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Abstract

The Digital Twin (DT) technology has emerged as one of the most prominent technologies
for different applications including the machine condition monitoring, fault diagnosis, and
predictive maintenance over the past decade. However, a major challenge in its widespread
adoption is the development of comprehensive and generalized Digital Twin solutions.
To address this, the LIVE Digital Twin framework has been introduced as a structural
framework to develop and operate Digital Twins. LIVE stands for the main four stages
of the framework: Learn, Identify, Verify, and Extend. A crucial aspect of LIVE Digital
Twins is the integration of both Low-Fidelity (LF) and High-Fidelity (HF) simulations to
manage various stages of Digital Twins’ life span. This paper uses the LIVE Digital Twin
philosophy for predictive maintenance of rotary machines and focuses on the creation
and application of an integrated dynamic Low-Fidelity simulation required as a main
feature of this system. As part of this effort, a Simple Structural Dynamics (S5SD) model
was developed based on Finite Element Analysis (FEA) and Newmark’s time integration
method. The Simple Structural Dynamics model was applied to a case study involving a
rotary machine, where fundamental frequencies, mode shapes, and transient responses
were analyzed for both healthy and faulty conditions. The results obtained using Simple
Structural Dynamics were compared with those generated by a High-Fidelity simulation,
demonstrating that Simple Structural Dynamics effectively predicts the system behavior
while remaining computationally efficient enough to perform real-time simulations using
the sensor data collected. The Simple Structural Dynamics proved to be computationally
efficient, and it is highly scalable. Furthermore, the study thoroughly examined the impact
of different defects, including cracks, unbalance, and bearing faults.

Keywords: rotary machines; LIVE Digital Twin; Low-Fidelity simulation; predictive
maintenance; modal analysis; transient analysis

1. Introduction

In recent years, Digital Twins have emerged as a key area of interest. Within the
realm of industrial maintenance and operational efficiency, DT technology has become
a game-changer, redefining predictive maintenance strategies across various sectors. By
creating virtual counterparts of physical assets and systems, the Digital Twin approach
enable real-time monitoring, accurate predictive modelling, and proactive maintenance.
These capabilities contribute to minimizing downtime and improving overall efficiency.

Machines 2026, 14, 737

https://doi.org/10.3390 /machines14070737


https://crossmark.crossref.org/dialog?doi=10.3390/machines14070737&domain=pdf&date_stamp=2026-06-30
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/machines
https://www.mdpi.com
https://orcid.org/0009-0004-1567-8823
https://orcid.org/0000-0003-4273-4371
https://doi.org/10.3390/machines14070737

Machines 2026, 14, 737

2 0f 23

Digital Twin technology fundamentally revolves around creating a virtual represen-
tation of a physical asset, system, or process. This digital model goes beyond mirroring
physical characteristics by incorporating the operational and behavioral data. Through
real-time analysis, simulations, and anomaly detection, Digital Twins enable predictive
insights and performance optimization. Over time, sectors like manufacturing, energy,
healthcare, and transportation have increasingly implemented Digital Twins to improve
system management.

Predictive maintenance (PdM) stands out as one of the primary applications of DT tech-
nology [1]. Traditionally, PAM relied on data-driven and physics-based methods. Through
the analysis of operational data, potential failures can be anticipated in advance, helping re-
duce downtime and improve the allocation of maintenance resources [2,3]. Y. You et al. [4]
investigated recent developments in predictive maintenance using DT technology and
analyzed its role in Industry 4.0. They highlighted how DT utilizes digital replicas to
improve performance and briefly discussed its historical background.

The primary emphasis of their study was on the PdAM capabilities of DT, categoriz-
ing PAM methods into three main types: (1) data-driven approaches, (2) physical mod-
els, and (3) hybrid techniques. Additionally, they noted the absence of a standardized
and comprehensive DT framework, as existing models tend to be either overly broad or
highly specialized.

Recognizing the limitations of single-method approaches in predictive maintenance
for CNC machines, W. Luo et al. [5] proposed a hybrid DT strategy to enhance both accuracy
and speed. Their approach combined data-driven techniques with model-based methods
to improve performance. Additionally, the study introduced a framework for categorizing
PdM techniques into three distinct groups.

Further, W. Luo et al. [5] conducted a case study aimed at predicting the Remaining
Useful Life (RUL) of a cutting tool. The results showed that the hybrid approach led to
improved prediction accuracy.

P. Aivaliotis et al. [6], with their proposed hybrid methodology for calculating Remain-
ing Useful Life (RUL), contributed directly to the hybrid category. This method combined
real-world machine data with output from simulations. Data from the actual system was
used when available while missing data was supplied by the digital model. To ensure the
accuracy of predictions, synchronous simulation tuning was performed. The efficiency of
this approach was tested on a six-axis welding robot, using torque signal deviations as
a failure criterion. By minimizing the difference between the real and predicted signals
through synchronous tuning, the method attempted to forecast a 6-month RUL for the
robotic welding system.

