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A B S T R A C T

The precision, stability, and performance of lightweight high-strength steel structures in heavy
machinery is affected by their highly nonlinear structural dynamics. This, in turn, makes control
more difficult, simulation more computationally intensive, and achieving real-time autonomy,
using standard approaches, impossible. Machine learning through data-driven, physics-informed
and physics-inspired networks, however, promises more computationally efficient and accurate
solutions to nonlinear dynamic problems. This study proposes a physics-inspired real-time struc-
tural dynamics estimation framework using novel SLIDE-neural networks for the hydraulically
actuated three-dimensional systems.1 It learns the dynamics of a system by utilizing physically
known damping properties in a SLIDE window. For data acquisition, an algorithm is introduced
from randomized initial configurations and hydraulic pressures in a system, along with a method
to compute the SLIDE size. The new framework was evaluated across varying geometries, and
1-DOF and 2-DOF hydraulically actuated systems. Different sensor configurations while lifting
various payloads were also tested. The SLIDE-trained network accelerated structural dynamics
estimation solutions by a factor of 103 in reference to flexible multibody simulation batches and
provided reasonable accuracy. Performance of new framework is compared with the sequential
architectures such as RNN, LSTM and CNN. The SLIDE network was successfully trained in
less time using standard parameters from PyTorch, ADAM optimizer. These results support the
studies goal of providing robust, real-time solutions for control, robotic manipulators, structural
health monitoring, and automation problems.

. Introduction

.1. Research background: Structural deflection—Impacting automation in heavy machines

Heavy machinery is important for primary production and transportation to enable a modern lifestyle [1]. Most of these
achines are human-operated and typically tailored for specific hydraulic actuation [2]. However, there is a growing trend towards

ncreasing automation to enhance operational safety, productivity, and efficiency [3–5]. Increasing the level of automation, leading
ventually to autonomous operation, requires accurate information on physical dynamics, particularly structural dynamics during
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Mechanical Systems and Signal Processing 240 (2025) 113220 
operation [6,7]. Flexible behavior, a result of material properties, geometry and other factors [8], can significantly affect the
precision and accuracy needed to achieve autonomous operation [9–11].

1.2. Research motivation: Electrification and its impact on structural deflections in heavy machinery

Additionally, emerging trends in electrification are driving engineers to innovate lighter structural designs to compensate for the
eight of batteries and other heavy components [12,13]. This goal can be achieved using lightweight materials like modern metal

alloys, e.g., ultra-high-strength steel or aluminum, composites, and sandwich structures [13]. However, this shift towards lighter
structures comes with new challenges. As the machinery becomes lighter, its structural components also become more flexible,

hich can affect stability and performance, especially under dynamic conditions [9,14,15].

1.3. State of art methods and their limitations

The increased flexibility makes it more difficult to maintain precise control over the machine, particularly when it experiences
varying or sudden loads [14,15]. State-of-the-art methods for interpreting structural flexibility include direct measurement [16,17],
dynamic models [9,18,19], and Machine Learning (ML) [20–23]. The direct measurement methods—such as digital image
correlation [24], fiber optic sensors [25], wireless sensor networks [26], ultrasonic nondestructive testing [27], laser scanning, and
LIDAR [28,29]—are commonly used in civil engineering applications. Real-time processing demands and implementation constraints
re limitations of these methods.

In heavy machines conventional strain sensors can interpret flexible behavior at specific locations on the structure. However,
hese sensors have several disadvantages, such as high cost, insufficient reliability, limited measuring points, and poor real-time
apability due to challenging working conditions. To overcome these challenges, alternative approaches such as dynamic modeling
nd ML offer promising solutions for accurately capturing the flexible behavior of components in heavy machines.

1.4. Research gaps: Conventional dynamic modeling and ML approaches in controlling flexibility

In flexible systems, dynamic modeling involves links and joints or both [10]. The Assumed Mode Method (AMM) [30], Lumped
Parameter Model (LPM) [9], Transfer Matrix Method (TMM) [31], and Finite Elements Method (FEM) [15] are commonly used to
model flexible links. Broadly speaking, these methods demonstrate limitations in real-time control due to high computational cost,
omplex-geometry handling [32], many Degrees Of Freedom (DOFs) [15], and improper boundary conditions and modes [10,18,33].

A detailed description of flexible systems modeling methods and their pitfalls can be found in [10].
On the other hand, in flexible multibody systems, the Floating Frame of Reference Formulation (FFRF) is one of the most widely

sed methods in engineering applications involving large translations and rotations [34]. Across several FFRF versions, generalized
Component Mode Synthesis (CMS) has been proposed as a suitable way to analyze 3D flexible systems [35,36]. The Equations Of
Motion (EOMs) in CMS are further simplified using modal reduction techniques based on eigenmodes, which yields reasonable
computational efficiency and accuracy [37].

From the application perspective, hydraulic actuators, valves, pumps and their modeling methods are crucial factors [38]. The
outlook on faults, diagnostics, and prognosis of hydraulic actuators is discussed in Kumar et al. [39]. Hydraulics are coupled with the
multibody systems using the lumped fluid theory [40–42]. It computes hydraulic pressure derivatives in a volume by dividing the
effective bulk modulus with a small volume size [40]. This method leads to numerically stiff EOMs for a coupled system negatively
affecting computational burden [41,42]. Due to this reason, most of the literature in this field has focused on coupling rigid bodies

ith hydraulics [41–43], ignoring flexible bodies. Nevertheless, the real-time processing of structural dynamics in flexible systems
remains challenging due to model complexity and the handling of flexible bodies with the hydraulics and electric components,
contacts, and friction.

On the contrary—ML offers computationally efficient and accurate solutions in diverse fields such as image processing [44,45],
playing Atari games [46], natural language processing [47], fluid mechanics [48], heat transfer [49], and the real-time estimation
f rigid [50–53] and flexible multibody dynamics [54–56]. In ML, neural networks often act as black-box models that effectively

map input–output relationships [57]. Neural networks have been used to develop Hamiltonian Neural Networks (HNNs) [58]
and Physics-Inspired Neural Network (PI-NN) [59] for rigid multibody systems, to estimate structural deformations [23] and
deflections [21,22,60], and to replace flexible multibody simulation [54,55,61,62]. In hydraulics, ML has also been employed to
eplace pressures [63], cylinder friction forces [64], control valve [65] and hydraulic forces [43,66].

