the adaptive soft-mask Wiener stage on the target loT
hardware was 3-8 ms per audio frame (window length N=512, hop H=128 at 16 kHz), which
is within the declared real-time threshold of 30—-50 ms.

Analysis of Consonant Distorion Under Noise

The analysis was conducted under various noise conditions (walking, keyboard, fan,
transport) with SNR levels of 0, 3, 6, 9, and 15 dB. The results are shown in Table 1.

Evaluation Metrics and Experimental Goals

For all experiments, Word Error Rate (WER), Pair Confusion Rate for specific
consonant groups, Perceptual Artifact Index, and latency were measured. The set of
experiments allowed for the evaluation of each noise reduction stage's effectiveness and
the determination of which algorithm characteristics most significantly influence the
accuracy of Whisper models in real-world noise environments.

Table 1. Probability of consonant distortion in various noise environments

Tiny Whisper-1

Background Most Affected Distorted Pair Distortic  Distortion
Noise Consonants (Eng/Ukr) Examples n (%) (%)
Footstens short percussions,
P high-frequency noise chipvs cheep  3.2-6.0 0.8-2.5
(Impacts) won n
— 1, d3, "u", "mx
Fan/AC (Tonal + S|b|I|z'an:['s _S I Z,°Ch seal vs steel,
w", "x"; high- 2.7-5.2 1.8-3.3
Broadband) 2 sheet vs cheat
frequency fricatives
Keyboard _Cllcks intermittent back- tap vs cap (in 34-43 2996
(Impulsive) grounds — p, k, t, tf context)
: ' low-frequency contours  morphological
Passing Trafflc — less impact on sibi- errors, 1.2-1.5 0.5-0.9
(LF & Harmonics) ; .
lants, more on vowels insertions
Indoor Movement Sl
: sibilants and fricatives sharpen (in 0.8-1.7 0.3-1.1
/ Rustling
context)

RESULTS AND DISCUSSION

Experimental Setup and Trial Factors

The experimental study comprised 850 individual trials, forming a full factorial space
from combinations of two models (Whisper Tiny, Whisper-1) five noise intensity levels, five
noise types (walking, fan/AC, keyboard clicks, transport, broadband rustling. The study also
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evaluated the impact of a preprocessing stage, specifically utilizing the adaptive soft-mask
Wiener method. Each model received identical speech material with controlled consonant
groups, enabling the investigation of noise environment impacts on fricatives, affricates,
plosives, and their spectral contours. Evaluation was conducted using four key metrics:
Phonetic Distortion (Dist), Word Error Rate (WER), Pair Confusion Rate (PCR), and
Perceptual Artifact Index (PAI) which made it possible to complexly evaluate the quality of
each stage of the noise reduction system.

The results confirmed that different consonant groups react differently to noise
conditions and that the nature of the distortions depends on the spectral structure of the noise.
Fricatives and affricates consistently showed the greatest distortion under broadband and
tonal noise, while plosives (explosive sounds) proved sensitive to impulsive interference,
especially at low SNR. The behavior of the Whisper models depended significantly on the
spectral characteristics of the noise reduction method. The hard thresholding (flat mask) of
spectral subtraction produced high levels of perceptual distortion, whereas the adaptive soft
mask with time-frequency smoothing significantly reduced them.

Metrics

Four key metrics were used to evaluate the accuracy of recognition and the quality of
audio signal processing, each of which reflects a specific aspect of the interaction between
the speech model and the audio stream. The metrics were calculated for each audio
fragment, which made it possible to compare the results in a single experimental context
and take into account the variability of background noise, duration, and complexity of the
material. The signal-to-noise ratio (SNR) served as the experimental condition parameter
rather than an evaluation metric per se.

P, signal

SNRdB = 10 10g10

(7)

noise

Here, P4, is the average power of the target signal, and Py ,;sis the average power
of the noise. The SNR value represents the relative intensity of noise compared to the
signal. In this study, the SNR was varied from 0 to 15 dB to evaluate the models'
performance across different noise conditions.

The Phonetic Distortion percentage was defined as the proportion of incorrectly
reproduced phonemes within a specific consonant group:

. Ng
Dist = — X 100% (8)
N¢

Here, N, is the number of distorted phonemes in the segment, and N; is the total
number of phonemes in that group. This indicator allows us to quantitatively assess the effect
of noise on specific phonetic units and the effectiveness of noise reduction algorithms.

Transcription accuracy (Word Error Rate, WER) was calculated according to the
standard formula:

S+D+1
WER = — x 100%. 9

Here, S is the number of substitutions, D is deletions, / is insertions, and N is the total
number of words in the reference text. WER reflects the overall recognition quality and
allows models to be compared under different noise conditions.

The Pair Confusion Rate (PCR) was defined as
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Nep
PCR = X 100%. (10)
ttp

Here, N, is the number of confused phoneme pairs, and Ny, is the total number of
tested pairs. This metric evaluates the model's ability to accurately distinguish between
similar sounds.

The Perceptual Artifact Index (PAIl) evaluates the presence of spectral artifacts
following noise reduction, such as resonant "musical noise" and is calculated as a
dimensionless coefficient in arbitrary units or in a normalized format from 0 to 1. Lower PAI
values correspond to a more natural sound of the processed audio and indicate a smaller
amount of undesirable distortion.

Percussive Walking Noise (Short Impacts)

Percussive walking noise functions as high-amplitude, low-frequency, non-stationary
impulsive interference, which nevertheless triggers a broadband response within the
recording path. Although its primary energy may be low-frequency, the spectral contour of
the burst reaching the decoder includes high-frequency harmonics that directly mask the
fricative components of the affricates /tf/ and /d3/.

Table 2. Effectiveness of the adaptive noise reduction method for short
percussions (walking noise)

SNR Without noise reduction With noise reduction
Model ~“.=" Dist, WER, PCR, PA, Dist WER, PCR, PAl,
% % % a. u. % % % a. u.
0 600 112 310 0440 390 64 170 0352
_ 3 530 103 290 0389 265 57 150 0229
W?:iser 6 460 94 260 0356 230 51 130 0218
9 390 83 230 0314 254 48 120 0233
15 320 68 190 0272 288 41 110 0.256
0 250 24 105 0230 163 13 048 0168
3 208 21 093 0198 104 11 041 04125
Whisper-1 6 165 19 082 0177 083 10 036 0.128
9 123 17 063 0153 080 09 031 0127
15 080 14 055 04128 072 08 027 0120

The Tiny model demonstrates a high "WER no noise reduction (NNR)%" (11.2% at 0
dB, see Table 2), indicating its increased error variance in the presence of impulsive noise.
This is a consequence of its acoustic space's inability to effectively discriminate the spectral
attack of the noise from the acoustic transients of speech.

The use of the Wiener Mask reduces error dispersion, as illustrated by the decrease
in PCR with noise reduction (WNR) % from 3.1% to 1.1%. The Wiener Mask utilizes short-
term power estimation for each frequency bin. When a walking impulse causes a sudden
and localized power surge, the gain coefficient in that specific bin decreases sharply. This
prevents the masking of critical transition formants (which indicate the onset or offset of an
affricate), allowing the system to restore the correct temporal localization of the phoneme.

Tonal and Broadband Noise (Fan / AC)

Fan noise is a quasi-stationary source that combines tonal components (rotational
harmonics) and broadband noise, covering frequencies critical for sibilant fricatives /s/ and
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/[l (primarily 4—-8 kHz). This noise causes consistent energetic masking, reducing the local
SNR across the entire temporal range of speech.

Table 3. Effectiveness of the adaptive noise reduction method for tonal and
broadband noise (fan)

SNR Without noise reduction With noise reduction
Model ~~ 2" Distt WER, PCR, PAl, Dist, WER, PCR, PAl
% % % a. u. % % % a. u.
0 520 113 182 0392 338 69 095 0.288
_ 3 435 108 152 0342 2830 6.1 076 0.256
W?:iser 6 395 101 138 0318 1980 58 063 0.197
9 333 89 117 0280 2160 50 055 0.148
15 270 7.9 097 0244 2430 46 050 0.223
0 330 26 090 0278 2145 14 045 0.197
3 273 24 075 0236 1774 13 039 0.163
Whisper-1 6 225 23 063 0215 1125 12 031 0.148
9 198 21 054 0197 1287 12 029 0.166
15 180 19 048 0188 1620 11 026 0.168

The "PCR NNR %" in Table 3 for the Tiny model (1.82% at 0 dB) reflects direct masking,
as the noise energy consistently exceeds the fricative discrimination threshold. Since the
noise is stationary, the Wiener Mask demonstrates high predictability and effectiveness,
achieving steady suppression in constant noise-dominant regions. The reduction in "PCR
WNR %" from 0.95% to 0.50% indicates successful spectral separation. The method
preserves the internal amplitude modulation of the speech fricative noise above the
background, which is key for phoneme identification by the decoder whereas the subtractive
method could introduce "musical noise," destroying these vital acoustic features.

Impulsive Noise (Keyboard Clicks)

Keyboard noise is a high-intensity impulsive noise with broad spectral coverage that
affects plosive consonants /p/, /k/, /t/, which are characterized by an energy burst and Voice
Onset Time (VOT). A click impulse can be erroneously identified by the ASR decoder as a
false acoustic transient (i.e., a false burst) or can completely mask the genuine burst,
leading to consonant omission or substitution errors.

The high "WER NNR %" (13.1% at 0 dB, see Table 4) for the Tiny model indicates
that false keyboard transients destabilize the decoder's temporal synchronization. The
reduction in "PCR WNR %" from 0.95% to 0.58% results from the successful operation of
the Wiener Mask with time-window adaptation. The mask, reacting to the impulse, rapidly
reduces its amplitude, minimizing the probability of its false identification as a speech burst.
This reduces the energetic correlation between noise and speech in the time domain,
restoring the integrity of the VOT for genuine consonants.

Low-Frequency Harmonics (Transport)

Transport noise is stationary and predominantly low-frequency, concentrating on the
first and second formants (F1, F2) of vowels. Its primary impact lies in the deformation of
vowel frequency contours, which complicates their identification and leads to global
decoding errors.
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The low "PCR NNR %" (0.45% at 0 dB) in Table 5 confirms that this noise has a lesser
impact on the acoustic accuracy of consonants while the high "WER NNR %" (13.9% at 0
dB) highlights morphological and lexical errors caused by vowel deformation.

The effectiveness of the Wiener Mask against stationary, low-frequency noise is high.
The reduction in "WER WNR %" from 11.2% to 4.3% demonstrates the mask's ability to

Table 4. Effectiveness of the adaptive noise reduction method for impulsive noise
(keyboard clicks)

SNR Without noise reduction With noise reduction
Model dB " Dist, WER, PCR, PAI, Dist, WER, PCR, PAI,
% % % a. u. % % % a. u.

0 4300 1310 146 0.335 2795 8.40 0.95 0.215

_ 3 3950 1240 134 0323 2370 6.00 073 0.195
W?:iser 6 3850 11.80 130 0317 1925 560 067 0.155
9 3625 1070 126 0306 2356 540 063 0.141

15 3400 980 119 0292 3060 510 058 0.268

0 2600 260 062 0236 1690 155 031 0.140

3 2450 235 057 0225 1590 130 028 0.125

Whisper-1 6 2400 225 055 0221 1200 120 026 0.108
9 2310 210 052 0216 1500 115 022 0.125

15 2200 195 050 0215 1980 1.05 010 0.197

Table 5. Effectiveness of the adaptive noise reduction method for low-frequency
harmonics (transport)

SNR Without noise reduction With noise reduction
Model dB " Dist, WER, PCR, PAl, Distt WER, PCR, PAl,
% % % a. u. % % % a. u.

0 1.500 13.9 0.45 0.170 0975 11.2 0.32 0.138

, 3 1425 113 042 0162 0712 66 025 0123
W?;ffy’er 6 1350 94 040 0162 0675 54 023 0.118
9 1275 86 038 0155 0829 47 019 0119

15 1200 7.8 036 0152 1080 43 018 0.168

0 0900 71 024 0134 0585 63 015 0125

3 0825 52 022 0129 0412 34 014 0099

Whisper-1 6 0750 44 021 0125 0375 24 012 0.095
9 0675 37 019 0121 0439 22 010 0.099

15 0560 32 017 0116 0540 19 009 0.141

restore the clarity of formant peaks by suppressing constant energy noise in low-frequency
bins. This improves the internal acoustic model of vowels within the decoder, significantly
increasing the accuracy of word searches in the lexicon and minimizing global errors.

Broadband Non-Stationary Noise (Rustling)

Rustling (indoor movement) is the most challenging type of noise, as it is both non-
stationary and broadband.
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Its spectral characteristics change rapidly, resulting in the worst "WER NNR %" (17.8%
at 0 dB) for the Tiny model, as detailed in Table 6. This high error rate reflects the model's
inability to effectively process rapidly shifting spectral contours that mask fricatives and
other consonants. The effectiveness of the Wiener mask here is noticeable but not as
significant as for stationary noise; its performance is markedly lower (with "WER WNR %"
decreasing only to 15.9% at 0 dB). This is explained by the fact that noise estimation in an

Table 6. Effectiveness of the adaptive noise reduction method for broadband non-
stationary noise (rustling)

SNR Without noise reduction With noise reduction
Model dB " Dist, WER, PCR, PAI, Dist, WER, PCR, PAI,
% % % a. u. % % % a. u.

0 1.700 17.8 0.38 0.182 1.105 159 0.26 0.146

_ 3 1530 143 036 0172 0765 88 023 0122
W?:iser 6 1250 121 034 0158 0625 64 022 0116
9 1050 107 032 0143 0682 60 018 0126

15 0800 92 029 0128 0720 55 047  0.169

0 1100 89 026 0146 0715 82 016 0121

3 0950 62 024 0134 0570 43 015 0.105

Whisper-1 6 0.800 50 022 0.128 0400 26  0.14 0.092
9 0675 41 020 0121 0439 24 012 0099

15 0300 35 018 0098 0270 22 041  0.094

adaptive system requires a certain accumulation time (noise estimation latency). The rate
of change in the spectral characteristics of rustling exceeds the mask's adaptation time
constant, leading to inaccurate local SNR estimates. Therefore, signal recovery is partial,
although the consistent reduction in Dist and PCR still confirms that the Wiener mask
provides an overall reduction in energy pollution across the entire spectrum.

Qualitative and Quantitative Assessment of ASR Performance

In most scenarios, such as transport (low-frequency stationary noise), fan (tonal),
walking (percussive), and keyboard (impulsive), the proposed noise reduction method
ensures full restoration of phonematic accuracy. A qualitative comparison of these effects
across different noise types is presented in Table 7. This indicates that when noise spectral
profiles are relatively stable or predictable (as with tonal or impulsive interference), the
adaptive approach effectively reconstructs critical speech features, specifically Voice Onset
Time (VOT) and formant structure.

The adaptive soft-mask Wiener filter demonstrates a particular advantage in complex
acoustic environments, showing high robustness even with variability in the spectral profile

Table 7. Qualitative lllustration of Noise Impact and Noise Reduction Method on
ASR Decoding

Ground Truth Noise Phonematic ASR before ASR after Adap-
(SNR) Substitution Type Denoising tive Soft-Mask
Alarge vanis  Transport Vowels /ee/, IN A large fun is Alarge van is
speeding (3 dB) (Low) speeding speeding
The file must Fan Fricatives /f/, /6/,  The thigh must  The file must be
be closed (7 dB) /vl (High) be closed closed
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She will grasp Walking Fricatives /s/, /z/ She will grass  She will grasp the

the concept (5 dB) (Aspiration) the concept concept
The dock is far Keyboard Plosives /d/, /lg/  The gock is far The dock is far
away (8 dB) (VOT/Burst) away away
He used a Rustling Affricates /tf/, /J/ He used a He used a winch
winch to pull (4 dB) (Spectral) witch to pull to pull

of the interference. A characteristic example is rustling (broadband non-stationary noise):
due to its capability for precise dynamic modelling, the soft-mask successfully recovers
(e.g., witch). This confirms that the mechanism of soft suppression of non-stationary energy
is critically important for preserving the integrity of acoustic speech features and ensuring
high recognition accuracy.

Based on the aggregated data (Table 8), which reflect the average performance of the
Whisper Tiny and Whisper-1 models under mean acoustic noise conditions, a consistent
conclusion regarding system robustness is established. It is fundamentally established that
the Whisper-1 model demonstrates significantly higher intrinsic robustness, as its average
"WER NNR %" at 0 dB SNR (4.24%) is 2.65 times lower than that of the Tiny model (11.22%).
This difference indicates that the larger capacity of the acoustic model more effectively forms
invariant spectral representations capable of reliably segregating speech from noise.

Further analysis confirms a monotonic decrease in all error metrics (Dist, WER, PCR) as
the SNR increases, consistent with the normative behavior of ASR systems. The average "PCR
NNR %" for Tiny (0.822% at 0 dB) is twice as high as that of Whisper-1 (0.404%), highlighting
the smaller model's critical vulnerability to the masking of high-frequency transients and
fricatives. This indicator directly correlates with Tiny's inability to accurately localize energy
emissions and VOT consonants in the time domain, amplified by background noise.

