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ABSTRACT

A Digital Twin (DT) is a representation of a physical sys-
tem that provides information to make decisions that add eco-
nomic, social or commercial value. DTs are widely used for
prognostics and anomaly detection by continuously compar-
ing measured system behaviour with the DT predictions to
identify deviations and estimate degradation. The behaviour
of a physical system changes over time; a DT must therefore
be continually updated with data from the physical system to
reflect its changing behaviour. In this paper, we consider a DT
of a complex, non-linear and dynamic system subject to slow
nominal degradation, disturbances and the risk of anomalies.
The DT runs on a resource-constrained system, making up-
dating non-trivial due to limitations in computation, storage,
and data transfer bandwidth. Consequently, only a subset of
the generated data can be retained or transmitted, making data
prioritisation essential. Data must be evaluated online in or-
der to select the most relevant subset with which to perform
the update. DT updating must address the continual learning
challenge of adapting to new system behaviours, such as the
response to previously unseen operating conditions, while re-
taining knowledge of previously observed behaviours. This
paper presents a framework for updating a data-driven DT of
a resource-constrained system. The proposed solution con-
sists of: (1) an on-board, lightweight DT that enables the pri-
oritisation and parsimonious transfer of data generated by the
physical system; and (2) an off-board system for robust DT
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updating that enables the reliable detection of anomalous be-
haviours across the asset’s lifetime. The framework allows
the DT to accurately replicate the behaviour of the system
throughout its life, improve sensitivity to anomaly detection,
and reduce the risk of forgetting previous system behaviours
after updating the DT. An in-service gas turbine engine case
study is used for demonstration.

1. INTRODUCTION

A Digital Twin (DT) is an emerging technology that has re-
cently gained attention due to the rapid development of sim-
ulations, data acquisition and data communication that trig-
ger interaction between the physical and virtual spaces (Tao,
Zhang, Liu, & Nee, 2018). In (Glaessgen & Stargel, 2012), a
DT is defined as a simulation of an as-built system, e.g., a ve-
hicle or factory, that accurately represents its corresponding
twin. We extend this definition to include the continuous up-
date of a simulation, reflecting the ‘as-operated’ behaviours
and, as stated in (The DTHub, 2026), enabling decisions that
will affect the physical asset. It is commonly recognised that
a DT needs to integrate data collected from the system’s sen-
sors, environment, historic maintenance data, and available
system knowledge to reflect any changes to the physical asset.
The information provided by the DT facilitates the processes
of making decisions that add economic, social, or commercial
value to stakeholders.

The DT paradigm has been used in a variety of applications
and sectors, including product design and factory optimisa-
tion (Qi & Tao, 2018), prediction of aircraft structural life
(Tuegel, Ingraffea, Eason, & Spottswood, 2011), monitor-
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Figure 1. Data flow in a Digital Twin. A DT must be routinely updated, with data recorded from the physical system, to reflect
changes due to degradation, build variance, etc. Anomalous data and constraints in data collection are some of the challenges
faced when updating the DT. The DT provides knowledge about the physical system and the means to simulate the system
under different conditions.

ing of automotive braking systems (Magargle et al., 2017),
among other applications. Another example is the manage-
ment and monitoring of a fleet of assets. In such cases, in-
formation based on the fleet distribution is inadequate to as-
sess individual systems due to the variability in usage, man-
ufacturing and material properties (C. Li, Mahadevan, Ling,
Choze, & Wang, 2017). Hence, the availability of individu-
ally tailored models or DTs is desirable to accurately predict
future performance against requirements and detect deviation
from the current system behaviour driven by emerging faults.

Changes in an individual physical system are expected due to
normal degradation, mechanical modifications, etc., and this
results in a drift between the twin and the real system. In ad-
dition to this drift, twin inaccuracy may be due to system op-
eration in previously unseen operating conditions. Both sce-
narios motivate the model’s update using measurement data
acquired from the physical system and thus maximise the
model’s representative power.

