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Digital Twins promise a new capability for machine monitoring through a virtual real-time replica of a real physical
system that can be used to improve operational efficiencies, identify faults and quantify the effects of different
operating scenarios. However, few examples exist of true Digital Twins that have been deployed in real world,
full-scale industrial operations, where these cyber-physical systems adopt standardized and recognized software
platforms and sensing technologies. This paper describes the practicalities developed to manage an industry-scale
digital twin for machine condition monitoring through the integration of intelligent algorithms for automated fault
diagnostics and future fault state prognostics. Built in collaboration between Ailsa Reliability Solution Ltd and
The University of Strathclyde, The Fan Skid Digital Twin system integrates an industry scale electro-mechanical
fan assembly with statistical fault models through the use of commercially available cloud-based infrastructure. A
standardized sensing and telemetry philosophy have been adopted alongside the implementation of generic control
and actuation systems to provide a robust approach to bi-directional interactions. Automated fault diagnosis is
performed using an Expert Bayesian Network approach elicited from domain knowledge. Subsequently, a statistical
approach to modeling the fault and degradation pathway is adopted, which is constrained by well understood
mechanical engineering principles. Furthermore, a rudimentary approach to prognosis uncertainty quantification
is introduced, based upon extrapolation of industry standard sensor equipment error margins, to provide best- and
worst-case future fault scenario characteristics. Finally, the architecture demonstrates close-to real-time feedback
control capability to prevent the onset of worsening faults.
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1. Introduction and Motivation ments. This requires considering the use of, most
likely, imperfect operational data and the limited
availability of machine or process data.

To support this data-driven condition monitor-
ing evolution, the Digital Twin (DT) concept has
been proposed and developed over approximately
the past ten years Jung et al. (2023) . DTs can be
used to improve operational efficiencies and iden-
tify faults through quantifying the effects of differ-

Time-based maintenance strategies continue to be
the most common means of conducting condi-
tion monitoring in many engineering disciplines.
However, to maximize plant up-time, there is
a desire to change maintenance strategies to be
more condition- or data-driven, if appropriate and
trustworthy approaches can be demonstrated to
be robust and reliable in real operational environ-
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ent operating scenarios in (close to) real-time and
ahead of maintenance interventions. However, few
examples exist of ‘true’ real-time DTs operating
in industrial scenarios that adopt standardized and
recognized software platforms and sensing tech-
nologies.

This paper describes the development and op-
eration of an industry-scale DT meeting the re-
quirement stated above and making the following
contributions:

e The presentation of a DT design that
adopts standardized, industry-recognized
sensing and telemetry infrastructure, and
data architecture, providing a blueprint
for widespread DT adoption

e An approach to on-line real-time ma-
chine condition monitoring through the
integration of intelligent algorithms for
automated fault diagnostics and future
fault state prognostics

e A method that embeds both a well under-
stood mechanical engineering principles
derived digital model for fault degrada-
tion pathway analysis and prediction, and
a well-documented statistical approach
to prognosis uncertainty quantification

e Results from experiments using DT sys-
tem for fault transient scenarios with as-
sociated validation

The paper is structured as follows: section two
provides background and a literature review of
associated technologies and state-of-the-art; sec-
tion three describes the DT cyber-physical archi-
tecture; section four covers technologies demon-
stration and validation; and, finally, section five
concludes and proposes future work.

2. Machine Condition Monitoring with
Digital Twins

For the purposes of this work, the authors adopt
the definition of a DT from the UK’s National
Digital Twin Programme NDTP (2025), i.e. the
DT system exhibits specific characteristics:

e both a physical and digital representa-
tions of the machine, system or process

e two-way relational interaction between
the physical and digital systems

e connects with relevant time data to en-
sure the two systems temporally match

Using DTs for condition monitoring and fault
diagnosis has been extensively documented Liu
et al. (2022) Bofill et al. (2023). However, in
both these review papers it is noted that no sin-
gle definition of DT exists, varying different ap-
proaches to creating DT's exist and there still exists
a number of challenges to realizing true indus-
try benefit for the creation and deployment of
DTs. These include a limitation associated with
installing sensors in specific areas or components
of the machine being monitored, alongside the
scarcity of fault data in many cases in order to
create representative digital models.