Table 8. General assessment of background noise impact using Whisper Tiny and
Whisper-1 models speech recognition metrics and the effectiveness of noise
reduction method

SNR Without noise reduction With noise reduction
Model ~~ 2" Distt WER, PCR, PAl, Dist, WER, PCR, PAl
% % % a. u. % % % a. u.
0 2540 11,22 0,822 0215 1,651 848 0496 0,157
_ 3 2251 976 0,728 0,199 1,335 550 0,394 0,139
W?;ﬁser 6 3,000 868 0684 0191 1,041 464 0350 0,160
9 2636 7,78 0626 0,176 1,205 4722 0310 0,153
15 2,020 538 0490 01132 1242 3,04 0250 0,183
0 1,580 424 0404 0,158 1,027 349 0214 0,116
3 1,391 323 0,356 0,144 0,869 2,06 0,192 0,098
Whisper-1 6 1,570 3,17 0486 0,173 0,786 1,68 0,238 0,114
9 1374 274 0416 0,161 0,893 1,57 0,208 0,123
15 0972 211 0266 0,123 0,882 1,25 01112 0,120

Evaluation of noise reduction effectiveness through PAI metrics reveals the greatest
reduction in objective errors due to the adaptive soft-mask Wiener filter, particularly in the
6 dB SNR range. This fact confirms the principle that ASR optimization should be directed
toward preserving acoustic speech features rather than maximizing subjective noise
suppression. The Wiener mask minimizes the introduction of spectral artifacts (such as
"musical noise") and ensures the restoration of the time-frequency integrity of the speech
signal. At high SNR (15 dB), the effectiveness of noise reduction decays asymptotically, as
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further processing of a clean signal has limited improvement potential and may even slightly
degrade performance due to subtle spectral distortion effects.

CONCLUSION

The work conducted involved an in-depth study of the impact of typical background
noise on the accuracy of automatic speech recognition (ASR) based on Whisper models
and an assessment of the effectiveness of the proposed adaptive spectral noise reduction
method. The evaluated models, Whisper Tiny and Whisper-1, were assessed using Word
Error Rate (WER), Pair Confusion Rate (PCR), and Perceptual Artifact Index (PAl) metrics
across a wide range of Signal-to-Noise Ratios (SNR).

It was established that the Whisper-1 model demonstrates systematically higher intrinsic
robustness, as evidenced by a significantly lower average WER NNR % at low SNR (4.24%
at 0 dB), which is 2.65 times lower than that of the Tiny model (11.22%). Its larger capacity
enables more effective speech-noise segregation and maintains a lower PCR error level. In
contrast, the Whisper Tiny model showed the highest vulnerability to consonant masking and
the greatest error dispersion, limiting its application in high noise environments.

The proposed adaptive spectral noise reduction method based on the Wiener soft-
mask provided an accuracy boost, reducing the average PCR WNR level by 50-60% for
Whisper Tiny and by 15-30% for Whisper-1. The Soft-Mask method is optimal for ASR
because it provides low PAI WNR (less distortion) and preserves the integrity of acoustic
speech features. An analysis of the metrics leads to the conclusion that the choice of the
optimal model depends on accuracy requirements and hardware resources. Although
Whisper-1 provides the highest accuracy, its computational cost is excessive for real-time
loT platforms. Considering the need for minimal latency and limited resources, Whisper
Tiny — thanks to a significant boost in accuracy (reducing WER by 50% or more) after
applying effective Soft-Mask noise reduction — becomes the optimal choice for loT-based
intelligent security systems.
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AOANMTUBHE CMNEKTPAJIbHE LUWYMO3HMXEHHA ONA NIABULLEHHA
TOYHOCTI PO3NI3BHABAHHA MOBJIEHHA

Onez Ocaduyk* 0O, leop OneHuy OO

Kagpedpa padioenekKmpoHHUX i KOMITIOMEPHUX cucmem,
JIbeiecbKuli HayioHanbHUl yHieepcumem iMeHi IsaHa ®paHka,
8yn. [ipacomaHosa 50, Jlbeie, 79005, YkpaiHa

AHOTALIA

Bectyn. TexHonoria  po3nisHaBaHHA  MOBMIEHHA €  BaXMMBOK  CKNadoBO
iHTENeKTyanbHUX CUCTEM Y pPIi3HUX ranysax, 30Kpema, AN rofiocoBOro  KepyBaHHS
NPUCTPOSMK PO3yMHOIo ByaUHKY, ineHTudikauii ocobu y cuctemax 6e3neku, aBTomatmaadii
Pi3HOMaHITHUX TEXHOMOTIYHMX MpoueciB Towwo. [iaBULLIEHHS BUMOT 0O TOYHOCTI, LUBMAKOAIT
Ta aBTOHOMHOCTI cucTem noTpebye yaoCKOHaneHHs MeTodiB po3ni3HaBaHHS MOBIEHHS,
ocobnueo 3a BrnMBY (POHOBMX LIYyMiB. TOMy meTa poboTu nonsrana y po3pobneHHi
ajanTMBHOTO MeETOA4Y LUYMO3HWXKEHHA AN NigBULEHHS TOYHOCTI  pO3ni3HaBaHHS
aypioiHpopmalLi.

Matepianu Ta metoau. [locnifXeHHs BNNUBY LIYMOBOIO CepedoBULLA HA TOYHICTb
aBTOMAaTUYHOIO PO3Mi3HaBaHHSA MOBIIEHHS OXOMMI0E eTanu CheKkTpanbHOro adanisy
aypiocurHanis 3a [JOMOMOro KOPOTKOYacHOro nepetBopeHHs ®Pyp’e, aganTUBHOMO
LWYMO3HWKEHHS 3 BUKOPUCTaAHHAM M’SIKMX Macok i enemeHTiB BiHep-ginbTpauii Ta
PEKOHCTPYKUIi CUrHamny Ha OCHOBiI 3BOPOTHOrO nepeTtBopeHHs dyp’e. [nsa pocnigxeHHs
BMKOpPUCTaHO mogeni po3nidHaBaHHa moBneHHs Whisper i Habopu gaHnx Common Voice
Ta LibriSpeech, gonoBHeHi CMHTE30BaHUMU 3aLLyMIEHUMU 3anmMcamu.

Pe3ynbTaTtn. BctaHoBNEHO, WO Pi3Hi TMNK POHOBUX LLIYMIB (30KpeMa, HU3bKOYACTOTHI
cTauioHapHi, NEPKYCiHi, iMNyNbCHi, TOHamMbHI, LUMPOKOCMYrOBI) i CNiBBIAHOLUEHHSI curHany
[0 LWyMy no pi3HOMY BMMMBAIOTb Ha TOYHICTb po3nidHaBaHHA MoBrneHHsA mogenamun Whisper.
3anponoHoBaHO MeTOo4 MNiABMLLEHHS TOYHOCTI pO3Mi3HaBaHHA MOBIIEHHSI Ha OCHOBI
a[anTUBHOIO LUYMO3HWKEHHS, Skuii 3abe3nedye rHyvke npuayleHHs HebaaHux 4acTtoT
6€e3 CyTTEBOro CNOTBOPEHHSI MOBJIEHHS | A€ 3MOry KOMMNEHCYBaTU BMIIMB HaBiTb CKNagHUX
oHOBUX WyMiB. [1pOAEMOHCTPOBAHO 3MEHLUEHHS CepefiHbOoro PiBHA  MNAyTaHUHK
npuronocHunx Ha 50-60% ana mogeni Whisper Tiny Ta 15-30% ans mogeni Whisper-1 y
peansHoOMy 4Yaci.

BucHoBkW. Y pesynbTaTi aHanisy edeKkTUBHOCTI po3ni3HaBaHHA MOBMEHHS MogensaMun
Whisper 3a meTpukamu (OHETUYHUX CNOTBOPEHb, TOYHOCTI TPaHCKPWMLUii, MAyTaHWUHK
MPUrofIOCHNX Ta CNPUMHATTA apTedakTiB y LUIMPOKOMY Aiana3oHi CNiBBiAHOLLEHHSAM curHany
0O LyMy BCTaHOBMEHO, WO 3acCTOCyBaHHS afanTUBHOIMO LUYMO3HWXKEHHsi 3abesnevye
cyTTeBe niaBuLLEHHA TovHocTi moaenen Whisper. Monpwu Buwy TouHicTe mogeni Whisper-
1, mogenb Whisper Tiny 3 M'AkOl0 Mackow OEMOHCTPYE AOCTATHO e(eKTUBHICTbL Ans
iHTerneKkTyanbHUX cucTemM Ha ocHOBI loT-nnaTopM peansHOro 4acy.

Knrouoei cnoea: mopeni Whisper, poHoBui wym, wymonoaasneHHs, Wiener-dinbTp,
cnekTpanbHe MackyBaHHs, loT.
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ABSTRACT

Background. Quality of Experience (QoE) has emerged as a fundamental metric for
evaluating the effectiveness of modern information and communication systems, especially
in video conferencing environments where real-time interaction is critical. Unlike traditional
Quality of Service (QoS) metrics, QOE reflects the subjective perception of users and
depends on a combination of technical, behavioral, and contextual factors.

Materials and Methods. The research is based on a comprehensive analysis of
contemporary scientific approaches to QoE evaluation in telecommunication systems. A
structured set of influencing factors was identified, including technical parameters (network
delay, bandwidth, packet loss, noise, and distortions), user-related characteristics
(perception, expectations, and interaction behavior), and contextual conditions of service
usage. Mathematical modeling methods, including linear regression, neural networks,
decision trees, Bayesian approaches, and similarity functions, were considered for
predicting QoE. Additionally, the E-model was applied as a standardized approach for
evaluating QoS.

Results and Discussion. The experimental results demonstrate that network
impairments have a significant negative impact on both QoS and QoE in video conferencing
systems. In particular, increased network delays lead to communication interruptions and
reduced interactivity, while packet loss results in audio degradation and visual artifacts. The
data obtained in this work reveals a strong correlation between objective network
parameters and subjective user satisfaction. The conducted modeling confirmed the
existence of a nonlinear dependence of QoE on network parameters, particularly delay and
packet loss. These results demonstrate the effectiveness of an integrated QoE model in
evaluating network services.

Conclusion. The study confirms that network delay and packet loss are among the most
influential factors affecting user experience in video conferencing systems. The proposed
modeling approach allows for more precise evaluation and forecasting of QoE by
incorporating both objective and subjective components. The findings highlight the
importance of integrating multiple parameters into unified models for accurate QoE
prediction.

Keywords: Quality of Experience, Quality of Service, video conferencing, model,
adaptation, communication system.
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INTRODUCTION

The QoE (Quality of Experience) model is a tool for assessing the quality of user
experience during interaction with technologies and business entities within a specific
context, particularly in telecommunication systems. This model takes into account various
aspects of the communication ecosystem, such as technical characteristics, business
models, user behavior, and usage context.

The QoE model enables the analysis and evaluation of user satisfaction with a
particular product or service. It is based on the interaction between the technical
parameters of a system and the user’s perception of its quality. The main objective of the
QoE model is to ensure a high level of user satisfaction and to improve the overall
experience of technology use.

This model incorporates various aspects, including audio quality, video quality, data
transmission speed, network delay, and other factors. It also considers individual user
characteristics, their expectations, and the context in which the technology is used. The
QoE model is an important instrument for the design and improvement of
telecommunication systems aimed at ensuring a high quality of communication service for
end users.

QoE in information and communication technologies plays a key role in ensuring user
satisfaction and improving interaction with various services and applications. QoE makes
it possible to evaluate Quality of Service (QoS), enhance user interaction, implement traffic
management strategies, increase the competitiveness of companies, and improve network
monitoring for the rapid detection and resolution of service quality issues before they affect
users.

The application of Quality of Experience in information and communication
technologies is also important under military conditions. QoE enables the assessment of
communication system effectiveness, enhances the productivity and efficiency of military
operations, ensures the security and confidentiality of information transmission, and
optimizes resource utilization. Such an approach helps to provide reliable communication,
fast information exchange, and improved operational efficiency, which are critically
important in modern warfare conditions.

MATERIALS AND METHODS

Analysis and Problem Statement

Analyzing the impact of various network parameters on QoE during video
conferencing allows the identification of several critical challenges. High network delay
leads to interruptions in video transmission and degradation of audio quality, packet loss
results in video artifacts and audio dropouts, echo negatively affects speech intelligibility,
and network noise introduces distortions that reduce overall sound quality. These factors
significantly influence user satisfaction and highlight the need for effective QoE-oriented
optimization methods.

In addressing the problem of improving QoE through network parameter optimization,
numerous studies have investigated the relationship between technical characteristics and
user perception. In particular, the work of Hol’feld and Pérez [1] proposes a theoretical
framework for QOE assessment that integrates both objective measurements and individual
user perception. Their approach emphasizes the importance of combining technical
monitoring with subjective evaluation to obtain a more accurate representation of user
experience.

The study by Seufert et al. [2] focuses on the evaluation and comparison of QoE
models using real-world crowdsourced datasets. The authors demonstrate that different
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QoE models may produce significantly different results under the same conditions,
highlighting the complexity of accurately predicting user experience. Furthermore,
Seufert et al. [3] analyze the incompatibility between web and video QoE models,
showing that QoE is highly context-dependent and cannot be universally described by a
single model.

Schleicher et al. [4] investigate how different stimuli, such as video streaming and web
browsing, jointly affect session-level QoE. Their results indicate that QoE cannot be
represented as a simple sum of individual components, but rather as a complex interaction
of multiple factors. Similarly, Wehner et al. [5] study the impact of content selection
strategies on video QoE, particularly in mobile environments, demonstrating that not only
network parameters but also content-related factors influence user perception.

In addition, Esper et al. [6] propose QoE-DASH, a tool for evaluating QoE in adaptive
streaming systems with edge caching and recommendation mechanisms. Their work
highlights the importance of adaptive delivery techniques in maintaining high QoE under
varying network conditions. Jelassi and Rubino [7] focus on the development of operative
QoE models for IP-based multimedia services, aiming to bridge the gap between theoretical
models and practical deployment.

Barakabitze et al. [8] introduce a QoE management architecture for softwarized 5G
networks, emphasizing the role of network programmability and dynamic resource
allocation in improving user experience. More recent studies, such as d’Arcier et al. [9],
explore QoE optimization in distributed XR applications, where real-time performance
requirements further increase the sensitivity to network impairments. Similarly, Krogfoss
et al. [10] analyze the benefits of 5G and edge computing for QoE in AR/VR
environments, demonstrating the importance of low latency and high bandwidth for
immersive services.

These studies collectively contribute to the understanding of QOE as a
multidimensional concept influenced by technical, contextual, and user-related factors.
They highlight the limitations of existing models and the need for more comprehensive
approaches that integrate diverse parameters and operating conditions. Based on the
analysis of existing scientific works, this study proposes the development of methods and
models for optimizing network parameters in order to improve Quality of Experience during
video conferencing.

Presentation of the Main Material
The main parameters of the QoE model include various factors that determine the
quality of user experience. The key parameters of the QoE model are:

e technical characteristics (data transmission rate, network delay, bandwidth,
audio and video quality, noise level, and distortions);

e user behavior (perception of the product or service, level of satisfaction,
interaction with the user interface, system response time to user actions);

e usage context (place and time of use, type of device used, specific features of
the communication network);

¢ individual user characteristics (age, gender, experience, etc.);

o interaction model (efficiency and usability of the interface, navigation and
information search methods, ease of use of functions and features, level of
personalization and individualization of interaction);

o stability and reliability (frequency of errors and failures, recovery time after
failures, availability of automatic recovery systems);

e resource consumption (energy usage, computational resource usage, and data
volume consumption).
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These parameters make it possible to assess Quality of Experience by considering

technical, behavioral, and contextual aspects of interaction with technologies and services.
By analyzing these parameters, effective strategies can be developed to improve user
experience quality and increase user satisfaction with products and services.

Methods for calculating the QoE model may vary depending on the specific usage

context and user needs. However, several general approaches can be identified:

User surveys:
e onducting surveys to assess user satisfaction with a product or service;
e using rating scales (e.g., a scale from 1 to 5) to evaluate different aspects of
user experience quality.
Objective technical parameters:
e measuring technical characteristics such as data transmission speed, network
delay, audio and video quality;
e using specialized software tools to monitor and analyze technical performance
indicators.
User behavior analysis:
e tracking user actions within a product or on a website;
¢ analyzing the time spent performing various tasks and user reactions to different
events.
Interaction modeling:
e using mathematical models to predict the impact of various parameters on
Quality of Experience;
e applying machine learning methods to analyze large datasets and identify
patterns.
Testing with human expert support:
e conducting special tests involving users to evaluate different aspects of
experience quality;
e using focus groups and expert assessments to obtain additional feedback.
These methods can be applied individually or in combination to obtain a

comprehensive assessment of Quality of Experience in telecommunication systems.

Therefore, this study proposes implementing a method based on mathematical

modeling to predict the influence of various parameters on Quality of Experience. This
approach involves constructing a mathematical model that reflects the relationship between
input parameters (technical, behavioral, contextual) and the output indicator - QoE.

The most common methods for modeling the influence of parameters on QoE include:
e Linear regression. In this method, a linear function is selected that best
describes the relationship between input parameters and QoE. For example:

QOE=a1'7’l1+a2'Tl2+'-'+an'nn+b, (1)

where nq, n,,..., n, are input parameters; a;, a,,..., a, are regression
coefficients; and b is the intercept term.

¢ Neural networks. This method uses artificial neural networks to model complex
nonlinear relationships between parameters and QoE. Neural networks can
detect complex interactions that cannot be described by linear models.

o Decision trees. In this approach, decision trees are used to identify the most
significant parameters influencing QoE. Decision trees can divide input
parameters into groups and determine which of them have the greatest impact
on Quality of Experience.
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o Bayesian methods. Bayesian statistical models are applied to estimate the
probability relationships between parameters and QoE. These methods can
account for uncertainty and variability in the relationships between
parameters.

e Similarity functions. Similarity functions are used to determine the degree of
similarity between input parameters and QoE outcomes. They can identify
complex heterogeneity in data and determine which parameters have the
greatest influence on QoE.

