pO3BUTKY ypOaHICTUYHHX CHCTEM, [0 HAJa€ TNPAKTHYHUKA I1HCTpYMEHTapid uis
MICTOOY/IIBHOI TOJITHKA Ta CTPATETIYHOTO TEPUTOPIaTLHOTO PO3BUTKY, OCOOJIMBO B
MOBOEHHMI TIEPi0 BiIOYOBU MICT.

Hani npo g0pokHIO iHPPACTPYKTYpy VIS LBOTO JOCTIHKEHHS OTPUMAHO 3 Pecypcy
OpenStreetMap [2], mo0 € BiAKpUTUM KapTOorpadiyHUM HPOEKTOM, SKHH MiATPUMYETHCS
CHUTBHOTOIO JOOPOBIIHHUX MamepiB, KOTPi CaMOCTIHHO BHOCSTH i OHOBIIOIOTH 1H(pOpMAIIiF0
po goporu. OCKINBKH penaryBaHHSI TaHUX € BIIKPUTHM JUIA BCiX KOPHCTYBadiB, SKICTh 1
MMOBHOTa KapTorpadidHOr0 MOKPHUTTS MOXKYTh ICTOTHO BIAPIZHATHCS Bil peaahbHOI CHUTYyAIIi.
Uepes 1ie pe3ynbTaTH aHAi3y BapTO TIIYMAYUTH 3 HAJIEKHOI 00EPEIKHICTIO, MEePeayciM JuIs
MicT, 110 epeOyBatoTh il OKyMAaIi€lo ad0 3a3HANIM 3HAYHUX PYHHYBaHb YHACHTIIOK BOEHHUX
i, Ie aKTYaJIbHICTh Ta MPABAUBICTh JAHUX MOPYIIEHO.
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This paper presents an automated computational framework for modeling hydrodynamic processes
using physics-informed neural networks (PINNs). The modular system integrates all stages of
numerical experimentation — from data generation and model training to validation and accuracy
evaluation — ensuring reproducibility, flexibility, and scalability. The framework was verified on the
classical problem of interfacial gravity—capillary waves between two incompressible fluids, using the
analytical solution as a benchmark for numerical assessment. Computational experiments showed that
increasing the number of training points from 400 to 1000 improved accuracy and convergence, with
the Extended configuration achieving 98.86% accuracy and a MAPE of 1.14%, while Adaptive LR
remained stable. The results confirm the reliability and efficiency of the proposed PINN-based
framework for solving complex hydrodynamic problems governed by nonlinear partial differential
equations.

Physics-informed neural networks (PINNs) are a powerful tool for solving forward and inverse
problems governed by nonlinear partial differential equations. The foundational framework introduced
by Raissi, Perdikaris, and Karniadakis [1] demonstrated how deep neural networks can incorporate
physical laws through equation residuals. Later improvements by Lin and Chen [2] enhanced accuracy
for localized wave phenomena, while Ren et al. [3] extended the method to large-scale geophysical
simulations. These developments established the basis for applying PINNs to complex hydrodynamic
systems, including interfacial gravity—capillary waves used here as a verification benchmark. The
developed software complex offers an integrated, modular environment for constructing, training, and
analyzing PINNSs, automating all stages of computation — from data generation and model training to
accuracy evaluation and visualization — ensuring reproducibility and scalability of numerical
experiments.
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The core of the software complex is a configuration management system that defines
standardized neural network architectures and training parameters, including the number of layers,
neurons, epochs, and learning rates. This design enables quick reconfiguration of experiments and
systematic exploration of the parameter space, allowing researchers to efficiently test various PINN
setups. The training workflow integrates all stages of numerical experimentation — automated
generation of analytical data, model training, and validation against reference solutions — as well as
batch execution of multiple experiments with detailed logging of timing, errors, and performance
metrics.

Data management and monitoring components ensure deterministic organization of results,
automatically collect metadata from completed runs, and generate summary tables with quantitative
indicators such as MAE, RMSE, MAPE, and RZ. Visualization and diagnostic tools provide interactive
comparison of trained models, producing plots that display the temporal evolution of wave profiles and
deviations from analytical benchmarks. The analytical datasets used for both training and validation
can be regenerated with increased spatial resolution to achieve higher accuracy in detailed simulations.
All components are integrated through an interactive command-line interface that unifies the workflow
and allows the user to execute all operations — from configuration and training to analysis and
visualization — without manual scripting.

