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The design of critical steel structures inevitably faces a dilemma in selecting computational models: classical beam finite
elements ensure high computational speed but often neglect complex spatial effects of warping and cross-sectional deformation,
while detailed solid finite element models guarantee reference accuracy but are excessively resource-intensive for multi-
objective optimization tasks. This paper proposes a method for constructing a neural network surrogate (PINN) capable of
predicting the stress-strain state of a spatial member with the accuracy of a high-fidelity 3D Solid FEM model, yet at a speed
approaching analytical solutions. The proposed architecture is based on the kinematic decomposition of displacements into axial
line components and local cross-sectional warping, enabling the inclusion of 3D elasticity effects within a compact model. To
ensure numerical stability during training when determining higher-order derivatives (curvature and bi-moments), a “Coordinate
Scaling” method was developed and applied. Results demonstrate that the model, trained on a limited synthetic dataset
(10* samples), reproduces displacement components with an accuracy within 0.1 mm and correctly identifies effects of geometric
nonlinearity.

Keywords: Spatial steel members, Physics-Informed Neural Networks (PINN), Kinematic decomposition, Warping,
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1. Introduction

The design of critical steel structures in modern construction imposes heightened requirements on
the accuracy of engineering calculations, as regulated by relevant national standards [4].The specific
behavior of such elements, particularly open profiles like I-beams or channels, is characterized by the
significant influence of sectorial properties and susceptibility to local and distortional buckling, even
within the elastic stage of operation [15]. Traditional structural mechanics and numerical modeling
offer two polarized approaches to solving this problem, each presenting significant limitations in the
context of automated design.

On one hand, the use of one-dimensional (1D) beam finite elements, based on classical Euler-
Bernoulli or Timoshenko theories, allows for instantaneous calculation. However, such models are
often unable to correctly describe the complex spatial behavior of open-section members, particularly
under conditions of non-uniform (restrained) torsion and warping effects, leading to errors in
determining normal stresses and critical loads. On the other hand, detailed modeling of structures using
three-dimensional (3D) solid finite elements (Solid FEM), implemented in sophisticated general-
purpose software suites such as Ansys or Abaqus, provides reference accuracy for accounting for
geometric nonlinearity and local effects [14]. However, the computational cost of this approach
renders it unfeasible for iterative optimization procedures or real-time calculation systems, where
thousands of design variants must be evaluated within a limited timeframe.

In recent years, Deep Learning methods have demonstrated significant potential in creating surrogate
models to accelerate engineering analysis [1, 2]. Studies show the effectiveness of neural networks for
predicting stress distribution [13] and optimizing structural schemes [3]. Nevertheless, the application of
classical “black-box™ approaches, where the neural network attempts to learn the “load-displacement”
relationship exclusively from data, proves inefficient for solid mechanics problems. Such models require
vast amounts of training data and exhibit poor extrapolation capabilities beyond the training set.

This work proposes an alternative approach based on the use of Physics-Informed Neural Networks
(PINN), the foundations of which were laid in the works of Karniadakis et al. [5]. The core idea
involves integrating a priori knowledge of structural mechanics directly into the neural network
architecture. Based on the ideas of hybrid solvers [6, 8], a model is proposed that is structured
according to the rigid cross-section hypothesis of beam mechanics, but with the inclusion of warping

© GetunsS.



440 ISSN 2410-2547
Onip matepiaiis i Teopist ciopy/Strength of Materials and Theory of Structures. 2026. Ne 116

effects. The network architecture decouples the problem into determining the deformed state of the
axial line (the “Spine”) and the local cross-sectional warping. This allows for a significant reduction in
problem dimensionality and the required volume of training data, while maintaining accuracy
comparable to detailed 3D finite element models.