As universal approximators, neural networks often overlook the underlying system mechanics. For flexible systems, the studies
n [54–56] utilize neural networks within a time-stepping scheme [67], which involves estimating a state vector at 𝑇 th step. The
olution of the previous step is used autoregressively, which significantly affects training data size and computational training
esources. To accelerate supervised learning, Principal Component Analysis (PCA) was used to reduce the output vector and data size

in flexible multibody systems [54]. In a hydraulically driven application [62], a data-driven deep neural network (DNN) modeling
approach was introduced for real-time flexible multibody dynamics simulations using coarse sample data. However, data acquisition
was performed using mesh-based material parameters and position level inputs while ignoring actuator dynamics. The employed
DNN architecture was also complex [62].

Summary of identified research gaps — current neural network methods for hydraulically flexible multibody systems: (i) often
ignore actuator dynamics, (ii) require large high-fidelity training datasets, and (iii) lack validation across varying geometries and
2 
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system configurations. When actuator dynamics are considered, each configuration of a hydraulic actuator in a coupled system
requires unique chamber pressures, thereby introducing computational challenges. It challenges the data collection, extensive
reprocessing, identifying exact input–output, and data quality [47] for hydraulically actuated flexible systems. Neural networks,
uch as Physics-Informed neural networks (PINNs) [49] and PI-NNs [59], can also address computationally intensive problems by

incorporating physical laws, leading to improved performance and efficiency.

1.5. Research outline

A PI-NN, the SLiding-window Initially-truncated Dynamic-response Estimator (SLIDE) method, is introduced [61] to capture the
underlying physics of a system using the SLIDE window td. In damped systems, td demonstrates the time required by a system
to reach the steady-state condition under forced excitation. The approximation of td is based on the complex eigenvalues of the
system’s linearized EOMs [61]. EOM-based td computing approach might be challenging for a hydraulically actuated system due to
he highly nonlinear dynamics and discontinuities. The SLIDE method provided good performance in estimating the position, velocity
nd structural deflection vectors of bodies for the flexible multibody systems [61] with the standard PyTorch parameters [68] for

Adam optimizer [69]. However, the SLIDE method has not yet been explored in the framework of hydraulically actuated flexible
ystems accounting actuator dynamics.

This study introduces a physics-inspired real-time structural dynamics estimation framework based on a novel SLIDE approach
for hydraulically actuated 3D flexible multibody systems. A computationally efficient data acquisition approach is proposed to
generate data from random initial configurations and a method to compute td without the EOMs in hydraulically actuated systems.

his framework is evaluated on the hydraulically actuated flexible boom and a 2-DOF forestry crane. Additionally, different hidden
ayers, sensor combinations and lifting various payloads are tested to verify the robustness of approach. The trained neural network
nabled the accurate and 103 faster estimate of structural deflection, von Mises stress and strain compared to the reference solution.
he scientific contributions of this study are as follows.

• A computationally efficient data acquisition approach for hydraulically actuated flexible multibody systems from random initial
configurations and a method to compute td without the EOMs

• A physics-inspired real-time structural dynamics estimation framework for hydraulically actuated 3D flexible multibody
systems with SLIDE networks using various sensor and lifting loads combinations

• Validation of proposed the framework across varying geometries, 1-DOF and 2-DOF hydraulically actuated systems and sensor
configurations

To evaluate effectiveness, the performance of SLIDE is compared with state-of-the-art sequential architectures Recurrent Neural
etworks (RNNs) [70], Long Short-Term Memory networks (LSTMs) [71] and Convolutional Neural Networks (CNNs) [72]. The

final trained neural network model enables the real-time estimate of structural performance, which is particularly beneficial in
applications where quick decision-making is critical, such as control, robotic manipulators, structural health monitoring, and
utomation.

2. Deep neural network (DNN) model

The general framework of the SLIDE approach is illustrated in Fig. 1. The proposed neural network model learns the nature of
 through regression tasks using an input layer  using td.

The composition of  and  for a damped mechanical system can be described as

 =
[

𝒙0 𝒙1 … 𝒙td … 𝒙td+k
]⊤

, and (1)

 =
[

𝒚td 𝒚td+1 … 𝒚td+k
]⊤
, (2)

where 𝒙i and 𝒚i are 𝑖th input and target vectors. In [61], td is approximated using the complex eigenvalues of the system’s
linearized EOMs. A statistics-based method in Section 4.4 describes the computing of td without the EOMs. The regression
relationship in  and  can be formulated as follows [73].

̂0∶nt r ain =  (0∶nt r ain ;𝜳 ), (3)

where ̂0∶nt r ain is the estimated output layer,  is the neural network model, 𝜳 is the vector of trainable parameters, and nt r ain is
the number of training samples. In supervised learning, the objective of the neural network model is to minimize the loss function
 and keep it below a threshold value min using the optimal training parameters. It can be described as

argmin  subject to  ≤ min (4)

The loss function is computed between the estimated output layer ̂ and the ground truth output layer  using the Mean Square
Error (MSE) as follows.

 = 1
nt r ain
∑

(̂ 𝑖 −  𝑖)2 (5)

nt r ain 𝑖=1

3 



Q. Khadim et al.

h
t

𝐌
i

w

f
f

Mechanical Systems and Signal Processing 240 (2025) 113220 
Fig. 1. Proposed method—A general framework of SLIDE-neural network model.

Adam optimizer [69] minimizes the loss function in  training. The hidden layers size is according to the number of steps td,
ighlighted in Fig. 1 as ntd . The standard neural network parameters 𝜳 ∗ are selected to achieve optimum training performance. In
he evaluation phase, the output layer is estimated in a continuous-time frame with the trained neural network as

̂
neval
td∶tf

=  (neval
𝑖∶td+𝑖

), (6)

where 𝑖 = 0, 1,… tf − td, and tf is the final time in the evaluation data neval.

3. General purpose flexible multibody dynamics

The equations of motion for a constrained mechanical system can be described as

𝐌(𝐪)𝐪̈ + (𝐠𝐪)⊤𝝀 = 𝐐(𝐪, 𝐪̇,𝐮, 𝑡), (7)

𝐠(𝐪, 𝑡) = 𝟎, and (8)

𝐲̇ + ( 𝜕𝐠
𝜕𝐲

)⊤𝝀 = 𝐟ODE1 (𝐪, 𝐪̇,𝐮, 𝑡), (9)

where 𝐪 ∈ R𝑛, 𝐪̇ ∈ R𝑛, and 𝐪̈ ∈ R𝑛 are the position, velocity, and acceleration vectors of the generalized coordinates, respectively.
∈ R𝑛×𝑛 is the system mass matrix, 𝐐 ∈ R𝑛 is generalized force vector, 𝐠 represents the holonomic constraint equations, and 𝐟ODE1

s the vector of first-order differential equations. Here, 𝑛 is the number of coordinates in the system. The left hand side of Eq. 3
includes the inertial and constraint forces in the system, whereas the right hand side represents the generalized external forces.