M. Liu et al. [7] explored key concepts and recent developments in the Digital Twin
(DT) field. Their paper addressed various facets of technology, including the advancements
that have contributed to the evolution of DT, its historical background, and its wide-ranging
applications. The authors also emphasized the importance of multi-physics simulation as a
core element of DT.

In the application section, M. Liu et al. [7] concentrated on three main phases: design,
manufacturing, and service. Within these phases, they highlighted several applications,
such as PdM, fault detection and diagnosis, state monitoring, performance prediction, and
the execution of virtual tests.

Building on the previous paper’s emphasis on multi-physics simulations, D.R. Gu-
nasegaram et al. [8] focus specifically on the critical role of these simulations in DT applica-
tions for Additive Manufacturing. They investigate the technical challenges involved in
integrating multi-physics approaches into this context.
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Further, Mahmoodian et al. [9] aimed to address inefficiencies in current maintenance
management systems by proposing the application of data-driven analytical methods and
digital twins in infrastructure monitoring.

Yakhni et al. [10] applied a DT approach to monitor the condition of ventilation
systems. The physical system was modelled using a hybrid DT method. First, the equations
of motion were derived for the equipment. Later, to improve model accuracy, selected
frequency components were tuned in to the DT, while a data-driven procedure was also
introduced to support a complete diagnostic protocol.

To achieve this, they first examine existing maintenance processes to identify weak-
nesses. The study then compares physics-based and data-driven approaches for analysing
infrastructure health data. Their methodology is illustrated through examples such as
using tilt sensors, strain gauges, and vibrometers for real-time monitoring of an offshore
jetty conveyor, alongside simulation models to assess maintenance strategies. Ultimately,
their findings highlight the advantages of data-driven analytics and digital twins in civil
infrastructure maintenance.

Some studies have concentrated on exploring digital twin applications for continuous
infrastructure health monitoring, driven by increased usage and aging assets while others
have prioritized establishing standard frameworks.

In their pursuit of a more generalized approach to DT, F. Tao et al. [11] developed
an innovative DT method for complex systems, establishing a comprehensive three-stage
framework for PAM. Building on Grieves’ [12] general DT framework, which is based
on three primary physical entities—the physical entity, virtual entity, and connection—F.
Tao et al. [11] extended it into a five-dimensional model. Wind turbines were chosen as
the focus for the case study, specifically examining fault detection in the gearbox using
both traditional and DT methods. Vibration data from the gearboxes were collected using
various sensors, and the methods were tested on data from 40 different wind turbines.
The results showed that the DT approach outperformed traditional methods, achieving an
average accuracy improvement of 20%.

The 5D DT model was leveraged by Z. Liu et al. [13] to create a more efficient frame-
work for data-driven Digital Twins. Their paper mainly focuses on strategies for collecting
and processing data. A three-layer network, grounded in the 5D Digital Twin framework,
was developed through the super-network model.

Designed to manage large, complex datasets, the super-network model uses a multi-
layer network structure for efficient data handling. A. Nagurney and T. Wakolbinger [14]
highlight its superiority over other conventional networks, as reflected in its name. Building
on this, Z. Liu et al. [13] combine the strengths of both Digital Twin and super-network
models to introduce a new method for data-driven DT, which was tested in a case study
on shaft bearings. The comparison of results from traditional and super-network 5D DT
models showed that the new model significantly outperformed the traditional one in
predicting bearing faults.

M. G. Juarez et al. [15] further explored the challenges of Digital Twin integration, noting
that the lack of a standardized framework remains a major obstacle. They emphasized that Al
integration is essential for enabling effective decision-making and failure prevention.

Similarly, M. Xiong et al. [16] propose a predictive maintenance framework for aero-
engines that leverages digital twin technology. By integrating historical operational data
and maintenance records, they develop an implicit digital twin (IDT) model that combines
data-driven and deep learning techniques for precise maintenance forecasting. This dig-
ital twin effectively replicates the behaviour of an actual aero-engine, enabling accurate
predictions of potential failures. Consequently, M. Xiong et al. [16] conclude that their
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model enhances predictive maintenance, ensuring safety, lowering maintenance costs, and
improving operational efficiency.

Another example of the applications of DT technology for diagnosis and prognosis
purposes is presented by W. Booyse et al. [17]. The primary objective of the paper is to
propose a strategy, based on unsupervised deep learning, to construct a Deep Digital Twin
(DDT) of a real-world asset from sensor data.

Furthermore, the literature on machine learning applications for PdM in industrial
equipment was thoroughly reviewed by Z.M. Cinar et al. [18]. Their study aims to guide
researchers and practitioners in selecting the most appropriate machine learning methods,
data size, and data type, thereby facilitating the effective implementation of ML applications
for PAM in industrial environments.

