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ABSTRACT: 

The rapidly evolving market demands, and the 
emergence of new paradigms in space applications 
and services have instigated a revolution in the 
space industry. Electric Propulsion (EP) is a key 
enabling technology in the new space era, noting 
the wide range of next-generation missions it 
underpins. Nonetheless, the EP industry has been 
struggling for decades with non-concurrent, 
resource-demanding, and largely empirical 
development strategies, which impede the sector’s 
transformation in line with the emerging market 
trends and the stringent reliability and flexibility 
requirements. A digital twin (DT) – a technology 
capable of providing accurate and dynamic virtual 
representation of a physical device – is a game-
changing solution for the EP industry’s 
transcendence past its long-persisting challenges. 
In this paper, we aim to: (i) define/demystify DTs, 
highlighting how they surpass traditional modelling, 
(ii) enumerate DTs’ breakthrough promises for the 
EP and the broader space industry, and (iii) specify 
the challenges to realize fully fledged EP DTs and 
elucidate our vision and roadmap, which crucially 
includes community-wide collaborations and 
across-the-board stakeholders’ engagement.    
 
1. INTRODUCTION 

Today, the space industry is undergoing a 
transformative evolution. The main drivers of this 
are the emergence of new space applications and 
operation scenarios, and the need to lower the cost 
of in-space technologies and services as well as to 
increase their reliability/efficiency. Another element 
driving the revolution of the space industry is the 
increased awareness among the space actors 
regarding the risks imposed by the space debris, 
addressing which is essential for a sustainable use 
of outer space. 

Accordingly, a wide array of novel in-space mission 
concepts has emerged over the past years (See 
Figure 1). These range from satellite (mega-) 

constellations for Earth observation and 
telecommunication/ internet connectivity to on-orbit 
servicing for precise orbit insertion and debris 
removal [1].  

Alongside these, as our aspirations for robotic 
exploration of the solar system and to extend 
humanity’s presence beyond Earth are ever 
increasing [1], a variety of complex and ambitious 
missions are either in planning or already underway, 
such as the Artemis program to re-establish 
human’s reach to the Moon [2]. 

 

Figure 1. Transforming landscape of in-space missions 
and applications 

For many of these missions and applications, if not 
all, EP systems offer distinct advantages over the 
chemical propulsion systems. Most notably, EP 
technologies provide specific impulse (Isp) values of 
at least an order of magnitude higher than the 
chemical counterparts, hence, providing huge mass 
advantages at the satellite level by majorly cutting 
the required amount of propellant. The reduced 
propellant mass can, in turn, be either allocated to 
payload enhancements or translate to a lower 
spacecraft launch mass, thus, yielding cost benefits.  

Nonetheless, despite their notably higher Isp 
values, EP devices generate lower thrust levels 
than the chemical thrusters. Therefore, the electric 
thrusters must operate for extended durations to 
deliver a certain ΔV-change for the spacecraft. This 
translates into typically long lifetime requirements 
for EP technologies, which can approach tens of 
thousands of hours of sustained operation. 
Demonstrating compliance with significant life 
requirements of EP systems through testing has 
been already associated with financial and 
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scheduling challenges, particularly as EP systems 
must be qualified for in-space operation, 
necessitating testing within specialized high-
vacuum facilities. Toward meeting the demands of 
the next-generation space missions, EP 
technologies shall offer even higher lifetime 
capabilities, further exacerbating time and cost 
burdens. Adding to these challenges, even the most 
capable vacuum test facilities available today [3] 
cannot fully replicate the in-space operational 
environment of EP technologies from the 
perspectives of background pressure and electrical 
current pathways. These two influences of the on-
ground test facilities have significantly affected the 
reliability of on-ground qualification with respect to 
extension of results to on-orbit operation.  

All the above factors effectively impede the delivery 
to market of advanced high-power, often large-size, 
EP technologies in development today for the 
evolving landscape of space missions and 
applications. 

Considering the pressing challenges confronting the 
EP industry today, some prominent examples of 
which were enumerated above, digital engineering 
and its constituent tools [4][5], especially digital 
twins (DTs), serve as viable solutions. One primary 
objective of this paper is, in fact, to elaborate on how 
DTs can enable the transformation of the EP 
industry by addressing its challenges and 
revamping the inadequate or ineffective practices.  

However, before delving into such discussions, it is 
essential to demystify the hype that has surrounded 
the digital twins in the media in recent years. This 
allows us to assess the DTs scientifically and 
realistically as technological solutions that, while 
holding revolutionary promises, still present an 
array of challenges that must be overcome so as to 
realize practical, generalizable and scalable DTs, 
capable of delivering their full potentials.    