To explain deformable bodies, Fig. 2 describes a hydraulically actuated flexible multibody system. A flexible body A is defined
ith the generalized coordinate vector 𝐪A =

[

𝐪⊤tA 𝜽A
⊤ (𝜳A𝜻A)⊤

]⊤
[34] with 𝑛m = dim(𝜻A) ≪ dim(𝐜̄fA ) = 3𝑛n in CMS [37], where

𝜻A ∈ R3𝑛m×1 is the vector of modal coordinates, 𝜳A ∈ R3𝑛n×𝑛m is the column-wise modes reduction-basis, 𝑛m is the modal coordinates
and 𝑛n is the number of nodes. The definition of joint and constraint equations for the multiple interconnected flexible bodies is
urther detailed in [74] using the modally reduced CMS. The components of Eq. (7) for a flexible multibody system can be derived
rom the generalized coordinate vector 𝐪 according to [37] as follows .

𝐌 =

⎡

⎢

⎢

⎢

⎣

𝐌̂tt 𝐌̂tr 𝐌̂tf
𝐌̂rr 𝐌̂rf

sym. 𝐌̂ff

⎤

⎥

⎥

⎥

⎦

, (10)

(𝐠𝐪)⊤𝝀 =

⎡

⎢

⎢

⎢

⎣

𝐐̂ct
𝐐̂cr
𝐐̂cf

⎤

⎥

⎥

⎥

⎦

⏟⏟⏟
constraint force

, and (11)
vector
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Fig. 2. Flexible system – A system consisting of two flexible bodies 𝐴 and 𝐵 connected at the joint 𝑝, controlled by hydraulic actuation with
n  and floating 𝐴 frame of references – The position of the joint is 𝐫𝑝 = 𝐪t𝐴 + 𝐀𝐴(𝐮̄o𝐴 + 𝐜̄f𝐴 ), where 𝐪t𝐴 ∈ R3×1 is the translational coordinates

vector, 𝐀𝐴 = 𝐀(𝜽𝐴) is the rotation matrix, 𝜽𝐴 ∈ R𝑛r×1 is the rotational parametrization vector, 𝐮̄o𝐴 is the local coordinate vector, and 𝐜̄f𝐴 ∈ R3×1

is the local flexible coordinates vector in body 𝐴. Additionally, 𝑛r is the rotational DOFs.

𝐐 =

⎡

⎢

⎢

⎢

⎣

𝐐̂et
𝐐̂er
𝐐̂ef

⎤

⎥

⎥

⎥

⎦

⏟⏟⏟
elastic force

vector

+

⎡

⎢

⎢

⎢

⎣

𝐐̂vt
𝐐̂vr
𝐐̂vf

⎤

⎥

⎥

⎥

⎦

⏟⏟⏟
quadratic velocity

vector

+

⎡

⎢

⎢

⎢

⎣

𝐐̂at
𝐐̂ar
𝐐̂af

⎤

⎥

⎥

⎥

⎦

⏟⏟⏟
applied force

vector

. (12)

Further details of terms in 𝐌 and 𝐐 can be found in [37]. The components of applied force vector are

𝐐̂at =
𝑛n
∑

𝑖=1
𝐟a(𝑖), 𝐟a(𝑖) ≠ 0, (13)

𝐐̂ar = 𝑮
⊤

𝑛n
∑

𝑖=1

[

𝒙̃
(𝑖)

+
𝑛m
∑

m=1
𝜳̃

(𝑖)

m 𝜻m

]

𝐀⊤𝐟a(𝑖), 𝐟a(𝑖) ≠ 0, and (14)

𝐐̂af =
𝑛n
∑

𝑖=1

⎡

⎢

⎢

⎢

⎣

𝜳
(𝑖)⊤

1
⋮

𝜳
(𝑖)⊤

𝑛m

⎤

⎥

⎥

⎥

⎦

𝐀⊤𝐟a(𝑖), 𝐟a(𝑖) ≠ 0, (15)

where 𝐟a(𝑖) is the applied force vector at an arbitrary node 𝑖, and 𝒙̃
(𝑖)

is the undeformed (reference) nodal coordinates. In hydraulic
actuation, 𝐟a(𝑖) can be computed from the hydraulic force vector 𝐅h as follows.

𝐟a(𝑖) = 𝑤(𝑖)𝐅h, (16)

where 𝑤(𝑖) = 1
3𝐴B

∑

j 𝐴j and ∑

𝑖 𝑤
(𝑖) = 1 is the nodal weighting, 𝐴j is the area of j𝑡ℎ triangle, and 𝐴B is the total boundary area at

RBE2 interface. This weighting ensures nearly constant strain distribution with equally distributed axial forces. The force produced
y the hydraulic cylinder is calculated as 𝐹h = 𝑝h1𝐴h1 − 𝑝h2𝐴h2 − 𝐹𝜇(𝑠̇), where 𝑝h1 and 𝑝h2 correspond to the hydraulic pressures on

cylinder areas 𝐴h1 and 𝐴h2 , respectively. A velocity-dependent Stribeck friction model is used to calculate friction force, 𝐹𝜇(𝑠̇), in
he cylinder according to [75,76]. The hydraulic force is converted into the vector form as 𝐅h = 𝐹h𝐫ℎ. Following Fig. 2, the position

vector 𝐫ℎ is computed between the nodal point 𝐻 and ground. The hydraulic pressure, 𝑝h, in a volume 𝑉h, can be modeled using
lumped fluid theory [40] in differential form as follows.