Many DT studies in areas related to this paper
built on the work of Wang Wang et al. (2019),
where a multi-physics model of a rotating ma-
chine in a manufacturing process demonstrates the
ability to accurately diagnosis machine unbalance
faults. However, the approach assumes a fully
observable machine and access to sophisticated
modeling software.

More recently, in terms of integrating Artificial
Intelligence (AI), Machine Learning (ML) and
physics-based models (represented as a DT) to
estimate unbalance in rotating systems Tselios and
Nikolakopoulos (2025) proposed a sophisticated
approach using artificial neural networks (ANNs)
to identify the mass and location of an unbalance
fault then update/calibrate the digital model pa-
rameters using genetic algorithms (GAs). How-
ever, this approach depends on significant fault
data being available, in a structured manner, to
train the ANN. Also Shang et al. (2026) proposes
a physics-informed DT approach that accounts for
the scarcity of fault samples (for training labels),
which is a common scenario when developing
machine learning models for fault diagnosis in
process-critical applications. In this study the DT
is used to resample and augment synthetically cre-
ated data to make fault features more physically
meaningful.

All the above approaches are only applicable
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to the single fault type digitally modeled and/or
where an ANN has been trained to identify the
same fault type. In the following section, the
design and implementation of a more general
(both technologically and application oriented)
approach to using DTs for rotating machine fault
diagnosis and prognostics is proposed.

3. Digital Twin Design and
Implementation

The DT presented in this work was designed fol-
lowing the principles laid out in Section 2 and
implemented in a manner that can be represented
by six discrete stages:

Stage 1 — Sensing for data acquisition. The
physical skid is a 22kW motor driving an over-
hung fan. The full drive-train has many different
sensors attached to monitor its condition using
various sensing technologies (e.g. voltage, cur-
rent, temperature) - see Figure 1. However, for the
purpose of the DT system demonstration, the main
sensing technology required was a fixed-wired
vibration system. The system is multi-channel and
used stud-mounted sensors on the motor drive-
end (single axis on the vertical and single axis on
the horizontal), a sensor on the fan drive-end (tri-
axis sensor) and a tachometer on the fan shaft to
provide angular velocity data. The raw vibration
data was captured every 10 seconds and processed
locally in the device to provide scalar floating-
point values for the data acquisition system, which

Fan skid schematic with sensor placement

is accessed via an API for transfer to the DT’s
cloud architecture.

Stage 2 - Data transfer and cloud Infrastructure.
Sensor data is first stored on the local vibration
acquisition device. It is then sent to a cloud ser-
vice, where it is cleaned and stored in time-series-
optimized databases. All diagnostic and prognos-
tic models, which are all deployed on the cloud
service, access the cloud-hosted data for the pur-
poses of their own computation, with model out-
put related data again stored in the same cloud
architecture. Multiple services on the cloud server
work together to provide the full functionality
of the DT, ensuring it operates in real-time and
automatically. This can be seen diagrammatically
in Figure 2.

Stage 3 - Continuous fault diagnosis. When the
digital twin is in operation, an Expert Bayesian
Network (section 3.1) continuously evaluates the
current vibration level and machine fault condi-
tion to provide real-time fault diagnosis.

Stage 4 - Conditional prognostic model(s). In
the event the diagnostic model identifies the exis-
tence of a machine fault, this ‘triggers’ the com-
pute of the related prognostic model (section 3.2),
which is used to regulate the speed of the machine.

Stage 5 — Machine Feedback Control. If the
prognostic model predicts excessive machine im-
pact, then machine speed is regulated and con-
strained to maintain operation within acceptable
operational parameters and avoid excessive degra-
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Fig. 2. Cyber-physical architecture for DT system depicting data flows and subsystem integration.

dation. This feedback process in conducted in
real-time through a compute engine API call to
a third-party Cloud Server which sends a signal
to a local micro-controller. The micro-controller
outputs a 0-10V DC signal to control the motor’s
Variable Speed Drive (VSD) via the drive’s ana-
logue input terminals.