To the above end, in the following subsections, we 
aim to provide a rigorous definition of DTs, along 
with an overview of their origin as well as their use-
cases today. 

1.1.  What is a digital twin? 

At present, a unified, widely agreed upon definition 
for the DTs does not exist. This is perhaps because 
of the wide breadth of applications, toward which 
digital twinning has been attempted, that span 
across the processes and the industries (refer to 
subsection 1.3 for more details). Nonetheless, a 
definition has been proposed by the Digital 
Engineering Integration Committee of the American 
Institute of Aeronautics and Astronautics (AIAA) in 
2020 [6], which is sufficiently comprehensive and 
captures all the essential characteristics of a DT.  

Inspired by this proposed definition, a digital twin is 
a virtual representation of a real-world (physical) 
counterpart that is able to mimic the behaviour of 
the physical twin accurately, has predictive 
capability, is “personalized” to the specific device, 

and is dynamically updated by receiving data from 
the physical twin throughout the device’s life cycle. 
The predictiveness characteristic of a DT, i.e., its 
ability to forecast behaviour beyond the available 
spatiotemporal span of data, enables the digital twin 
to inform decisions that in turn realize value.  

The DT concept extends beyond the conventional 
notion of simulation and modelling [7], which are 
considered static, by the merit of a bidirectional 
interaction between the digital and the physical twin. 
This bidirectional interaction allows the dynamic 
evolution of the DT and comprises feedback flows 
of information from the physical system to the virtual 
representation and from the virtual back to the 
physical system to enable decision-making and 
control. A DT is particularly powerful for the “what-if 
scenario” analysis in a way that far exceeds what is 
feasible/practical to do through experiments alone.  

As our DT definition suggests, a digital twin is 
specific (personalized) to the device for which the 
twin is created. We emphasize that this is a point of 
strength, not shortcoming. The personalization of 
the DT is largely driven by the constant updating 
and the adaptation of the twin using the real-world 
data from the specific device. This personalization 
enables the DT to identically reflect the “live” health 
status of the physical twin and “feel” the exact 
environmental conditions that the physical twin 
experiences. These are indeed crucial aspects to 
ensure that the decisions/actions informed by the 
DT are fully and reliably applicable to the physical 
twin.  

Even though personalization is an integral 
characteristic of DTs, the architecture of a digital 
twin as well as its constituent elements and building 
blocks are designed (intended) to be inherently 
generalizable and broadly applicable across the 
devices and technologies. This is an important point 
that makes investments in the development of DT 
technologies of great value and large-scale return 
potential. 

1.2.  When did digital twins first appear? 

The DT concept has originated from the aerospace 
industry, with early manifestations emerging during 
the Apollo programme era. While the terminology 
was not in use at the time, the principles of digital 
twinning were actively employed to inform decision-
making processes and enhance operational 
preparedness. 

During the Apollo programme, on-ground simulators 
were developed to replicate various spacecraft 
modules. These physical simulators were updated 
with on-orbit data and were employed to train the 
personnel (astronauts and mission controllers) for 
different operational scenarios, including potential 
failures. In this regard, the Apollo 13 mission is 
arguably the first demonstration of the technical 
feasibility of DTs to enable critical decision making. 

In fact, in the wake of the Apollo 13 incident, NASA 
engineers followed a DT-like approach to analyse 
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the “real-time” health status of spacecraft's systems, 
to simulate various potential solutions, and devise 
strategies, which ultimately led to the safe return of 
the astronauts to Earth. 

Almost two decades after the end of the Apollo 
programme, the DT concept began to resurface, 
albeit under different names and contexts [8]. In 
1991, David Gelernter’s imagined what he called 
"Mirror Worlds", which consisted of software models 
capable of mimicking reality based on inputs from 
the physical world [9]. In 2002, Michael Grieves 
introduced the “Mirrored Spaces Model” within the 
context of Product Lifecycle Management (PLM), 
outlining the ideas of real space and virtual space, 
as well as the mechanisms for data exchange 
between these spaces, hence, suggesting a 
theoretical framework for DTs [10]. The Grieves’ 
conceptual model, which was also being considered 
under different names by other authors at around 
the same time [11], was refined over the years 
following 2002. In 2006, the concept was renamed 
to the “Information Mirroring Model” [10][12], which 
emphasized the bidirectional interaction between 
the virtual and the real space, and the possibility of 
having several virtual spaces for one real space to 
enable exploring alternative designs. 