In our prior work, we have developed a DT that has been
demonstrated to detect real-world anomalies in a resource-
constrained computing environment mounted onto a gas tur-
bine engine (Hartwell et al., 2024). Our DT generates a high
anomaly score for a data point when its uncertainty-weighted
prediction error is high. In the previous work, we highlighted
the need for adaptation to novel operation conditions and en-
gine aging. Without an update of the DT, the anomaly de-
tection performance decreases in the long term. This paper
explores the DT adaptation and improvement of anomaly de-
tection performance throughout asset life.

The process to update a model is typically many-fold more
computationally demanding than its execution. However, in
many real engineering systems on-board compute is severely
limited, e.g., in the proximity of a gas turbine engine which
produces large raw data streams (>1GB/hour) from an array
of sensors. Not only is the on-board compute limiting for
on-line learning, but there is also limited computational stor-
age capacity, low data transmission bandwidth, and a high
cost of transmission, all limiting the volume of data that may

be transferred for remote updating of the DT. The challenge
thus presents itself to both continuously monitor the asset for
changes, and to update the model of its behaviour, which to-
gether help enable accurate maintenance decisions to be made
in the presence of normal data drift.

To allow continuous system monitoring, an on-board DT is
thus required; while to enable utilisation to higher-power re-
mote computing for DT updates, the efficient collection and
moderation of the data volume for remote transfer is needed.
Sending the data most representative of the drift is an attrac-
tive proposition for prioritising data transfer. Such data must
be analysed to avoid learning an incorrect behaviour from
anomalous data, e.g., data collected from a damaged system.
This presents the challenge of differentiating between fault
anomalies and previously unseen nominal data. The former
data type must be avoided when updating the DT, but the lat-
ter is required to accurately simulate the physical system in
such conditions. Data collection is a further challenge faced
when updating a DT. Figure 1 illustrates this challenge.

To address these challenges, we propose a data-driven ap-
proach to develop DTs for groups of computationally resource-
limited systems. Physical systems, which exhibit non-linear
dynamic behaviour, are modelled using a deep neural network
trained with data from each system. To update the DT over
time, segments of data that are not well understood by the
digital model, e.g., data generated by the system in new, pre-
viously unseen, operating conditions, are selected and used to
update the model. This approach avoids the costly transmis-
sion of data with low additional information content relative
to that already encapsulated within the DT model. Anoma-
lous segments of data are automatically labelled using the
fleet data set and made available for expert evaluation to aid
root-cause analysis; crucially, these segments are not used
to update the DT unless relabelled as normal by the expert.
In contrast to model-based methods, which require physical
knowledge of the system, data-driven DTs only rely on data
to accurately represent their physical twins. Therefore, our
framework can be used to represent a variety of complex sys-
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tems.

1.1. Data Selection

The DT should be routinely updated with data generated by
the physical system in order to keep the twin up-to-date.
For resource-limited systems, such an update cannot be per-
formed online; the data must be stored or transmitted to up-
date the DT on a more powerful system. Several factors
can limit the amount of data collected by resource-limited
systems, e.g., data transmission cost, limited bandwidth or
limited storage. All are common problems found in sev-
eral applications such as wireless sensing networks (Harb &
Makhoul, 2017) and surveillance systems (Begishev et al.,
2018). This problem requires the development of methods to
select high-quality data that are information-rich for the de-
sired task. Solutions to the problem of selecting data include
adaptive sampling rate/transmission rate (Habib, Makhoul,
Darazi, & Salim, 2016), data redundancy detection (Kong et
al., 2016), etc. Other methods use ideas of active learning to
select the most useful data for a particular task, to be trans-
mitted by remote sensors (Xu & Zheng, 2017).

Active learning considers the problem of selecting the fewest
unlabelled data points to be labelled for the purpose of model
training. The main challenge is how to select the most infor-
mative data to label such that the performance of a model is
maximised. This task is especially important for deep learn-
ing due to the larger amount of data required for training.
Active learning methods can be divided into three different
categories (Ren et al., 2021): query synthesis, stream-based
selective sampling, and pool-based. In query synthesis, it is
assumed that any data point in the input space can be queried,
i.e., request a label, including samples generated by the learner.
Stream-based selective sampling is mostly applied to applica-
tions with resource-constrained devices, i.e., limited storage
and computational power. Pool-based methods assume the
opposite: that large devices with enough computing and stor-
age resources are available. Here, at each iteration, samples
from the pool are selected to be labelled based on the knowl-
edge previously acquired.