The developed software complex was verified on the classical problem of interfacial gravity—
capillary waves between two incompressible, inviscid fluids of different densities. This benchmark
allows testing the accuracy and stability of numerical methods against an analytical solution. The
system describes potential fluid motion in two semi-infinite layers separated by a deformable interface,
whose evolution is governed by kinematic and dynamic conditions accounting for gravity and surface
tension. For verification, the linearized formulation was used, which admits an exact analytical solution
expressed as a superposition of harmonic components with a known dispersion relation linking
frequency and wavenumber. The analytical solution presented in [4] served as a reference for
validating the accuracy and convergence of the PINN-based model.

A comprehensive computational analysis was conducted to assess the impact of the number of
training points on the performance of physics-informed neural networks (PINNs) within the developed
framework. The comparison involved two datasets consisting of 400 and 1000 training points,
respectively, both derived from analytical wave profiles. The objective was to determine how an
increase in data resolution affects model accuracy, stability, and generalization. The results
demonstrated that increasing the number of training points generally improved model performance,
particularly for architectures trained over longer epochs. The Extended configuration (7 layers, 25
neurons, 20,000 epochs) achieved the highest accuracy, improving from 97.19% to 98.86%, with a
corresponding reduction in the mean absolute percentage error (MAPE) from 2.81% to 1.14%. This
improvement indicates that the model effectively utilized additional data to refine its approximation of
the analytical solution. The Adaptive LR model (8 layers, 32 neurons, 8,000 epochs) exhibited
exceptional stability, maintaining identical accuracy (98.22%) and MAPE (1.78%) across both datasets.
This result confirms the robustness of adaptive learning rate strategies with respect to training data
density. The Deep configuration (15 layers, 50 neurons, 5,000 epochs) showed a marginal yet
consistent improvement (+0.05%), reflecting stable convergence in deeper architectures. Conversely,
models with wider or larger architectures (Wide and Large) experienced significant degradation when
trained with more data, likely due to overfitting or suboptimal hyperparameter selection. Their
performance drop underscores the importance of model regularization and parameter tuning when
increasing dataset size.

Statistical evaluation revealed that two models improved, one remained stable, and two
deteriorated in performance, while two new configurations were introduced. The highest coefficient of
determination (R2>0,9999) was consistently achieved by the best-performing networks, confirming
their high fidelity to the analytical benchmark. Overall, the analysis established that increasing the
number of training points from 400 to 1000 yields measurable benefits for well-optimized
architectures, particularly those employing extended training durations and adaptive optimization
schemes. The Extended model was identified as the most accurate configuration, suitable for scientific
research requiring maximal precision, while Adaptive LR was recommended as the most reliable
option for practical applications due to its numerical stability.

The study confirmed the accuracy, stability, and adaptability of the developed PINN framework
for modeling internal gravity—capillary waves. The system successfully reproduces analytical results
and provides a unified environment for systematic testing and optimization of neural network
architectures. Future research will focus on extending the framework to nonlinear and
multidimensional regimes, incorporating adaptive sampling and hybrid data-driven approaches, and
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applying it to inverse problems and experimental data analysis. These developments are expected to
enhance the efficiency, generalization capability, and applicability of PINNs to a wide range of
complex hydrodynamic and geophysical systems.
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This research presents the development of a custom Ukrainian dataset of human voice
recordings labeled by seven key emotional states: angry, disgust, fear, happy, neutral, sad, and surprise.
Each audio sample was processed to extract Mel-Frequency Cepstral Coefficients (MFCCs), which
serve as primary acoustic features representing emotional cues. A Random Forest classifier was trained
on these features to identify emotional categories from speech. The model achieved reliable accuracy
and demonstrated robustness against minor variations in tone and recording conditions. The study
highlights the efficiency of classical ensemble methods for emotion recognition and provides a
reproducible dataset for further research in affective computing and audio-based Al systems.