All these methods enable the creation of models capable of effectively predicting
Quality of Experience based on various input parameters. Such models contribute to the
improvement of products and services in the field of telecommunications, ensuring a high
level of service quality for end users.

RESULTS AND DISCUSSION

Based on the QoE model, an experiment was conducted to evaluate the impact of
various parameters on user experience quality in telecommunication systems. One
possible experimental scenario is described as follows. The objective of the experiment
is to determine how network delays affect Quality of Experience during video
conferencing. Considering this objective, each stage of the experiment is described in
detail below.

Definition of input parameters

Network delay. This parameter is measured in milliseconds and represents the time
required to transmit data from the sender to the receiver through the network. Delay
measurements are performed using specialized software tools or built-in network
monitoring utilities.

Data transmission rate. This parameter is measured as the amount of data that can
be transmitted through the network per unit of time (usually in bits per second).

Video and audio quality. Video and audio quality can be measured using various
metrics, such as video resolution, audio compression level, noise level, and other
indicators.

Preparation of the experimental environment

To conduct the experiment, a testbed with a network featuring controlled delay
conditions was created. Software for video conferencing and for monitoring audio and video
quality was installed.

Conducting the experiment

Video conferences were carried out under different levels of network delay. By
modifying network parameters such as bandwidth and others, different network
conditions were reproduced to study their impact on QoE. During the experiment, data
on audio and video quality were collected, along with user feedback regarding their
experience. The experiment made it possible to determine how network delay affects
Quality of Experience and to provide recommendations for improving QoE in video
conferencing systems.

Let us examine in more detail each component of the E-model formulas and the
formula for evaluating QoE.

1. The E-model for assessing QoS
The E-model formula is expressed as:
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R=Ry—1-A-B-C-0D, (2)

where:
Ry, — initial sound quality, usually measured on a scale from 0 to 100, where 100
represents ideal quality;
I — impact of network delay on sound quality;
A — impact of packet loss on sound quality;
B — impact of echo on sound quality;
C — impact of noise on sound quality;
D — impact of other factors on sound quality.
This model is widely used for assessing speech quality in telecommunication systems
and is based on the aggregation of different impairment factors, including noise, delay,
packet loss, and equipment-related distortions [11]

Impact of delay (I)
Network delay affects sound quality: the greater the delay, the lower the quality. The
delay impact can be calculated as:

1=0,024-t-(95—R,), (3)

where t is the network delay in milliseconds.

Impact of packet loss (A)
Packet loss also negatively affects sound quality. The impact of packet loss may be
calculated as:

n
A=0.01 -2(95 —Ro) " pi» (4)
i=1

where n is the number of lost packets and p; is the probability of loss of each packet.
Impact of echo (B)
Echo can also degrade sound quality. The impact of echo may be calculated as:

B=-0,392-(95—R,) e, (5)

where e is the echo level in decibels.

Impact of noise (C)
Noise affects sound quality as well. The impact of noise can be calculated as:

C=01-(95—Ry) (1 —107%1"m), (6)

where n is the noise level in decibels.

In formulas (3)-(6), empirical coefficients are introduced that reflect the results of
previous studies and represent a generalization of experimentally established
dependencies embedded in the classical E-model. In particular, the value 0.024 in formula
(3) is a calibration coefficient obtained through statistical analysis of the impact of delay on
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perceived speech quality and is used to normalize the model’s sensitivity to increasing
latency. The value 95 in the same formula (as well as in subsequent expressions)
corresponds to the reference level of the maximum, conventionally “ideal” speech quality
on the R-scale, which is traditionally used in the E-model as a baseline for assessing quality
degradation. Similarly, the other coefficients in formulas (4)—(6) (namely 0.01, 0.392, and
0.1) are of empirical origin and were derived through approximation of subjective speech
quality test results under different types of network impairments, allowing the mathematical
model to be aligned with actual human perception. Thus, all the introduced coefficients
ensure that the model corresponds to experimentally validated relationships between
network parameters and subjective quality of experience.

Impact of other factors (D)
Other factors, such as compression and jitter, may also influence sound quality.

2. Formula for evaluating QoE based on the E-model

QoE = f(QoS, UserFactors), (7)

where:
QoS — service quality calculated using the E-model;
UserFactors — individual user characteristics such as gender, age, experience, etc.;
f — afunction that accounts for the interaction between service quality and individual user
factors.
The function f may take the following form:

QoE = f(QoS,UserFactors) = w; - QoS + w, - UserFactors, (8)

where w; and w, are weighting coefficients reflecting the importance of service quality and
individual user factors in QoE assessment.

Let us introduce the variable A, representing the intensity of packet loss in the network.
In this case, the formula for packet loss impact A becomes:

n
A= 0,01-,1-2(95 —Ry), 9)
i=1

where:

A — parameter reflecting packet loss intensity in the network;
N — number of lost packets;

Ry — initial sound quality.

Thus, the variable 4 accounts for packet loss intensity, enabling a more accurate
assessment of its influence on Quality of Service (QoS) and, consequently, on Quality of
Experience (QoE). During the experiment, A can be used to simulate different network
conditions with varying packet loss levels. For example, a series of experiments may be
conducted with different values of A to determine the influence of various packet loss
intensities on user experience quality.

Figures 1-2 present the results of modeling the dependence of Quality of Experience
on network parameters according to formulas (7)—(8), where QoE is defined as an
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Fig.2. Dependence of QoE on Packet Loss

integrated function of QoS and user-related factors (UserFactors). The first graph
demonstrates a nonlinear decrease in QoE with increasing network delay under different
values of packet loss intensity 1. The obtained results show that even a moderate increase
in packet loss leads to a noticeable reduction in QoE at high delay values. The second
graph illustrates the dependence of QoE on packet loss intensity under different network
delay conditions. It was established that as A increases, the quality of user experience
deteriorates nonlinearly, while the most critical degradation occurs after reaching a certain
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threshold value of packet loss. In addition, increasing network delay shifts the QoE curves
toward lower values, indicating the combined negative influence of delay and packet loss
on perceived service quality.

After conducting the experiment to study the impact of network delay on Quality of
Experience during video conferencing, the following results were obtained:

Using the E-model, it was determined that network delays negatively affect audio
quality during video conferencing. As delay levels increased, audio quality decreased.

The experimental results also showed that packet loss negatively affects audio quality
during video conferencing. As the number of lost packets increased, audio quality
deteriorated.

Using the QoE evaluation formula, it was determined that Quality of Experience during
video conferencing significantly decreases under conditions of high network delay and high
packet loss. This confirms the importance of network optimization to ensure a high level of
user experience.

Summarizing the results of the study, it is appropriate to compare the obtained
dependencies of QoE on network parameters with well-established standards and scientific
approaches. According to the ITU-T Recommendation G.107 (E-model), which is a
fundamental standard for assessing voice quality in IP networks, the overall quality metric
(R-factor) depends on delay, packet loss, and other network impairment factors. This
confirms the results obtained in this study regarding the negative impact of latency and
packet loss on QoE. Similarly, ITU-T G.1080, which addresses QoE assessment in video
conferencing systems, also emphasizes the critical role of network delay and packet loss
in shaping the user’s subjective perception of quality. Additionally, WebRTC-based
experimental studies [12] demonstrate a strong correlation between objective QoS
parameters (delay, jitter, packet loss) and subjective QoE ratings provided by users, which
is further supported by experimental research using open datasets for real-time video
communication. Taken together, these sources confirm the validity of the obtained results
and demonstrate that the proposed approach is consistent with international standards and
modern QoE modeling methodologies. In future research, it is planned to extend the
proposed QoE model by integrating machine learning methods to achieve more accurate
nonlinear approximation of the relationships between network parameters and users’
subjective experience. It is also intended to conduct experiments in real-world 5G/edge
network environments to validate the model and adapt it to different video conferencing
scenarios, including mobile and military applications.

CONCLUSION

Based on the results of the experiment, the following conclusions can be drawn.
Network delays and packet loss have a significant impact on both Quality of Service and
Quality of Experience in telecommunication systems. To ensure a high level of user
experience during video conferencing, further research should focus on network
optimization aimed at reducing delays and packet loss. In addition, additional studies are
required to determine the optimal network parameters for achieving maximum Quality of
Experience.

After conducting the experiment using mathematical models to predict the influence
of various parameters on Quality of Experience, it was established that incorporating
multiple aspects (such as technical characteristics, network parameters, and individual
user preferences) provides a more comprehensive understanding of QoE in information
and communication technologies.

The experimental results indicate that the use of such models is effective and enables
more accurate prediction of service quality in these technologies. This represents an
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important step toward improving user satisfaction, optimizing network performance, and
enhancing the efficiency of information and communication systems, particularly under
demanding conditions, such as during military operations. The modeling results
demonstrated that QoE strongly depends on network delay and packet loss intensity, while
the influence of these parameters is nonlinear in nature. The proposed model makes it
possible to consider both technical network characteristics and individual user factors for
more accurate service quality assessment.
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METOOU TA MOAEJI 3ABE3MNEYEHHA AKOCTI A4OCBIAY KOPUCTYBAYA
B IHOOPMALIMHO-KOMYHIKALLIMHUX CUCTEMAX

lempo lNenex%
HauioHanbHul yHisepcumem «JIbgigcbKa ronimexHika,
8yn. CmenaHa baHdepu, 12, Jlbsig, 79013, YkpaiHa

AHOTALIA

Betyn. Axicte pocsigy kopuctyBava (A0K, Quality of Experience, QoE) crtana
dyHAaMeHTanbHNM MOKa3HWKOM OLiHIOBaHHA edeKTUBHOCTI Cy4YacHWX iHdopmauinHo-
KOMYHiKaUiiHuX cuctem, ocobnmMBo B cepedoBULLi BiAEOKOHMEPEHUiNn, Oe KPUTUYHO
BaXNMBOK € B3aEMOAis B peanbHOMY 4aci. Ha BigMiHy Big TpaauuiiHUX METPUK AKOCTI
obcnyroeyBaHHs (A0, Quality of Service, QoS), ALK Bigobpaxae cyb’ eKTMBHE CNPUAHATTSA
KOPUCTYBaYiB i 3aneXxuTb Big MNOEQHAHHA TEXHIYHWX, NOBEAIHKOBUX | KOHTEKCTyarbHUX
YMHHUKIB.

Matepianu Ta meToau. [locnigkeHHs IPYHTYETLCS HAa KOMMMAEKCHOMY aHarni3i Cy4yacHUx
HaykoBMx nigxofis Ao ouiHoBaHHA ALK B TenekomyHikauiiHux cuctemax. BusHauyeHo
CTPYKTYpOBaHW Habip YMHHMKIB BMNMMBY, 30KpeMa TEXHiYHi napameTpu (MepexeBa
3aTpuMMKa, NponyckHa 34aTHICTb, BTpaTa NakeTiB, LWyM i CMOTBOPEHHS), XapaKTepUCTUKN
KopucTyBaya (CNpUAHATTS, O4iKyBaHHs Ta MOBEAiHKA Nif Yac B3aeMofil), 8 TAKOXK KOHTEKCTHI
YMOBMW BUKOPUCTaHHS cepBicy. [lNs MOAEeNtoBaHHA B3AaEMO3B’A3KY MK LMMU napaMeTpamm
Ta A0K po3rnsHyTo H1U3KYy MaTeMaTUYHNX | aHaNMITUYHNX METOAIB, 30Kpema NiHilHy perpecito
ONA BUSIBNEHHA MiHINHWX 3aneXHOCTen, LWTYYHi HEeNPOHHI Mepexi AN MoAemntoBaHHA
HeniHIMHNX 3B’A3KIB, AepeBa pilleHb ANs aHanisy 3HavywocTi napameTpis, GaneciBCbki
mMozeni Ans MMOBIPHICHOrO OLjiHIOBaHHSA Ta dyHKUiT nogiGHoCTi Ans po3nizHaBaHHS
3aKOHOMIpHOCTEWN.

PesynbTtatu. PesynbTatv ekcnepMMeHTy AEMOHCTPYHOTb, O MepeXeBi MopyLleHHs
MatlTb CyTTEBUI HeraTMBHMIA BNnuB sk Ha AO, Tak i Ha ALK y cuctemax BioeokoHdepeHLin.
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3okpema, 30inbLUIEHHA MEPEXEBOI 3aTPMMKM NPU3BOAUTL OO NEpepuBaHb Y KOMyHiKauii Ta
3HKEHHS iIHTePaKTMBHOCTI, TOAi SIK BTpaTa NakeTiB CNPUYMNHSAE AerpajaLito 3ByKy Ta nosiBy
BidyanbHux aptedakTtiB. OTpMMaHi AaHi BUSBNAIOTb CUIIbHY KOPEnsLilo Mk 06’ eKTUBHUMMA
MepexeBUMn napameTpamm Ta cyb’eKTMBHOIO 3a40BOMEHICTI0 kopucTyBavis. NMposeaeHe
MoZJentBaHHA NiGTBEPANIIO HAaABHICTb HeNiHiNHOT 3anexHocTi ALK Big napameTpis mepexi,
3okpema delay Ta packet loss. OTpumaHi pesynbTatm AEMOHCTPYIOTb e(MeKTUBHICTb
BMKOPUCTaHHS iHTerposaHoi mogeni A0K Ans ouiHioBaHHSA AKOCTi MepeXeBUX CepBiCiB.
BucHoBkuW. [locnigjxkeHHs NigTBepaXye, WO MepexesBa 3aTpuMKa Ta BTpaTa nakeTiB €
OZIHUMM 3 HaMBaXNMBILLNX YNHHUKIB, SIKi BMNMBAKOTb HA KOPUCTYBALbKUIA JOCBIA Y cucTemMax
BioeokoHdpepeHuin. 3anponoHoBaHui niaxia 0o moAentoBaHHA 3abesneuye Ginbll ToOYHe
OujiHIOBaHHA Ta nporHodyBaHHa AOK 3a paxyHOK ypaxyBaHHA $SK OO’€KTUBHUX, TaK i
cyb’ektuBHMUX cknapgoBux. OTpuMaHi pesynbTaTv NiAKPECnoTb BaXNMBICTb iHTerpauii
MHOXWHW NapameTpiB Yy €AMHI Mogeni Ans NiABULWEHHSA TOYHOCTI NporHo3dyBaHHa AOK.

Knroyoei cnosa: skicTb AOCBiAY KOPUCTyBaya, BigeoKoHdepeHLUii, Mogenb, agantadia.
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ABSTRACT

Background. Air pollution remains a critical environmental and public health issue,
requiring accurate and reliable forecasting methods to support decision-making and
mitigation strategies. With the increasing availability of environmental data from monitoring
stations and meteorological sources, advanced data-driven approaches have become
essential for modeling complex air quality dynamics. The development of robust deep
learning architectures capable of capturing both temporal dependencies and external
environmental influences is of significant importance.

Methods. This study proposes a Dual-Stream Long Short-Term Memory (LSTM) model
for air quality forecasting, which processes station-based and meteorological data through
two parallel streams. A preprocessing pipeline is applied, including K-nearest neighbors
(KNN) imputation for handling missing values and Z-score normalization to standardize input
features. The outputs of the LSTM streams are integrated using an attention-based fusion
mechanism, which adaptively assigns importance to each data source. The model
performance is compared with several baseline approaches.

Results and Discussion. Experimental results demonstrate that the proposed model
achieves improved prediction accuracy and stability compared to traditional machine
learning methods and single-factor models. The attention-based fusion mechanism
effectively captures the dynamic relationships between station data and meteorological
conditions, allowing the model to adapt to varying environmental influences. Evaluation
using the Index of Agreement, coefficient of determination, and Root Mean Square Error
confirms the superiority of the proposed approach in modeling complex air quality patterns.

Conclusion. The proposed Dual-Stream LSTM framework provides an effective solution
for integrating heterogeneous environmental data in air quality forecasting tasks. By
combining structured preprocessing techniques with an adaptive fusion strategy, the model
enhances prediction performance and robustness. The results highlight the potential of
multi-source deep learning approaches for environmental monitoring and can be extended
to other time-series forecasting applications.

Keywords: air quality prediction; LSTM; dual-stream model; KNN imputation; Z-score;
sensor.

INTRODUCTION

Air pollution remains one of the most critical environmental issues worldwide, posing
significant threats to human health, ecosystems, and overall quality of life. As urbanization
and industrial activities continue to intensify, the need for accurate and timely air quality
forecasting becomes increasingly important for environmental monitoring, policy-making,
and public health protection. Modern sensing infrastructures, supported by the rapid
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development of Internet of Things (IoT) technologies, enable continuous collection of large-
scale air quality and environmental data. However, despite the availability of such data,
challenges related to data quality, heterogeneity, and complexity still limit the effectiveness
of predictive models.

Air quality datasets are inherently influenced by multiple factors, including emission
sources, meteorological conditions, and spatial interactions between monitoring stations.
In practice, these datasets often suffer from noise, missing values, and inconsistencies
caused by sensor malfunctions, communication failures, or environmental disturbances.
Such imperfections can degrade model performance and reduce the reliability of
forecasting results if not properly addressed during preprocessing and modeling stages.

A wide range of approaches has been explored for air quality prediction, including
traditional statistical models [1, 2] and classical machine learning techniques [3, 4]. While
these methods can provide reasonable results under certain conditions, they are generally
limited in their ability to model complex nonlinear dependencies and long-term temporal
patterns present in air pollutant concentrations, such as PM2.5 and PM10. These
limitations have motivated the adoption of deep learning methods, which are better suited
for capturing intricate relationships in time series data.