The term “digital twin” was formally coined by NASA 
in 2010 in a draft technological roadmap [13], 
marking a pivotal moment in the evolution of the 
concept. NASA’s definition of DTs described them 
as “an integrated multi-physics, multi-scale, 
probabilistic simulation of a vehicle or system that 
uses the best available physical models, sensor 
updates, fleet history, etc., to mirror the life of its 
flying twin” [13]. Soon following this terminology 
definition, the US Air Force (USAF) embraced the 
DT technology for aircraft design, maintenance, and 
health prediction [14]. Early DT applications by 
USAF included simulating physical and mechanical 
properties of aircrafts to forecast structural fatigue 
and so to extend the aircrafts’ lifespan. Over time, 
DTs were proposed for tasks beyond their initial 
monitoring functions toward supporting sustainable 
space exploration and the development of future 
aerospace vehicles [15]. 

Figure 2 summarizes how the DT terminology and 
concept have evolved over the past decades. 

 
Figure 2. Timeline for the evolution of the digital twin 

terminology and concept 

1.3. Where and how are digital twins used 
today? 

Despite being a relatively new concept, particularly 
in their modern form, DTs have gained a significant 
attention over the past years from a broad spectrum 
of industries and sectors. This notable interest roots 

in the many benefits that DTs can offer to the 
applications involving complex, multifaceted, and 
interconnected systems (engineering, health, 
societal, etc.). Focusing on the engineering 
applications, the use of DTs is motivated by three 
general objectives: (i) to drive down the cost and 
time of design and development/manufacture, (ii) to 
increase the fidelity, efficiency, and monitorability of 
the entire development process before product 
delivery, and (iii) to enable effective asset 
management during the entire product’s life cycle.  

In 2011, Tuegel et al. [16] proposed a new approach 
to estimate the life of an aircraft, and envisioned a 
future where each aircraft is delivered with its own 
digital twin, enabling ultra-high-fidelity predictions of 
the aircrafts’ life. This vision shared by Tuegel et al. 
has remained a long-desired ambition across the 
industrial sectors [11].  

Today, prominent intended use cases of DTs within 
engineering can be divided into “pre-delivery” uses 
and “operational/lifecycle management” uses [17]. 
The pre-delivery usage refers to the role that DTs 
can play in product design and manufacturing 
processes [11][17]. The asset management 
application includes damage detection and 
structural/system health monitoring. Of relevance to 
this paper, these use cases of DTs for asset 
management have been proposed for in-space 
structures [15] and nuclear fusion reactors [18]. 

In the following, we mention some additional 
specific examples of the use of DTs (or closely 
related digital concepts) from across the industries. 
To this end, we first refer to Figure 3, which 
illustrates the breadth of the industrial applications 
of DTs in non-space sectors.  

 

Figure 3. Examples of the digital twins in-use/envisioned 
for various applications and industries; (top row) 

aviation, (a) jet engines, (b) civil aircrafts, (c) fighter jets 
(F-35); (middle row) transportation and energy, (d) 

automotive, (e) wind turbines, (f) railway; (bottom row) 
maritime, (g) submarines, (h) cruise ships, (i) oil rigs. 

The image sources are included as hyperlinks. 

General Electric has embraced the DT concept in a 
bid to eliminate unplanned downtime of aircraft 
engines and other systems. Lockheed Martin, via its 
Xcelerator portfolio, aims at driving the 
standardization of the DT technology to promote 
understanding across the entire lifecycle of its 

https://www.ge.com/research/offering/digital-twin-creation
https://connectedtechnologysolutions.co.uk/making-an-impact-in-the-real-world-with-digital-twins/
https://plm-erpnews.se/aktuellt-pa-engineering-com-the-lockheed-martin-win-integration-is-the-secret-to-siemens-success-in-aerospace-defense-meet-vp-dale-tutt/
https://plm-erpnews.se/aktuellt-pa-engineering-com-the-lockheed-martin-win-integration-is-the-secret-to-siemens-success-in-aerospace-defense-meet-vp-dale-tutt/
https://www.industryweek.com/technology-and-iiot/article/21130033/how-digital-twins-are-raising-the-stakes-on-product-development
https://www.ge.com/research/offering/digital-twin-creation
https://www.railtechnologymagazine.com/Comment/hitachi-bringing-digital-to-life-at-innotrans
https://www.oodaloop.com/archive/2022/02/23/the-worlds-largest-digital-twin-modeling-and-simulation-project/
https://www.youtube.com/watch?v=CyuK-Yq4aic
https://commons.wikimedia.org/wiki/File:Oil_rig_Jan_23.jpg
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products. Pratt & Whitney has developed DTs for 
the critical components of the latest generation of its 
F119 turbofan, enabling the components’ remaining 
life to be estimated based on the historical usage of 
the engine and, hence, drastically cutting the 
maintenance costs. Tesla creates a DT of its 
vehicles, used to interpret the real-world data and to 
determine whether a car is working as intended or if 
it needs maintenance.  