Stage 6 - Visualization and Human-Machine-
Interface (HMI). The HMI for the DT includes
visualizations to monitor and review the DTs out-
puts in real-time. These visualizations use data
from the timeseries databases and plot the most
recent output along with machine operating pa-
rameters such as speed and vibration scalar values
enable easy end-user interpretation of machine
condition.

The adoption of Commercial Off-The-Shelf
(COTS) products for both sensing technologies
and digital products and services both provides
a standardized approach to DT implementation
and a means of rapidly scaling the system for
increased numbers of machines and computation.
For example, the vibration sensors are readily
available and the cloud compute services adopted
are ‘elastic’ meaning they can dynamically and

automatically expand as required by the DT sys-
tem.

3.1. Expert Bayesian Network

The intelligent diagnostic model implemented in
the digital twin system has previously been de-
scribed by the authors Gibson et al. (2025). The
high-level approach combines and Expert Sys-
tem approach to identify specific vibration fault
characteristics in the data, alongside a Bayesian
Network approach to determine the relative prob-
ability of the range of faults being present in
the system at the time of analysis. The Expert
Bayesian Network approach to intelligence fault
diagnosis is shown diagrammatically in figure 3.

3.2. Machine Unbalance Fault Prognostic
Model

The DT system is designed to support various
fault scenarios. The work presented in this paper
solely focuses on a widely recognized common
machine fault scenario - unbalance. Additional
fault scenarios, including machine misalignment
and lubrication faults, will be presented in future
work.
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3.2.1. Analytical Model for Machine
Unbalance

In Matsushita et al. (2021), the unbalance force F
(N) is given by:

2

F=m.ew (1)
where, m is the unbalance mass (kg), e is the
eccentricity (m), i.e. the distance of the unbalance
mass from the rotational axis, and w is the angular
velocity (rad/s).

The vibrational amplitude A is proportional to
the unbalance force (F) and inversely proportional
to the system stiffness k, assuming damping is
negligible for simplicity:

F
A _
%

m.e.w

k

x (@3
Hence this relationship implies that the vibrational
amplitude A is proportional to the square of the
rotational speed w:

2

Axw 3)
Therefore, an approximate for machine unbalance
vibrational amplitude can be mathematically mod-
eled as a second order polynomial that is fitted
to vibrational data related to a range of machine
rotational speeds. This is the model adopted and
extrapolated to provide the digital twin with a
prognostic capability. A preliminary implementa-
tion and validation of this modeling approach is
shown in Figure 4, based upon data collected from
the fan skid physical asset.

Expert Bayesian Network approach to intelligent machine fault diagnosis Gibson et al. (2025)
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Fig. 5. Demonstration of prognostic methodology

3.2.2. Prognostic Uncertainty for Unbalance
Prediction

The approach adopted for prognostic uncertainty
quantification presented is from Wainer (2021),
where a rudimentary uncertainty quantification
approach is implemented to capture the best- and
worst-case future fault scenario characteristics.
The vibration sensors used for data acquisition
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Fig. 6. HMI for unbalance scenario demonstration. White box — 3D model of fan skid; Pink box — Live video
feed of the NMIS DPMC facility; Red box — Time-series of fault probability scores; Yellow box — Time-series of
Fan 1X velocity vibration data; Purple box — Unbalance prognostic model; Green box — Histogram of probability

percentages of diagnostic fault scenarios.

have predetermined manufacturer error margins.
These error margins act as the starting point for
determining the uncertainty associated with the
corresponding predictions of the unbalance prog-
nostic model. Error margins are considered as sys-
temic uncertainty quantification on the measure-
ment system. Extrapolating the prognostic model
adopting best- and worst-case scenarios, based
upon these sensor error bands, provides a degree
of prognostic uncertainty for machine operation at
increased or excessive machine rotating speed.

It is also be noted that the tachometer rotational
speed sensor error is non-zero but of a far smaller
order of magnitude when compared to vibration
sensor error and hence assumed to be zero for
uncertainty modeling purposes.

This methodology is demonstrated in Figure
5. In Figure 5 an arbitrary alarm threshold is
denoted. In the scenario where increased speed
would lead to an alarm event, this is the control
signal that leads to machine speed curtailment and
the avoidance of asset degradation and failure.