In all of the methods, the design of the data selection or query
rules is crucial. A common criterion to select data points is
uncertainty (He, Jin, Ding, Yi, & Yan, 2019; Ranganathan,
Venkateswara, Chakraborty, & Panchanathan, 2017; Ducoffe
& Precioso, 2018). Samples whose class assignment or pre-
diction are the most uncertain are selected for labelling. A
problem with the uncertainty approach in deep learning is the
estimation of uncertainty. This has been mainly addressed
by using Bayesian deep learning (Gal, Islam, & Ghahramani,
2017; Pop & Fulop, 2018; Kirsch, Van Amersfoort, & Gal,
2019). Another limitation of this approach is that select-
ing samples based on uncertainty can result in sampling bias
(Dasgupta, 2011). Most of these methods focus on the classi-

fication problem and use elements exclusive to this task such
as the decision boundary.

Another criterion to select samples is diversity. In this case,
the similarity between points is measured (Brinker, 2003; Yin
et al., 2017). This has also been applied to the regression
problem (Wu, Lin, & Huang, 2019). Selection based on diver-
sity can lead to querying samples with low information con-
tent if not done carefully (Ren et al., 2021). To mitigate this
problem, hybrid methods that combine uncertainty and diver-
sity have been proposed (Wang, Du, Zhang, & Zhang, 2016).
Density-based methods select points to attempt to find a sub-
set representing the distribution of the entire dataset. In other
words, the method tries to make the labelled and unlabelled
datasets indistinguishable in terms of distribution (Gissin &
Shalev-Shwartz, 2019). Finally, the expected change in the
model can also be used to select samples. This change can be
considered in the output (Freytag, Rodner, & Denzler, 2014),
gradient change of the loss function (Cai, Zhang, & Zhou,
2013), etc. Alternatively, a network can be trained to pre-
dict the loss of an input point (Yoo & Kweon, 2019). Once
trained, this network can be used to select data points.

1.2. Model Update

When the physical system changes its behaviour due to fac-
tors such as degradation, the DT must be updated to describe
the new behaviour. Depending on the task, a different model
update strategy is necessary. For instance, a time series fore-
casting model requires recent data and regular updates to cap-
ture seasonal patterns, whereas an image classification model
may only need infrequent updates, focusing more on cov-
erage across classes. Here, we are interested in prediction
with time series data. Depending on the update strategy, the
deep neural network has to be updated with a relatively small
dataset compared to the dataset initially used to train the model.
This problem has been addressed in transfer learning by us-
ing fine-tuning (Yosinski, Clune, Bengio, & Lipson, 2014).
Two major problems of using a small dataset to update a
pre-trained model are overfitting and catastrophic forgetting
(McCloskey & Cohen, 1989), i.e., a model can forget previ-
ously learnt knowledge when it is trained with new informa-
tion.

Updating strategies can be broadly categorised into two main
approaches: retraining, which may be conducted either par-
tially or fully from scratch, and parameter recalibration, where
model parameters are updated incrementally without full re-
training. Some methods combine elements of both approaches
and are considered as hybrid strategies. In retraining ap-
proaches, models are retrained at a fixed interval by using his-
torical data windows based on performance (Gemaque, Costa,
Giusti, & Dos Santos, 2020; Richard & Belacel, 2024). This
approach is suitable for problems with predictable data shifts
such as in financial forecasting. The difficulty in this ap-
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Figure 2. Mean engine temperature recorded at a fixed shaft speed. As the engine degrades over time it becomes less efficient
and more energy is required to achieve a demanded shaft speed. As a result, for a given shaft speed, a higher engine temperature
is recorded. Highlighted regions show periods where a major maintenance action was performed.