A key challenge in training such models is the problem of numerical conditioning of gradients,
associated with the vastly different orders of magnitude of the target functions and their higher
derivatives [10]. In structural mechanics, deflection values may be on the order of 10° m, while

curvature values responsible for bending moments have an order of 10"° m™. Standard optimization

algorithms ignore such minute magnitudes, leading to a “linearization trap” where the model fails to
reproduce the element’s curvature. This paper describes a method to overcome this issue by
transitioning to a normalized coordinate space (Coordinate Scaling) and utilizing a specialized loss
function that accounts for the differential dependencies between kinematic parameters.

The presented methodology demonstrates the feasibility of creating efficient numerical surrogates for
spatial frame structures that combine the speed of analytical formulas with the detailing of solid models,
paving the way for generative design and real-time optimization of load-bearing systems [3], [12].

2. Research Methodology

The object of study is a spatial steel I-beam member subjected to arbitrary spatial loading. Unlike
classical 2D planar problems [7], this work considers a general stress-strain state, which includes bi-
axial bending, non-uniform (restrained) torsion, and their interaction with warping effects. The
material is modeled as linear-elastic and isotropic. The behavior of such a system is defined by the
displacement vector field U(x, y,z) in a Cartesian coordinate system. Applying a traditional machine

learning approach to approximate U as a direct mapping proves inefficient due to the high
dimensionality of the output space and the inherent noise of finite element analysis.

To generate a high-quality training
dataset (Ground Truth), a “Virtual Spine
Extraction” algorithm was employed. Since
the FEM results consist of a discrete point
cloud (visualized as gray dots in Fig. 1), the
deformed mesh is sliced into orthogonal
layers along the longitudinal axis. For each
layer, the Procrustes problem is solved
using the Kabsch algorithm, allowing for
the determination of the rotation matrix and
translation vector that align the cross-
sections. As illustrated in Fig. 1, the thinner

Fig. 1. Training dataset generation methodology via Virtual Spine contours show the orientation of these
Extraction cross-sections after applying the algorithm,

while the bold line illustrates the recovered

axial line (Spine). Deformations in the visualization are hyperbolized for clarity. The obtained
kinematic parameters are filtered using the Savitzky-Golay method and approximated by cubic splines,

o

Raw FEM Nodes
e== Extracted Spine Uspine()

—— Restored Sections

ensuring the derivation of analytically smooth target functions with C 2 continuity.

The architecture of the proposed Physics-Informed Neural Network (PINN) is based on kinematic
decomposition (Fig. 2):

Utotal = Uspine (x) + R(G) ' Uwarping (y’ Z)-

Here, the total strain field U, ,,, (visualized at display scale in Fig. 2a, with the undeformed state
shown semi-transparently) is separated into macro- and micro-level components. In this equation, the
operator R(0) represents a rotation matrix dependent on the twist angle function 6(x) . Its physical
meaning lies in transforming the local cross-sectional deformation vector from the local (moving)
coordinate system to the global system, enabling correct modeling of the interaction between bending
and torsion at large rotation angles. The first component of the model, Uy, (x), describes the global

macro-level behavior of the element as a 1D object (the «Spine», as illustrated in Fig. 2b) and is
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responsible for predicting deflections, rotation angles, and their derivatives-curvature and rates of
twist-which are directly related to internal forces. The second component, U,,,,,,,, (7,2) , is a function

of the cross-section’s local coordinates and describes the deviation of the actual deformed cross-
section shape from a planar one (Fig. 2c, where this local shape distortion is depicted with a color map
representing absolute displacement magnitude). This approach aligns with the domain decomposition
principles described in [S] and [9]. Such decomposition allows the “Spine Network™ to focus on
integral stiffness characteristics along length L, while the “Warping Head” learns local strain
distribution patterns that are invariant with respect to length. This separation effectively reduces the
search space dimensionality, avoiding the “curse of dimensionality” and achieving stable model
convergence on a compact dataset (10° samples) without the risk of overfitting characteristic of

classical “black-box” approaches.