Among deep learning approaches, Long Short-Term Memory networks have
demonstrated strong performance in sequential prediction tasks due to their capability to
retain long-term dependencies and model nonlinear temporal dynamics. This makes LSTM
particularly effective for air quality forecasting, where pollutant levels are affected by both
historical trends and external influences such as weather conditions. Nevertheless, many
existing LSTM-based studies rely on single-source input data or combine multiple factors
within a single model without explicitly distinguishing their individual contributions.

To better exploit the multi-source nature of air quality data, it is beneficial to consider
separate modeling of different factor groups. In particular, station-based measurements
primarily capture temporal dynamics of pollutant concentrations, while meteorological
variables (e.g., temperature, humidity, wind speed) represent exogenous factors that
significantly influence pollutant dispersion and formation. Treating these inputs
independently allows for more specialized feature extraction and reduces the risk of
information interference within a single model.

This paper proposes a Dual-Stream LSTM model for air quality forecasting, which
processes station data and weather data through two parallel LSTM streams. Each stream
is designed to learn distinct patterns associated with its respective input type, and their
outputs are subsequently combined to generate the final prediction. This architecture
enables more effective modeling of both temporal and exogenous dependencies while
preserving the unique characteristics of each data source.

In this work, missing values are handled using a data-driven imputation strategy based
on the K-nearest neighbors method, which estimates missing observations by exploiting
similarities between data points without relying on strict distributional assumptions.
Compared to classical statistical approaches, KNN imputation is more flexible and better
suited for complex environmental datasets [5].

In addition, data normalization is applied to ensure stable and efficient model training.
Specifically, Z-score normalization is used to standardize input features by removing the
mean and scaling to unit variance. This step is particularly important in the proposed
framework, as it allows heterogeneous data sources, such as pollutant concentrations and
meteorological variables, to be processed in a consistent manner across the dual-stream
architecture [6].

The performance of the proposed Dual-Stream LSTM model is evaluated against
baseline methods, including traditional machine learning models and standard LSTM
architectures. Experimental results demonstrate that the proposed approach more
effectively captures complex relationships between air quality and influencing factors,
leading to improved forecasting accuracy and robustness.
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METHODS

In the course of the process of collecting air quality data, it is possible that monitoring
stations may, on occasion, produce incomplete records. Such incompleteness may be due
to malfunctions of the sensors, maintenance activities, or communication interruptions. If
this issue is not addressed in a satisfactory manner, the accuracy and reliability of
predictive models may be adversely affected [7]. To mitigate this issue, the K-nearest
neighbors imputation method is used for data imputation.

The K-nearest neighbors imputation method is a non-parametric data reconstruction
technique widely used to handle missing values in datasets with complex and unknown
distributions. Unlike statistical approaches that rely on predefined assumptions, KNN
imputes missing values by identifying the most similar observations in the dataset and using
their information to estimate the missing entries. This data-driven strategy allows the
method to preserve local structures and relationships within the data, making it particularly
suitable for environmental and time-series datasets with nonlinear characteristics. [8]

The core idea of KNN imputation is based on the similarity measurement between
data samples. For each instance containing missing values, a set of the k most similar
instances (neighbors) is selected according to a distance metric, such as Euclidean
distance, computed over the available features. The missing value is then estimated using
an aggregation of the corresponding values from these neighbors, typically by calculating
their mean or a distance-weighted average. As a result, the imputed values reflect patterns
observed in similar data points, ensuring consistency with the underlying data structure.

The KNN imputation process consists of two main stages. In the first stage, distances
between samples are computed using only the observed features, and the nearest
neighbors are identified for each incomplete instance. In the second stage, the missing
values are reconstructed by aggregating the values of the selected neighbors [9]. This
approach enables flexible handling of different data types and does not require explicit
modeling of the data distribution.

The mathematical formulation of the KNN imputation procedure is provided in Eq. (1),
where the missing value is estimated as a function of the values of its nearest neighbors.
This formulation allows the method to adapt to local data patterns and improves the overall
completeness and reliability of the dataset for subsequent modeling tasks.

X = Z (wij-x}")/ z Wi, (1)

JEN(D) JENR(D)

where w;; = [d(i,)) + €], d(i,)) is the distance between sample i and neighbor j, € is

a small constant to avoid division by zero, x}” is the value of feature m in neighbor j.

Normalization Process: Air quality and meteorological variables often exhibit different
scales and units, which can adversely affect the convergence and stability of machine
learning models. To mitigate this issue, Z-score normalization is applied to standardize
each feature by removing the mean and scaling to unit variance. [10] This transformation
ensures that all input variables contribute proportionally during model training, preventing
features with larger numerical ranges from dominating the learning process. Z-score
normalization has been shown to improve model convergence, enhance stability, and
increase the accuracy of forecasting predictions. The formula for Z-score normalization is
presented in Eq. (2):

xi,=xi_.u/o-' (2)

where x; is the original value of the feature, u is the mean of the feature over the training
data, o is the standard deviation of the feature, x; is the normalized value.

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 209



Ivan Rudavskyi & Halyna Klym

To effectively integrate the information extracted from the two data streams, an
attention-based fusion mechanism is employed. Instead of directly combining the outputs
of the LSTM models, the proposed approach assigns adaptive importance weights to each
stream, allowing the model to dynamically determine the contribution of station-based and
meteorological features to the final prediction.

hs and h,, denote the hidden representations produced by the LSTM models for
station data and weather data, respectively. The attention mechanism computes a set of
weights that reflect the relative importance of each representation. These weights are then
used to construct a fused feature vector, which captures both temporal dependencies and
external influences. The attention weights are calculated as presented in Eq (3):

as = exp(e)/exp(es) + exp(ey), -

ay = exp(ey)/exp(es) + exp(ey),
where e and e, are the attention scores for the station and weather streams, respectively.
These scores are typically obtained through a learnable function, such as a fully connected
layer:

es=wThy,, e, =wTh,, (4)

where hg and h,, are the hidden feature representations obtained from the LSTM models
for station data and meteorological data, respectively, w” is a learnable weight vector of
the attention layer, e; and e, are the corresponding attention scores reflecting the
importance of each data stream.

The fused feature representation hy is then computed as a weighted combination of
the two feature vectors:

hs = ashs + ayhy,, (5)

where hg and h,, are the feature vectors from the station and meteorological streams,
respectively, ay and «,, are the normalized attention weights assigned to each stream.

The fused feature vector is passed through a fully connected layer to generate the
final prediction output.

This attention-based fusion strategy enables the model to adaptively emphasize either
temporal patterns from station data or external meteorological influences depending on the
current environmental conditions. Compared to simple concatenation or static weighting
methods, the proposed approach provides greater flexibility and improves the model’s
ability to capture complex relationships in air quality data.

RESULTS AND DISCUSSION

The workflow of the proposed LSTM-based air quality prediction is presented in Fig. 1.

Figure 2 shows a comparison of the predicted and measured PM2.5 concentrations,
and Figure 3 shows the corresponding comparison for PM10 concentrations. The results
demonstrate the effectiveness of the proposed method in modelling air pollutant behavior,
as it produces predictions that closely match the observed values.

The Index of Agreement (lA) is a normalized statistical metric used to quantify the
degree of correspondence between predicted and observed values. Its values range from
0to 1, where 1 indicates perfect agreement between model outputs and observations, while
values closer to 0 reflect poor predictive performance [11].
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Fig 1. Workflow of the proposed LSTM-based air quality prediction

@ Actual @ Predicted

140

0
© U % © upunPaP PP {npdrdofollapeford© ik PPOF PR GPEP DAL DL L P PP GhoP RS

Fig 2. The comparison of predicted and actual values for the PM2.5 parameter

The IA evaluates model accuracy by comparing the magnitude of prediction errors to
the total potential deviation in the observed data. Unlike simple error metrics, it accounts
for both systematic and random discrepancies, providing a more comprehensive measure
of model performance. This makes it particularly suitable for assessing environmental
prediction models, where variability and uncertainty are inherent in the data.
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Fig 3. The comparison of predicted and actual values for the PM10 parameter

By incorporating both the variance of the observed values and the deviations of
predictions from the mean, the Index of Agreement offers a balanced evaluation of how
well the model reproduces observed patterns. As a result, it serves as a reliable indicator
of the consistency and overall quality of forecasting results.

The mathematical formulation of the Index of Agreement is given in Eq. (6). [12]

14 = Z;(oi P2 /Z;ua- 0|+ 10— 012, (6)

where, O; is the observation value, P; is the predicted value, 0 is the average observation

value, P is the average predicted value.

Root mean square error (RMSE) is a widely adopted metric for evaluating the accuracy
of predictive models, measuring the deviation between predicted and observed values. It
is calculated as the square root of the average of the squared differences between the
model's predictions and the actual observations. This provides an aggregate measure of
the magnitude of prediction errors.

By squaring the individual errors before averaging them, the RMSE places greater
importance on larger deviations, making it particularly sensitive to significant prediction
errors. This characteristic is useful in applications such as air quality forecasting, where
large discrepancies may have critical implications.

RMSE offers a straightforward measure expressed in the same units as the target
variable, facilitating direct comparison between predicted and observed values.
Consequently, it serves as an effective indicator of the model's overall predictive
performance. The formula for RMSE calculation is defined in Eq. 7.

RMSE = Z (i = 9)?/n, (7)
i=1

where, y; is the observation value, ¥, is the predicted value, n is the number of observed
values.
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The coefficient of determination (CoD) R? is a widely used statistical measure that
evaluates how well a regression model explains the variability in observed data. It
represents the proportion of variance in the dependent variable that can be explained by
the model. Values of R? range between 0 and 1; values closer to 1 indicate that the model
successfully captures most of the underlying variability in the data, while values near 0
suggest limited explanatory power.

This metric provides insight into how well the predicted values align with actual
observations by comparing residual errors with total data variation. As such, it is commonly
used to evaluate the effectiveness and reliability of predictive models, particularly in
regression-based forecasting tasks.

The coefficient of determination is useful for evaluating how well a model reproduces
overall trends in the data, although it does not directly reflect the magnitude of prediction
errors. Therefore, it is often used alongside other performance metrics to provide a more
comprehensive evaluation. The formula for the CoD is defined in Eq. 8.

R=1-(3" o=, i) ®

where, y; is the observation value, ¥, is the predicted value, y, is the average value of y;,
n is the number of observed values.

Table 1 presents a comparative evaluation of three performance metrics — the Index
of Agreement (lA), the CoD, and RMSE for the proposed LSTM-based model and several
baseline approaches, including Support Vector Regression, XGBoost, Ridge Regression,
and a Single-Factor Prediction model.

Table 1. Comparison of the prediction results of the different models

Model IA RMSE CoD

Our model 0.92 11.7 0.77
Single-factor LSTM 0.88 26.14 0.63
XGBoost 0.37 67.94 0.75

Support Vector Regression 0.25 56.13 0.12
Ridge Regression 0.24 79.31 0.49

The results presented in Table 1 demonstrate that the proposed Dual-Stream LSTM
model provides the most balanced and accurate forecasting performance among the
evaluated approaches. The improvement can be attributed to the ability of the model to
simultaneously capture temporal dependencies in air quality measurements and the
influence of meteorological conditions through the dual-stream architecture. Ridge
Regression and Support Vector Regression exhibit substantially lower performance, which
may be explained by their limited capacity to represent complex nonlinear relationships and
long-term temporal patterns inherent in environmental data. XGBoost achieves a
coefficient of determination comparable to that of the proposed model; however, the
considerably lower Index of Agreement and higher RMSE values indicate reduced
prediction consistency and larger forecasting errors. The comparison with the Single-Factor
LSTM model demonstrates the contribution of meteorological information to the prediction
process, as the integration of weather-related variables enables more comprehensive
modeling of pollutant dynamics. The obtained results confirm the effectiveness of
combining multi-source data with an attention-based fusion mechanism for air quality
forecasting.
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The model is trained using the Adam optimizer with a learning rate of 0.001. The
sequence length (time step) is set to 24 to capture daily temporal patterns in air quality
data. A batch size of 32 is used to ensure stable gradient updates.

The LSTM networks consist of 64 hidden units with a dropout rate of 0.2 to mitigate
overfitting. The models are trained for 100 iterations. For the KNN imputation method, the
number of nearest neighbors is set to k=5, which provides a balance between local
sensitivity and robustness.

Table 2 provides the training hyperparameters of the model.

Table 2. Training the hyperparameters of the model

Parameter Value
Number of iterations 150
Time step 24
Batch size 32
Learning rate 0.001
Hidden units 64
k (for KNN imputation) 5

CONCLUSION

This paper presents a Dual-Stream LSTM framework for air quality forecasting that
integrates information from monitoring stations and meteorological data sources. The main
scientific contribution of the study lies in the combination of dual-stream temporal feature
extraction with an attention-based fusion mechanism, enabling the model to dynamically
determine the relative importance of different data sources during prediction. This approach
allows more effective modeling of the complex interactions between air pollutant
concentrations and environmental conditions than conventional single-source forecasting
methods.

The experimental evaluation demonstrates that the proposed model achieves superior
predictive performance compared with traditional machine learning approaches and single-
factor prediction models. The results indicate that incorporating complementary information
from meteorological variables significantly improves forecasting accuracy and model
consistency, highlighting the benefits of multi-source learning for environmental prediction
tasks.

The proposed framework can support intelligent air quality monitoring systems by
providing more reliable forecasts for environmental management, public health protection,
and urban planning. Furthermore, the developed methodology is not limited to air quality
applications and may be adapted to other multivariate time-series forecasting problems
involving heterogeneous data sources.

The proposed framework provides a flexible and efficient solution for modeling
complex relationships in air quality data. By combining multi-source inputs with an adaptive
fusion strategy, it offers improved predictive performance and can be extended to other
environmental forecasting applications.
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ABOMOTOKOBA MOAEJb AOBIrOl KOPOTKOYACHOI NAM’ATI ANA
NMPOrHO3YBAHHA AKOCTI NOBITPA 3 BUAKOPUCTAHHAM CTAHLIMHUX
TA norogHnx oAHUX

leaH Pydaecbkul, ManuHa Knum
HauioHanbHul yHisepcumem «JIbgigcbka nonimexHika,
8yn. Cmenara baHdepu 12, 79013 m. Jlbeie, YkpaiHa

AHOTALIA

Bctyn. 3abpygHeHHs MOBITPA  3anuwiaeTbCA  CeprosHol  npobnemot  Ans
HaBKOMWLLHBOrO cepefoBuLla Ta 340POB’A HACENEHHs, WO BUMAarae TOYHUX i HaginHUX
METOZiB NPOrHO3yBaHHSA AN NiATPUMKM NpoLecy NPURHATTSA pilleHb Ta po3pobku cTparteriin
LLOAO 3MEHLUEHHS HeraTMBHOrO BNNMBY. 3i 3pOCTAHHAM AOCTYMHOCTI €KOMOriYHUX OaHuX,
O HAOXo4ATb 3i CTaHUIN MOHITOPUHIY Ta METEOPOIONiYHMX [Xepen, cydacHi nigxoan Ha
OCHOBI JaHMX CTanu He3amiHHUMW ANsi MOAENOBAHHS CKNaaHOI AUHAMIKM SIKOCTi MOBITPS.
Benvke 3HayeHHss Mae pos3pobka HafiiHWX apXiTeKTyp rnMBOKOro HaBYaHHS, 30aTHUX
BpaxoBYyBaTU K YaCOBIi 3aNeXHOCTI, Tak i 30BHiLLHiI €KOMNOoriyHi BAAMBW.

MeTtoau. Y uboMy AocnifKeHHi MPONOHYETbCA MOAENb OOBroi KOPOTKOYACHOI nam’aATi
(OKYI) i3 npBoMa noTokamu 4ns NPOrHO3yBaHHS SIKOCTI MOBITPS, Aka 06pobnse aaHi cTaHuin
Ta MEeTeoponoriYyHi AaHi 3a OOMOMOrow ABOX MaparernbHUX MOTOKIB. 3aCTOCOBYETHCSA
KOHBEEP nonepeaHboi 06pobku, WO BKNOYAE NIACTAHOBKY BiACYTHIX 3HAaYeHb METOAOM K-
Hanbnmxunx cycigis (k-HC) Ta Hopmanisauiio BXigHWX O3HaK 3a CTaHO4apTU30BaHOIO z-
ouiHkoto. BuxigHi aani notokiB OKUYI iHTerpytoTbCsl 3a AONOMOroK MexaHi3aMmy 3nuTTs Ha
OCHOBI YyBaru, $IKUA afanTMBHO MPUCBOKE BAXKIMBICTL KOXHOMY [pPKEpeny [OaHuX.
EdpekTnBHICTL MOAeNi NOPiBHIOETLCS 3 AeKinbkoma 6a3oBMMM Nigxoaamu.

PesynbTtatu. EkcnepumeHTansHi pesynbtaTi cBigyaTb Npo Te, WO 3anpornoHoBaHa
Modenb 3abe3nedvye BuWLLY TOYHICTb MPOrHO3yBaHHs Ta CTabiNbHICTb MOPIBHAHO 3
TpaguuinHuMM  MeToA4amMn  MALUMHHOIO HaBYaHHA Ta OAHOMAKTOPHUMM  MOAENAMM.
MexaHiam o00’egHaHHA [aHMX Ha OCHOBI yBarM eMEeKTMBHO BPAaXOBYE AUHAMIYHI
B32EMO3B’AA3KM MiXK JAaHUMU CTaHLjii Ta METEOPOSIONYHNMIN YMOBaMMU, LLIO [O3BOISIE MOAENi
aganTyBaTUCA 4O MIHNMBMX BNUBIB HABKOMNMULLHBLOIO cepegosuia. OuiHka 3a JOMOMOro
iHOEKCY Y3roKeHOoCTi, koedilieHTa AeTepMiHauii Ta cepeaHbOKBaApPaTUYHOI NOXUOKN.