proach is the selection of a data window that represents the
drift. In parameter recalibration methods, model parameters
are updated progressively on new data over time (Lu et al.,
2018; Lyu, Li, Jiang, & Hassan, 2024). This method is useful
for tasks where the model has to be updated frequently or in
real time. In both approaches, the main challenge is to update
the model without forgetting previously learnt information
(Van de Ven, Soures, & Kudithipudi, 2024). Hybrid methods
combine predictions from multiple models trained on batches
from different time periods. This category includes transfer
learning where a pre-trained model is used and tuned to re-
flect the new system behaviour.

The rest of the paper is organised as follows. Section 2 presents
the problem solved in this paper and introduces a case study.
Section 3 explains in detail the proposed solution. Finally,
results and conclusions are given in sections 4 and 5, respec-
tively.

2. PROBLEM DEFINITION

In this paper, we focus on the development of a data-driven
DT for groups of resource-limited systems. Specifically, we
consider systems with the following characteristics. 1) The
system is not capable of executing tasks with a high com-
putational load such as running full-physics models, updat-
ing digital models or executing complex anomaly detection
methods. 2) The system cannot store or transmit all the data
to be processed by a system with more resource availability.
3) Data cannot be continuously transmitted to another system.

We consider complex non-linear and dynamic systems sub-
ject to slow nominal intrinsic degradation, rare but accept-
able extrinsic disturbances and the risk of abnormal intrinsic
anomalies / faults. Given these characteristics, the challenge
is to develop a framework to compute and update a DT that
is capable of accurately simulating a time-varying physical

system throughout its lifetime. To update a DT, data must be
collected from the physical system. To avoid learning incor-
rect behaviours from anomalous data, the data must be anal-
ysed before updating the DT. This is a challenge faced in on-
line learning where a model is constantly updated from a data
stream. The model must be updated to learn changes in data
distribution resulting from factors such as system degrada-
tion, while learning anomalous behaviours must be avoided.
Solutions have been proposed to distinguish between anoma-
lies and changes in the data distribution in an online fashion
(Guo et al., 2016; Saurav et al., 2018). In these approaches,
when a model prediction deviates from the observed data over
a significant period of time, it is assumed that the data distri-
bution has changed. However, depending on the problem,
a permanent change of the system behaviour can be consid-
ered as an anomaly. In general, a model prediction can devi-
ate from the observed data due to the following reasons: (1)
degradation: the system behaviour changes due to expected
degradation, (2) unseen operating conditions: the system op-
erates under conditions not previously observed and (3) sys-
tem fault: unexpected behaviour is observed caused by a sys-
tem fault. To maintain a digital representation of the system,
the problems of selecting, managing, and analysing collected
data must be addressed.

2.1. Case Study

The solution presented in this paper is demonstrated with a
real data case study from aerospace gas turbine engines. This
case study demonstrates the ability of the proposed solution to
update the DT to accurately simulate a physical system when
its behaviour changes through time. Data were recorded from
an aerospace gas turbine engine over multiple runs on a test
bed over a time period of several months. The dataset con-
sists of 1 Hz time series data with 12 channels - each chan-
nel records data from a different sensor placed on the engine.
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Figure 3. Overview of proposed solution. Uncertain and potentially anomalous data are selected on-board the physical system
using the DT. Data are sent to the off-board system for analysis, with access to the group’s historical data. The off-board system
identifies and presents the anomalous data to a user for further analyses. Normal (non-anomalous) data are used to update the
DT.

During this period the engine showed signs of nominal degra-
dation and several maintenance actions were performed, see
Fig. 2, where efficiency changes are seen to result in different
fuel flow and temperatures being observed. The degradation
and maintenance caused the dynamic behaviour of the system
to change continuously over the time period.

