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ABSTRACT

Background. Sheet metal bending is a key manufacturing operation in which springback
— the partial elastic recovery of the workpiece after unloading — causes deviations from
the target geometry and must be predicted accurately. Repeated finite element simulations
are computationally expensive for wide parametric studies, motivating fast surrogate
models. This work compares surrogate modeling approaches for elastic-plastic sheet
bending and evaluates the diagnostic value of a physics consistency check for detecting
physically implausible neural surrogates, independently of whether physics regularization
improves raw predictive accuracy.

Methods. A dataset of 39 568 finite element simulations was generated in COMSOL
Multiphysics 6.2 by varying sheet thickness, punch displacement, and Young’s modulus of
a 6111-T4 aluminum alloy blank. Five classical surrogate methods and three neural network
models (a pure data-driven baseline, a Hollomon-regularized model with correct parameters,
and a control model with intentionally incorrect parameters) were compared over 5 random
data splits. A sensitivity sweep varied the control model's hardening exponent between the
true and the incorrect value to test how sharply the diagnostic responds.

Results. Classical non-parametric methods slightly outperform the neural surrogates on
the dense smooth parameter grid: the random forest achieves a coefficient of determination
of R2> 0.9999, compared to R = 0.999 for the neural models. Differences in raw accuracy
among the three neural models are statistically detectable across seeds (paired t-test) but
tiny in magnitude (AR? < 0.1 percentage point). The physics consistency metric, in contrast,
separates the models by orders of magnitude: R? = 0.999 for the correct model versus R? =
-2.9 for the incorrect one. The sensitivity sweep reveals a sharp threshold rather than
gradual degradation: consistency remains near-perfect while the hardening exponent error
stays small, then collapses once the exponent deviates substantially from its true value.

Conclusion. Standard accuracy metrics are insufficient to detect physically inconsistent
neural surrogates, and the underlying diagnostic signal is thresholded rather than gradual.
The physics consistency metric provides an independent diagnostic criterion that
complements standard accuracy measures.

Keywords: physics-regularized neural networks; surrogate modeling; sheet metal
bending; springback; Hollomon hardening law; random forest.
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1. INTRODUCTION

Sheet metal forming is one of the key technological operations in mechanical
engineering, aerospace, and automotive manufacturing. A major difficulty in sheet bending
is springback, i.e., the partial elastic recovery of the workpiece after the punch is retracted.
Springback causes deviations between the desired and the obtained geometry and
therefore requires accurate prediction during process design. The finite element method
(FEM) is the standard numerical tool for such problems [1, 2], but repeated FEM
simulations become computationally expensive when a wide range of technological or
material parameters must be investigated.

1.1. Surrogate models for metal forming

Surrogate and data-driven models for metal forming have been studied extensively.
Early work used response surface methods and kriging [5, 6]. Neural networks were applied
to springback prediction in V-bending [7] and air bending [8]. More recent work has
employed Gaussian process regression, support vector machines, and ensemble methods
for forming process optimization [9]. Machine learning methods have also been applied to
fracture mechanics [10]. A comparative study of surrogate methods for sheet forming was
presented in [11]. More recently, a machine learning-driven stress integration method was
developed for anisotropic plasticity in sheet metal forming [21], and comparative studies of
ANN and PINN approaches for sheet metal forming continue to appear [23].

Physics-informed and physics-regularized machine learning methods [3, 4] provide a
way to embed physical knowledge into data-driven models. PINNs applied to
elastoplasticity [12] and neural operator methods for multiscale inelastic problems [13], as
well as physics-informed modeling of finite-strain plasticity [22], represent one direction. An
alternative uses soft physics-based regularization terms without requiring the full PDE
residual [14, 15]. The Hollomon hardening law has been incorporated into neural networks
for material parameter identification [16] and stress prediction under cyclic loading [17].