While there has been significant attention given to DT, a universal definition remains
elusive in the literature [7]. Additionally, no standardized procedure or algorithm exists
that can be universally applied across different fields. All efforts fall short of providing
the necessary clarity, general applicability, and ease of use. In addition, most current DT
techniques are designed with a focus on specific applications.

To tackle these challenges, AD2M Labs developed an innovative approach. N.G.
Malek et al. [19] introduced this method, named LIVE DT, where “LIVE” represents the
four primary stages: Learning, Identifying, Verifying, and Extending.

LIVE DT consists of two distinct modes: Forward (FWD) simulation and Backward
(BWD) simulation. FWD simulation is typically used to determine a system’s response,
often through a physics-based approach, while BWD simulation relies on a data-driven
method to identify all potential external influences. Figures 1 and 2 demonstrate these two
different types of simulation.
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Figure 1. An illustrative example of FWD simulation.
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Figure 2. Visualization of BWD simulation in a clamped beam.
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(a)

Additionally, LIVE DT employs two other types of simulations. High-Fidelity (HF)
simulations provide detailed and complex analyses whereas Low-Fidelity (LF) models offer
simplified representations of the physical entity (Figure 3).

Applied load P

(b) (©)

Figure 3. Comparison of HF and LF simulations: (a) the physical system represented by a clamped
beam loaded at one end; (b) the corresponding high-fidelity model; and (c) the simplified low-
fidelity model.

The four stages of LIVE DT are shown in Figure 4. This approach has proven suc-
cessful in applications such as piping systems [19] and railing systems [20]. A significant
advantage of LIVE DT is its emphasis on LF simulations which allow for rapid yet fairly
accurate assessments.

LIVE DT

LEARN — VERIFY
w * Learning the behavior Bé ¢ Verifying the system's 0 o
:F * Leveraging existing knowledge health E
S * Avoiding reliance on accessible e Supplying real-time data ,U
o or/and inexpensive datasets e Creating an extensive 1'_1
dataset of defective cases
IDENTIFY EXTEND
EA:
u ¢ Identifying sensor location * Predicting the maohine‘s o
DI ® Gaining comprehensive future condition s
; insights * Planning maintenance -U
T8 * Assessing inspection needs * Extending the system’s %
lifespan

Figure 4. Four main steps of Live DT approach [19].

Low-Fidelity modelling plays a significant role in the automotive industry, particularly
during the initial stages of design. At this phase, employing rapid and efficient analysis
techniques is essential, as it helps streamline the process and reduces time consumption
in later development stages [21]. To address this need, S. Tebby et al. [21] proposed the
Simple Structural Beam (SSB) method, which is based on Finite Element Analysis. This
approach simplifies intricate systems by representing them with equivalent beam structures
that are carefully calibrated to ensure accuracy, aligning with experimental data from the
original model. Typically, optimization techniques are applied to fine-tune the SSB model
for precise results.
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Sensor 1

SSB serves as a valuable tool for the initial stages of design and the development of
the LF model within the LIVE DT framework. However, its application is limited to static
and modal analysis. On the other hand, existing commercial software solutions tend to be
slow, inefficient, and prone to integration issues, lacking the flexibility necessary for LIVE
DT. Therefore, a new LF simulation tool is required to support dynamic analysis [22].

This study aims to develop a fast and efficient LF model using beam finite elements.
Given its relevance to structural dynamics, it is named Simple Structural Dynamics (SSD).
Designed for high-speed performance, SSD will be compatible with weaker processors
and computing units while enabling real-time data acquisition, analysis, diagnosis, and
corrective actions.

The primary focus of this paper is on rotary machinery. To validate the results, SSD
models will be compared with those generated by commercial Finite Element Method
(FEM) software and experimental data. The data generated by SSD will be instrumental in
analyzing system behavior and training machine learning algorithms.

2. Methods

This project introduces the SSD method, which utilizes basic beam elements to model
rotary systems for both modal and transient dynamic simulations. Built on finite element
methods and Newmark’s time integration scheme, SSD provides an efficient approach to
analyzing such systems.

Figure 5 shows the experimental setup that was built to validate LF and HF data and
investigate the accuracy and efficiency of these simulations. The setup used four sensors:
three accelerometers (Sensors 1-3) and one RPM sensor (Sensor 4). The accelerometers
record motor acceleration, while the RPM sensor verifies that the motor operates at the
target speed.

"f:SensorZ

\

~7Sensor3

Figure 5. The experimental setup.

In the SSD, elements are modelled as a beam assembly. Different components in the
original test setup can be simplified as beam and spring assemblies (Figure 6). For example,
the bearings, shafts, and flywheel are modelled as two perpendicular springs and beam
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elements. In addition, the flywheel is represented by the flywheel’s weight alongside the
unbalanced forces in the y and z directions.
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Figure 6. The SSD counterpart of the experimental setup.