- 0.10

= 0.05

Warping Mag (mm)

(a) (b) (©
Fig. 2. Conceptual scheme of kinematic decomposition of displacements: (a) total strain field; (b) macro-level rigid section
displacement; (c) micro-level local warping

The training efficiency of the neural network critically depends on the representativeness of the
input data vector, as the relationship between stiffness and geometric dimensions (H,W, tw,tf) is

highly nonlinear. To facilitate the learning process, the principle of inductive bias was applied, which
involves enriching the input vector with pre-calculated geometric characteristics. To ensure high
approximation accuracy, an enriched input vector with a dimension of 29 channels was formed. In
addition to 14 global geometry and load parameters, the model’s input tensor contains 5 local
geometric features and 4 logarithmically scaled cross-sectional stiffness characteristics: moments of

inertia (/.1 ), torsion constant (J) and sectorial moment of inertia (/,,). This approach allows for

compressing the dynamic range of input values and improving the conditioning of the optimization
problem. Furthermore, “Physics Hints” - approximate displacement values calculated using classical
strength of materials formulas - are added to the input vector. This approach is implemented
selectively: for bending modes (v, w ) the network learns to predict the residual between the analytical
and exact solutions, accelerating convergence; however, for the torsion mode (6 ) the use of a hint
based on St. Venant’s free torsion theory was deliberately excluded, as it contradicts the nature of
restrained torsion in open-section members and introduces a harmful bias into the learning process.

3. Mathematical Formulation of the Training Problem and Numerical Stabilization

A central challenge in applying deep learning methods to structural mechanics problems is the
significant disparity in the orders of magnitude of kinematic parameters. Displacements are measured in
millimeters (10° m), while curvature and the second derivative of the twist angle have values on the order

of 10" m™ and 10®* m™ respectively. To avoid the “linearization trap” and vanishing gradients, a
Coordinate Scaling method (represented by the coordinate normalization and scaling stages in Fig. 3)
was developed. Training is conducted in an isoparametric space & €[—1,1], related to the physical space
x€[0,L] by the transformation &=((2x)/L)—1. The output layer of the neural network predicts

normalized derivatives of displacements d®/d¢& , the values of which are of the order O(1).

As depicted in the overall network architecture (Fig. 3), the input tensor is split to separate the
processing into macro-kinematics (Stream A: The Spine) and micro-kinematics (Stream B: Warping).
The recovery of physical displacements occurs through a Neural Integration Layer embedded in the
computational graph of Stream A, which recovers physical displacements from the normalized
derivatives (Fig. 3):
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This approach guarantees the smoothness of the prediction and the automatic satisfaction of
boundary conditions (@®(0) =0). To ensure physical correctness at the clamping point (fixed support),
a “Hard Constraints” method (implemented as the Hard Tanh Masking block in Fig. 3) is applied: the
output derivative is multiplied by a mask M (&) = tanh(y-(1+&)), which asymptotically zeroes it out
as & — —1 (where ¥y =2.0).

(6)-AE—D .

The loss function £, implements a hybrid approach, operating simultaneously in two spaces to

minimize strain energy error. The derivative component is calculated by scaling the reference values
(Ground Truth) into the normalized space using the Jacobian J =2/L.

Inputs
Input Tensor (29 ch)
Split Split
Spine Features (27 ch) Cloud/Local Features (3 ch)
I
I
Norm Coord Norm Coord Fourier Emb
I
! Stream A: Stream B:
Torsion Network Macro- Micro-
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[ (The Spine) (Warping)
Raw Output
Hard Tanh Bending Network Warping Network
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Local Warping
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Fig. 3. Architecture of the proposed Physics-Informed Neural Network
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For the transition from the physical space xe[0,L] to the normalized (computational) space
& €[-1,1] linear isoparametric transformation is used:
2 L(E+1
g2y o c2Her)
L 2

The Jacobian of this transformation (J) and the inverse Jacobian (J '), used for scaling, are
defined as:

=d_§=£ J_l dx L

E

d L dE 2

According to the Chain Rule, the relationship between derivatives in the physical and normalized
spaces is expressed by the following dependencies.
For the first derivative (rotation angle g’ ):

do _do dx _do L
d.f dx d f dx 2
For the second derivative (curvature "), which is critical for determining the bi-moment:

da’0_d(de)_ d(de L) dx ﬁ( )ML_
dg  dE\dé)  ax\ dx dé a* \2) a4

From a physical perspective, the proposed Target Scaling procedure allows for adapting the
dynamic range of variables. In the software implementation of the algorithm, these formulas are used
to preprocess the reference values (Ground Truth).

The neural network predicts the value % , which lies in a training-friendly range ~[-1,1].

2
The actual physical curvature % for long beams is of the order 10® m?. Without scaling, the
X

loss function (MSE Loss) would fail to distinguish between 10® and 0, leading to an approximation
by a straight line.
The multiplier L2/4 (the square of the inverse Jacobian) acts as a normalization operator,

transforming physical curvature into the dimensionless feature space of the neural network. For a beam
with length L =20, this coefficient is 100, effectively scaling small physical curvature values to the
order of O(1). This prevents gradient vanishing during backpropagation and allows the use of standard
float32 arithmetic without loss of precision.

The complete structure of the objective function represents a weighted linear combination of eight
componentS'

‘Ciotal curv curv+2'd tvwstﬁd twist +2’thst£thst +ﬂ'trans£lrans +ﬂ'warp£warp +ﬂ'stram Estram +ﬂ'r0t rot +Z’d7bend Edﬁbend .
Each term in this sum is responsible for minimizing a specific error between predicted ( pred ) and

reference (GT) values. To ensure control over higher derivatives, which directly determine internal
forces in the member, Mean Squared Error (MSE Loss) is applied in the normalized space & :

) 2
— _2 pred d OGT ,
d& dé

2
L Z de red _ deGT
d thSt N d& d& >

2
’
d bend - zuq)bend pred (I)bend,GT ||2’

where ®},,, ={u',v',w',0,,,0,.} . The use of the quadratic L, norm for derivatives ensures strict

penalization even for small deviations in curve shape, which is critical for solution smoothness.
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Conversely, to minimize the error of direct physical values of displacements and rotation angles, it
is appropriate to use the Z; norm (Mean Absolute Error). This metric is more robust to outliers and
promotes error sparsity:

1
L

trans — NZ(' upred Ugr | + | pred —Ver | + | Wpred ~Wer |)’

thst 2| red_aGT |’

1
£rut = NZO ey,pred - ey,GT | + | ez,pred - ez,GT |)’

(k) (k)
warp 2 “U warp,pred -U warp,GT Hl

In the case of strain tensor components, which may exhibit sharp spikes in stress concentration
zones [11], the Huber loss function (5 =1.0 ) demonstrated the best results. It effectively combines the

properties of MSE for small errors and ; for large ones, ensuring training stability:

= (k) (k)
stram - 2 H5 (gpre'd - EGT)

The empirical selection of weight coefﬁ01ents Areflects the physical hierarchy of influence: the

highest priority is given to the second derivative of the twist angle (A4,,,, = 500.0), which corresponds

to the bi-moment. To stabilize gradients, high weights are set for torsion
(Anwise =200.0, A4 s, =200.0). Linear displacements are controlled with a weight of 4,,,, =100.0,

rans
while local warping and strain effects are weighted at 4,,,=50.0 and 4, =20.0. The lowest

wist

weights are assigned to bending components (4,

=10.0,2; peng =1.0), as they are the smoothest

functions. This hyperparameter configuration allows overcoming the vanishing gradient problem and
ensures the physical correctness of the solution.