3. SOLUTION

We propose a closed-loop approach: Data collected from the
physical system are sent to an anomaly detector, which also
has access to whole-group data. This allows us to identify
behaviours caused by degradation or previously unseen oper-
ating conditions, for a particular system, that could be flagged
as anomalous - even if such behaviour is normal at the group
level. Anomalous data caused by a system fault are removed
from the training data, which is then used to update the asset-
specific DT, see Fig. 3. This step is necessary to avoid learn-
ing behaviour from a faulty system that is expected to be re-
paired.

Since we consider resource-constrained systems, collecting
or transmitting all the data is not feasible nor is storing and
updating group data on-asset. We use a light-weight DT ca-
pable of running on-board the physical system. The twin has
the ability to identify and collect both potentially anomalous
data, and data that are not well understood by the DT, i.e., it
is associated with a high prediction uncertainty. An example
of the latter includes data at previously unseen operating con-
ditions. In this paper, we refer to the combination of the DT
and software used for data collection as the on-board system.
Data collected by the on-board system are then analysed by a
centralised system, referred to as the off-board system, with
access to greater computational resources and the group’s his-
torical data. The off-board system identifies whether the data
returned by the on-board system are anomalous at the group
level. These data can then be presented to experts for assess-
ment of label accuracy, root-cause analysis and sanctioning
of alerts. Data not identified as anomalous are used to update

the DT. The two layers of anomaly detection are designed to
limit the workload placed on experts to acceptable levels. In
the remainder of this section, the on-board and off-board sys-
tems are presented.

3.1. On-Board Detection and Selection System

In this subsection, we present an overview of the DT model
used for data selection. The on-board system consists of a
lightweight deep neural network designed to run within the
computational and storage constraints of the physical asset.
Rather than relying on computationally intensive physics-
based models, the approach uses an efficient data-driven ar-
chitecture capable of real-time execution. The network pro-
cesses multivariate time-series sensor data and predicts both
the mean and variance of a target signal distribution. The
standardised Euclidean distance between observed and pre-
dicted values is used to determine anomalous data. This prob-
abilistic formulation enables not only accurate modelling of
normal system behaviour but also an assessment of predictive
uncertainty. Full architectural details and their effectiveness
to detect anomalies are presented in (Hartwell et al., 2024).

Due to limited on-board storage, once the storage buffer is
full, data with low novelty and uncertain are replaced as new
and more informative data are received over time. A subset of
the storage buffer is sized to allow its transfer over the avail-
able communication bandwidth within the operational turn-
around time once the aircraft has landed. For data selection,
a real-time decision is made based on the limited stored data.
This means that, from the active learning perspective, our
problem lies between the stream-based and pool-based cate-
gories. As presented in Section 1.1, uncertainty is a common
criterion for data selection. In our problem, uncertainty re-
flects input conditions insufficiently represented during train-
ing, such as previously unseen operating regimes. We also
consider data segments with a high anomaly score. These
segments of data are post-processed as described in the next
section. If a data point is later identified as non-anomalous,
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i.e., false positive, this is used to retrain the model. Over time,
after a drift, the DT returns high scores for non-anomalous
data with high confidence, i.e., different behaviour for pre-
viously seen conditions. This, in combination with the data
selected based on uncertainty, increases the data diversity of
the training dataset by including points far from the learnt
data manifold.

3.2. Off-Board System: Data Appraisal

The primary objective of the off-board system is to identify
anomalies in the data returned by the on-board system, thus
maximising the use of returned data for updating the model,
without learning fault behaviours. A second objective of the
off-board system is to reduce the user’s workload. Whilst
the data volume returned by the on-board system is orders of
magnitude less than all sensor data, a relatively large amount
of data may be returned if an economic communication means
is available (for example via ‘Gatelink’ technology). Suc-
cessful identification of only the anomalous data significantly
reduces user workload, as only a small fraction of all the data
need to be reviewed. The final objective of the off-board
system is to collect non-anomalous data to update the digi-
tal model, as discussed below.

Two key elements differentiate the two systems: (1) access to
more computational resources and (2) access to the individual
asset’s and group’s historical data. More computational re-
sources mean that the off-board system can run more compu-
tationally demanding anomaly detection routines. Moreover,
running time is not crucial in the off-board system in contrast
to the on-board system, where data are constantly received
and have to be analysed online. Access to the group’s histor-
ical data allows the off-board system to identify data that are
anomalous to a particular system but not to the group.