𝑝̇h =
𝐵eh
𝑉h

(

−
𝑑 𝑉h
𝑑 𝑡 +𝑄s

)

and (17)

𝐵eh =

(

1
𝐵

+
𝑛h
∑ 𝑉c

𝑉 𝐵

)−1

, (18)

o 𝑐=1 h c
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Fig. 3. SLIDE data acquisition – A method for generating data from hydraulically actuated mechanical systems at random initial configurations
 Initial pressures are calculated based on the static equilibrium force for each system configuration. The SLIDE window td is also determined
uring the data acquisition, and the data is arranged accordingly.

where 𝐵eh is the effective bulk modulus, 𝑄s is the sum of the incoming and outgoing flows, 𝐵o is the oil bulk modulus, 𝑛h is the
total number of hydraulic volumes, 𝑉c denotes the sub-volume, and 𝐵c is the bulk modulus of the sub-volume. A semi-empirical

ethod can be used to compute the flow rate [40]. Note that the non-linear effects such as pipeline pressure fluctuations and valve
leakages have not been considered in this study [38]. The proposed network needs training data from various initial configurations
of the system. Specifically for hydraulic systems, this results in computational challenges because each system’s initial configuration
must reach static equilibrium. To this end, the algorithm in Fig. 3 is introduced to achieve static equilibrium at random system
onfiguration 𝐪in and initial pressure 𝐩in.

For a random 𝐪in, the actuator dynamics in the system are replaced with the equivalent constraint equations 𝐠 in a closed
kinematic loop. At static equilibrium, the EOMs are reduced into (𝐠𝐪)⊤𝝀 = 𝐐(𝐪, 𝐪̇,𝐮, 𝑡0) and 𝐠(𝐪, 𝑡0) = 𝟎, which results in the
computation of equivalent force 𝐹h for a hydraulic system. The pressure difference 𝛥𝑝, computed from 𝐹h, enables the computation
of initial pressures in the hydraulic cylinder. Note that, at static equilibrium, 𝐹𝜇(𝑠̇) contributes a negligible friction force to 𝐹h.
urther, the proposed algorithm facilitates computing td. In the closed-loop configuration, the full set of system coordinates is

computed from the independent coordinates. For such systems, the data acquisition algorithm is complemented by the standard
coordinate partitioning method.

4. Flexible simulation setup

Application of the proposed method is demonstrated by estimating the structural dynamics in a hydraulically actuated flexible
oom. The simulation setup of the flexible boom is described in Fig. 4a. This setup is derived from practical case studies involving

forestry and material handling booms—common in heavy-duty mobile machinery. It comprises a rigid pillar, flexible boom, known
payload 𝑚, and the hydraulics. High stress 𝝈, structural deflection 𝜹 and strain 𝜀 on the deformed boom are shown in Fig. 4a. It
s measured relative to the global coordinate system 𝑋 𝑌 𝑍. As an example, the components of structural deflection are represented
y 𝛿x, 𝛿y and 𝛿z in Fig. 4a. In this study, only few components of 𝝈, 𝜹, and 𝜀, such as 𝜎xx, 𝛿y, and 𝜀xy, are estimated due to payload

forces, nonlinear friction force 𝐹𝜇 in the hydraulic cylinder, and the highly nonlinear dynamics from an application point of view.
Fig. 4c further describes the uncertain and non-linear nature of tip deflection 𝛿y during a working cycle.

4.1. Flexible multibody system

The simulation setup was modeled in the open-source software Exudyn [77]. Exudyn2 is a general-purpose flexible multibody
dynamics systems modeling software in the Python environment. It includes various versions of the FFRF, including the modally
reduced CMS and lumped fluid theory. The 3D boom geometry is discretized into 15101 first-order tetrahedral elements (C3D4) in
the commercial FE software Abaqus®.

Fig. 5 shows the meshed flexible boom in Abaqus®. The material properties set in the Abaqus® software include Young’s modulus
= 2.1 × 1011 Pa, Poisson’s ratio 𝜈 = 0.3, and density 𝜌 = 7850 kg∕m3. The mass and stiffness matrices, required in Eq. (12) for

2 Version 1.8, https://github.com/jgerstmayr/EXUDYN
6 
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Fig. 4. Simulation setup – A hydraulically actuated flexible boom lifting a payload 𝑚 – The flexible boom is attached to rigid pillar at node
𝑏1. It is actuated by a hydraulic cylinder, which has been added between the nodes 𝑎1 and 𝑏2. The known payload 𝑚 is connected to the flexible
boom at node 𝑏4, and tip deflection is measured at node 𝑏3.

Exudyn, were exported from Abaqus®. The nodal points 𝑏1, 𝑏2 and 𝑏3 describe the location of joints and forces on the flexible boom.
Eight Hurty Craig-Bampton modes are computed in software Exudyn using the specified boundary conditions. The eigen-frequencies
of first bending and normal modes are 29 Hz and 31 Hz, respectively. The accuracy of 𝛿y in Exudyn was confirmed with Abaqus®
during a static analysis with an approximated error of 0.5%. The flexible boom connects to the pillar at node 𝑏1 via a revolute joint
through an RBE2 standard interface.

Fig. 5. Workflow for modeling flexible boom in the Exudyn software [77] – The commercial Abaqus® environment is used to perform FE
discretization of the three-dimensional lift boom model. The nodes 𝑏1, 𝑏2 and 𝑏3 on the flexible boom describe the boundary conditions in the
flexible multibody system.

The nodal points 𝑏2 and 𝑏4 on the flexible boom defines the locations of hydraulics and payload. The flexible boom was
hydraulically actuated by a 4/3 directional control valve through hydraulic volumes 𝑉1 and 𝑉2, constant pressure sources from
pump, and tank 𝑝P and 𝑝T. The details of the hydraulic parameters in this example are taken from an experimental setup [78].
Some hydraulic parameters can be found in Table 1.
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Table 1
Hydraulic parameters of the lift boom.

Parameter Value Parameter Value

Pump pressure 140 bar Tank pressure 1 bar
Cylinder diameter 100 mm Piston diameter 56 mm
Cylinder length (𝑙cy l) 535 mm Cylinder stroke (𝑙pist ) 820 mm

4.2. SLIDE data acquisition

In Exudyn, the coupled differential equations of the hydraulically actuated flexible boom are solved using the generalized-alpha
ntegration scheme. The coupled system is solved for 1 s simulation time with a fixed time step of 5 ms, comprising each simulation
f 200 steps. To generate varied training data, the flexible boom is actuated between 𝜃min = −10◦ and 𝜃max = +50◦, which are

determined according to the minimum and maximum actuator lengths. The randomized initial angle 𝜃in for each simulation is
computed as follows.