Furthermore, various faulty parts can be incorporated into the SSD model. Cracks
in shafts, different bearing faults (including inner and outer line defects and spalls), and
unbalance in the flywheel are some of the most occurring imperfections that can affect the
machine’s performance and ultimately lead to system failure.

In the SSD, cracks appearing in a shaft can be represented by small beams with reduced
stiffness (Figure 6). A similar concept was applied to the faulty bearings by reducing the
bearing stiffness in one or two directions [22].

2.1. Dynamic Version of Finite Element Method

FEM is applicable to both static and dynamic analyses. In the static analysis, only
stiffness matrices are required. However, in the dynamic FEM, constructing mass matrices
is equally essential. Additionally, after determining the mass and stiffness matrices, the
dynamic equation of motion must be solved to obtain the corresponding displacements.

2.1.1. Stiffness Matrices

The LF model is composed of n nodes and p beam elements, where each node experi-
ences six Degrees of Freedom (DOF). Each beam element has a corresponding stiffness and
mass matrix, k¢ and m® respectively. The local stiffness matrix, k¢, for an element is given
by the following matrix [23]:
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where A, is the cross-sectional area, I, and I are the moments of inertia about the y and
z axis, J, is the polar moment of inertia, E, is Young’s Modulus, G, is the Shear Modulus,
and [, is the length of the beam element.

2.1.2. Mass Matrices

This section outlines the step-by-step procedure for conducting dynamic analysis
using FEM. The initial step involves choosing the appropriate type of element, with beam
elements being used in SSD simulations. The second step is selecting the displacement
function, typically expressed in terms of shape functions (N). The strain (¢)-nodal displace-
ment () and stress (0)-displacement relationships must be defined. The ¢ — g relationship
can be expressed as [23]:

{e} = [Bl{g} )

where [B] is the element strain—displacement matrix.
In this case, as the element is assumed to be of the beam type, Hooke’s law [24] applies.
The third step in the process involves expressing stress in the following matrix form

{c} = [D{e} = [D][B{q} (3)

where [D] in this case is equal to E based on the Hooke’s law.

The process of deriving the element stiffness and mass matrices constitutes the fourth
step. When it comes to expressing the mass matrices, two methods are available. The first
and simplest method assumes that the masses are equally distributed and lumped at the
two ends of the bar. As a result, the mass matrix obtained through this approach is referred
to as the lumped-mass matrix.

The lumped-mass method has certain advantages, such as the simplicity of the lumped-
mass matrix, which makes it more convenient for manual calculations. Despite this, its
accuracy is relatively low. To overcome this drawback, consistent-mass matrices were
introduced as a more precise alternative, eventually replacing lumped-mass matrices.

Consistent-mass matrices are generally derived using the virtual work principle [24].
Nevertheless, it is more convenient to use D" Alembert’s principle [24]. To use, D" Alembert’s
approach effective body forces are defined using Newton’s second law according to the assump-
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tion that acceleration creates forces on the opposite direction of acceleration. The effective
body forces, therefore, can be written as

{x} = —o{i} 4

where {X‘} is the vector of body forces and {ii} is the acceleration vector. The negative
sign in the equation above is since the produced forces are in the opposite direction of
the acceleration.

Nodal body forces of the element can be derived as follows using the energy

method [24]:
U} = [J[, IN"{xpav (5)

Substituting the acceleration from equation and using {ii} = [N] {d }:

oy ==, INITitav = — {[[ [N [NJgdVv = —[me]{ij} (6)

[m°] in the equation above is the consistent mass matrix as:

—{f], pINI"[NJav )

As an example, using this method and transforming the resulting matrix the following
consistent-mass matrix for a 6-DOF frame element can be obtained [23]:

0 0 0 0 ot o0 0 0 0 0 ]

13 111, 9 131,

o 2 0 0 0 5% 0 0 0 0 Ly

0 0 R0 E 0 o0 0 & o B0

0o 0o o0 HE o o 0 o o0 HE o o
11/, 1,2 131, —1,>

0 0 T 210 0 105 02 0 0 420 0 140 02

111, L 13l le

[me} _ peAele 0 210 0 0 0 105 0 420 0 0 0 140 (8)

o0 0 0 0 o I o0 0 0 0 0

9 131, 13 111,

0 0 % 101 -5 0 0 0 2 101 L

0 0 0 %= 0 0 0 0 0 %= 0 0
131, —1,2 111, I>

0 0 420 0 140 (1)2 0 0 210 0 105 102

1313 ‘e 1lle e

0o -3¢ 0 0 0 Ty 0 -5 0 0 0 g5

where p is density of the beam element.
Global stiffness, [K], and global mass, [M], matrices can be constructed using the
following equations:

p
K] = ) [Kki] 9)
z e
[M] =} [m] (10)
where the global stiffness and mass matrix, [K] and [M], are the summation of the local

matrices [k¢] and [m}] and, p is the total number of elements in the LF model.
And the general form of the motion equation is

{f(t)} = [Kl{q} + [M]{q} (11)
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2.1.3. Rigid Body Motion

When using the Finite Element Method to model a dynamic problem, one potential
challenge is the rigid body motion. This occurs because rigid body motion causes the
system’s stiffness matrix to become singular, making it impossible to solve the equations of
motion using standard methods. A common example is a rotating shaft that maintains a
constant speed without experiencing substantial resistance in its rotational direction.