1.2. Contribution of the present work

The present paper makes two contributions, both evaluated with multi-seed statistical
support. First, it introduces a fake-physics control experiment as a diagnostic tool: a model
with incorrect Hollomon parameters is trained alongside the physically consistent model,
showing that standard accuracy metrics (coefficient of determination, R? and mean
absolute error, MAE) cannot reliably detect physically inconsistent models, while a physics
consistency metric separates them by orders of magnitude; a sensitivity sweep further
shows that this diagnostic signal is thresholded rather than gradual. Second, it provides a
systematic comparison of neural surrogate models against classical non-parametric
methods (RBF interpolation, random forest, polynomial regression) on a benchmark sheet
bending problem, showing that classical methods remain more accurate on this smooth
three-parameter problem — so the value of the proposed model lies in its diagnostic
behavior rather than in a raw predictive advantage.

2. MATERIALS AND METHODS

2.1. Problem formulation
The problem is a 2D plane-strain cross-section of a sheet metal bending process. The
input vector is defined as:

x=(t,6,E)T € R3, (1

where:
e tis sheet thickness (mm);
e § is maximum punch displacement (mm);
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e FE is Young’s modulus (GPa).
The output vector is defined as:

y= (O'maxvumaxwg)T € R3: (2)

where:
®  Opmax IS maximum von Mises stress (Pa);
®  Upyay IS Maximum displacement (m);
e @is final bending angle after springback (° — deg).

2.2. FEM model for data generation

FEM simulations were performed in COMSOL Multiphysics 6.2 (Solid Mechanics
module) using the benchmark sheet metal forming configuration [20], automated via a
MATLAB script through the COMSOL LiveLink interface. The geometry is a 2D cross-
section exploiting bilateral symmetry: a deformable sheet (L = 60 mm, w = 30 mm), a rigid
punch (R; = 23.5 mm), and a rigid die (R, = 25 mm, shoulder Rz = 4 mm, width 50 mm).

The blank is a 6111-T4 aluminum alloy with Eo = 70.5 GPa, v = 0.34, p = 2700 kg/m?,
00 =194 MPa. Young’s modulus E is varied as an input. Plastic hardening follows the
Hollomon power law:

Opq =K &4p, K>0, n>0, (3)

with K =550.4 MPa and n = 0.223 for the reference alloy. Friction coefficient u = 0.1342;
contact enforced with the augmented Lagrangian method [19]. The contact non-penetration
conditions are:

In=0, 0,<0, g,0,=0; || <uloy,l 4)

These equations govern only the FEM simulations and are not imposed as residuals in
the neural network loss.

2.3. Dataset construction

The dataset was assembled from multiple simulation runs with parameter ranges:
t € [0.45, 1.50] mm, & €[18.0,28.5]mm, E €[55.5,175.5]GPa. The FEM solver
advances the punch displacement through a monotonic arc-length continuation parameter;
a run is retained only if this parameter reaches at least 0.95 of its target value, confirming
that the solver tracked the loading path to (near-)completion without losing convergence.
Runs that stalled below this threshold, typically for extreme parameter combinations that
induce severe contact/plasticity nonlinearity, were discarded as non-converged rather than
kept as unreliable partial solutions. The retained dataset contains N = 39 568 samples, all
with von Mises stress above o0y=194MPa. The dataset is divided into
training / validation / test (80% /10% /10%: 31654 /3957 /3 957 samples). Variables are
standardized using statistics computed only on the training subset.

The raw von Mises stress exported via COMSOL LivelLink for MATLAB was rescaled
by a fixed multiplicative factor to express MaxVonMises in Sl Pascals, consistent with the
units used for the Hollomon hardening parameters (K=550.4 MPa) throughout the
pipeline. This scaling was applied uniformly to the entire dataset before any
train/validation/test split and before computing any of the standardization statistics above;
it therefore does not affect relative comparisons (R?, MAE, physics consistency) between
surrogate models, only the absolute stress scale reported.
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The Young’s modulus range intentionally extends well beyond the physically realistic
range for 6111-T4 aluminum (Ey = 70.5 GPa) and partly overlaps typical values for steel.
This was a deliberate choice to probe the surrogate’s response surface over a wide input
range, rather than to represent a physically realistic material variation; the corresponding
predictions should be read as a numerical sensitivity study of the input—output map, not as
material-specific forecasts outside the aluminum alloy’s true elastic range.