4. Numerical Experiment Results

To validate the proposed methodology, an extended parameter space was defined, covering both
the stable operational domain of the structure and post-critical states. Using the developed data
generator, a training dataset consisting of 10,000 unique loading scenarios for steel beams was created.
Geometric parameters varied within a broad range: length from 4 to 20 meters, and section height from
200 to 1000 mm. Results from nonlinear analysis in the Ansys software suite using 3D solid finite
elements (ANSYS SOLID185) were used as reference values, ensuring the inclusion of all buckling
modes and local effects, unlike simplified models [7]. A crucial stage in data preparation was the load
space canonicalization procedure (“Smart Flip”). Since the problem is symmetrical with respect to the
sign of the torque, all scenarios with a negative moment were automatically inverted before being fed
into the neural network, which effectively doubled the density of the training set and simplified the
loss function surface.

Data preprocessing was carried out using a task separation strategy. In the first stage, the entire
dataset was used to train a neural network stability classifier, tasked with filtering out distortional
buckling scenarios. Classification accuracy on the test set reached 98%, allowing for the formation of a
validated dataset for training the surrogate model, consisting exclusively of physically valid
equilibrium states. The training of the main model demonstrated the high effectiveness of the proposed
Coordinate Scaling method, confirmed by the stable convergence dynamics of the loss function
(Fig. 4). Analysis of the training process over 800 epochs demonstrates the high stability of the
proposed architecture. As shown in Fig. 4a, the loss function curves for training and validation sets
decrease synchronously, confirming the absence of overfitting and the model’s high generalization
capability. Furthermore, the adaptive scheduler (ReducelLROnPlateau) automatically reduces the
learning rate upon metric stabilization (Fig. 4b), allowing the model to find the global minimum. The
key physical curvature metric (Fig. 4c) demonstrates a transition from stochastic search to a stable



ISSN 2410-2547 445
Onip matepiaiis i Teopis ciopy/Strength of Materials and Theory of Structures. 2026. Ne 116

physical solution at the level of 2.97-10® m™ This confirms that the Coordinate Scaling method

effectively solves the vanishing gradient problem for higher derivatives. The component metrics for
twist angle, deflections, and warping (Fig. 4d-f) reach asymptotic accuracy values corresponding to
FEM analysis tolerances, with the most complex component (Warping) stabilizing by the 200th epoch.

On the test set, the mean absolute error (MAE) for deflections was 0.08 mm, and for twist angles, it
was 0.2 mrad, which meets engineering accuracy requirements (Fig. 5). Statistical analysis on the
validation set further confirms the robustness of the proposed architecture. The error distribution for
the twist angle (Fig. 5a) shows a median value of 0.11 mrad, indicating high accuracy in modeling
torsional stiffness. For linear displacements (Fig. 5b), a significant discrepancy between the median
(0.12 mm) and mean (1.89 mm) error is observed. This indicates the presence of local outliers in zones
close to buckling, while maintaining sub-millimeter accuracy for 95% of cases. The most important
result is the curvature error distribution (Fig. 5¢), where the median value of 1.87-10* m™ validates the

effectiveness of the Coordinate Scaling method in overcoming the vanishing gradient problem.

Total Loss Convergence Learning Rate Schedule (Adaptive)
Train 1o’ o | earing Rate |
— Validation 3
1 19
1w
e
10"
1
0™
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Fig. 4. Training dynamics and convergence of physical consistency metrics over 800 epochs
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Particular attention was paid to the analysis of the differential characteristics of the solution.
Thanks to the implementation of a specialized physical curvature error metric, it was possible to
control the accuracy of reproducing the second derivative of the twist angle. The physical validation of
these differential characteristics (Fig. 6) compares the macroscopic state—the torsion angle (Fig. 6a)—
with the microscopic state—the generalized strain or curvature (Fig. 6b), which is proportional to the
bimoment. For this analysis, the reference FEM curve (black line) was obtained via analytical
differentiation of a fitted 9th-degree polynomial. To eliminate discretization noise and avoid Runge’s
phenomenon artifacts, boundary regions (15%) were excluded from visualization. The plots
demonstrate that the neural network (gray dashed line) successfully captures the nonlinear curvature
distribution of the order of 10® m™, definitively confirming the resolution of the vanishing gradient