As associated with Figure 5, it is noted that
creation of the prognostic uncertainty band adopts
both current scenario data points and historic data
points. Current and historic data points are re-
quired for model building but also are used as a
means of validating the model. When the diag-

nostic model initially identifies a fault scenario, at
that point in time there does not exist enough data
to fit a model appropriately. Therefore, data from
previous scenarios of the same fault type, which
have previously been labeled as such and stored in
the system’s data-base, are used for initial fitting,
with newest data points taking priority over his-
toric points as they become available. Moreover,
by comparing current fault scenario data points
against data points for historic scenarios of the
same fault type, this provides a means of vali-
dating the model. This is due to all faults being
associated with a common machine, albeit at dif-
ferent times and potentially to different severities
of fault.

4. Case-Study Demonstration

The physical elements of the DT system are
located at the National Manufacturing Institute
Scotland (NMIS), Digital Process Manufacturing
Centre (DPMC), in Ayrshire, UK. The facility and
the DT system are used to demonstrate research
translation and technologies moving from con-
cepts to higher technology readiness level (TRL)
products and services.

To demonstrate the concepts described in this
work, two related scenarios are now presented:
a base-line no-fault scenario; and, an unbalance
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scenario where significant weight is added to a fan
propeller.

For the base-line scenario, the diagnostic sys-
tem does not identify a fault, no prognostic is
conducted, all data visualizations are depicted by
stationary time-series signals, and no feedback
speed control or constraint is exhibited. To con-
trast this operational scenario, qualified machine
maintenance stopped the machine and added 48¢g
of additional weight to fan four of the ten-fan de-
vice. Once the weight was added and the machine
operation area was cleared and the machine was
then brought back up to speed, all while the digital
systems continued to operate in the background.

As there was now a considerable vibration, the
diagnostic system now correctly identifies (see
Figure 6, red and green boxes) there is a high
probability that there was a fault — here diagnosed
as an overhung fan unbalance fault. As described
in section 3.1, the DT diagnostic model identi-
fying a fault results in the prognostic model be
activated. All data is now feed into the unbal-
ance prognostic model and it begins to update
in real-time, producing the unbalance prognostic
with uncertainty graph that includes current sensor
data, as depicted in Figure 6 (purple box). For this
demonstration scenario, increasing motor speed
results in increased vibration and passing an alarm
threshold where subsequently the cloud compute
engine sends a signal to the micro-controller to
curtail the motor speed below a value which re-
sults in the alarm threshold being crossed. The
control methodology associated with the speed
control continues to assess likely alarm threshold
exceedance as more data is acquired and the prog-
nostic model updates in real-time. When the up-
dated prognostic model predicts increased vibra-
tion, the motor speed is stepped down to maintain
vibration values within acceptable healthy condi-
tions.

5. Conclusions and Future Work

Industrial machines have multiple failure modes
which vary in severity and how they manifest.
Asset owners will continue to be challenged with
maintaining plant up-time unless they adopt new
tools to recognize degraded operation from high

volumes of monitoring data. This work con-
tributes a practical DT methodology developed
for a real industry-scale application and using
industry adoptable cyber-physical equipment and
cloud-based architecture. The approach has been
shown to effectively impact on machine fault di-
agnosis and prognosis, supporting industry ability
to reduce machine degradation and down-time.
The modeling approaches implemented require
minimal training or representative data and can be
adapted for varied machines and fault conditions.
Itis also scalable due to the use of widely available
sensor and actuation technologies and extendable
cloud services.

However, there are limitations with the current
approach, summarized as follows. Each failure
mode may require different and more complex
models to physically or empirically represent the
phenomenon occurring. The financial costs asso-
ciated with implementing and maintaining the dig-
ital cloud infrastructure are not insignificant. The
intelligent system conducting diagnosis suffers
from the well documented knowledge bottleneck.
Each of these three limitations may all contribute
to the challenge of scaling the approach to a large
number of machines, each potentially with a large
number of unique fault considerations.

Future work will involve extending and incor-
porating additional prognostic models, incorporat-
ing more sophisticated means of feedback control
and could potentially include improved machine
state visualizations and human-machine interac-
tions, e.g. machine CAD model overlays and aug-
mented reality.
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