𝜃in = rand∗(𝜃min, 𝜃max) + 𝜃𝑚𝑖𝑛, (19)

where rand∗ is the NumPy function 𝚗𝚞𝚖𝚙𝚢.𝚛𝚊𝚗𝚍𝚘𝚖.𝚛𝚊𝚗𝚍() [79], which populates random samples using a uniform distribution. For
ach 𝜃in, the hydraulic pressures 𝑝h1 and 𝑝h2 are computed through the algorithm introduced in Fig. 3 during a static analysis. The

relative tolerances of 1 × 10−7 m at the position level were used in the Newton–Raphson solver for the static analysis. The simulations
ere run in batches of 40, 80, 160, 320, 640 and 1280 to create data in 50 s, 81.2 s, 131 s, 273.4 s, 569.3 s and 1111.8 s. The

esulting data saved in the standard Numpy format. The simulation batches include 80% training data and 20% validation data.

4.3. Designing the control signal

In each simulation, the hydraulic valve was actuated using a randomly generated control signal 𝑈 , as described in Fig. 6.
The random signal varies between the minimum spool position 𝑈min = −1, the neutral spool position 0, and maximum spool
position 𝑈max = +1. It comprises 20% values at 0, 20% values at +1, 20% values at −1, 20% linear ramped values between −1
and +1 and 20% random values between −1 and +1. The length of each ramp signal is randomly determined between the points to
ensure that the total ramped signal contains 20% of total simulation steps. The different segments of the control signal are randomly
shuffled to formulate the control signal, as described in Fig. 6.

Fig. 6. Random control signal—An example of control signal in the training data.

4.4. Calculating SLIDE window

SLIDE data acquisition arranges data according to td. The variable td∗ represents the SLIDE window during a training sample.
o calculate td∗, the flexible boom is actuated from a random configuration 𝜃in using the control signal described in Fig. 7(a).

The control signal involves opening the hydraulic valve for 10% of simulation time and closing. Note that the choice of control
signal distribution is in reference to EOM-based td computing method [61]. However, this distribution might change for different
system configuration. ∇ is the 𝛿y data in discrete-time format from Fig. 7.

∇ =
[

𝑡0 𝑡1 𝑡2 ⋯ 𝑡end
]⊤

(20)
𝛿y0 𝛿y1 𝛿y2 ⋯ 𝛿yend
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Fig. 7. Computing SLIDE window – td∗ is computed from the threshold deflection 𝛿y
∗ by actuating the hydraulic valve with a control signal.

The threshold deflection is 1% dampened value of deflection, presented in (b).

The threshold deflection 𝛿y∗ is calculated from the mean structural deflection as 𝛿∗y = (1 − 2 log(𝐴r el,1%)
100 mean(𝛿y)). However, the

expression for 𝛿∗y is case dependent and might change for different system configuration. The size of td∗ is determined by finding
𝑛∗ step, where 𝛿y < 𝛿y∗ holds for 𝑛∗ = 𝑛end∕10 steps, as follows.

|

|

|

𝛿yk
|

|

|

, ||
|

𝛿yk +1
|

|

|

, ||
|

𝛿yk +2
|

|

|

,… , ||
|

𝛿yk +n∗−1
|

|

|

< 𝛿y∗, (21)

where k is the first step, for 𝛿y < 𝛿y∗ in ∇. For nt r ain training samples, td is computed as

td =
∑nt r ain

n=1 td∗

nt r ain
. (22)

The SLIDE window is computed as td∗ = k + n∗ − 1. The size of td∗ depends on the payload and the Rayleigh damping factor
used in the simulation. See Fig. 15 for more details. Note that this method is performed without the EOMs, which demonstrates its
industrial applications with the experimental data. For the flexible boom, the statistical-based solution resulted in values of 29, 51,
and 85, which are consistent with the EOM-based solutions [61].

Fig. 8. Data distribution – Representation of  ( ) and  ( ) on the normal probability distribution curves – Each curve is
calculated using the mean and standard deviation.

4.5. Feature scaling

The virtual sensors recorded actuator position 𝑠, actuator velocity 𝑠̇, pressures 𝑝h1 and 𝑝h2 , and structural deflection 𝛿y, strain
𝜀xy and stress 𝜎xx from the simulation setup. The sensor values are scaled for  as follows.

 = 1
𝑆

[

𝒙0 𝒙1 … 𝒙td … 𝒙td+k
]⊤

, and (23)

 = 1
𝑆

[

𝒚td 𝒚td+1 … … 𝒚td+k
]⊤

, (24)

where 𝒙i =
[

𝑈i 𝑠i 𝑠̇i 𝑝h1 i 𝑝h2 i
]

is the input vector, and 𝒚i =
[

𝛿yi 𝜀xyi 𝜎xxi
]

is the target vector at the 𝑖th step. In Eqs. (23)–

(24), 𝑆 =
[

𝑆 𝑆 … 𝑆 … 𝑆
]

and 𝑆 =
[

𝑆 𝑆 … … 𝑆
]

are the scaling matrices for  and
 0 1  td  td+k   td  td+1  td+k
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 . The scaling factor for actuator position is calculated using 𝑙cy l + 𝑙pist . The actuator velocity and hydraulic pressures are scaled
according to the maximum velocity, 6.67 m/s, and maximum pressures, 200 bar, produced by the hydraulic cylinder. Similarly, the
output scaling factor is determined based on the maximum capacity of the strain measurement sensor, which is 30 mm.

The quality of the training data is further accessed by analyzing  ( ) and  ( ) on the normal probability
distribution curves. See Fig. 8. The 𝑥-axis in these plots demonstrates the range of scaled measurements, and the 𝑦-axis is the
probability density of the fitted normal distribution. As shown, the specified scaling factors scale 𝑠 between +0.22 and +0.75, 𝑠̇
between −0.93 and +0.94, pressures between 0.1 and +0.97, 𝛿y between −0.97 and +0.9, 𝜀xy between −0.97 and +0.9 and 𝜎xx between
−0.97 and +0.9. Positive pressures in the hydraulic cylinder are ensured during the data acquisition process.

4.6. Multi-step estimation

Using td, the SLIDE-neural networks can be used for both single-step and multi-step estimations. Figs. 9(a)–9(b) illustrate the
data arrangement of  and  for both estimation approaches.

Fig. 9. SLIDE data arrangement – Arrangement of  and  in the single-step and multi-step estimation schemes.