To address this issue, it is necessary to impose appropriate boundary conditions,
also known as constraints. The number of required boundary conditions corresponds to
the number of rigid body modes present in the system. These constraints, referred to as
nonhomogeneous boundary conditions, involve prescribed displacements.

The solution process for handling rigid body motion involves the following steps:

Step (1)—Applying a prescribed displacement: For instance, in the case of a shaft
rotating at a constant speed, an incremental rotational displacement can be introduced as a
nonhomogeneous boundary condition.

Step (2)—Matrix partitioning: In this step, Equation (11) must be partitioned accord-
ingly to facilitate the solution

[myy] o) a;Qzl (k1] [ku]] 61 _ 1_‘21
[[m2l] [mzz]] 3;522 i ko] [k 52 ?2 (12
where .
oy =44 (13)
Fs
=[] )
_ | [myg] [myy)]
[M]_[[m21] [mzz]] (1

and 61 is the vector of unconstrained displacements while 52 is the vector of constrained
displacements.

Step (3)—Once the vector partitioning is complete, the next step is to derive the active
stiffness matrix, mass matrix, and force vectors. This process is governed by Equation (12):

- —

[my1]Q1 + [k1ﬂ51 = 1_‘31 - [klz]az — [m12]Q, (16)

In our applications, we primarily analyze the system’s behavior in a steady-state
—

condition, where the rotational speed remains constant. Under this assumption, the Q,
term on the right-hand side of the equation can be neglected. As a result, the active matrices
and force vectors are defined as:

[kact] = [k14] (17)
[Mact] = [m ;] (18)
l_gact = 1_;1 - [k12]62 (19)

‘}
Here, [kact], [Mact], and F 4 represent the active stiffness matrix, mass matrix, and
force vector, respectively.
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2.2. Frequency-Dependent Dynamic Analysis

Once the local stiffness and mass matrices are obtained for different element types, they
must be assembled to construct the global stiffness and mass matrices. Before conducting a
time-dependent analysis, it is essential to first perform a modal analysis (i.e., a frequency-
dependent dynamic analysis). This step is crucial because both free and forced vibration
responses can be expressed as a superposition of modes [25]. Modal analysis is widely
applied in various applications, including early-stage design in the early design phases [26],
FEA calibration [27], and sensor optimization [28].

For an undamped system subject to external loading, the governing equation of motion
is presented in Equation (11). However, under the assumption of undamped free vibration,
this equation becomes:

[Kl{q} + [M]{4} =0 (20)

The structure can be analyzed under the conditions of a modal analysis and extract
various vibrational characteristics. To achieve this, Equation (21) can be rearranged as:

[IK] = w?[M]| =0 (1)

where the beam-model’s natural frequencies of vibration, w, can be calculated using
global stiffness. Applying the following equation to the structure will extract the pairing
mode shapes:

K] = wh M| =0 22)

This is a classical eigen-value problem with many previous methods used to solve the
eigen-values and eigen-vectors. Where w are the natural frequencies (eigen-values) and ¢
are the mode shapes (eigen-vectors). In Equation (22) the mth natural frequency, w,, has a
corresponding mode shape, ¢j;.

The calculated eigenvalues correspond to the system’s natural frequencies, while
the associated eigenvectors represent the mode shapes. Among the computed natural
frequencies, the fundamental natural frequency holds the greatest significance [29].

2.3. Time-Dependent Dynamic Analysis

Numerical integration in the time domain is essential for performing time-dependent
dynamic simulations. The most widely used approach for this purpose is the use of
direct integration methods, of which several variations exist in the literature. One example
is the central difference method, which follows an explicit integration approach [30]. The
central difference method is quite simple to apply and is one of the earliest methods used
for direct integration [24]. Nonetheless, implicit integration techniques are more common
today. Implicit integration methods have become more prevalent due to their stability
and accuracy. Different implicit techniques are available, including Newmark’s method [31],
Wilson’s method [32], and Houbolt’s method [33]. Among these, Newmark’s method is one of
the most widely used approaches. Therefore, Newmark’s method is utilized in this paper
for time integration.