BucHoBku. 3anponoHoBaHa apxiTekTypa asonotokoBoi KUl 3abesnevye edextmBHe
pilleHHs Ans iHTerpauii HeoQHOPIOHWX eKONOrMYHUX AaHWX Y 3aBAaHHAX MPOrHO3yBaHHS
SIKOCTi MOBITPS. 3aBOSAKM NOEAHAHHIO METO/AIB CTPYKTYPOBaHOi nonepeaHbLoi 06pobku faHmx
i3 cTpaterieto aganTuBHOro o6’egHaHHs AaHuX Mopenb niaBulye edeKTUBHICTb Ta
HafiiHicTb NporHo3yBaHHs. OTpyMMaHi pe3ynbTaTy MigKPECNoTb NOTEHUian niaxoais Ha
OCHOBI BaraTogXepernbHOro rnMbOKOro HaBYaHHA AN MOHITOPUHTY HABKONULLHBOMO
cepeaoByLIa Ta MOXYTb OyTu 3aCTOCOBaHI B iHLLIMX 3a4a4yax MPOrHO3yBaHHA YacoBUX PAAIB.

Knrouyoei cnoea: MNporHodyBaHHA sikocTi nosiTps; OKYIM; mogenb 3 ABOMa NOTOKaMu;
mMeToa k-HC; ctaHgapTnsoBaHa z-OuiHKa; CeHCop.
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ABSTRACT

Background. Automatic Speech Recognition (ASR) systems in single-channel
experimental setups perform poorly in real-world scenarios when several talkers are placed
near a microphone. While for multi-channel setups, speech (or source) separation can be
solved by algorithmic approaches such as beamforming or machine learning approaches
using deep non-linear filtering models, there is no such monaural algorithm that can
efficiently separate speech.

Materials and Methods. We focus on a successive model designed for multi-channel
speech extraction with a steering mechanism called deep non-linear filtering and modify it
for single-channel speech separation. This LSTM-based (LSTM - Long short-term memory)
model without a steering mechanism demonstrates high-quality speech extraction from a
fixed angle, which makes the model promising for single-channel separation. We modified
such a model by appending a parallel output head that generates a second gain mask in
addition to the existing one. We train the model on the Libri2Mix dataset in noisy conditions
to separate speeches and extract them without background noise. Additionally, we
investigate the influence of bidirectional LSTM layers versus the unidirectional version. As
the DNLF (Deep non-linear filtering) model is built with bidirectional LSTM layers, it cannot
be used for real-time separation processing.

Results and Discussion. Our trained DNLF-SS-UNI (Deep non-linear filtering speech
separation unidirectional) model with unidirectional LSTM layers demonstrates 3.41 dB of
SI-SDR (Scale-invariant signal-to-distortion ratio) and 5.34 dB of SI-SDRi (Scale-invariant
signal-to-distortion ratio improvement) on test subset of Libri2Mix dataset with background
noise, while its bidirectional version called DNLF-SS-BI (Deep non-linear filtering speech
separation bidirectional) achieves 5.82 dB and 7.76 dB for SI-SDR and SI-SDR,
respectively. However, the bidirectional version of the model requires approximately 2.3
times more parameters than its unidirectional counterpart.

Conclusion. The use of bidirectional LSTM layers in speech separation models of
architectures such as deep non-linear filtering is crucial, as a model with unidirectional LSTM
layers instead shows a performance drop of approximately 2.4 dB for SI-SDR and SI-SDRi
metrics.

Keywords: recurrent neural networks, speech separation, machine learning
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BACKGROUND

The main aim of this research is to investigate the deep non-linear filtering model [1]
for a single-channel speech separation task. Originally, this model was built for speech
extraction and beamforming tasks in a multi-channel microphone setup. The model
demonstrated significant results for speech extraction from a specified relative angle by
additional input processed by a steering mechanism in a condition with 4 speakers talking
simultaneously. It is designed to process an input of stacked matrices of calculated
spectrograms from microphones and generate complex gain masks applied to a reference
channel. The training framework processes the input complex stacked spectrograms of
multi-talker audio scenarios to extract only a single specified person. In one version of the
model, the desired speaker to extract is placed at a specified relative or fixed angle to the
microphone setup. The trained model demonstrates high-quality separation/isolation of the
target speaker, making it highly useful for real-world scenarios.

We gained insight from this relatively small model and decided to experiment with its
architecture for a speech separation task focusing on the single-channel setup. While it is
possible to add output head to the existing DNLF model and train it for speech separation,
a multi-channel setup usually does not require machine learning approaches; since talkers
are mostly placed at different angles to the microphone array, they can be efficiently
separated by beamforming algorithms or even by the existing DNLF model applied
iteratively. It is possible to run the DNLF model several times (many times as needed to
extract all speakers) by specifying each time required angle of each speaker time, thereby
allowing the existing model to work for a speech separation task. Therefore, we decided to
focus on updating the model structure for a single-channel setup, modifying it to process
only one complex spectrogram (real and imaginary parts) while generating two complex
gain masks for each speaker.

Designing efficient neural network models for speech separation in a single-channel
setup requires capturing and processing both long- and short-term audio dependencies.
While classical convolutional neural networks (CNNs) demonstrate high performance in
various pattern recognition tasks like image processing, their fundamental characteristic of
focusing on local features makes them less effective for tasks such as speech separation.

As an efficient speech separation convolution-based model, Conv-TasNet [2]
demonstrates a high-quality separation level. Instead of classical convolutional neural
network layers, this model relies on temporal convolutional network (TCN) layers [3], which
are designed to process input data with an increasing dilation factor. This allows the
convolutional model to process both long- and short-term audio dependencies. While our
investigation focuses on complex data representation and relies on the Short-Time Fourier
Transform (STFT) for the feature preparation phase—and the inverse STFT (iSTFT) to
convert the signal from the frequency domain back into the time domain—Conv-TasNet
implements a fully trainable time-domain model using trainable encoder-decoder layers.
These encoder-decoder layers use single Convolutional and Transposed Convolutional
layers to convert the time-domain signal into a pseudo-spectrogram format and vice versa.
These pseudo-spectrograms can be described as magnitude spectrograms of the input
signal, as they consist of only a single matrix with a fixed number of frequency bins. The
primary advantage of the Conv-TasNet model is that it is a fully convolutional model
designed for time-domain processing which, when using causal convolutions, can be
deployed for real-time speech separation.

Another fully-convolutional model that demonstrates even higher efficiency than Conv-
TasNet is a model called SuDoRM-RF [4]. This model is designed in a similar way, using
trainable encoder-decoder layers, but relies on U-Net-style convolutional blocks. These U-
Net blocks utilize downsampling and upsampling operations with skip connections, which
help the model capture both long- and short-term dependencies. This architecture results
in a smaller model size with fewer floating-point operations while still yielding highly
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competitive separation results in both clean and noisy conditions. Specifically, the
SuDoRM-RF model uses only 2.6M parameters—which is roughly half that of Conv-TasNet
(5.1M parameters)—and requires only 7.6 GFLOPs compared to Conv-TasNet's 10
GFLOPs. Despite this smaller footprint, it still demonstrates a high separation level,
achieving 9.24 dB SI-SDRi compared to the 9.52 dB SI-SDRi of Conv-TasNet [5] for a clean
speech mixture without background noise. Ultimately, our investigation focuses on real-
world scenarios for speech separation in these types of noisy conditions.

The Deep Non-Linear Filtering model relies on recurrent neural network layers—
specifically Long Short-Term Memory (LSTM) layers, which were originally designed to
capture both long- and short-term dependencies. Another core difference is its use of an
STFT signal representation instead of a trainable encoder layer. While a trainable encoder-
decoder layer can potentially be trained to denoise a signal from non-speech components,
the STFT provides a complex representation that supplies the model with both magnitude
and phase components. This representation helps the model more clearly and precisely
process the input information to reconstruct cleanly separated audio signals. Another
important architectural feature is the processing of input matrices in both the wideband and
narrowband dimensions [6]. This technique helps the model capture feature dependencies
across both frequencies and time frames. Combined, these features allow the model to
distinguish one speaker from another by focusing not just on isolated characteristics like
pitch or talking speed, but on a combination of both.

MATERIALS AND METHODS

A real-world scenario for a speech separation task can be described by next
equations:

N

Y(t) = Z x;(t) + n(t), (1)

i

where Y (t) is a time-domain representation of the mixture of N talkers defined as x;(t)
where i is the index of a speaker and n(t) is an additional background noise. In our
particular case, we consider only a two-speaker scenario where N equals 2. The main task
for our model is to process the input mixture and reconstruct x;(t) for each speaker. Our
investigated model is designed to process input complex spectrograms as a tensor Y of
shape [T, F, 2C], where T is a number of time frames, F number of frequency bins of STFT,
and thirds dimension is equals to C by 2, where C is number of channels/microphones and
2 for both real and imaginary parts of spectrogram. In our particular case, C is equal to 1,
so the input matrixes shape is [T, F, 2]. However, as original model was built for a single
complex gain mask estimation of shape [T, F, 2], our output shape is [T, F, 2*N], so for our
case we have an output shape of [T, F, 4], where first estimated gain mask Y_E+ contains
real and imaginary parts at third-dimension’s index 0 and 1, and second estimated gain
mask Y_E2 contains real and imaginary parts at index 2 and 3, respectively.

Y.e = Re[STFT(y)], 2)

Yo = Im[STFT(y)], (©)

The model architecture of the deep non-linear filtering model consists of 2 stacked
LSTM layers, followed by a fully-connected layer with a tanh activation function. The overall
model architecture is illustrated in Figure 1. The first LSTM layer, referred to as the
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frequency-based LSTM (F-LSTM), processes the input complex spectrogram of a shape
[T, F, 2] across the first dimension, so it obtains dependencies across frequencies (inter-
frequency dependencies). To capture information across time frames, the resulting output
is then permuted into a [F, T, N_F1] format, where N_F1 is the number of hidden features
from the first LSTM layer. Due to this permutation, the second LSTM layer features
dependencies (temporal dependencies) across time frames rather than frequencies.
Through this dual-path approach, the model processes features along both the frequency
and time dimensions. The output is then permuted back to a shape of [T, F, N_F2], where
N_F2 is the number of features from the second LSTM layer. Next, the resulting matrices
must be mapped back into real and imaginary components for our two target masks. To
achieve this, we employ a fully-connected layer that processes each [T, F] slice from the
[T, F, N_F2] tensor independently, mapping the N_F2 values to 4 output channels to form
a vector of values: [mask1rea, masklimag, Mask2rea, Mask2imag]. The obtained tensor of
shape [T, F, 4] is then processed by a tanh activation function. Finally, the resulting complex
masks are separated and applied to the input [T, F, 2] spectrogram independently to yield
the individual spectrograms for each speaker, which are subsequently converted back into
the time domain via the inverse STFT (iSTFT).

[T,F.2] l [T,F.2]

[T,F,2] | [T,F,N_F1] [F,T,N_F1] [T,F,N_F2] [T,F.4] [TF,4]p* Maski '@" STFT1 |*
Re&Im
- - = =
»| STFT H F-LSTM ¥ Permute [#) T-LSTM [ FF [#|Tanh | |1 [TF2]
Re&Im Mask2 [(F)»| sTFT2 |
§ Redm

Fig. 1. DNLF-SS model architecture.

Since the original deep non-linear filtering model uses only bidirectional LSTM layers,
it cannot be deployed in real-time applications. To address this, we decided to train two
versions of the DNLF-SS model: one utilizing the original bidirectional LSTM layers and a
second using unidirectional LSTM layers. A bidirectional LSTM layer use pair of weights
and processes the input signal from the past-to-future (forward) and from the future-to-past
(backward). While this allows the model to leverage future context, it prevents real-time
execution because the model must wait for future frames that are unavailable in real-world
streaming scenarios. In contrast, a unidirectional LSTM layer processes the sequence only
in the forward direction. This makes real-time deployment possible, as the model can
process the current time frame using only the current input and the hidden states from past
frames [7]. Furthermore, switching to unidirectional LSTM layers reduces the parameter
size of the recurrent block by half.

We utilized the open-source Libri2Mix dataset [8] with additional noise for training and
evaluation. The dataset consists of mixtures of two speakers with background noise, where
the Signal-to-Noise Ratio (SNR) ranges from -6 dB to +3 dB between the loudest speaker
and the background noise. The audio data was segmented into 3-second frames at a 16
kHz sampling rate. We use the train-360 dataset subset for training and the test subset for
evaluation. The network was trained for 100 epochs with 2 samples per batch. The Adam
optimizer was used for training with an initial learning rate of 103, which is reduced by a
factor of 1.1 every 30 epochs.

As the loss function for training, we use the negative scale-invariant signal-to-distortion
ratio (SI-SDR) [9]. The SI-SDR is calculated directly in the time domain rather than the
frequency domain by comparing the target time-domain speech signals with the estimated
ones. Because speech separation training focuses on obtaining outputs without a
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predefined speaker order, we apply an utterance-level permutation-invariant training (uPIT)
technique [10].

xTs
a=r—, @
Bk
SI-SDR(x, %) = 101o Maxll® (5)
' 510 \llax = %112

where x is a target signal, and X is estimated speech.

TEll Ny

N
. 1 -
L(X,X) = - max [NZ SI-SDR(xi,x,T(i))], (6)
i=1

where X is the list of N target sources, X is the list of N estimated sources, and the max[ |
operation ensures the optimal assignment.

In addition to SI-SDR, we also employ the SI-SDR improvement (SI-SDRi) metric for
evaluation. This metric estimates the improvement in the separation level achieved by the
model compared to a baseline. As a baseline, we calculate the initial SI-SDR metric for the
original mixed signal

SI-SDRi(x, £, mix) = SI-SDR(x, £) — SI-SDR(mix, %). (7)

RESULTS AND DISCUSSION

We trained two LSTM-based models for speech separation in noisy conditions: DNLF-
SS-UNI, which utilizes unidirectional LSTM layers, and DNLF-SS-BI, which utilizes
bidirectional LSTM layers. The comparative results of our proposed models against the
Conv-TasNet baseline are presented in Table 1.

Table 1. Comparison for Libri2Mix test

Models SI-SDR (dB) SI-SDRi (dB) Params. (M) FLOPs (G)
Conv-TasNet 4.48 6.41 5.1 9.992
DNLF-SS-UNI 3.41 5.34 1.4 0.013

DNLF-SS-BI 5.82 7.76 3.3 0.026

Our DNLF-SS-BI model demonstrates an improvement of 2.4 dB over the DNLF-SS-
UNI variant across both the SI-SDR and SI-SDRi metrics. All results listed in the table were
evaluated on the test subset of the Libri2Mix dataset under noisy background conditions.
Although the bidirectional version of the model requires roughly 2.3 times more parameters
than its unidirectional counterpart, it still maintains 1.8M fewer parameters than Conv-
TasNet. Furthermore, both of our proposed models require fewer than 250M FLOPs to
process 1 second of audio, whereas the fully-convolutional Conv-TasNet model requires
approximately 10 GFLOPs.
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CONCLUSION

In this study, we investigated a deep non-linear filtering model modified for single-
channel speech separation. Our best model achieves a performance of 5.82 dB in the SI-
SDR metric and 7.76 dB in SI-SDRI, outperforming the Conv-TasNet model by 1.34 dB
across both metrics. Additionally, we demonstrate that the backward temporal direction is
crucial for the separation performance of LSTM-based models. Utilizing unidirectional
layers in the deep non-linear filtering model resulted in a performance drop of over 2.4 dB
for each metric, while reducing the model size by only 1.9M parameters. Although
bidirectional LSTM layers yield higher separation results and better quality in the
reconstructed audio, their architecture prevents them from being used in online separation
tasks because they require buffering at least 1 second of audio. In contrast, both Conv-
TasNet and our proposed unidirectional model, DNLF-SS-UNI, support efficient real-time
online processing.
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PO3[INIEHHA MOBJIEHHSA 3 BUAKOPUCTAHHAM MOAN®IKOBAHOI
rMUBUHHOI MOAENI HENIHINHOI ®INbTPALI

AHOQpiti emko*, leaH Kap6oeHuk

Kaghedpa padioghizuku ma kom’romepHuUx mexHosoai,
JlbgigcbKuli HayioHanbHUl yHieepcumem imMeHi lsaHa ®paHka
8yn. ['eH. TapHaecbkoeo, 107, 79017 Jlbsis, YkpaiHa

AHOTALIA

BcTtyn. EdekTuBHICTb aBTOMaTU30BaHNX CUCTEM PO3Mi3HaBaHHS MOBMEHHS A5 OAHOro
MiKpOpOHa CYTTEBO 3HUXYETLCS B peanbHUX yMOBaX, KON 0QHOYACHO roBOPATb AeKinbka
nogen nopydy i3 npuctpoem. Xova Ans cuctem i3 GaraTema MikpodoHamu 3agada
pO3A4iNeHHs MOBMNEHHs1 abo po3dineHHs [Xepen curHany 3aranom BUpILLYETbCA 3a
[OMOMOrOH0 Taknx anropuTMiB, Ak aganTuBHe POPMyBaHHS AiarpaMmm CpSMOBaHOCTI (aHrn.
beamforming), abo 3 BMKOPUCTaAHHSIM HEMPOHHMX MepeXx fK rmmnboki moaeni HeniHinHoT
dinbTpadii, Ui nigxoan € HeeEeKTUBHUMN AN PO3aiNeHHS MOBIIEHHS B CUCTEMAX 3 OOHUM
MiKPOOHOM.