The network model learns the dynamics of  from  in td, which is representing the steady-state condition under the forced
excitations. In single-step estimation, the output layer  contains the target measurements at td. However, the multi-step estimator
generates estimations starting from td for k steps forward. The applications of multi-step estimation can also be found in the reference
study [61].

4.7. DNN training parameters

The proposed DNN model is implemented using the ML PyTorch.3 library [68] The model computations are accelerated with
the CUDA toolkit.4 The parameters of the DNN are listed in Table 2. The size of the hidden layers is according to ntd . The training
network comprises the linear layer (L), sigmoid layer (S), tangent hyperbolic layer (T), and ReLU layer (R).
Table 2
Standard parameters from PyTorch are used for the ADAM optimizer.

Parameter Value Parameter Value

Optimizer ADAM [69] Variable type float32
Learning rate 1 × 10−3 Batch size ntrain/8
Training set size 𝑛train 80 ... 2560 Validation set size nval 20% of ntrain
Validation frequency every 20 epochs min 5 × 10−6

5. DNN training and its evaluation performance

The DNN model was trained on a computer with an 11th generation Intel® Core™ i5-11500H CPU running at a base speed of
2.92 GHz, complemented by 32 GB RAM. This machine has 6 operating cores and 12 logical processors. It also has an NVIDIA T1200
GPU. The operating system is 64-bit Windows 11. The Exudyn parameter variation function is used to facilitate supervised learning
in various hidden layer combinations, leveraging parallel computing power. Following paragraphs describe the DNN training and
evaluation performance in detail.

3 Version 2.3, https://github.com/pytorch/pytorch
4 Version 12.4, https://developer.nvidia.com/cuda-downloads
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Fig. 10. Training performance—Mean squared error (MSE) loss for the single-step and multi-steps SLIDE-neural network models evaluated with
five sensors and hidden layers combinations without payload.

5.1. Training performance

In supervised learning, various combinations of data size, input–output arrangement, and hidden layer size are explored. Fig. 10
shows the training performance of the single-step and multi-step SLIDE-networks, evaluated with five sensors and hidden layer
combinations without payload. To ensure generalization and detect potential overfitting or underfitting, both training and validation
losses were monitored during the training procedure. For each model, the training and validation losses remained comparable,
indicating stable learning behavior. For clarity and brevity, however, Fig. 10 presents only the training loss curves.

The different hidden layer combinations include ‘L’, ‘TLT’, ‘RLR’, ‘TLTLT’ and ‘TLSLT’. The five sensors providing data were
—𝑈 , 𝑝h1 , 𝑠, 𝑝h2 and 𝑠̇. SLIDE-network ‘L’ shows good training results, assisted by the availability of all data in  for the force
computation. In single-step estimation, other hidden layer combinations meet the min criteria for five sensors combinations in the
supervised learning. In Fig. 10(b), 30 steps forward in td was considered during the training process. This results in the smooth
supervised learning of the SLIDE-networks. However, none of hidden layer combinations meet the min criteria. The relatively poor
performance of multi-step SLIDE networks is due to the complexity of training multiple parameters during supervised learning.
Table 3
Sequential architectures—Training performance comparison of SLIDE with RNN, LSTM and CNN for ‘TLSLT’ hidden layers.

Neural networks Minimum loss Training time

RNN 1.8 × 10−4 181.3 s
LSTM 2.4 × 10−4 118.4 s
CNN 3.9 × 10−4 51 s
SLIDE 5 × 10−6 38.6 s

Table 3 demonstrates a comparison of SLIDE network with the sequential architectures RNN, LSTM and CNN for ‘TLSLT’ hidden
layers. Standard parameters in Table 2 for ADAM optimizer had been used for this comparison. Among these, SLIDE-TLSLT network
meets the min criteria in 718 epochs, also shown in Fig. 11(a). However, other sequential architectures could not reach to optimal
training demonstrated overfitting during the supervised learning process. Further, the training time of SLIDE network is less than
other networks.

5.2. Evaluation performance

In evaluation phase, the performance of trained single-step SLIDE models is tested in estimating 𝛿y, 𝜀xy and 𝜎xx with an unseen
control signal. Reference simulation are represented by ( ), and ( ) corresponds to the SLIDE estimates. The SLIDE
estimations are shown in Fig. 11 in reference to a 10 s dynamic simulation. The actuator control signal during simulation is presented
in Fig. 16(b). Variations in the control signal also affect 𝛿y, 𝜀xy and 𝜎xx in the reference solution. The SLIDE estimations accurately
capture the dynamic changes of control signal on the reference solutions.

For no payload, the SLIDE-TLT model makes no estimations of 𝛿y till 0.145 s, due to the unavailability of  for this period. After
td, the model starts making single-step estimations with 0.19% mean-absolute-percentage-error (MAPE). The error with respect to
the reference solution is further explained in mean-absolute-error (MAE) ( ), which remains below 1 mm. In zoomed-in
plot, the estimated 𝛿y is exactly following the patterns of reference solution during 2–4 s. With SLIDE-RLR, the estimation of 𝜀xy is
described in Fig. 11(b) for 50 kg. It uses a sensor configuration of 𝑈 , 𝑠, 𝑠̇ and 𝑝h2 . The network captured changes of 𝜀xy despite its
small numerical values in the microstrain range.

The estimation of 𝜎xx for payload 100 kg is described in Fig. 11(c). The maximum stress of approximately 58 MPa occurs in this
case. A sensor combination of 𝑈 , 𝑠, 𝑝h1 and 𝑝h2 enabled SLIDE-L to accurately estimate 𝜎xx in the hydraulically actuated flexible
boom. It provided the estimation accuracy of 0.22% MAPE in the stress estimation.
11 
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Fig. 11. Estimation accuracy—SLIDE-neural networks estimating 𝛿y, 𝜀xy and 𝜎xx in a hydraulically actuated flexible boom, verifying various
payloads and sensor combinations. Mean-absolute-percentage error (MAPE) and mean-absolute error (MAE) demonstrate the estimation accuracy
with respect to the reference solutions.

The zoomed-in plot reveals that the SLIDE estimations follows the patterns of 𝜀xy and 𝜎xx from the reference solutions between
–4 s. This demonstrates the robustness of the SLIDE approach to estimating the targets over longer simulations. Note, in [62],

flexible multibody estimation required a DNN, while SLIDE-L can achieve effective estimation performance for 𝜎xx with the sensor
onfigurations of 𝑈 , 𝑠, 𝑝h1 and 𝑝h2 . Further, this study demonstrates the numerical estimations of 𝛿y, 𝜀xy and 𝜎xx, whereas the

estimations were presented on the finite element scale in [62].
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Fig. 12. Estimation summary – A summary of SLIDE-neural networks performance in single-step estimation of 𝛿y, 𝜀xy and 𝜎xx with different
ensor configurations and lifting payload 100 kg.