2.4. Surrogate methods
Classical baselines. Five classical methods are evaluated:
Linear regression (multi-output OLS).
Polynomial regression of degree 2 (scikit-learn Pipeline).
Polynomial regression of degree 3 (scikit-learn Pipeline).
RBF interpolation — thin-plate spline (scipy RBFInterpolator, smoothing 1073),
analogous to kriging.
5. Random forest — 300 regression trees (scikit-learn RandomForestRegressor).

N

Neural network baseline (Pure ML). Two hidden layers of 64 neurons, Swish
activation, dropout 0.1, L? regularization 1074. Training: Adam (Ir = 5x104), batch 64, early
stopping (patience 15), max 120 epochs.

Soft Hollomon-regularized model. Augments the network with a latent output &,
(softplus-constrained). The total loss is:

AOtal = A&iata + Aphys[phys + alﬁoound + ,8”@”2, (5)

where Lnys penalizes the discrepancy between &,,,, and Hollomon stress
oy = K(&, + &)™, normalized by s,. Penalty Lhound keeps &, € [Emin, €max]=[10-5, 0.05].
Aphys annealed from 0 to 0.5; a =10, f = 10™. Training: 25 pretraining + 80 physics-
regularized epochs. Stress rescaled for numerical stability; ép is a numerically effective
parameter, not the physical plastic strain.

The latent output ép is produced by a separate one-unit dense head with a softplus
activation; this head shares the same two-layer trunk and the same input vector x as the

three main output heads and receives no additional information.
The physics consistency metrics reported in Section 3.2 are defined as:

. 1 fa
Physics MAE = Nz |0n i — Omax,ils (6)
7

Physics R? =1 — Z(O’H’i - 5max,i)2/z(ay,i - 5H)2' (7)
i

i

1 N ~
Rel.error = NZ |G max,i — O'H,i|/(0H,i + 5)' (8)
i

where G}, is the mean of oy, over the test set and £ = 107° avoids division by zero. All three
compare the network’s predicted stress &4, against the Hollomon stress
oy = K(&, + &)™ implied by its own latent strain, over the N test-set samples.

112 Electronics and Information Technologies * 2026 ¢ Issue 35



Surrogate Modeling of Elastic-Plastic Sheet Metal Bending...

Fake Hollomon control. Same as above but nfye = 0.8 instead of n=0.223 (K
retained). Tests whether an inconsistent physical constraint degrades predictive accuracy.

Implementation. TensorFlow 2.x, Google Colaboratory (GPU); scikit-learn 1.8, scipy
1.17. Unless noted otherwise, the values shown are the mean over 5 independent random
data splits (seeds 42, 123, 2024, 7, 2025); the training-fraction sensitivity (Table 4) and the
fake-physics sensitivity sweep (Section 3.3) average over 3 of these seeds (42, 123, 2024),
and all other single-model results use seed 42.

3. RESULTS AND DISCUSSION

3.1. Comparison of all surrogate methods

Table 1 reports R? values and bending angle MAE for all methods, averaged over 5
seeds (N = 3957 per split). Table 2 shows MAE for all three outputs. RBF and random
forest substantially outperform the neural models. The random forest attains R?>0.9999
with angle MAE =0.001°, compared to 0.273-0.289° for the neural models. The RBF
interpolant achieves R2=0.9999, angle MAE =0.073°. Neural models match or slightly
exceed polynomial regression of degree 2 and 3, confirming that the neural surrogate is a
reasonable choice in higher-dimensional settings but does not outperform well-chosen non-
parametric baselines on this three-parameter smooth problem.