problem. The error for this parameter averaged 1.5-10*m™ which is equivalent to an error in

determining bi-moments within 1.5-2.0% of the nominal value. Visual analysis of the diagrams
confirms that the model correctly reproduces complex S-shaped regions of curvature sign reversal,
characteristic of restrained torsion, indicating the neural network’s successful approximation of
fundamental differential relationships rather than merely memorizing numerical values. This behavior
is clearly seen in the validation of kinematic parameters on a test sample (Fig. 7), which compares the
Al-surrogate predictions (gray dashed line) with the Ansys reference calculation (solid black line). The
high correlation of results for both the vertical deflection function (Fig. 7a) and the twist angle function
(Fig. 7b) ultimately confirms the model’s ability to correctly reproduce global system stiffness under
complex stress states.

Torsion Angel Error Displacement Error Curvature Error
- | — = Med: 0.11 h — = Med:0.12 F 1 = = Med: 1.9¢-08
140 | so0 |l 100 1
120 I : :
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60 | 20 | 40
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0 | e 0 |W‘Y‘ﬂ—|—v—r—'—c—\_:—‘q_.—»—.—y—‘__.—\ —t— 0
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(@ (®) (©
Fig. 5. Statistical error distribution analysis on the validation set
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Fig. 6. Physical validation of differential characteristics: (a) macroscopic state (torsion angle); (b) microscopic state (curvature)
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Fig. 7. Validation of kinematic parameters on a test sample: (a) vertical deflection; (b) twist angle
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5. Discussion and Limitations

The presented results allow for formulating a series of important observations regarding the
architecture of neural network surrogates in solid mechanics. First, the hypothesis regarding the
existence of a “linearization trap” when training on multi-scale data was confirmed, aligning with the
conclusions of [10] and [16]. It was experimentally proven that without the application of Coordinate
Scaling and a specialized loss function with second-derivative control, gradient optimization methods
fail to tune the network weights to reproduce small curvature values, reducing the solution to a linear
interpolation of displacements.

Second, a significant result was obtained regarding the use of a priori knowledge in the form of
“physics hints.” The study established that adding the analytical solution for St. Venant’s free torsion
as an input feature worsened model convergence in restrained torsion problems. This is explained by
the fact that the simplified analytical formula creates a strong inductive bias that contradicts the
complex mechanical behavior of warping in a clamped member. Discarding this hint in favor of
learning from “scratch” reduced prediction error. Conversely, the use of architectural constraints in the
form of hyperbolic tangent output masking proved critically important, ensuring precise satisfaction of
boundary conditions in the fixed end regardless of the network’s weight values.

The current implementation of the model has certain limitations due to the problem formulation.
The study was restricted to considering the material as an ideal elastic medium, ignoring the
development of plastic deformations and the formation of plastic hinges. To ensure maximum accuracy
of the verification data, modeling using three-dimensional solid elements was employed. This
approach allowed for capturing the full stress tensor across the cross-section thickness without the
kinematic simplifications inherent in shell theory, accepting the increase in computational costs as a
justified compromise for a volumetric data representation. Additionally, the cross-sectional topology
within this experiment was fixed to an I-beam profile. It is worth noting that the proposed architecture
is universal for the class of open-section members: adapting the model for other open section types
(channels, angles) does not require fundamental changes to the macro-level (Spine Network) and
reduces to retraining only the lightweight “Warping Head” on the corresponding data. This
distinguishes our approach from models limited to specific structure types, as in [12]. Furthermore, the
model guarantees accuracy only within the stable equilibrium domain, relying on an external classifier
to identify bifurcation states.