Newmark’s Method

Newmark’s equation for displacement and velocity can be derived as [31]:

diy = d;+ [(1 —)d; + “ﬂim] At (23)

disy = d; + didt + K; - ﬁ) d; + :Bai-&-l] (24)
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In the equations above, d; represents the displacement vector at the ith step. v and
B are parameters that need to be defined by the user. Typically, 7 is 1 and B should have
a value between 0 and 1 [24]. Notably, the central difference method is a special case of
Newmark’s method, where g = 0.

3. Results and Discussion

The LF results were derived and confirmed through both modal and transient analyses.
This study focused on a rotary machine composed of two bearings, a shaft connected to
a motor on one end, and a flywheel on the opposite end. The system was modelled as a
shaft anchored at the motor end, while an unbalanced mass was applied to the flywheel,
generating unbalanced forces. This setup is illustrated in Figure 7.

‘ Input Rotation ‘

Bearing 1

Bearing 2

Input Motor

10,000 N and
Unbalanced Force

Figure 7. The configuration of rotary system in the commercial FEM program.

An HF model of the setup, without any defects (i.e., healthy system), was subjected to
a 10,000 N linearly increasing force, and an unbalanced force was applied to the shaft tip.
First, modal analysis was performed to acquire the natural frequencies, mode shapes, and
the frequency-dependent behavior of the system.

The SSD version of the system is shown in Figure 8. The shafts are modelled as simple
beam elements, and the bearings are replaced by two spring elements with equivalent stiffness.

Simulations were conducted using both HF and LF methods. A commercial FEA
software package was used for HF analysis. The first ten natural frequencies of the system
are presented in Table 1. The second column shows the natural frequencies corresponding
to the SSD simulation, whereas the third column contains the values obtained using
commercial software. Calculated frequencies are relatively close except for the last two
modes. However, this discrepancy can be reduced by increasing the number of elements
in the LF model. Figure 9 illustrates how the node interpolation technique was utilized to
improve the results.

The primary source of discrepancy is the difference in model fidelity between the
SSD and the commercial finite element model. SSD represents the rotary system using
simplified one-dimensional beam and spring elements, whereas the high-fidelity model
uses detailed three-dimensional solid elements and a more complete representation of the
geometry, mass distribution, stiffness distribution, and component interactions. These
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Figure 8. The equivalent SSD model of the rotary machine.
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Figure 9. Node interpolation.

Table 2 shows that the difference between LF and HF simulations can be reduced to
6.1% by increasing the number of divisions. This can be further reduced by calibrating the
SSD model. Also, it can be observed that the results converge when at least seven nodes
are inserted between the original nodes.
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Table 1. Natural frequencies of the healthy system.

Mode Number SSD (Hz) FEA Software (Hz) Difference (%)
1 87 87 0.0
2 87 87 0.0
3 528 512 3.0
4 528 512 3.0
5 1479 1405 5.0
6 1479 1405 5.0
7 1527 1505 1.5
8 2463 2427 15
9 3544 2679 24.4
10 3544 2679 24.4

Table 2. The 10th natural frequency of the system for different numbers of divisions.

Number of Divisions SSD (Hz) Difference (%)
1 3544 24.4
2 2870 6.7
3 2859 6.3
4 2854 6.1
5 2852 6.1
6 2852 6.1
7 2852 6.1
8 2851 6.1
9 2851 6.1
10 2851 6.1

SSD can also offer insights into various mode shapes, some of which are shown in Figure 10.
This means that SSD not only delivers results comparable to those of commercial FEM programs
but also enhances our understanding of the system’s behavior through visualization.

With further adjustment, the SSD model can be utilized for defective systems. These
modifications are illustrated in Figure 11. Any faults in the shaft are introduced into the
model using small beam element with reduced stiffness. Furthermore, the bearing elements
with lowered stiffness were implemented to emulate defective bearings.

After implementing the necessary adjustments, the natural frequencies of the faulty
system can be determined. These results are presented in Table 3. As anticipated, the
natural frequencies of the healthy system are consistently higher due to the reduction in
component stiffness. Variations in the system’s natural frequencies can serve as indicators
for detecting faults in the rotary system. Furthermore, the magnitude of these changes may
provide insight into the severity of the defects.

Table 3. A comparison between natural frequencies of healthy and defective systems.

Mode Number SSD (Hz)-Unhealthy SSD (Hz)-Healthy
1 79 87
2 80 87
3 493 520
4 493 520
5 1432 1455
6 1432 1455
7 1505 1505
8 2295 2427
9 2680 2851
10 2680 2851
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Figure 11. SSD model of the defective rotary machine.

Adjustments to the input parameters can be made to analyze their effects on the system.
One significant factor influencing natural frequencies is the shaft diameter. Figure 12
demonstrates how variations in shaft diameter affect the fundamental frequency of the
system. The data corresponds to a defective system with a health value of 0.50, meaning
that the faulty element retains only 50% of its original stiffness. The results indicate that an
increase in shaft diameter leads to an increase in natural frequency. This occurs because, at
larger shaft diameters, the system becomes stiffer. Since frequency is proportional to the
stiffness of the system, this naturally leads to higher frequencies.
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Figure 12. The effect of shaft diameter on fundamental frequency.