Table 1. Test R? and bending angle MAE (N = 3 957, 10% split)

Method Omax R? Umax R? 0 R? 6 MAE (°)
Linear regression 0.9982 0.9884 0.9978 0.598
Polynomial (deg. 2) 0.9992 0.9990 0.9994 0.301
Polynomial (deg. 3) 0.9993 0.9994 0.9997 0.222
RBF (thin-plate spline) 1.0000 0.9999 0.9999 0.073
Random forest (300 trees) 1.0000 1.0000 1.0000 0.001
Neural net (Pure ML) 0.9991 0.9992 0.9995 0.281
+ Hollomon (true K, n) 0.9990 0.9993 0.9995 0.273
+ Hollomon (fake n = 0.8) 0.9987 0.9992 0.9995 0.289

Table 2. Mean absolute errors (MAE) for all surrogate methods on the test set

Method omax MAE (Pa) Umax MAE (m) 6 MAE (°)
Linear regression 1.44x108 2.50x10™ 0.598
Polynomial (deg. 2) 6.42x10° 6.88x107° 0.301
Polynomial (deg. 3) 6.16%x10° 5.26x107° 0.222
RBF (thin-plate spline) 4.34x104 1.49%x107° 0.073
Random forest (300 trees) 4.25%10° 2.39x1077 0.001
Neural net (Pure ML) 7.59%x10° 6.45%107° 0.281
+ Hollomon (true K, n) 8.61x10° 5.95x107° 0.273
+ Hollomon (fake n = 0.8) 1.00%10° 6.52x107° 0.289
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3.2. Physical consistency

Although all three neural models achieve comparable predictive accuracy, they differ
substantially in physical consistency. Table 3 compares the predicted stress ¢, With the
Hollomon stress gy computed from the latent output. To test how sharply this diagnostic
responds to the degree of physical inconsistency, the control model was retrained with the
hardening exponent n swept between the true value (0.223) and the fake value (0.8), on 3
seeds per value.

Table 3. Physical consistency vs. hardening exponent n used in the control model
(mean * std over 3 seeds: 42, 123, 2024). True value n = 0.223; fake control n =0.8

Hollomon exponent n Physics MAE (Pa) Physics R? Rel. error

n=0.223 (true) 1.43%x10° £ 5.4%x10° 0.999 + 0.001 1.0% £ 0.4%
n=0.35 1.07x10°® + 6.4%x10° 0.999 + 0.002 0.7% % 0.4%
n=0.5 8.26x107 £ 4.3x107 -5.25 + 4.66 35.2% + 8.5%
n=0.65 4.34x107 + 3.4x10° -1.48 £ 0.40 33.1% * 3.5%
n = 0.8 (fake) 5.51x107 £ 3.8x10° -2.90 + 0.65 67.0% £ 4.1%

Averaged over 3 seeds, the model with the correct exponent achieves physics
R2=0.999+0.001 and relative error 1.0%%0.4%, while the fake-physics control (n = 0.8)
achieves Physics R?=-2.90+0.65 and Relative error 67.0%t4.1% (Table 3). The
sensitivity sweep reveals a sharp threshold rather than a gradual decline: consistency
remains near-perfect at n = 0.35 (Physics R? = 0.999+0.002), a 57% Relative error in the
exponent itself, but collapses once n reaches 0.5 (Physics R? = -5.25+4.66) and stays poor
thereafter. The latent strain for the true model is consistent with the FEM benchmark
observation of =2% maximum equivalent plastic strain [20]; for n = 0.5 the latent strain
substantially exceeds the soft upper bound emex = 0.05. Fig. 1 and Fig. 2 illustrate the
scatter and loss histories for the true and fake endpoints.
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Fig. 1. Predicted stress G4, Vs. Hollomon stress gy (a) true K, n; (b) fake n=0.8. Dashed line — perfect

agreement
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Fig. 2. Training loss histories: (a) true model; (b) fake model. Physics loss (orange) plateaus higher for the fake
model

3.3. Accuracy does not imply physical consistency

All three neural models achieve R?=0.999 regardless of whether the Hollomon
parameters are correct, incorrect, or absent. Differences in raw accuracy across the three
models are statistically detectable over 5 seeds (paired t-test on R? of omax: Pure ML vs.
true-Hollomon, p = 0.22, not significant; Pure ML vs. fake-Hollomon, p = 0.014; true- vs.
fake-Hollomon, p = 0.016) but are tiny in absolute magnitude (AR? < 0.1 percentage point)
and practically negligible for model selection based on accuracy alone. This illustrates a
general risk in data-driven modeling: high predictive accuracy does not guarantee physical
consistency [4]. The physics consistency metric (Table 3), in contrast, separates the
models by orders of magnitude and remains diagnostic across a wide range of hardening-
exponent perturbations.