The selection of such methods is highly problem dependent.
For this work, a set of algorithms was selected based on the
improvement they were found to give during a training phase.
Therefore, we only give an overview of the method used for
the case studies where multivariate time series are analysed.

As discussed in Section 2, the data analysed in the case stud-
ies are multivariate time series. Features were extracted from
the time series of all historical data. Specifically, a com-
bination of features, obtained using Kernel PCA (Yang &
Shahabi, 2005), that reflect the correlation between signals
and statistical features from individual time series were used.
These statistical features can be designed and updated based
on knowledge from anomalous data collected by the off-board
system over time. Since computational resources are not lim-
ited as in the on-board system, additional recorded signals,
which may be needed to improve the model of normality of
the physical system, can be considered in the off-board sys-
tem. The extraction of these features is computationally ex-
pensive; hence such a method cannot be run on-board. The

features are used to train a one-class Support Vector Machine
(SVM). The SVM is trained in such a way that rare nominal
events not learnt by the on-board system, and hence flagged
as possible anomalies, are classified as non-anomalous data.
When new data are received by the off-board system, features
are extracted from the time series and classified by the SVM.

3.3. Off-Board System: Digital Twin Update

To maintain a good anomaly detection performance, when the
physical system changes its behaviour due to factors such as
degradation, see Fig. 2, the DT must be updated to describe
the new behaviour. To update the model, the most recent
data, representative of the current system behaviour, can be
added to the previously used training dataset. While this ap-
proach avoids the forgetting of previous system behaviours,
see Section 1.2, this training process can be time-consuming
and computationally expensive. The other alternative is to
only use the most recent data to update the model param-
eters. This new dataset is relatively small compared to the
dataset initially used to train the model, introducing the risk
of overfitting. To avoid the problem of catastrophic forget-
ting, we use a parameter regularisation method. By restricting
the ability of the network to learn, the problem of overfitting
is reduced. Formally, these methods minimise a loss function
of the form:

L̃ = L+
∑
k

Ωk∥θk − θ∗k∥22, (1)

where L is the original loss function, e.g., mean squared er-
ror, θ are the network weights, θ∗ are the weights of the pre-
trained network and Ω is the regularisation strength. One of
the most common types of regularisation is L2 regularisa-
tion, where all the parameters are forced towards zero, i.e.,
θ∗k = 0 ∀ k.

Two different regularisers were considered to update the
model when new data are received from the on-board sys-
tem: L2 and L2-SP (Daumé III, 2009; X. Li, Grandvalet,
& Davoine, 2018), where SP denotes starting point, referring
to the pre-trained weights from which deviation is penalised.
Results obtained from several tasks show that these regularis-
ers are competitive compared to more complex and compu-
tationally demanding approaches (X. Li et al., 2018). The
L2-SP regulariser penalises deviations of all the parameters
with the same factor, i.e., Ωk = α ∀ k and α ∈ R, from the
pre-trained network parameters. All the weights are hence
forced to remain close to those of the pre-trained network. In
contrast to a model updated with the L2 regulariser, a model
updated with the L2-SP regulariser is expected to remember
previously seen behaviours while learning new information.
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Figure 4. Average mean squared error of predictions made by the initial and iteratively retrained model across all the engine
outputs.

4. RESULTS

In this section, we present the results of updating the digi-
tal model with data collected from the physical system. We
also compare the regularisation approaches presented in Sec-
tion 3.3 in terms of prediction accuracy and the capacity to
remember previous behaviours.

An iterative update strategy is used to update the DT. An ini-
tial model is trained with all data from runs performed be-
fore April 2017, and is then used to select the unusual data
from the following 10 runs (after the training data). The col-
lected data were used to update the DT. Once the model was
updated, data from the next 10 runs were processed and col-
lected to again update the DT. This procedure was repeated
until all runs were processed. The prediction errors of the ini-
tial model and the updated model are shown in Fig. 4. The
significant increase in error observed after September 2017
for the initial model is due to a maintenance action on the en-
gine. The results show that by updating the DT the behaviour
of the physical system can be predicted, despite changes in
the system.