6. Conclusions

This work proposes and software-implements a Physics-Informed Neural Network architecture for
modeling the stress-strain state of spatial beam structures. The scientific novelty of the research lies in
combining the Kinematic Decomposition method, which separates the problem into predicting the
deformed axial line and the field of local cross-sectional deformations, with a neural integration
technique, where the numerical integration layer is embedded directly into the network architecture.
This approach ensured the mathematical smoothness of the solution and guaranteed satisfaction of
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boundary conditions. A key technical achievement was the development of the Coordinate Scaling
method for derivatives, which solved the vanishing gradient problem and enabled the neural network
to correctly manipulate curvature values of the order 10 *m™. Numerical experiment results confirm
that the created Al-surrogate is capable of replacing resource-intensive calculations of building
structures based on solid finite elements, providing a speed increase of several orders of magnitude
while maintaining engineering accuracy in determining internal forces within the structures. This paves
the way for using such models in generative design tasks and real-time optimization of building load-
bearing systems [3, 15].
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Temyn C.IO.
®I3UYHO-THOOPMOBAHI HEMTPOHHI MEPEXKI JI/IsI PO3PAXYHKY MPOCTOPOBUX CTPHKHEBUX
KOHCTPYKIIM:IIAXIT KIHEMATHYHOI JEKOMIIO3MIIII

IpoeKTyBaHHS BiJMOBINANBHUX CTANICBUX KOHCTPYKI[I HEMUHYYE CTHKA€THCS 3 JHIEMOIO BHOOPY PO3PaXyHKOBOI CXEMH:
KJIACHYHI CTPW)KHEBI CKIHUEHHI €JIeMEHTH 3a0e3NedyloTh BHCOKY IIBHIKICTH OOYHMCIIEHb, aje 4YacTO HEXTYIOTh CKJIQJHHUMH
npoctopoBuMu edekramu aeruiaHanii Ta aedopmaunii nmepepilzy, Toui AK AeTaidbHi 00’€MHI CKIHYEHHO-EJIEMEHTHI Mozeli
rapaHTyIOTh €TaJIOHHY TOYHICTb, NMPOTE € HAaJMIPHO PECYpPCOMICTKMMHM JJIs 33ja4 OaraTOKpuTepiajbHOI onTuMmizawil. Y wii
CTATTI 3alpONOHOBAaHO MeTOoJ MoOynoBH HelpomepeskeBoro cyporata (PINN), 3paTHoro mnepenbauyaTtd Harpyx eHO-
nedopMoOBaHUii CTaH NMPOCTOPOBOTO CTPHIXKHS 3 TOYHICTIO BHCOKomoiiroHansHoi 3D FEM-mopeni, ane 3i MBHAKICTIO, 11O
HAOJIMKAETHCS 10 AHATITHYHUX PillleHb. 3aIPONOHOBAHA apXiTeKTypa 0a3yeThCs HA KiHEMAaTH4HIM JIEKOMITO3MIIT MepeMilleHb
Ha KOMIIOHEHTH BiChOBOI JIiHIT Ta JIOKaJIbHOI JerIaHauii nepepisy, 1o 103Bojse BpaxyBaTH edektd 3D-npyXHOCTI B paMKax
KOMNAaKkTHOI Mojemi. [y 3a0e3nedeHHst YucenbHOl cTaOlIbHOCTI HAaBYaHHS IPH BU3HAYEHHI BUIIMX MOXiAHUX (KPUBU3HU Ta
OIMOMEHTIB) pO3pO0JIEHO Ta 3aCTOCOBAHO MeETOJ KoopauHatHoro wmaciitaOyBanHs (Coordinate Scaling). Pesynbratn

JIEMOHCTPYIOTb, 1O MOJIE/b, HABYEHA HA OOMEKEHOMY CHHTETMYHOMY Habopi mamux (10% 3paskis), BiITBOpIOE KOMIOHEHTH
nepeMillieHb 3 TOYHICTIO, 1110 He nepeBuirye 0.1 MM Ta KOPEKTHO iieHTH(DIKYe e(heKTH reOMeTPHUYHOT HEeJIIHIHHOCTI.