Y cydacHOMY CBITi, [Ie B3a€MOJIisl JIIOJUHH 3 KOMIT IOTEpPHIMHU CHCTeMaMH Ha0yBae Bce OibII
MIPUPOJHOTO XapaKTepy, PO3IMi3HABAHHSA EMOIil 3a TOJIOCOM CTa€ OJHUM i3 KIIFOYOBHX HAIpsMIB
PO3BUTKY IITYYHOTO iHTENIEKTY. '0JI0C € OHMM i3 HalBHPa3HIIINX KaHAJIIB NepelaBaHHs eMOLIHHOTO
CTaHy, TOMY aHaJli3 ayAiOCHTHAIIIB BiJIKPHBAE MOKJIMBOCTI JUIS CTBOPEHHS HTEJIEKTYAJIbHUX CHUCTEM,
3IaTHUX PO3YMITH HE JIMIIC 3MICT BHCJIOBJIIOBaHb, a i iX eMormiliHe 3a0apBiicHHs. Taki TEXHOIOTIT
MalTh LIMPOKUI CIEKTP MPAaKTUYHOIO 3aCTOCYBaHHS — BiJl MOKpAIIEHHS POOOTH BipTyaJbHUX
ACHCTEHTIB, CHCTEM IMIATPUMKH KJII€HTIB 1 aJaNTHBHUX OCBITHIX IUIATGOPM JO IICHXOJIOTIYHOTO
MOHITOPHHTY CTaHy KopucTyBadiB. OKpeMHUM HampsMoM, 0 HabyBa€e aKTyalbHOCTI, € BUKOPUCTAHHS
aHallizy eMOI[fHOTO TOHY TOJIOCY ISl OLIHIOBAaHHS €(EeKTHBHOCTI BENCHHS TPH B HACTUIBHUX
pOTBOBHX irpax, Je eMoLilfHa 3aIydeHiCTh Ta IWHaMiKa TOJOCY BilOOpa)karoTh SKICTBH IrpoOBOTO
mporecy Ta KOMyHikamii Mik ydacHukamu. CTBOpPEHHS BIIKPUTOTO JaTaceTy ayaio3aluciB,
pO3MoIiIeHHX 3a ciMOMa 0a30BMMHU €MOLISIMH, a TAKOK HAaBYAHHS MOJIENI MAIIMHHOTO HaBYaHHS VIS
X pO3Mi3HaBaHHS € BaYKJIMBUM KPOKOM JI0 PO3BUTKY CHCTEM a()eKTHBHHX OOUYHMCIIEHB, IO JJ03BOJISIOTH
ryoIIe po3yMiTH MOBENIHKY JIIOJAWHH Ta MiJBUILYBAaTH SKICTh IHTEPAaKTUBHUX I'POBUX 1 HABUAIBHHUX
CEepEeIOBHIL.

Jlnst po3mi3HaBaHHS €MOLH 32 TOJI0COM HaA3BHYAWHO Ba)XKJIMBO KOPEKTHO OIMHCATH aKyCTHYHI
OCOOJIMBOCTI MOBIIEHHS, IO BiOOpa)XarOTh iHTOHAMIiIO, TEMOp, CHIy TOJOCY Ta IHII MapaMeTpH,
IOB’s3aHI 3 eMOIHNM cTaHOM mofauHA. CaMme TOMy B IOCTiMKeHHI Oyiu oOpaHi MeN-4acTOTHI
kencrpaibHi koedinientn (MFCC) — onun i3 HaitedexTuBHImmX [1] Ta HalnmommpeHimmx crocoOiB
Npe/ICTABIEHHs ayJiOCHTHANIB y 3aja4aX aHajli3y MOBJIEHHS. IXHs mMepeBara mojsrae y 3JaTHOCTI
MOJIEJTIOBATH CHPUHHATTS 3BYKIB JIOJIMHOIO: IIKaja MeJIB BiJoOpaskae HeIiHIHHY YyTJIMBICTb CIYXY JI0
4acTOT, HAOJIM)KEHY J0 IICUXO0aKyCTHUHHUX BIIACTUBOCTEH ciiyxoBoro amapaty. Takum yumHoM, MFCC
JIAl0Th 3MOTY OTPHMATH KOMIIaKTHE, ajie iHpopMaTHBHE BiIOOpaXKEeHHS CIIEKTPAIbHUX XapaKTEPHCTHK
3BYKY, 110 JOOPE MiIXOAUTh IS TOJAIBIIOI 0OpOOKH METOAaMHu MallMHHOTO HaB4YaHHS. Ha BimMiHy
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