To illustrate how the incorrect simulation of the physical sys-
tem can affect the identification of anomalies, synthetic anoma-
lies (spikes of fixed length and amplitude based on the sig-
nal’s local standard deviation) were injected in randomly se-
lected runs. The runs were divided into two groups: before
and after the September maintenance event. As shown in Fig.
4, when the DT is not updated, the behaviour of the system is
not predicted accurately. Therefore, poor performance in the
detection of anomalies is expected. When the DT is not up-
dated, 22 of the synthetic anomalies are detected before the
maintenance event and only one after. In contrast, when it
is updated with the L2-SP regulariser, 28 and 23 anomalies
are detected before and after the overhaul, respectively. The
results show an improvement in the number of anomalies de-
tected when the DT is routinely updated. As expected, a more

noticeable improvement is made on the data after the mainte-
nance event.

The results presented above show that when a model is rou-
tinely updated, accurate prediction of engine behaviour is
achieved. However, they do not show how the model is af-
fected in terms of forgetting previous behaviours. To see this
effect, two different manoeuvres (operating profiles), labelled
as A and B, were extracted from each engine run, see Fig. 5
(top). Note that only two manoeuvres were selected for sim-
plicity. These two different manoeuvres can be seen as dif-
ferent engine behaviours. That is, initially, only behaviour A
is observed. Over time, as the engine changes, manoeuvre
B is observed instead. Note that these manoeuvres represent
different behaviours for illustrative purposes and are not in-
tended to reflect realistic changes in engine dynamics over
time. The initial model was trained only with manoeuvre A.
Then, the model was retrained with data from manoeuvre B
following the procedure presented above. This represents the
collection of new data from an engine that behaves differently
from the initial training distribution. We tested three different
approaches to retrain the model: the L2 regularisation, the
L2 − SP regularisation, and an augmented training data ap-
proach that includes historic data from manoeuvre A. Fig. 5
(bottom) shows the prediction of manoeuvre A after retrain-
ing the model. The prediction of manoeuvre B did not vary
significantly between approaches and is not shown.

For reference, the ’initial prediction’ of manoeuvre A, made
by the model trained with only this manoeuvre, is included in
the results. The results show that when the model is updated
with the L2 regulariser, the model forgets how to predict ma-
noeuvre A. The forgetting is significantly reduced when us-
ing the L2 − SP regulariser. Adding data from manoeuvre
A during the retraining improves the capacity of the model to
remember manoeuvre A. While this approach does not repre-
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Figure 5. Top: manoeuvres representing different behaviours of the engine. Bottom: Prediction of manoeuvre A after retraining
a model with manoeuvre B using different training approaches.

sent a challenge in the toy example presented above, it raises
new challenges when there is a continuum of manoeuvre di-
versity over multiple engine signals and data must be selected
from a large pool of historical engine behaviours to represent
the current system behaviour.

5. CONCLUSION

Digital Twins are used in a wide range of areas for manage-
ment, optimisation and decision support of physical systems.
To accurately represent their physical counterparts, DTs must
be routinely updated with data collected from the physical
system. This can be a significant challenge for systems with
constrained resources. Moreover, not all the collected data are
suitable to update the DT, e.g., anomalies related to emerging
faults must be handled carefully. This paper presents a frame-
work to keep a data-driven DT up-to-date by updating it with
data selected and monitored from the physical system. The
proposed solution allows real-time asset monitoring and the
selection of high-quality data for remote update of a twin us-
ing fault-free fleet data. Results from a gas turbine engine
case show the capacity of the solution to accurately simulate
the behaviour of an engine throughout its life. To further re-
duce the computational and data requirements for updating,
interesting future research directions include the definition of
(optimal) criteria on when to update the model and the intro-
duction of physics-based constraints to the machine learning
update process.
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