This prevalence of digital twinning concepts and 
DTs provides confidence that similar methodologies 
and tools can be successfully developed and 
deployed for Electric Propulsion to enable the long-
awaited transformation of the sector. 

2. PROMISES OF DIGITAL TWINS FOR THE 
ELECTRIC PROPULSION SECTOR (AND 
BEYOND) 

The promises of the DT technology for the EP 
industry revolve around two pillars: (i) streamlined, 
efficient, and methodical computer-aided design 
and development processes, (ii) a robust 
autonomous operation and control of the propulsion 
system. These promises of DTs for EP can readily 
be extended to the broader space sector. In this 
section, we closely examine the benefits offered by 
the DTs within each pillar.  

(i) DTs for computer-aided design, development, 
and qualification: digital twins can underpin the 
computer-enabled optimization-based design 
approaches. They can be employed for model-
guided optimization of the existing designs as well 
as rapid digital prototyping of new technologies 
and/or systems. The digital prototyping aims to 
enable a “trustworthy” detailed evaluation of the 
impact(s) that different design choices will have on 
the performance and stability of the device as well 
as its operational life.  

Computer-aided design optimizations are currently 
unachievable in the EP industry due to the 
unavailability of predictive models. As we will 
elaborate on in section 3, the lack of predictive 
models is driven by the limitations of the state-of-
the-art simulation tools, which in turn largely root in 
the complexities of behaviours in EP technologies. 

Thus, the EP industry today heavily relies on 
empirical design approaches that involve several 
design, manufacture, and test iterations, resulting in 
significant time and cost burdens. Nevertheless, the 
high-dimensional design parameter space typically 
associated with the EP technologies makes it 
impractical to achieve the most efficient solutions 
through trial-and-error methods alone, emphasizing 
the necessity for optimization-based practices using 
predictive and cost-effective modelling tools, that 
form a foundation of DTs. This translates into more 
circular design and development processes that 
minimize waste and promote sustainability.  

DTs can, additionally, inform optimal experimental 
design methodologies [19], which enable planning 
of the experiments effectively to extract maximum 
information about an EP device with minimal 
resources. These methodologies aid identifying the 
critical parameters and experimental conditions, 
leading in turn to more cost-efficient and informative 
test campaigns. Realizing optimal experimental 
design approaches for EP on the back of DTs 
equally supports the advancement of research 
surrounding the underlying physics of EP systems. 

Another area where the digital twins can play a 
crucial role is complementing the results of the 
characterization/qualification test campaigns by 
filling the gaps in experimental observations. By 
predicting the behaviours over unobserved 
conditions or scenarios (“what-if” analyses), DTs 
can enhance the comprehensiveness and reliability 
of the experimental data. An important implication of 
this is enhancing the reliability and extensibility of 
the on-ground test results with respect to the on-
orbit operation by quantifying the impacts of the 
background pressure and the electrical effects of 
the vacuum test facilities (refer to section 1). 

The DTs’ power to enable efficient what-if analyses 
can further alleviate and/or eliminate the need for 
repeating qualification campaigns or pursuing delta-
qualifications for already qualified EP technologies 
– as it is now a common practice – should the end-
user’s/customer’s requirements on the operational 
perimeters of the technology vary with respect to the 
qualified performance point(s).  

 

Figure 4. Comparison between the industry-standard development and qualification processes today and the vision of a 
revamped one that incorporates the digital twin technology; TU: Thruster Unit, DM: Development Model, EM: 

Engineering model, QM: Qualification Model. 
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To summarize the discussions so far, Figure 4 
presents a diagram in which we compare a typical 
conventional industry-standard workflow toward EP 
design and development today against the vision of 
one that is transformed by embedding the DT 
technology. This diagram illustrates how, in the 
design phase, the DT can replace the linear and 
costly design iterations through manufacturing and 
testing of multiple mock-ups, prototypes, and 
development models. It instead realizes a cost-
efficient, reliable, and circular process that features 
model-based design optimization and minimized 
experimental testing. Within the late-stage 
development and qualification phases, the DT 
technology surpasses the currently heavily test 
dependent approaches by enabling augmented 
statistics and rigorous failure analyses while 
alleviating the need for full-duration life testing, 
which has been a major constraint on the time and 
costs for qualifying new technologies. 