3.4. Sensitivity to training set size
Table 4 shows mean R? over 3 seeds for training fractions from 5% to 100%. Standard
deviation 0 <0.001 in all entries; maximum o = 0.0007 (Umax, Hollomon, 5%). Fig. 3
illustrates the results.
Both models maintain R?=0.999 across all fractions. The pure neural network is
marginally more stable at 5—10%, while the Hollomon model catches up from 25% onward.
Physics regularization does not provide a clear advantage in data efficiency.

Table 4. Mean test R? over 3 seeds vs. training fraction. Max o =0.0007 (Umax,
Hollomon, 5%); all other entries: o <0.0005

Output Model 5% 10% 25% 50% 100%

Pure ML 0.9989 0.9989 0.9989 0.9990 0.9989

O-m ax

Hollomon 0.9983 0.9983 0.9988 0.9989 0.9989

Upmax Pure ML 0.9989 0.9991 0.9992 0.9993 0.9992
Hollomon 0.9974 0.9985 0.9991 0.9993 0.9993
0 Pure ML 0.9993 0.9995 0.9995 0.9994 0.9995

Hollomon 0.9989 0.9991 0.9995 0.9995 0.9995
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Fig. 3. Test R? vs. training set size (mean + std, 3 seeds): (@) Umax; (b) 0

3.5. When classical baselines are competitive

RBF and random forest outperform the neural surrogate on this problem [11, 18]. This
is consistent with known behavior for smooth low-dimensional response surfaces on
regular grids. The neural surrogate would offer advantages for higher input dimensionality
(e.g., including Poisson’s ratio, friction coefficient, tool geometry), irregular sampling, or
when explicit physical constraints on outputs are required.

3.6. Interpretation of the Hollomon regularization

The Hollomon regularization links the predicted maximum von Mises stress to a latent
scalar strain through a global power law. In a real bending problem, the stress distribution
is nonuniform and the maximum stress is not uniquely determined by the scalar Hollomon
law at a single representative strain. The latent strain ép is therefore an effective model
parameter, not a physically measurable quantity, and is not validated against FEM plastic
strain fields. Nevertheless, the fake-physics experiment confirms that the physics
consistency check is informative.

3.7. Limitations
The following limitations apply:
Dataset generated numerically; accuracy bounded by FEM fidelity.
Latent plastic strain not validated against FEM fields.
Only global scalar quantities predicted; no field reconstruction.
Neural surrogate does not outperform classical baselines on this smooth three-
parameter problem.
Dataset grid is non-uniform across simulation runs.
Extrapolation outside the parameter range is not assessed.

hPob=

oo

4. CONCLUSIONS

A systematic comparison of surrogate modeling methods for elastic-plastic sheet metal
bending has been presented. Five classical methods and three neural network models
were evaluated on a dataset of 39 568 FEM simulations. The main findings are:

1. Classical baselines outperform neural surrogates on the dense smooth parameter
grid. The random forest attains R?>0.9999, the RBF interpolant R?=0.9999,
compared to R2=0.999 for the neural models.

2. Physics regularization does not improve data efficiency: both pure and Hollomon-
regularized models maintain comparable accuracy across training set fractions
from 5% to 100%.
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3. Standard accuracy metrics cannot detect physically inconsistent models. Over 3
seeds, the fake-physics control exhibits 67.0% + 4.1% physics consistency error
and physically unrealistic latent strain values, while the correct model achieves
1.0% % 0.4% physics error. Differences in raw predictive accuracy among the three
neural models, while statistically detectable across seeds, are tiny in absolute
magnitude (AR?< 0.1 percentage point); the physics consistency metric, in
contrast, separates them by orders of magnitude.