The robustness of SLIDE networks is evaluated on a 2-DOF hydraulically actuated flexible forestry crane. Fig. 16(a) shows the
forestry crane along with control signals used in the evaluation phase. The data acquisition from the crane is briefly explained in
Appendix C. The single-step and multi-step estimations of SLIDE networks in the crane are demonstrated in Fig. 17. These estimations
se control signals, actuator positions and hydraulic pressures in  during the training process. Fig. 16(a)–(i) demonstrate the

accuracy of SLIDE networks in estimating 𝛿y, 𝜀xy and 𝜎xx. Further details about the SLIDE estimates in forestry crane example can
e found in Appendix D.

Fig. 12 summarizes the performance of SLIDE neural networks in estimating 𝛿y, 𝜀xy, and 𝜎xx for a 100 kg payload with different
sensor configurations. The maximum MAPE occurs when using ‘TLSLT’ with the sensor combination of 𝑈 , 𝑠, and 𝑠̇, and remains
below 1.1%. The two-sensor case also provides accurate estimation results across all hidden layer combinations. This demonstrates
hat SLIDE neural network models can provide accurate estimations using actuator position and control signal data. Additionally,
he use of pressure sensors further increases estimation accuracy, as seen with the sensor combinations 𝑈 , 𝑠, 𝑠̇, 𝑝h2 and 𝑈 , 𝑠, 𝑝h1 , 𝑝h2 .

5.3. Computational efficiency

Python’s function timeit was used to determine the relative run time of SLIDE-neural network estimation and simulation
olutions. Average per-step computational time for the flexible boom problem is 4.98 ms in solving a 10 s Exudyn simulation,

whereas the simulation step time is 5 ms . However, the single-step SLIDE-TLSLT takes 30 μs for computing per-step structural
dynamics of the hydraulically actuated flexible boom. It demonstrates the computational superiority of SLIDE networks with respect
to the hydraulically actuated flexible multibody simulations.

Fig. 13. Computational efficiency–Relative computational run time and speed-up factor of single-step SLIDE-neural networks compared to the
lexible multibody simulation of case example in running simulation batches for 𝛿y.

Fig. 13 shows the computational efficiency benefits of SLIDE-neural networks compared to flexible multibody simulation for
stimating structural dynamics of boom. CUDA takes 0.5 ms to initialize the system GPUs. As Fig. 13(a) also shows, the relative

computational run time of the neural networks starts from 0.5 ms s for creating the equivalent data to the simulation batches. The
relative computational run time of the neural networks when running simulation batches is faster than the simulations.

Note that the simulations solutions are faster in the Exudyn framework. The SLIDE approach will provide more computational
fficiency as compared to FE [15] simulations. Further, Fig. 13 demonstrates the computational speed-up factor, 𝑆, of neural network
13 
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training and run time, 𝑡NN, with respect to the simulation solutions run time, 𝑡sim. It is measured as [61]

𝑆 =
𝑡sim
𝑡NN

𝑛out
𝑛in

, (25)

where 𝑛in and 𝑛out are the input number of simulations and output number of steps. Note, in Fig. 13, the neural network training
time of 20356 s for 10240 simulations has been considered for estimating the structural dynamics of flexible boom problem. The
computational efficiency be further enhanced with the multi-step networks.

6. Conclusion

A physics-inspired real-time structural dynamics estimation framework using novel SLIDE-neural network model has been
proposed. The framework learns the behavior of structural deflections at arbitrary location on the full-scale 3D FE model of a
system within the SLIDE window size. For hydraulically actuated systems, a computationally efficient data acquisition approach has
been proposed to generate data from random initial configurations, along with a method to determine td. The structural dynamics
of hydraulically actuated systems such as 𝝈, 𝜀 and 𝜹 are estimated with less training data and standard PyTorch parameters from
the Adam optimizer. The new framework is validated across varying geometries, 1-DOF and 2-DOF hydraulically actuated systems
and sensor configurations. Effectiveness can be confirmed as follows.

• The data acquisition algorithm generated training data for the studied systems using randomized initial configurations, while
also determining td without the EOMs. The td computing method introduced here can also be applied to the experimental data.

• The new framework is evaluated across different geometries and system configurations. The accuracy of SLIDE networks with
various hidden layers, payloads and sensor combinations demonstrate their robustness. The trained networks accelerate the
structural dynamics estimations by a factor of 103 compared to reference simulations for the hydraulically actuated 3D flexible
multibody system batches.

• Effective supervised learning of SLIDE networks can be achieved with less data and standard parameters from PyTorch for the
Adam optimizer compared to the standard RNN, LSTM and CNN architectures.

Unlike PINNs [48,49] and HNNs [58], which explicitly enforce physical constraints (e.g., energy conservation, symmetry, or
compatibility conditions) during training, the SLIDE network utilizes physically known damping properties. The SLIDE networks
learn the underlying physics of a system using td, which can be computed using EOMs [61] and statistics-based method. SLIDE
network settings work well for the simulation setup without such enforcements. However, the enforcements of such constraints

ight be required for the implementation of SLIDE networks in other applications. The findings highlight the potential industrial
applications of SLIDE network in areas such as robotic manipulations, control, structural health monitoring, and automation.