As shown so far, modal analysis can provide some insight into the state of the rotary
machines. Nevertheless, it does not provide us with the whole picture. The transient analysis
can be implemented as an alternative to the modal analysis. While transient analysis is more
computationally expensive compared to modal analysis, it is more comprehensive. The SSD
is an integrated package that can perform both modal and time-dependent simulations.

The transient analysis of the system was conducted to produce time-dependent results.
The results were compared for both SSD and the commercial software package. The
comparison between the transient output of both approaches is shown in Figure 13. This
figure illustrates the Y-displacement of the tip of the shaft over time. It can be observed that
the produced outputs are very close. However, a statistical analysis is required to confirm
this observation.

v | |—ssD
——FEA Program
\ \ | \ \ \ | ] \

0.05

0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
Time (sec)

Figure 13. A comparison of displacement results produced by the SSD and FEA software.

Mean, variance, and kurtosis are the prevalent parameters used to compare the time-
dependent data. In both methods, the mean and variance values differ by only about 1%,
indicating that the datasets exhibit similar overall behavior. However, kurtosis analysis
provides deeper insights into the key differences between the two output sets.
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To better understand these variations, the kurtosis values for both methods were ob-
tained. Like variance, kurtosis places greater emphasis on larger deviations while assigning
less importance to smaller ones. For a normally distributed dataset, the expected kurtosis
is 3 [34], but in this study, values around 1.5 were observed. Additionally, the displacement
results obtained from the commercial software package were only 5.07% higher than those
from SSD, further reinforcing the strong agreement between the two datasets.

SSD also produces visual outputs that offer further insights. For instance, Figure 14.
illustrates the shaft’s displacement under the influence of an unbalanced force and a
constant motor rotational speed. These displacements were obtained after 0.5 s.

Dynamic Displacement after 0.5 Seconds

I o 05
®

Figure 14. The graphical representation of the shaft after 0.5 s.

Like modal analysis, the transient analysis can also be used to model defective systems.
For example, Figure 15 illustrates the impact of stiffness loss caused by defects in various
system components. The results indicate that reducing the stiffness of defective parts to
around 25% has minimal effect on transient outputs. However, a further decrease in stiffness
leads to significant changes in the displacement response. Systems with more severe defects
(i.e., greater stiffness reduction) are expected to exhibit higher amplitude responses.

(v “x//'\\/

——Healthy System

—— Defective System (25% stiffness)
Defective System (10% stiffness)

—— Defective System (5% stiffness)

0,

1
g
=)
o

Displacement (m)
S

-0.15

_0.2 L | | | 1 | | |
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5
Time (sec)

Figure 15. Depicting the impact of faulty components on the displacement.

Multiple analyses were conducted to examine how certain key parameters influence
the results of the transient simulations. One of these parameters is the shaft speed. As
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illustrated in Figure 16, the system’s dynamic response varies with changes in speed. An
increase in shaft speed results in a greater number of peaks and oscillations. A similar trend
is evident in Figure 17, where the crest of the data rises as the speed of the shaft increases.
This outcome was anticipated, as the crest serves as an indicator of signal peakiness.

The displacement of the tip of the shaft at 1000 RPM

Displacement (m)
) 5 .
o
S

201 I I I I I I I I ]
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

Time (sec)
The displacement of the tip of the shaft at 2000 RPM
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o o
- (N
T
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o
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_04 1 | 1 | 1 | 1 | |
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Figure 16. The displacement of the tip of the shaft at different speeds.
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Figure 17. The effect of rotational speed of the shaft on the crest of the collected transient data.

Another factor that can be examined is the shaft diameter. As shown in Figure 18,
altering the shaft diameter affects the displacement amplitude. The results indicate that
as the shaft diameter increases, the output amplitude also rises, a pattern that is further
supported by statistical analysis. Figure 19 demonstrates that a larger shaft diameter
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leads to a reduction in data variance, which is consistent with the observed increase in

response amplitude.

The displacement of the tip of the shaft (D=5/8")

0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
Time (sec)

The displacement of the tip of the shaft (D=1")

0.45 0.5

1

0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
Time (sec)

0.45 0.5

Figure 18. The displacement of the tip of the shaft with different diameters.
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Figure 19. The effect of shaft diameter on the variance of collected transient data.

Finally, the last parameter considered was the magnitude of unbalance, i.e., the mass and

radial distance. In this case, the mass was changed, and the radial distance was kept at 10 mm.
The results obtained are presented in Figure 20. Variance rises as unbalance increases.
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Figure 20. The effect of unbalance mass on the variance of collected transient data.