KarouoBi cioBa: mpocTtopoBi craneBi enemeHTH, ¢isuuHo-iHpopMoBaHi HeliponHi Mepexi (PINN), kiHematuuHa
JIeKOMIIO3ul11is, 1edopmalisi, CyporaTHe MOJICIIOBaHHSA, MaclTaOyBaHHS KOOPJUHAT.

Getun S.Yu.
PHYSICS-INFORMED NEURAL NETWORKS FOR ANALYSIS OF SPATIAL BEAM STRUCTURES:
A KINEMATIC DECOMPOSITION APPROACH

The design of critical steel structures faces a persistent dilemma between computational speed and physical fidelity. While
classical 1D beam elements are computationally efficient, they often fail to capture complex spatial effects like non-uniform
torsion and cross-sectional distortion, whereas detailed 3D solid finite element models (FEM) offer reference accuracy but come
at a prohibitive computational cost, making them unsuitable for real-time generative design or multi-objective optimization. This
study proposes a novel Physics-Informed Neural Network (PINN) architecture designed to function as a real-time “Al-
Surrogate” capable of predicting the stress-strain state of spatial members with the accuracy of a high-fidelity 3D FEM model
but at analytical speeds. The proposed approach utilizes a Kinematic Decomposition strategy, separating the displacement field
into a macroscopic “spine” behavior and a field of local cross-sectional deformations. This effectively reduces the
dimensionality of the problem and allows for training on a compact dataset of 10,000 samples. To address the “linearization
trap” and the vanishing gradient problem associated with predicting higher-order derivatives (curvature and bi-moments), we
introduce a Coordinate Scaling technique. This method normalizes the derivative space, ensuring numerical stability and
physical consistency of the solution. Validated against nonlinear 3D solid FEM simulations (Ansys), the model demonstrates
high precision, achieving a Mean Absolute Error (MAE) of 0.08 mm for deflections and 0.2 mrad for torsion angles.
Furthermore, the specialized physics-informed loss function successfully minimizes the curvature error to 1.5x 10 m?,
ensuring the accurate recovery of internal forces. The results confirm that the proposed PINN architecture effectively bridges the
gap between the speed of beam theories and the accuracy of volumetric models. The introduced Coordinate Scaling method
proves critical for learning differential relationships in mechanics, paving the way for the next generation of real-time structural
analysis tools.

Keywords: Spatial steel members, Physics-Informed Neural Networks (PINN), Kinematic decomposition, Warping,
Surrogate modeling, Coordinate scaling.
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3anpononosano memoo nobyoosu @izuuno-ingpopmosanozo uetipomepescesozo cypoeama (PINN), 30amnoeo nepedbauamu
HAnpysceHo-0epopmMosanuil Cman npoCmMopo8o20 CMPUNCHA 3 MOUHICMIO 6ucokonoaieonarvhoi 3D FEM-mooeni, ane 3i
WBUOKICIIO, WO HAOIUNCAEMBCA 00 AHATTMUYHUX PillleHb.

Ta6. 0. Puc. 7. bibniorp. 17 Ha3B.

UDC 624.04:519.85:004.85

Getun S.Yu. Physics-Informed Neural Networks for Analysis of Spatial Beam Structures: A Kinematic Decomposition
Approach // Strength of Materials and Theory of Structures: Scientific-and-technical collected articles. — K.: KNUBA. 2026. —
Issue 116. —P. 439-449.

A method for constructing a neural network surrogate (PINN) capable of predicting the stress-strain state of a spatial member
with the accuracy of a high-fidelity 3D Solid FEM model, yet at a speed approaching analytical solutions, is proposed.
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