6.1. Implications and future work

The effectiveness of proposed method is demonstrated through a simulation setup derived from a practical forestry crane [78].
To demonstrate the robustness, the structural dynamics of a 2-DOF forestry crane are estimated to validate the SLIDE performance
cross different structural geometries and system configurations. Training data is obtained from an Exudyn-based model that reflects
he crane’s dynamic behavior. Hydraulic parameters and geometric configuration align with an industrial machine [78]. However,

the SLIDE method has yet not been applied to estimation tasks in an experimental setup due to the lack of measurement data.
Setting up the experimental setup and data acquisition according to the SLIDE method can be time-consuming. As an alternative,

a proportion of training data can also be obtained from the simulation data. However, developing and calibrating accurate models of
hydraulically actuated systems require additional time. This includes modeling and verification of hydraulic cylinder friction, valve
eakage, joint friction, and contact forces. It also involves selecting appropriate boundary conditions and modes for the flexible

structures. Nevertheless, in an experimental setup, the statistics-based method can be implemented to determine td.
Application of SLIDE network in an experimental setup can be considered within the scope of a future study. The requirement

f simulation and experimental data should be demonstrated in details. The modeling details of the hydraulically actuated system
hould be taken into account to calibrate the model according to experimental data. These can contribute to the uncertainty of
obotic manipulation and control [10]. Furthermore, for large deformation estimation, the dynamics of lightweight structures could

be controlled using the SLIDE approach in future work. This may require modeling the flexible structure using the Absolute Nodal
Coordinate Formulation. As documented in the literature, these problem have been studied in control systems using approximated
dynamic models [9,30], FE [15], and direct measurement methods [21]. Because of nonlinearity, the detailed FE models may not be
applicable to industrial systems. However, the proposed approach offers an efficient tool to study flexible structures with complex
eometries.

The SLIDE-driven approach would require less data and works with standard PyTorch parameters in real-time estimation tasks
for industrial systems, allowing sensors with less frequency. It is able to capture the dynamics of the hydraulic system effectively.

ue to the known damping properties of the system, the relevant sensor information is contained within the input window,
aking recurrency unnecessary for dynamic prediction. While the RNN also performs well in capturing the dynamics, the FNN’s

computational efficiency provides a significant advantage, making it a practical choice. The SLIDE-based ML approach could have
potential applications across various fields including engineering, medicine, and business. It could be employed in scenarios where
ata exhibits damping, because this would require fewer target values. The data generation tool developed here offers a versatile
olution for hydraulically actuated systems, effectively facilitating research in ML, control, and structural health monitoring across

various FE structures.
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Appendix A. Training losses with different units

Fig. 14 demonstrates the superior training performance of single-step SLIDE-neural network models, evaluated with different
number of units in the hidden layers.

Fig. 14. Training performance— Comparing the mean squared error (MSE) loss of single-step SLIDE-neural network models, evaluated with
different number of units in the hidden layers.

5 High Performance Computing resources at the University of Innsbruck, https://www.uibk.ac.at/en/mechatronik/mekt/research/research-profile/
6 Puhti supercomputer, CSC - IT Center for Science, Finland, https://www.csc.fi/en/puhti
7 LUMI supercomputer, part of the EuroHPC Joint Undertaking and hosted by CSC - IT Center for Science, Finland, https://www.lumi-supercomputer.eu
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The neural networks require more data in the supervised learning with 2 × td, 3 × td and 200 units in the hidden layer. As shown in
Fig. 14(b)– Fig. 14(d), the supervised learning of neural networks demonstrate overfitting. However, the SLIDE-network arrangement
in Fig. 14(a) shows stable supervised learning with relatively less training data and standard PyTorch parameters.

Appendix B. Computing SLIDE window

For no and 50 kg payload cases, the computing of td∗ is shown in Fig. 15 with the control signal, described in Sec. 4.4. Rayleigh
damping 𝐃 = 3.35 × 10−3 Nsm−1 is employed in modeling the flexible boom, which effects the steady-state behavior of structural
deflection under the forced excitation.

Fig. 15. Computing SLIDE window–td∗ is computed with no payload and 50 kg payload in the flexible boom.

Appendix C. Robustness of SLIDE networks

In the evaluation phase, the hydraulically actuated flexible boom is actuated with the control signal shown in Fig. 16(b). It
ensures the movement of flexible boom up and down during the working cycle. This control signal was not provided during the
supervised learning of SLIDE-neural network. To demonstrate the robustness, the structural dynamics of a 2-DOF forestry crane are
estimated. This crane is shown in Fig. 16(a). It comprises two booms, pillar, two brackets, and two hydraulic cylinders [78]. The
locations to estimate 𝛿y, 𝜀xy and 𝜎xx on the forestry crane are also highlighted.

Fig. 16. Application of SLIDE networks for estimating the structural dynamics of a 2-DOF forestry crane. Lift and tilt control valve signals
illustrate the crane’s working cycle during the evaluation phase.
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Both booms are modeled as the flexible bodies, and 16 modes are used in creating the training data. However, other bodies
re considered as the rigid bodies. The hydraulic parameters are taken from the reference study [78], reflecting actual dynamic
haracteristics of machine. For the forestry crane, each simulation generates data for 400 steps in 2 s and the size of SLIDE window
s 231 without payload. The training data is generated from 2560 simulations with randomized initial configurations. Accordingly,
he hydraulic pressures in the cylinders are computed using the algorithm described in Fig. 3. The actuator strokes, pressures and

control signals are used in  to train SLIDE networks, whereas  = [𝛿y 𝜎xx 𝜀xy]. Fig. 16(b) and Fig. 16(c) demonstrate lift and
ilt control signals in the evaluation phase.

Fig. 17. Estimation in forestry crane—Summary of SLIDE-networks performance in single-step and multi-steps structural dynamics estimations
n the forestry crane without payload.

Appendix D. Estimations in forestry crane

The estimates of 𝛿y, 𝜀xy and 𝜎xx by the SLIDE-networks for the forestry crane without payload are shown in Fig. 17. Standard
PyTorch parameters, described in Table 2, have been used in the supervised learning of networks. These estimations are obtained
y implementing the single-step, 10-steps and 15-steps SLIDE networks. For multi-steps, 10-steps and 15-steps have been estimated
orward in td with SLIDE-TLSLT, whereas single-step estimations are made by SLIDE-TLT. All these estimates utilize control signals,
ctuator positions and pressures in  to estimate 𝛿y, 𝜀xy and 𝜎xx.

For 𝛿y, the SLIDE estimations closely follow the reference solutions in both single-step and multi-steps evaluations. However, 𝜀xy
estimations show discrepancies, as shown in Figs. 17(d)–17(f). Specifically, Fig. 17(e) and Fig. 17(e) show noticeable differences
ompared to the reference solutions. These minor differences are attributed to overfitting during the training phase. Further accuracy
f 𝜀xy estimations might require setting of hyperparameters in Table 2. On contrary, 𝜎xx estimations are relatively stable for

single-step and multi-step evaluations. The maximum MAPE is 0.09% for 𝜎 estimations in the forestry crane application.
xx
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Data availability

GitHub source code, 3D CAD models and meshes, datasets, trained neural network model, and evaluation results. Additionally,
all result files are available on the GitHub repository.
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