MaTtepianu Ta meToaun. Mn obpanu edbekTMBHY rMMBOKY MOAENb HENIHINHOT inbTpauii,
po3pobneHy aAnst 6araTokaHanbHUX CUCTEM BUAINEHHS MOBIEHHS 3i CTEPUHI-MEXaHi3MOM
(kepyBaHHSAIM Aiarpamoto CNpsiIMOBAHOCTI), i MoandikyBanu ii ANs ogHOKaHanbHOI CUCTEMU
po34ineHHss MOBMNEHHs. Lig mogenb B OcHOBI NoOynoBaHa 3 BMKOPUCTAHHAM Tak 3BaHUX
OK4M-wapis (OKYlM — gosra kopoTkoyacHa nam’sitb, aHrn. Long short-term memory,
LSTM), ogHak 6e3 3acTocyBaHHSA MOBOPOTHOrO MEXaHi3My i Mokasye BUCOKY e(PeKTMBHICTb
Ons BUAINEHHA O4HOro MOBUSA Ha (DiIKCOBaHOMY KyTi BiHOCHO IiHIMKM MIKPOGOOHIB, L0
HaLUTOBXHYIO Hac Ha ifgeto, Wo AaHa mogenb, nepebynoBaHa Anst O4HOKaHamNbHOI CUCTEMMU,
Moxxe ByTn Takox ecpekTnBHO. Mu goganv Ao uiei moaeni AoAaTKOBUIM BUXi4 Anst reHepavuii
Opyroi Macku ons Opyroro MOBUS Ha AoJady [0 BXe icHytoyoi. BukopucTtoBytoun Habip
AaHux Libri2Mix 3 gogaTkoBvM LWYyMOM MW HaBYMIU AaHy MOAENb PO3AiNeHHI0 MOBMEHHS
6e3 doHoBUX LWyMiB. TakoX My JOCNIAUNN BMIVMB BUKOPUCTAHHA caMe [BO-HanpaBreHuX
OK4YM wapie Ta ogHocnpsmoBaHux KUY wapie, ockinbkn opuriHanbHa rMMbrHHa moaenb
HeniHiHOI inbTpalii 4Yepe3 BMKOPUCTAHHA [BO-HaNpaBrieHMX LWapiB He Moxe OyTu
3aCTOCOBaHa 4115 PO3AiNEHHS MOBIEHHS Y peanbHOMY Yaci.

Pesynbtatmy 1 o6roBopeHHsa. Mogens OH-TH®-PM (OH-TH®-PM - opgHo-
HanpsiMneHa rmMuboka HeniHinHa inbTpauis Ans po3aineHHs MoBrneHHsi, aHrn. DNLF-SS-
UNI — Deep non-linear filtering speech separation unidirectional) 3 ogHo-HanpsmMneHMu
OKYM wapamn gemoHcTpye piBeHb posgineHHs B 3,41 b ana wmetpukun MI-BCC
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(macwTabHo-iHBapiaHTHOrO BiQHOLLUEHHS curHamny o cnoTBopeHb, aHrn. SI-SDR — Scale-
invariant signal-to-distortion ratio) Ta 5,34 ob gna nMI-BCC (nokpalieHHs maclitabHo-
iHBapiaHTHe BiOHOLLUEHHS CUMrHany 4o CnoTBOpeHb, aHrn. SI-SDRi — Scale-invariant signal-
to-distortion ration improvement) Ha TectoBomy Habopi gaHux 3 Libri2Mix 3 coHoBMMM
wymamu, B ToM vac gk mogens AH-FTH®-PM (OH-FTH®-PM — gHo-HanpsimneHa rnvboka
HeniHiHa dinbTpauia Ana posaineHHs MoBneHHsi, aHrn. DNLF-SS-BI - Deep non-linear
filtering speech separation bidirectional) 3 gBo-Hanpamnenumn OKYM wapamu nokasye
BuLWe pesynbtatn B 5,82 b 1a 7,76 ab ansa metpuk SI-SDR Ta SI-SDRi BignosigHo. OgHak,
[OBO-HarnpaBrneHa Bepcis mogeni notpebye mamxke B 2,3 pasu Oinblie HaBYanbHUX
napamMeTpiB, MOPIBHSIHO 3 O4HO-HaMNPaBNEHOK BEPCIELD.

BucHoBkU. BukopuctanHa aso-Hanpamnexnmx OKYl wapis ona 3agadi posgineHHs
MOBIEHHA B apxiTektypax no Tuny rMubuHHOI Mogdeni HeniHiiHoI dinbTpauii €
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ABSTRACT

Background. The elastic properties of a material are of great importance in solid-state
physics, as they significantly influence the optical properties of crystals.

Materials and Methods. The elastic properties of rubidium ammonium sulfate
(RbNH4SO0y4) crystals are investigated in this work. The calculation of elastic properties was
carried out using the CASTEP program.

Results and Discussion. Analysis of the elastic coefficients matrix of RbNH4SO4
reveals that this crystal belongs to the rhombic system with pronounced elastic anisotropy.
The crystal is mechanically stable, with the greatest rigidity along the Y-direction and the
smallest along the X—direction. The most stable shear is in the XZ plane, and the least stable
is in the XY plane. The calculation of the Cauchy relations revealed a significant deviation
(Cij > Cw), indicating the predominance of non-central forces in interatomic interaction and a
significant contribution of the covalent or ionic component of the bond in the RbNH4SO4
lattice.

The spatial distributions of Young's modulus, Young's modulus under universal
compression, shear modulus, and Poisson's ratio were calculated. The degree of anisotropy
in the elastic properties of the RoNH4SO4 crystal was estimated, confirming its significant
anisotropy.

Conclusion. The Born criteria calculation showed that the crystal is mechanically stable.
The calculation of the Cauchy relations revealed the predominance of non-central forces in
the interatomic interaction and the presence of a significant contribution of the covalent or
ionic component of the bond in the RbNH4SO4 lattice.

The presence of rigid tetrahedral groups [SO]3~ causes the formation of covalent
directed bonds within these groups. It is shown that the polarizability of ions is important:
rubidium ions (Rb*) and sulfate groups [SO]5~ have large electron shells that deform during
mechanical compression of the crystal. This leads to the formation of induced dipole
moments. The complex nature of the forces in the RbNH4SO4 crystal is a consequence of
the fact that the crystal consists not of point charges, but of polarizable ions and molecular
complexes [SO]3~ with their own internal covalent bond. This makes the material elastically
anisotropic and sensitive to the direction of the applied load.

Keywords: crystal, anisotropy, elastic coefficients, Young's modulus, universal
compression modulus, Poisson's ratio.
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INTRODUCTION

The refractive indices n; (RI) and birefringence An; are among the most important
optical parameters of materials in the spectral region of transparency. Along with their wide
technical application in instrument-making and optoelectronics (information recording,
transmission, and storage systems, spatial control of light beams, high-precision
polarimetry devices), they are widely used as an effective tool for studying physical
processes in crystals. In particular, they allow analyzing the features of electronic
polarization, determining the contributions of various effects (thermo-optical, piezo-optical,
electro-optical, acousto-optical, etc.) to changes in optical properties, estimating the
magnitude of spontaneous polarization and anti-polarization, and investigating their
changes during phase transitions. One of the newest applications of their application is
biomedicine (for example, studying the microscopic structure of collagen fibers in
connective tissue) [1-12].

This research allows us to study piezo- and electro-optical effects, electro- and
piezogyration, spatial modulation phenomena, acousto-optic interaction, and
photorefraction. It's noteworthy that the optical properties of crystals are closely related to
their elastic characteristics. Deformations of the crystal lattice, which arise under the action
of mechanical stresses, temperature, or external fields, lead to a change in electronic
polarizability and, accordingly, to a change in the refractive indices. This is the basis for the
piezo-optical and photoelastic effects, which establish a direct connection between the
material's optical and elastic parameters. Therefore, for a thorough understanding of optical
characteristics, it is necessary to consider the anisotropy and the values of the elastic
constants of crystals, which determine the lattice's response to external influences [13-21].

This article considers the elastic properties of rubidium ammonium sulfate (RAS),
RbNH4SO4 crystals. Previously, the temperature- and spectral-dependence of the main Rls
in these crystals was studied. It was established that in the studied spectral region (300—
800 nm) and temperature interval (77-820 K), the dispersion ni(1) is normal and is well
described by the two-oscillator Sellmeier formula. The intersection of the dispersion curves
ni(A) in the Y-direction was found. The refractions, electronic polarizabilities, and
parameters of effective ultraviolet and infrared oscillators were calculated. A 2nd-order
phase transition was observed at T = 120 K in the RbNH4SO4 crystal.

The band-energy structure of RoNH4SO4 crystals was calculated, and it was found
that the top of the valence band of these crystals is localized at point D (k = {0.5; 0.5; 0}),
the bottom of the conduction band is at point I (E = 5.16 eV), and the smallest direct band
gap (point I') is 5.33. The top of the valence band is formed by the bonding p-orbitals of
sulfur and oxygen. The bottom of the conduction band is mainly formed by the s- and p-
states of NH4 and Rb, hybridized with the antibonding p states of sulfur and oxygen. It was
found that the band gap width of RbNH4SO4 crystals decreases with increasing pressure
(dEg ! do~—1.55-10"% eV/bar) [22-25].

Despite the considerable amount of available information regarding the optical and
electronic properties of RoNH4SO4 crystals, their elastic characteristics remain practically
unexplored. This lack of information significantly limits a comprehensive understanding of
the coupling between mechanical deformation and optical response in these materials.
Elastic properties are among the fundamental characteristics of crystalline solids because
they determine the propagation of acoustic waves, mechanical stability, energy transfer
processes, thermal transport, and the response of a crystal to external mechanical loading.
In anisotropic crystals, the elastic response strongly depends on crystallographic direction,
resulting in elastic anisotropy that plays a crucial role in many physical phenomena.

The study of elastic anisotropy has become particularly important in recent years due
to the rapid development of acoustic metamaterials, phononic crystals, and anisotropic
functional media. Modern materials science increasingly focuses on designing materials
with highly anisotropic elastic properties, enabling unprecedented control over the
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propagation of elastic and acoustic waves. Such materials can be employed for acoustic
waveguiding, vibration suppression, sound insulation, acoustic cloaking, and advanced
signal-processing systems. Elastic anisotropy also governs the directional dependence of
sound velocities, acoustic attenuation, and acousto-optic interaction efficiency, making it a
key parameter for the development of modern acoustic and photonic technologies.

From the viewpoint of crystal optics, elastic anisotropy is directly related to photoelastic,
piezo-optic, and acousto-optic phenomena. Mechanical deformations modify the dielectric
tensor of a crystal through the photoelastic effect, thereby changing its refractive indices and
birefringence. Consequently, knowledge of the elastic tensor is indispensable for
understanding and predicting the optical response of crystals under external stress. This is
particularly important for materials that may serve as active elements of optical modulators,
deflectors, polarization controllers, and optical sensing devices.

The mixed-cation nature of RbNH4+SO4 crystals makes them especially interesting for
elastic investigations. The coexistence of relatively large Rb* ions and orientationally active
NHa* groups creates a complex system of interatomic interactions, which may result in
pronounced anisotropy of the elastic tensor. The presence of rigid [SO]?~ tetrahedra
combined with comparatively flexible cation sublattices is expected to generate anisotropic
deformation mechanisms associated with both translational displacements of cations and
rotational distortions of sulfate tetrahedra. Therefore, the analysis of elastic anisotropy can
provide valuable insight into the microscopic nature of interatomic bonding and structural
stability in these crystals.

In view of these considerations, the present work is devoted to a comprehensive
investigation of the elastic properties of RbNH4SO4 crystals. Special attention is focused
on the determination of the elastic stiffness coefficients, evaluation of the mechanical
stability conditions, analysis of elastic anisotropy, and discussion of the relationship
between elastic behavior, crystal structure, and optical characteristics. The obtained results
are expected to contribute to a deeper understanding of the mechanical and acousto-optic
properties of RbNH4SO4 crystals and to assess their potential for applications in modern
optical and acoustic devices.

MATERIALS AND METHODS

The elastic properties of the RbNH4SO4 crystal were calculated using the CASTEP
program, based on density functional theory (DFT) [26-32]. This technique combines the
pseudopotential approach with plane waves, which makes it fast and widely used in solid-
state chemistry and physics. The following electronic configurations were used for the
valence electrons: O (1s? 2s? 2p*); S (152 252 2p® 352 3p*), N (152 252 2p3), H (1s"), Rb (482
4p® 5s'). The ionic core was described using a norm-conserving pseudopotential [29], and
the limiting kinetic energy controlling the number of plane waves was taken to be
Ecuit= 750 eV. Integration over the 1st Brillouin zone was performed at points of a 3x2x4 k-
grid selected by the Monkhorst-Pack scheme [30].

To describe quantum exchange and correlation effects, the local density
approximation (LDA) and the generalized gradient approximation (GGA) with the Perdew-
Burke-Ernzerhof (PBE) parameterization were initially considered [31, 32]. As is well
known, the use of the LDA functional typically leads to an underestimation of lattice
parameters (by 1-3 %), resulting in a significant overestimation of elastic moduli and elastic
coefficients C; (sometimes up to 10—20 % compared to experimental data). Conversely,
the PBE functional tends to overestimate lattice parameters (by 1-2 %), which leads to a
systematic underestimation of the elastic constants. Therefore, the PBEsol functional [33]
was employed to ensure a precise balance between the cell geometry and the strain-
energy relation. The PBEsol functional, specifically adapted for solids, provides a well-
balanced description of the potential energy surface and yields elastic constants Cj that lie
between the LDA and PBE results. PBEsol is recognized as one of the most accurate and
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well-balanced approximations for minimizing systematic errors in the calculation of elastic
properties, as it delivers results comparable to those obtained from much more
computationally expensive hybrid functionals, such as HSE and PBEO [34,35].

The optimization procedure was performed similarly to works [36-38] with the following
convergence criteria: maximum force 3-10-2eV/A; maximum stress 5-10-3 GPa; maximum
atomic displacement 1-10-4 A. To calculate the elastic properties of the RboNH4SO4 crystal,
known crystallographic data for this crystal with the space symmetry group No. 2 (Ppam)
were used (Table 1). The results of the lengths and occupancy degrees of the shortest
atomic bonds of this crystal are also given there.

Table 1. Crystal lattice parameters, length, and degree of occupancy of the shortest
atomic bonds in the rubidium-ammonium sulfate crystal

Parameter Experiment Calculation

a, A 7.830 7.696

b, A 10.467 10.368

c, A 5.977 5.932

Vv, A3 489.855 473.326

Z 4 4

Bond Length (A) Occupancy
N-H 1.028-1,051 0.85-0.78
S-0 1.459-1,492 0.67-0.56
H-H 1.655-1,725 from —0.10 to —0.09
O-H 1.746-2,705 from 0.11 to —0.01
0-0 2.410-2,434 from —0.24 to —0.23
S—H 2.610-2,665 -0.03

N-O 2.796-2,935 from —0.14 to —-0.04
Rb-O 2.867 0.08

The elastic properties are described by Hooke's law, which is written as follows for
anisotropic materials [13, 39]:

Omk = Cmkni&nts (1)

where gy, is the stress tensor, C,,,;5,; is the elastic coefficients, and &, is the strain tensor.
The RbNH4SO4 crystal belongs to the orthorhombic symmetry class. From a symmetry
point of view, the elastic coefficients of such a crystal form a symmetric 6x6 matrix (in Voigt
notation) containing 12 nonzero components, nine of which are independent: C11, C22, Cs33,
C44, Css, C66, C12, C13, and C23.

The coefficients C;; were obtained by expanding the total energy E (V, §) of the crystal
in a Taylor series with respect to the unit cell volume V. For small deformations (§ «< 1),
the energy per unit volume is described as follows [39]:

6 6
v
E(V,8) = E(V,,0) + VOZ o e + ?" Z Cijeie;, 2)

i=1 i,j=1
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where Vy is the equilibrium volume at zero pressure; e; are the components of the
deformation tensor in Voigt notation; Cj; are the second-order elastic coefficients, which are
defined as the curvature of the energy surface:

1[ 0%E
]. (3)

Y - V_O aeiaej

Here, a set of strain tensors is used to calculate all 9 coefficients. Each strain § causes
an energy change AE =E(§)—E(0), which is a quadratic function of &.
Tensile/compressive strains along the axes are used to calculate the longitudinal and
transverse moduli Cj.