So far, it has been established that the SSD delivers modal and transient results that
are on par with those generated by existing commercial software packages. While the SSD
simulations may not achieve the same level of detail as FEA programs, accuracy is not their
primary strength. Instead, the key advantage of SSD lies in its ability to quickly generate
extensive datasets of defective cases with sufficient accuracy. This capability is particularly
valuable for the implementation of LIVE DT.

The LF software operates at a much higher speed compared to traditional FEA tools.
For instance, simulating the rotary machine examined in this study required around
3 min using standard commercial programs, whereas SSD processed each scenario in
under a second. Although this time difference might seem negligible initially, it becomes
indispensable when constructing extensive datasets for training machine learning models.

During the verification stage of the LIVE DT methodology, a critical task involves
generating a vast collection of different samples. These samples could represent rotary
systems with components experiencing varying levels of damage (i.e., reductions in stiff-
ness). By considering just five defect types, as shown in Figure 11, and assuming stiffness
losses of 0%, 25%, 50%, and 75%, a substantial number of fault scenarios can be created
(47 = 16,384). This comprehensive dataset can then be utilized to train an algorithm capable
of evaluating a system’s condition based on its dynamic response or forecasting its future
state and performance. Creating such a large dataset using conventional FEA tools is
computationally intensive; generating 16,384 scenarios would take approximately 34 days
(more than one month), whereas SSD can accomplish the same task in under five hours.

The speed of LF simulations also supports real-time and instantaneous analysis of
a machine’s condition. This allows for continuous online monitoring, enabling timely
corrective actions when required.

Furthermore, the LF method is highly versatile and customizable, enabling adjust-
ments to key parameters to better replicate the behavior of high-fidelity models or real-
world systems. Machine learning techniques can also be applied to refine the SSD program,
enhancing its ability to deliver more precise and reliable outcomes. In contrast, commercial
software packages often function as black boxes, offering limited customization options.

4. Conclusions

This paper presented the development of Simple Structural Dynamics (SSD), a com-
putationally efficient Low-Fidelity (LF) simulation designed for integration into the LIVE
Digital Twin methodology for rotary machinery. The principal contribution of Simple
Structural Dynamics is its ability to combine modal and transient analyses. In contrast to
earlier low-fidelity approaches, such as Simple Structural Beams, which were primarily
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limited to static and modal analysis, Simple Structural Dynamics incorporates consistent
mass and stiffness formulations together with Newmark’s time-integration method to
generate both frequency-domain and time-domain responses.

The proposed framework was evaluated using a rotor-bearing—flywheel case study un-
der healthy and unhealthy operating conditions. The results showed that Simple Structural
Dynamics can reproduce the principal dynamic characteristics of the system, including
natural frequencies, mode shapes, and transient displacement responses, with reasonable
agreement relative (less than 6% difference in first 10 natural frequencies and less than 1%
difference in mean and variance of the displacement data) to a commercial high-fidelity
finite element model. Mesh refinement substantially reduced the differences in the higher
natural frequencies, while the remaining discrepancy was attributed mainly to the inherent
model-form differences between the simplified beam-and-spring representation and the
detailed three-dimensional High-Fidelity (HF) model.

The study also demonstrated the ability of Simple Structural Dynamics to represent
common rotary-machine faults. Shaft cracks and bearing defects were introduced through
localized stiffness reductions, while flywheel unbalance was represented by eccentric
dynamic loading. The results showed that stiffness degradation generally reduced the
natural frequencies and altered the transient response, whereas increasing unbalance, shaft
speed, and selected geometric parameters produced measurable changes in displacement
and statistical indicators. These findings confirm that Simple Structural Dynamics outputs
can provide useful information for condition monitoring and fault diagnosis.

A key advantage of Simple Structural Dynamics is its computational efficiency. While
a comparable commercial finite element simulation required several minutes, Simple
Structural Dynamics completed each case in less than one second. This speed makes it
practical to generate the large datasets required for machine-learning-based fault diagnosis
and for real-time applications within the Verify stage of LIVE Digital Twin. The open and
customizable structure of Simple Structural Dynamics also allows model parameters to be
calibrated against High-Fidelity or experimental data, improving its representation of the
physical system.

This study represents the first stage of a broader research program aimed at developing
Digital Twins for rotary machinery. The present rotor-bearing—flywheel assembly serves
as an initial case study for establishing and validating the Simple Structural Dynamics
methodology. Future research will extend the framework to more complex rotary systems,
additional machine components such as couplings and gear assemblies, a broader range of
fault modes, experimental calibration, and machine-learning-based diagnosis and progno-
sis. These developments will further support the integration of Simple Structural Dynamics
into a complete LIVE Digital Twin capable of real-time health monitoring, Remaining
Useful Life (RUL) estimation, and predictive maintenance decision-making.
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