4. The diagnostic signal is thresholded, not gradual. A sensitivity sweep over the
control model's hardening exponent shows that physics consistency remains near-
perfect while the exponent error stays below ~57% of its true value, then collapses
sharply once the error grows further — a practical implication for how large a
parameter mismatch this diagnostic can be expected to catch.
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AMPOKCUMALIMHE MOOENIOBAHHA MPYXXHO-MNACTUYHOIO
3rMHAHHSA JIMCTOBOIO METANY: NOPIBHANBHE AOCNIAXEHHA
AMPOKCUMALIMHMX METOAIB 13 OIATHOCTUYHOIO MEPEBIPKOIO
®I3NYHOI PEFYNAPU3ALII

BozdaH Mempoecbkul

Kagpedpa npuknadHoi Mmamemamuku,

Jibsiecbkull HayioHanbHUl yHieepcumem imeHi IeaHa ®paHka,
8yn. Yrisepcumemceka, 1, Jlbeis, 79007, YKPAIHA

PE3KOME
BcTyn. 3ruHaHHsA NMCTOBOro MeTany € KIHoYOBOK TEXHOMOTYHO onepadieto, nicns skoi
BinOyBaeTbCA MpyXHe BiOHOBMNEHHS dopmu (aHrn. springback) — 4vactkoBe npyxHe

NOBEPHEHHS 3aroTOBKM MNICNSA 3HATTS HaBaHTaXEHHS, AKe CMPUYUHAE BiOXWMMEHHSA BIg,
LinboBOI reomeTpii geTani. baratopasosi cumynsuii MeTogom ckiHueHHux enemenTiB (MCE;
aHrn. FEM) € obuncnioBanbHO 3aTpaTHUMU AN LWWPOKMX NapamMeTpuyHUX A0CHiAXKEHb.
Po6oTy npncBaAYeHO MOPIBHAHHIO MiOXOAIB A0 anpOKCUMALMHOrO MOOENIOBAHHS Ta OLjiHLi
[iarHOCTUYHOI  LHHOCTI MepeBipkM  i3VYHOI  y3romKeHOCTi AN BUSBMAEHHS isnyHO
HenpaBgonodibHMx Moenen HesanexHo Bi4 TOro, YM MOKpallye perynsipusauis camy
TOYHICTb.

MaTtepianu Ta Metoau. Habip panux i3 39 568 cumynsauin MCE cdopmoBaHo B
COMSOL Multiphysics 6.2 wnsxom BapitoBaHHS TOBLUWHW NUCTA, NepeMilLleHHsi MyaHcoHa
Ta moagynsa KOHra 3arotoBku 3i cnnasy 6111-T4. [TaTb Knacu4yHUX mMeToAdiB Ta TpU Mogeni
HepPOHHMX Mepex (ba3oBa MOAerb, KepoBaHa NuLle AaHMMK; MOAENb 3 perynspusauieto
3a 3aKOHOM XOSfIOMOHa 3 KOPEKTHMMMK MapameTpaMu; KOHTPOSIbHA MOAENb i3 HaBMUCHO
HenpaBWbHUMW NapaMeTpamm) NOPIBHAHO Ha 5 BUNAAKoBMX po30MTTSAX AaHux. [loaaTkoBo
NPOCKAHOBaHO YyTNUBICTb [JiarHOCTUKM [0 BENWYMHU «HEenpaBUSbHOCTI» MOKa3HWKa
3MiLUHEHHS1 B KOHTPONbHIA Mogeni — Bif iCTUHHOIO 3Ha4YeHHS A0 XMBHOoro.