As an example, in the case of strain along the X axis (e = {4, 0, 0, 0, 0, 0}), it is obtained
that:

aE_1 C116% 4
For orthogonal deformation (XY plane), we will have e = {6, -6, 0, 0, 0, 0}, which will
correspond to the relation:

AE ,
A (C11 + Cyp — 2C42)67/2. (5)
0

Using the coefficients C11 and C22, the coefficient C12 can be calculated. To calculate
the shear moduli (Cs4, Css, Css), shear deformations with volume conservation were used.
In the case of shear in the YZ plane (e = {0, 0, 0, 8, 0, 0}) we can write:

AE_lC 52 5

Similar expressions can be written for the coefficients Css (displacement in the XZ
plane) and Ce¢ (displacement in the XY plane). For calculations of the bulk modulus B, it is
taken into account that the crystals of the rhombic syngony are related to the elastic moduli
Cij by the formula:

1
B = a{cll + CZZ + C33 + Z(CIZ + C13 + C23)}. (7)

Poisson's ratios (Vj), which show the transverse compression of the crystal in the j
direction during its stretching along the i direction, were calculated using the following
formulas:

Cll Cll 622
|74 = —-——, |74 = —-——, |74 = —-——,
XY Clz XZ %3 YZ 653
22 33 33
V = - )] V = - ) V = — .
YX C21 zZX C31 zY C32 (8)
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Using the elastic coefficient matrix, the spatial distribution of Young's modulus is
calculated in the work. For this, first, the inverse matrix of elastic compliance coefficients
[S] = [C]" is found. Then the Young's modulus E in the direction given by the unit vector
n = [l;,1,,13] (where [; are the direction cosines relative to the crystallographic axes) is
calculated by the general formula:

1 3 3 3 3
E:zzzzsijklliljlkll- 9)

RESULTS AND DISCUSSION

The matrix of elastic coefficients C; (GPa) of the RbNH4+SOs crystal at room
temperature looks like

1745 605 587 0 0 0

605 1956 554 0 0 0

|587 552 1788 0 0 0
C=1"% 70 0 524 0 0 (10)

0o 0 0 0 678 0

L o o o o o 486l

We see that the matrix with nine independent non-zero components is characteristic of
rhombic symmetry. In the given case, an approximation to tetragonal symmetry is
observed, since Ci1 = C33 (17.45=17.88 GPa) and (44 = Ces. However, the difference
between (2 and the components C12 # C13 confirms the rhombic structure.

The rubidium ammonium sulfate (RAS) crystal RbNH4SO4 belongs to the
orthorhombic system (space group of type Puma); therefore, its tensor of elastic coefficients
contains 9 independent components Cj;, which are given in Eq. (10). Regarding the shear
stiffness, it can be noted that the shear resistance is maximum in the XZ plane (Css = 6.78
GPa) and minimum and almost isotropic in the YZ and XY planes (Cas = Ceg).

For a stable crystal, the Born conditions must be fulfilled. For crystals of the rhombic
system, the Born conditions of mechanical stability are written as follows:

C11>0,022>0,C33>0,Cs4>0,Cs55>0, Co6 > 0;
[Ci1+ Co2 + C33 = 2(Ciz2 + C13 + (23)] > 0; (11)
(Ci1+ C2-2C12) >0; (C11+C33-2C13) >0;  (Coz + C33-2C23) > 0.

The check showed that

Ci1+ Cpy — 2Cy5 = 17.45 + 19.56 — 2 - 6.05 = 24.91 > 0;
Cy1 + C33 — 2C;3 = 17.45 4+ 17.88 — 2 - 5.87 = 23.59 > 0;
Cyy + C33 — 2C53 = 19.56 + 17.88 — 2 - 5.54 = 26.36 > 0;
Cy1 + Cop + Ca3 4 2(C1z + C13 + Cp3) = 54.89 + 2 - 17.46 = 89.81 > 0.

We see that all the criteria are met, so the crystal is mechanically stable. Let us
compare the main elastic coefficients. Since C22 > C33 > C11, the greatest stiffness is along
the b-direction, while along the a-direction it is the least. That is, the b-direction is the
stiffest, and the a-direction is the most compressible. This is a typical result for crystals of
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the ABSO4 double sulfate family (A and B = Li, K, Na, Cs, Rb, and NHa4), in which stiffer
polyhedral SO4 chains form along one axis. Since Css > Cs4 > Cs6, the most stable shear is
in the XZ plane, while in the XY plane it is the least stable. This may be due to weaker
interionic interactions between layers or to the orientational mobility of NH4* groups.

An important indicator is the deviation from the Cauchy relations (C12 = Ces, C13 = Css,
C23 = C44). From the matrix, we see that C12 (6.02) # Ces (4.86) and C23 (5.54) # Casa (5.24).
A significant deviation (C; > Cw) indicates the predominance of non-central forces in the
interatomic interaction and the presence of a significant contribution of the covalent or ionic
component of the bond in the RbNH4SO4 lattice.

Analysis of the matrix shows that the RbNH4SO4 crystal belongs to the rhombic
syngony with pronounced elastic anisotropy (maximum stiffness along the Y axis). The
inequality in the elastic constants indicates the complex nature of interatomic forces, which
extend beyond simple central interactions. This "violation" means that the real interaction
in rubidium ammonium sulfate is much more complex.

The reason for the “complex nature” of the forces in RbNH4+SO4 is the presence of rigid
tetrahedral groups [SO]2~. The bonding within these groups is covalent, meaning there are
directional bonds. Unlike ionic bonding, which acts equally in all directions, directional bonds
resist changes in the angles between atoms, not just changes in distance. This creates
“angular” or “multi-particle” forces that do not fit into the model of simple central springs.

The ions' polarizability also plays an important role. The rubidium ions Rb*, ammonium
ions NH4*, and, especially, the sulfate groups [SO]%™ have large electron shells that deform
during mechanical compression of the crystal. In the case of crystal compression, induced
dipole moments arise. The “dipole-dipole” interaction depends on the orientation, which
again adds an off-center component to the total lattice energy.

From the matrix, we also see that, since the Cauchy parameter g=C12-Cs4=6.05-
5.24>0, this indicates the predominance of ionic character with pronounced polarizability.
The crystal resists a change in volume (compression) more than a change in shape (shear).
This is a consequence of the fact that interatomic forces “hold” the structure not only due
to electrostatic attraction, but also due to the rigid geometry of sulfate groups. That is, the
complex nature of the forces in the RoNH4SO4 crystal is a consequence of the fact that the
crystal consists not of point charges, but of polarizable ions and molecular complexes
[SO]4~ with their own internal covalent bond. This makes the material elastically anisotropic
and sensitive to the direction of the applied load.

For orthorhombic crystals, the maxima of Young's modulus are usually close to the
crystallographic axes. If we compare the diagonal components of the stiffness tensor:
C22>C33>C11, it follows that the maximum Young's modulus is along the b axis, along the ¢
axis it is slightly smaller, and along the a axis it is minimal. That is, the indicatrix of Young's
modulus should be elongated along the b axis. Physically, this means that the crystal is
stiffest in the b direction, and deformation occurs most easily along the a direction. Since
the coefficients of the shear moduli satisfy the following relationship: Css>C44>Cgs, this
means that the lowest shear resistance is in the plane (ab). In a spatial surface, this
manifests itself as a flattening of the indicatrix (Fig. 1a).

Poisson's ratio, v, is one of the fundamental characteristics of the elastic properties of
solids. It describes the mechanical coupling between longitudinal and transverse
deformations of a load. If a uniaxial tensile stress o is applied to a body, it elongates along
the direction of the load and simultaneously compresses in the transverse directions.
Poisson's ratio v is given by the formula:

&
v=—-—=, (12)
&)
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Fig. 1. Spatial distribution of Young's modulus (a), Poisson's ratio (b), and linear compressibility (c) of the
RbNH;SO, crystal at room temperature

where g is the relative longitudinal strain, and €, is the transverse strain. The minus sign
in the formula means that the strains have opposite signs.

For most dielectric crystals, v=~0.2-0.3, which agrees well with the values obtained for
the RbNH4SO4 crystal (Fig. 1b). In anisotropic crystals, v is not a constant. It depends on
the direction of the applied stress n and the direction of the transverse strain m. Therefore,
3D Poisson's ratio surfaces or polar sections are constructed for crystals in certain
crystallographic planes. In some directions, the value may differ significantly.

For an anisotropic crystal

SijrinimEm,

v(n, m) = (13)

)
SijriMiN NNy

where s;jy; is the compliance tensor, n is the load direction, and m is the direction of

transverse deformation. This formula is used to construct spatial maps of v.

For the RbNH4SO4 crystal, Poisson’s ratio reflects the rigidity of the SO4 tetrahedra,
the relatively soft deformations of the NH4* ion, and the weak participation of the Rb* ions
in covalent bonding. This leads to moderate values of v and anisotropy of transverse
deformations.

Poisson’s ratio determines the propagation of acoustic waves, acousto-optic effects,
the material's behavior under pressure, and the mechanical stability of the crystal.
Therefore, its analysis is an important part of the study of the elastic and optical properties
of crystals.

Poisson's ratio determines the transverse strain during tension. Since the off-diagonal
coefficients Ci2, C13, and (2325.5-6.0 GPa, are not significant enough, there is little
transverse interaction between the axes in the crystal. Values of approximately v=0.18-
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0.30, maxima occur in directions close to the (ab) and (ac) planes, where shear strains are
lighter.

Anisotropy in RbNH4SO4 is determined by its lattice structure: the rigid structural
elements of the SO4 tetrahedra are held together by strong covalent bonds. The softer
elements, the NH4* ion, form hydrogen bonds that are much softer. The weakly bound Rb*
cation is mainly ionically bound. Therefore, there is great rigidity along the directions of the
S04 chains, and there are lighter deformations in the directions involving NHa.

The obtained surfaces (Fig. 1c) indicate moderate elastic anisotropy and have
pronounced directions of light shear. This is important for piezo-optical effects, baric
changes in refractive indices, and acousto-optical properties.

Compared to the isomorphic Rb2SO4 crystal, RobNH4+SO4 usually exhibits lower shear
moduli and higher anisotropy. The reason is the presence of the NH4 ion, which reduces
the coefficients due to orientational degrees of freedom. The main rigidity of the RbNH4SO4
crystal is formed by SO4 tetrahedra. Such properties are in good agreement with phase
transitions, anisotropy of thermal expansion, and anisotropy of thermo-optic coefficients
dn/dT.

Thus, the RbNHsSO4 crystal has mechanical stability, moderate anisotropy of
longitudinal moduli, significant anisotropy of shear deformations, and a relatively small bulk
modulus (~10 GPa). Such properties are typical for ionic-molecular sulfate crystals with
S04 tetrahedra and orientationally mobile NH4 groups.

Young's modulus characterizes the rigidity of the material during uniaxial tension or
compression. In crystals, the strain depends on the orientation of the load relative to the
crystallographic axes. Therefore, the directional Young's modulus E(6, ¢) is introduced,
where 8 and ¢ are spherical angles that define the direction in the crystal. The Young's
modulus was calculated using formula (9).

The dependence E(6, @) is usually depicted as a three-dimensional surface. In each
direction, the radius r=E(6, ¢) is plotted. The resulting surface is called the Young's
modulus indicatrix. Its shape characterizes the degree of elastic anisotropy and the
directions of maximum and minimum stiffness. For isotropic materials, this surface is a
sphere E(6, ¢)=const, for weakly anisotropic crystals, it is close to an ellipsoid, and for
strongly anisotropic crystals, elongated petal structures or directions with very small E may
occur. In most crystals, the maximum of Young's modulus corresponds to the directions of
the strongest chemical bonds or the densest packing of atoms. The directions of weak
interionic bonds or possible slip planes correspond to the minimum value.

Itis known that the structure of the RobNH4SO4 crystal is determined by SO4 tetrahedra,
Rb* cations, and NH4* groups. The rigidity of the lattice is determined by strong covalent
S—O bonds, ionic bonds with the Rb atom, and rather weak NH4 hydrogen interactions.
Therefore, Young's modulus has maxima along the directions where the SO4 tetrahedra
are more tightly connected, and minima in the directions where deformation occurs due to
rotation or displacement of the NH, groups.

The Young's modulus is related to the bulk modulus B, the shear modulus G, and the
Poisson's ratio v by the following relationship (isotropic case): E=9BG/(3B+G). Therefore,
the spatial distribution of Young's modulus E is a combination of the shear stiffness and
compressibility of the crystal. The shear anisotropy of crystals of the orthorhombic system
is characterized by the following coefficients:

4Cyy 4Css 4Ce6
A = ; Ay = ; Ag = :
C11 + C33 — 2C33 C11 + Gy — 2C1; Cyz + (33 — 2053

(14)

If we substitute the values from Eq. (10) into these ratios, we can obtain the following
values: A; = 1.82, 4, = 2.16, and A3 = 1.03. If A = 1, then there is isotropic behavior,
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and if A # 1, then there is anisotropic behavior. Therefore, the greatest anisotropy is in the
plane (ac), and the least is in the plane (bc).

Since Cy5, > (33 > (14, we can estimate that E, > E. > E,. That is, the maximum
stiffness is along the b axis, the minimum along the a axis. The approximate ratio
Eax/Emin = 1.3 — 1.4, which corresponds to moderate elastic anisotropy.

For the general characteristic, the parameter is used:

G, B
A=5"21"_g (15)
Gr  Bg

where Gy, By are Voith estimates, G, Bg are Reis estimates. For our set of constants, we
obtain approximately AY ~ 0.4 — 0.6. If A = 0, then there is practically no anisotropy, and
if A= 0..1, then there is weak or moderate anisotropy. Thus, for the RbNH4+SO4 crystal,
there is moderate elastic anisotropy.

The structure of RbNH4SO4 contains rigid SO4 tetrahedra, the Rb* ion, and NH4*
groups. The anisotropy arises from the different orientations of the SO4 tetrahedra, the
possibility of NH4 rotation, and weaker hydrogen bonds. This leads to the fact that
deformation occurs more easily in some planes and more difficultly along the directions of
tight binding. For the Rb2S0Q4 crystal, the anisotropy is usually slightly smaller. The reason
is the absence of the NH4 molecular group and a more rigid ionic lattice.

CONCLUSION

The elastic properties of RbNH4+SO4 crystals at room temperature have been
investigated for the first time using a comprehensive analysis of the elastic stiffness tensor.
The obtained results fill an existing gap in literature concerning the mechanical
characteristics of this crystal and provide the necessary basis for understanding the
coupling between its elastic, optical, and electronic subsystems.

Analysis of the elastic stiffness matrix confirmed that RbNH4SO4 belongs to the
orthorhombic crystal system and exhibits pronounced elastic anisotropy. The inequality of
the principal elastic constants (C22 > (33 > C11) indicates that the crystal possesses the
highest resistance to uniaxial deformation along the Y crystallophysical direction, whereas
the X direction is mechanically the softest. A substantial anisotropy was also found for
shear deformation, with the highest shear stability observed in the XZ plane and the lowest
in the XY plane. These results reveal a strong directional dependence of the interatomic
interactions and deformation mechanisms operating in the crystal lattice.

Mechanical stability was confirmed by satisfying all Born stability criteria. At the same
time, a significant deviation from the Cauchy relations was established, providing clear
evidence for the predominance of non-central interatomic forces. This behavior originates
from the coexistence of rigid covalently bonded sulfate tetrahedra and comparatively
flexible ionic sublattices formed by Rb* and NHa4* ions. The obtained results demonstrate
that the elastic response of RboNH4SO4 cannot be described within the framework of simple
central-force models and is governed by complex many-body interactions, directional
bonding effects, and the intrinsic polarizability of the constituent structural units.

A detailed analysis of the elastic anisotropy revealed that the rigid [SO];~ tetrahedra
act as the main structural elements controlling the mechanical behavior of the crystal.
Under external loading, deformation is primarily accommodated through rotations and
distortions of sulfate tetrahedra as well as displacements of Rb* and NH4* ions. Such a
deformation mechanism gives rise to pronounced anisotropy of the elastic tensor and
explains the observed directional dependence of the Young’s modulus, shear modulus,
compressibility, and Poisson’s ratio.
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For the first time, three-dimensional spatial distributions of the Young’s modulus, linear
compressibility, shear modulus, and Poisson’s ratio were calculated and analyzed. The
resulting surfaces reveal a highly anisotropic mechanical response, which is directly related
to the crystal structure and anisotropic arrangement of sulfate groups. The universal elastic
anisotropy index was estimated to be AY = 0.4-0.6, indicating a moderate-to-high degree
of elastic anisotropy. The relatively small difference between the Voigt and Reuss
approximations confirms the reliability of the elastic characteristics obtained while
simultaneously reflecting the intrinsic anisotropic nature of the crystal.

The results obtained are important not only from a fundamental perspective but also
for potential practical applications. Knowledge of the elastic tensor and elastic anisotropy
is essential for evaluating the acousto-optic, photoelastic, and piezo-optic properties of
RbNH4SO4 crystals. The pronounced anisotropy of the elastic response suggests the
possibility of directional control of acoustic-wave propagation and acousto-optic interaction
efficiency. Therefore, RoNH4SO4 can be considered a promising material for acousto-optic
modulators, deflectors, polarization-control elements, and optical sensors operating under
external mechanical loading.

Furthermore, the calculated elastic parameters provide a basis for future investigations
of acoustic-wave velocities, photoelastic coefficients, acousto-optic figures of merit, and
strain-induced modifications of the electronic band structure and refractive characteristics.
Consequently, the present study establishes a fundamental framework for the development
of multifunctional optical and acoustic devices based on RbNH4SO4 crystals.

ACKNOWLEDGMENTS AND FUNDING SOURCES

The authors received no financial support for the research, writing, and/or publication
of this article.

COMPLIANCE WITH ETHICAL STANDARDS
The authors declare that they have no competing interests.

AUTHOR CONTRIBUTIONS

Conceptualization, [0.M., V.S., O.B.]; methodology, [0.M., O.B., V.S.]; investigation,
[O.M,, V.S., R.L.,, LLM., O.0.]; writing — original draft preparation, [O.M., R.L.]; writing —
review and editing, [O.M., V.S., O.B., R.L.]; visualization, [O.M., O.B.].

All authors have read and agreed to the published version of the manuscript.

REFERENCES

[11 Goodman, J. W. (2005). Introduction to Fourier optics. Roberts & Company
Publishers, 491 p.

[2] Flowers, G. R. (2012). Introduction to modern optics. Courier Corporation, 352p.

[3] lizuka, K. (2002). Elements of photonics: Volume II: For fiber and integrated optics.
John Wiley & Sons, 1222 p. https://doi.org/10.1002/0471221376

[4] Kubby, J. A. (2013). Adaptive optics for biological imaging. CRC Press, 388 p.
https://doi.org/10.1201/b14898

[5] Goldstein, D. H. (2011). Polarized light (3rd ed.). CRC Press, 808 p.
https://doi.org/10.1201/b10436

[6] Hao, R., Zeng, N., Zhang, Z., He, H., He, C., & Ma, H. (2024). Polarization feature
fusion and calculation of birefringence dynamics in complex anisotropic media.
Optics Letters, 49(9), 2273. https://doi.org/10.1364/0L.515983

[71 Zhang, Z., Hao, R., Shao, C., Mi, C., He, H., et al. (2023). Analysis and optimization
of aberration induced by oblique incidence for in vivo tissue polarimetry. Optics
Letters, 48(23), 6136—6139. https://doi.org/10.1364/0OL.501365

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 235


https://doi.org/10.1002/0471221376
https://doi.org/10.1201/b14898
https://doi.org/10.1201/b10436
https://doi.org/10.1364/OL.515983
https://doi.org/10.1364/OL.501365

Oleh Markevych, Vasyl Stadnyk, Oleh Bovgyra et al.

[8] Ghosh, N., & Vitkin, A. (2011). Tissue polarimetry: Concepts, challenges, and
applications. Journal of Biomedical Optics, 16(11), 110801.
https://doi.org/10.1117/1.3652896

[9] Ramella-Roman, J. C., Saytashev, |., & Piccini, M. (2020). A review of polarization-
based imaging technologies for clinical and preclinical applications. Journal of
Optics, 22(12), 123001. https://doi.org/10.1088/2040-8986/abbf8a

[10] Zaffar, M., & Pradhan, A. (2020). Assessment of anisotropy of collagen structures
through spatial frequencies of Mueller matrix images for cervical pre-cancer
detection. Applied Optics, 59(4), 1237—1248. https://doi.org/10.1364/A0.377105

[11] Yang, H., Song, J., Zeng, N., & Ma, H. (2023). Local optimized Stokes polarimetry
for specific polarization states. Optics Letters, 48(11), 3019-3022.
https://doi.org/10.1364/0L.490110

[12] Wang, L., Peng, Y., Zhang, H., & Zhao, C. (2025). Generalized Stokes polarimetry
design for a 3D polarization field. Optics Letters, 50(2), 293-296.
https://doi.org/10.1364/0L.546036

[13] Nye, J. F. (1985). Physical properties of crystals: Their representation by tensors.
Oxford University Press, 352 p.

[14] Ting, T. C. T. (1996). Anisotropic elasticity: Theory and applications. Oxford
University Press, 592 p. https://doi.org/10.1093/0s0/9780195074475.001.0001

[15] Newnham, R. E. (2005). Properties of materials: Anisotropy, symmetry, structure.
Oxford University Press, 378 p.
https://doi.org/10.1093/0s0/9780198520757.001.0001

[16] Waxler, R. M., & Feldman, A. (1980). Optical properties of materials. Applied Optics,
19(15), 2481-2489. https://doi.org/10.1364/A0.19.002481

[17] Mytsyk, B. (2003). Methods for the studies of piezooptic effect in crystals and
analysis of the experimental data. Il. Analysis of the experimental data. Ukrainian
Journal of Physical Optics, 4(3), 105-110.
https://doi.org/10.3116/16091833/4/3/105/2003

[18] Oseledchik, S., Prosvirnin, A., Pisarevskiy, A. |., & others. (1995). Optical properties
of anisotropic materials. Optical Materials, 4(6), 669—675.
https://doi.org/10.1016/0925-3467(95)00027-5

[19] Polian, A., & Grimsditch, M. (1999). Elastic properties under pressure. Physical
Review B, 60(3), 1468—1473. https://doi.org/10.1103/PhysRevB.60.1468

[20] Chilla, E., Flannery, C. M., Frohlich, H.-J., Straube, U., & others. (2001). Optical
studies of crystals. Journal of Applied Physics, 90(12), 6084—6088.
https://doi.org/10.1063/1.1409574

[21] Zhang, N., Wu, J., & Zhang, H. (2025). Crystal structure and optical properties.
Crystals, 15(3), 269. https://doi.org/10.3390/cryst15030269

[22] Stadnyk, V. Y., Romanyuk, M. O., & Brezvin, R. S. (1997). Optical and electronic
parameters of RbNH,SO, crystals. Ferroelectrics, 192(1-4), 203—-207.
https://doi.org/10.1080/00150199708216190

[23] Andriyevsky, B., Ciepluch-Trojanek, W., Stadnyk, V., Tuzyak, M., Romanyuk, M., &
Kurlyak, V. (2007). Band structure and optical spectra of RoNH,SO, crystals.
Journal of Physics and Chemistry of Solids, 68(10), 1892—1896.
https://doi.org/10.1016/j.jpcs.2007.05.017

[24] Stadnyk, V. Y. (1998). Baric changes of optical indicatrix of RbNH,SO, crystals [in
Ukrainian]. Ukrainian Journal of Physics, 43(2), 213—-218.

[25] Stadnyk, V., Vyshnevskyi, V., Matviishyn, |., Baliha, V., & Lys, R. (2025).
Refractometry of uniaxially compressed Rb,SO, crystals. Electronics and
Information Technologies,30, 177—186. https://doi.org/10.30970/eli.30.14

[26] Clark, S. J., Segall, M. D., Pickard, C. J., Hasnip, P. J., Probert, M. |. J., Refson, K.,
& Payne, M. C. (2005). First principles methods using CASTEP. Zeitschrift fiir

236 Electronics and Information Technologies ¢ 2026 ¢ Issue 34


https://doi.org/10.1117/1.3652896
https://doi.org/10.1088/2040-8986/abbf8a
https://doi.org/10.1364/AO.377105
https://doi.org/10.1364/OL.490110
https://doi.org/10.1364/OL.546036
https://doi.org/10.1093/oso/9780195074475.001.0001
https://doi.org/10.1093/oso/9780198520757.001.0001
https://doi.org/10.1364/AO.19.002481
https://doi.org/10.3116/16091833/4/3/105/2003
https://doi.org/10.1016/0925-3467(95)00027-5
https://doi.org/10.1103/PhysRevB.60.1468
https://doi.org/10.1063/1.1409574
https://doi.org/10.3390/cryst15030269
https://doi.org/10.1080/00150199708216190
https://doi.org/10.1016/j.jpcs.2007.05.017
https://doi.org/10.30970/eli.30.14

Elastic Properties of RoNH4SO4 Crystals

Kristallographie — Crystalline Materials, 220(5-6), 567-570.
https://doi.org/10.1524/zkri.220.5.567.65075

[27] Hohenberg, P., & Kohn, W. (1964). Inhomogeneous electron gas. Physical Review,
136(3B), B864—B871. https://doi.org/10.1103/PhysRev.136.B864

[28] Kohn, W., & Sham, L. J. (1965). Self-consistent equations including exchange and
correlation effects. Physical Review, 140(4A), A1133-A1138.
https://doi.org/10.1103/PhysRev.140.A1133

[29] Hamann, D. R., Schliter, M., & Chiang, C. (1979). Norm-conserving
pseudopotentials. Physical Review Letters, 43(20), 1494—1497.
https://doi.org/10.1103/PhysRevLett.43.1494

[30] Monkhorst, H. J., & Pack, J. D. (1976). Special points for Brillouin-zone integrations.
Physical Review B, 13(12), 5188-5192. https://doi.org/10.1103/PhysRevB.13.5188

[31] Perdew, J. P., Burke, K., & Ernzerhof, M. (1996). Generalized gradient
approximation made simple. Physical Review Letters, 77(18), 3865-3868.
https://doi.org/10.1103/PhysRevLett.77.3865

[32] Pfrommer, B. G., Céte, M., Louie, S. G., & Cohen, M. L. (1997). Relaxation of
crystals with the quasi-Newton method. Journal of Computational Physics, 131(1),
233-240. https://doi.org/10.1006/jcph.1996.5612

[33] Perdew, J. P., Ruzsinszky, A., Csonka, G. I., Vydrov, O. A., Scuseria, G. E.,
Constantin, L. A., Zhou, X., & Burke, K. (2008). Restoring the density-gradient
expansion for exchange in solids surfaces. Physical Review Letters, 100(13),
136406. https://doi.org/10.1103/PhysRevLett.100.136406

[34] Rasander, M., & Moram, A. M. (2015). On the accuracy of commonly used density
functional approximations in determining the elastic constants of insulators and
semiconductors. The Journal of Chemical Physics, 143(14), 144104.
https://doi.org/10.1063/1.4932334

[35] Yuk, S. F., Sargin, I., Meyer, N., Krogel, J. T., Beckman, S. P., & Cooper, V. R.
(2024). Putting error bars on density functional theory. Scientific Reports, 14(1),
20219. https://doi.org/10.1038/s41598-024-69194-w

[36] Andrievsky, B., Jaskolski, M., Stadnyk, V., & others. (2013). Electronic structure
calculations. Computational Materials Science, 77, 442—448.
https://doi.org/10.1016/j.commatsci.2013.06.048

[37] Stadnyk, V., Gaba, V., Andrievskii, B., & Kogut, Z. (2011). Birefringence properties of
mechanically clamped K,ZnCl, crystals. Physica Status Solidi B, 248(1), 131-137.
https://doi.org/10.1134/S106378341101029X

[38] Andrievsky, B., Romanyuk, M., & Stadnyk, V. (2009). Optical properties of materials.
Journal of Physics and Chemistry of Solids, 70(7), 1109-1113.
https://doi.org/10.1016/j.jpcs.2009.06.007

[39] Narasimhamurty, T. S. (1981). Photoelastic and electro-optic properties of crystals.
Springer. https://doi.org/10.1007/978-1-4757-0025-1

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 34 237


https://doi.org/10.1524/zkri.220.5.567.65075
https://doi.org/10.1103/PhysRev.136.B864
https://doi.org/10.1103/PhysRev.140.A1133
https://doi.org/10.1103/PhysRevLett.43.1494
https://doi.org/10.1103/PhysRevB.13.5188
https://doi.org/10.1103/PhysRevLett.77.3865
https://doi.org/10.1006/jcph.1996.5612
https://doi.org/10.1103/PhysRevLett.100.136406
https://doi.org/10.1063/1.4932334
https://doi.org/10.1038/s41598-024-69194-w
https://doi.org/10.1016/j.commatsci.2013.06.048
https://doi.org/10.1134/S106378341101029X
https://doi.org/10.1016/j.jpcs.2009.06.007
https://doi.org/10.1007/978-1-4757-0025-1

Oleh Markevych, Vasyl Stadnyk, Oleh Bovgyra et al.

MPYXHI BNACTUBOCTI KPUCTAIIB RbNH4SO4

Onez Mapkeeuy’, Bacuns CmadHuk®, Onez Boeaupa’,

Pomakn Jluc?*, I2zop Mameiiwun?, Onez OHycppie®

JIbsigcbKul HayioHanbHUl yHisepcumem imeHi lsaHa ®paHka,

'®isuyHuli paxkynbmem, gyn. [pazomaroea 19, m. Jlbeie, 79005, Ykpaina,
2@akKynbmem efleKMPOHIKU Mma KOMITIMepHUX mexHosogaid,

syn. leHepana TapHascbkozo 107, m. Jibsis, 79017, YkpaiHa.
SHauioHanbHul nicomexHidHul yHigepcumem,

syn. leHepana YynpuHku 103, m. J1beig, 79057, YkpaiHa

AHOTALIA

Beryn. lMpyxHi BnacTMBOCTI Martepiany € BaxnvBumu Ans isvku TBepgoro Tina,
OCKINbKW1 BOHM CYTTEBO BMNMMBAOTb HA ONTUYHI BNACTMBOCTI KpUcTanis.

MaTtepianu Ta meToam. Y poboTi 4OCMIAXEHO NPYXHi BNAacTUBOCTI Kpuctanis pyoiain
amoHin cynbdaty RbNHsSO4. Po3paxyHOK MpyXHWX BracTMBOCTEN NPOBEAEHO 3a
ponowmoroto nporpamu CASTEP.

Pesynbratu. AHania matpuui npyxHux koediuieHTiB RbNH4SO4 cBiguntb, Wwo uen
KpUCTan HanexuTb [0 POMOIYHOI CUHIOHIi i3 BMpaKEHOK MPYXXHOK aHi30Tponieto.
HepiBHICTb NPY>XHUX KOHCTAHT BKa3ye Ha CKNagHW/A Xapaktep MDKaTOMHUX CUn.
BcTaHoBneHo, Wo KpucTan € MexaHiyHo cTabinbHMM, HanbinbLua XXOPCTKICTb € B3O0BX Y —
HanpsiMy, HanmeHwa — B3aoBx X. Ockinbkun Css > C44 > Ces, TO HAWBINbLL CTiKMNIA 3CYB € B
nnowmHi XZ, HanveHwnin — B nrowmHi XY. Po3dpaxyHok BigHoweHb Kowi BUSBMB 3HavHe
BiaxunenHs (Cij > Ck), WO BKa3ye Ha NepeBaXaHHs HEeLEHTpanbHUX CUM Yy MiKaTOMHIl
B3aeMOZil Ta HasBHICTb CyTTEBOrO BHECKY KOBANeHTHOI abo iOHHOI CknagoBOi 3B'sI3KYy B
rpaTui RoNH4SO4.

Y poboTi po3paxoBaHO MPOCTOPOBMIA po3noain moayns HOHra, moayni BceGiyHoro
cTuckaHHs, KOHra, 3cyBy Ta koediuieHT MyaccoHa. OuiHeHO CTyniHb aHi30TPOnMii NPYXHUX
BnactmneocTen kpuctana RbNH4SO4, W0 nigTBEpOKye NOro 3HavyHy aHi3oTponito.

BucHoBku. PospaxyHOK kpuTepiiB BopHa nokasas, WO KpucTanm € MeXxaHi4yHO
cTabinbHUM. TOPIBHAHHA TFOMOBHUX MPYXXHUX KoedilieHTiB nokasano, o Hawnbinbwa
XOPCTKICTb € B3A0BX Y — HanpsMmy, ToAi sk B34oBX X — HanpsMy BOHA € HaWMEHLUOL.
PospaxyHok BigHoweHb KoLl BUSIBUB nepeBakaHHS HeueHTPanbHUX CUM Yy MiKaTOMHIN
B3aeMOJil Ta HasBHICTb CyTTEBOro BHECKY KOBANeHTHOI abo iOHHOI CkNagoBOi 3B'sI3KYy B
rpaTui RoNH4SO4.

HasBHICTb XOPCTKMX TeTpaeapuyHMX rpyn [SO]%~ cnpuumHsie yTBOPEHHIO KOBANEHTHUNX
HanpsMneHux 3B’a3kiB BcepeAuHi uux rpyn. [lokasaHo, WO BaXUBUM € BMMYB
MOMAPU3OBHOCTI iOHIB: ioHM pyGidito (Rb*) Ta cynbdaTHi rpynm [SO]3~ MaloTb BesmKy
€neKTpPoHHY 060MOoHKY, sika AedopMyeTbCs Nif Yac MexaHiYHOro CTUCHEHHS KpucTany. Lle
CNPUYMHSIE BUHWKHEHHS iHOYKOBAHUX OUMONbHUX MOMEHTIB. CknagHui xapaktep cun y
kpuctani RoNHsSO4 € Hacnigkom Toro, WO KpucTan CKNagaeTbCcst He 3 TOYKOBMX 3apsais, a
3 MOMAPM3OBHUX IOHIB Ta MONEKYNAPHUX KOMMnekciB [SO]5~ i3 BRacHMM BHYTPILLHIM
KOBaneHTHUM 3B'A3koM. Lle pobuTe MmaTtepian npyXHO-aHi30TPOMHUM | YyTRMBMM [0
HanpsiMKy NPWKINageHoro HaBaHTaXKEeHHS.

Knroyoei cnoea: kpuctan, aHizotponisi, NpyxHi koediuieHTn, moaynb KOHra, mogynb
BCeOiYHOro cTuckaHHs, koedilieHT MNyaccoHa.

Received / OgepxaHo Revised / JoonpausoBaHo  Accepted / MpuitHsto  Published / Ony6nikoBaHo
28 April, 2026 10 June, 2026 12 June, 2026 29 June, 2026

238 Electronics and Information Technologies ¢ 2026 ¢ Issue 34



30ipHUK HAYKOBHX Mpallb

EjexTponika Ta ingopMauiiiHi TeXHOJIOTII

Electronics and information technologies

Bunyck 34

2026

IMign. mo apyky 30.06.2026. dopmar 70x100,16. Ilamip mpyx.
Hpyk Ha pizorp. ['apuitypa Times New Roman. YMoBH. ApyK. apk.
Tupax 100 mpum. 3am. Ne

JIpBiBCHKMIT HAIlIOHANBHUH YHiBepcUTET iMeHi [BaHa OpaHKa.
79000 JIpBiB, Byn. YHiBepcUTETCHKA, 1.

CBiouTBO MPO BHECCHHs Cy0’€KTa BHUAABHUYOI cpaBu a0 JlepKaBHOTO
peECTPY BHIABINB, BUTOTIBHUKIB 1 PO3MOBCIOKYBAYiB BHIABHHYOL
npoaykiii. Cepist JIK Ne 3059 Bix 13.12.2007 p.