Pesynbratn. KnacuuHi HenapameTpuyHi MeToOM nNepeBepLUyloTb  HEWPOHHY
anpokcMMadinHy Mmoaenb Ha WinbHin rmagkin napaMeTpuyHin CiTui: BUNagKkoBu fic gocarae
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Bohdan Petrovskyi

R?>0,9999 npotn R?= 0,999 ons HEMpPOHHMX Mogenewn. Pi3HuUi B TOYHOCTI MiX Tpboma
HENPOHHMMMW MOAENSMMN CTaTUCTUYHO BUSIBMSIOTLCA MK seeds (napHui t-TecT), ane gyxe
mani 3a BenuuuHol (AR?< 0,1 BiOCOTKOBOro MyHKTYy). HatomicTe MeTpuka isndHOi
Y3rofKeHoCTi po3ainse mogeni Ha nopagku: R?=0,999 ona kopekTHOi mogeni npoTu
R?2=-2,9 ana HekopekTHOI. CkaHyBaHHSA YyTNMBOCTI NOKa3ye Pi3kMIN MOPOroBuin edekT, a
He NOCTyMnoBYy Aerpajalilo: y3roaXeHiCTb 3anuvIiaeTbCcs Mamke igeanbHo, OOKU noxmnbka
nokasHvka 3MiLIHEHHS HEBENVKa, | Pi3KO PYMHYETLCS NICNA CYTTEBOMO BiAXWNEHHS.

BucHoBkn. CTaHOapTHI NOKA3HMKU TOYHOCTI € HeQOCTaTHIMU ANs BUABMEHHS di3NYHO
Hey3rof)KeHNX HeMpOHHUX Mofernen, a cam AiarHOCTUYHUIA CUrHanm Mae Noporosum, a He
nocTynoBuin xapakrep. MeTpuka i3aN4HOI Y3rof)KeHOCTi € He3aneXHUM AiarHOCTUYHUM
KpUTEPIEM, KU AOMNOBHIOE CTAHAAPTHI NOKa3HMKN TOYHOCTI.

Knro4oei cnoea: isnyHo-perynapm3oBaHi HEMPOHHI Mepexi; anpokcumaiviHe
MOJENOBaHHS; 3rMHaHHS NMUCTOBOrO MeTany; NpyXHe BigHOBNEHHS dhopmu;
3aKOH 3MilLHEeHHs XOmnnomoHa; aHcambneBuin MeTon BMNAAKOBUX [OepeB
pilleHb.

Received / OgepxxaHo  Revised / oonpauboBaHo  Accepted / MpuiHato  Published / Ony6nikoBaHo
17 July, 2026 30 August, 2026 03 September, 2026 28 September, 2026

120 Electronics and Information Technologies ¢ 2026 ¢ Issue 35




  𝐱 =    ( t ,   𝛿 ,   E )  T ∈  ℝ 3 ,


  t


  𝛿


  E


  𝐲 =    (   𝜎  m a x ,     u  m a x , 𝜃 )  T ∈    ℝ 3 ,


    𝜎  m a x


    u  m a x


    𝜎  e q = K ·   𝜀  n p ,       K > 0 ,       n > 0 ,


  K


  n


    g  n ≥ 0 ,     𝜎  n ≤ 0 ,     g  n   𝜎  n = 0 ;   | 𝜏 | ≤ 𝜇  |   𝜎  n | .


  t ∈ [ 0 . 45 ,   1 . 50 ]


    𝜀 ̂  p


      𝜎 ^  m a x


    𝜎  H = K   (     𝜀 ^  p + 𝜀 )  n


      𝜀 ^  p


      𝜀 ^  p


      𝜀 ^  p


  P h y s i c s   M A E =  1  N   ∑  i  |   𝜎  H , i −     𝜎 ^  m a x , i | ,


  P h y s i c s     R 2 = 1 −     ∑  i     (   𝜎  H , i −     𝜎 ^  m a x , i ) 2    ∑  i     (   𝜎  H , i −     𝜎 -  H ) 2 ,


  R e l .   e r r o r =  1  N     ∑  i  |     𝜎 ^  m a x , i −     𝜎 ^  H , i |   (   𝜎  H , i + 𝜀 ) ,


      𝜎 -  H


    𝜎  H


      𝜎 ^  m a x


    𝜎  H = K   (   𝜀 ̂  p + 𝜀 )  n


  N = 3   957


  𝑵 = 𝟑   𝟗 𝟓 𝟕


    𝜎 ̂ max


    𝜎  H


  P h y s i c s     R 2


      𝜎 ^  m a x


    𝜎  H


      𝜀 ^  p