With respect to the DT-enabled circular design 
phase envisioned in Figure 4, a possible practical 
implementation has been outlined by the authors in 
[11]. They introduced a development framework, 
which was referred to as the “W design model” [11]. 
This model/framework consists of two “V-like” 
segments, one living in the virtual/digital space, and 
the other living in both the virtual and the physical 
space. Within the first segment, starting from an 
end-user’s requirements, digital models of the 
components, units, and the full system, which form 
the foundational element of an eventual DT, will be 
developed, and iteratively refined/matured against 
the requirements via step-by-step verification. 
Following the conclusion of the first segment, virtual 
prototypes of the product alongside their digital 
models (replicas) are available, and the 
development proceeds to the second segment that 
consists of manufacturing and testing of physical 
assets. From this point forward, the DT formed by 
integrating the constituent digital models can 
receive data from its real-world physical twin, and 
the rest of the process will go on in a similar fashion 
to that depicted in Figure 4.   

(ii) DTs for autonomous operations control: the 
transforming landscape of space missions and 
applications (Figure 1) and the new emerging 
paradigm of “future space ecosystem” [20] are 
associated with complex on-orbit operations. Two 
examples of this are robotic on-orbit servicing and 
constellations management. Effective and precise 
execution of complex in-space operations 
necessitates robust autonomous control. For this 
reason, the space industry is rigorously working on 
this next frontier, and space agencies like ESA have 
envisioned and are supporting the advancement of 
the concept of “intelligent” satellites and spacecrafts 
that would feature on-board Artificial Intelligence 
(AI) [21]. The concept of digital twin seamlessly 
aligns with and is in fact a linchpin for the next-
generation intelligent satellites. An ultimate goal of 
using digital twins across industries is indeed 

enabling autonomous (intelligent) decision making 
and optimal asset control. 

Recalling the crucial role that the EP technologies 
will play in many of the upcoming space missions, 
the EP DT serves as an indispensable enabler of 
autonomous operation of EP-based intelligent 
spacecrafts. Let us further clarify this through the 
example of fleet management for near-Earth 
satellite constellations. Constellations management 
is crucial to ensure optimal service at reduced 
maintenance costs and increased sustainability. As 
the constellations become larger and, hence, more 
complex, autonomous control of individual satellites 
forming the constellation becomes essential. This 
can, e.g., be achieved by creating a network of 
digital twins, virtually representing the constellation, 
and using the data/predictions from these DTs to 
make constellation management decisions. In the 
plausible scenario that the constellations’ satellites 
are equipped with EP, the EP DT will be an integral 
part of the satellite DT and will be crucial in enabling 
the planning and the execution of the necessary 
manoeuvres. This is because an EP DT contains 
critical information on the real-time health status of 
the propulsion system and can efficiently assess 
among various possibilities the optimum manoeuvre 
that can reliably be realized using the propulsion 
system.     

3. CHALLENGES OF REALIZING DIGITAL 
TWINS FOR ELECTRIC PROPULSION 
TECHNOLOGIES 

Through the discussions so far, we pointed out that 
DTs today exist in a variety of industries and 
sectors, and hold immense potential to transform 
the industrial design, development, and operation 
practices for the better. However, it is essential to 
underline that digital twinning is by no means an “all-
figured-out task” in any application, and there is an 
array of challenges that must be overcome in order 
to realize the full potentials of DTs. In the context of 
this paper, we divide these challenges into two 
categories: (i) those that are applicable to DTs in 
any field, and (ii) those that are unique to EP. 

We first focus on category (i), where we present 
some of the main general challenges on the path of 
digital twinning. The discussion here also aids to 
paint a picture of the state-of-the-art of the digital 
twins in today’s world.  

According to [11] and [17], most practical DTs 
currently in use are the so-called “simulation” DTs. 
These are digital twins that include physics-based 
and/or machine-learning (ML)/ data-driven (DD) 
models, have bidirectional data exchange with the 
physical twin, and can provide predictions of the 
future state of the system to support high-level 
decision making. An essential building block of 
simulation DTs is, thus, validated predictive models 
[11]. The DTs shall further be able to provide 
quantified uncertainties of their predictions [11]. 
This is where a main challenge lies because 
adequate and generalizable measures for 



 

 6 

uncertainty quantification (UQ) of the DTs are yet to 
be developed to account for a wide variety of 
uncertainties that a DT may be subject to, from 
model and measurement uncertainties to the 
uncertainties induced by the dynamic updating of 
the DT [6]. The dynamic updating itself poses 
another challenge for DTs in that computationally 
efficient (fast) inverse problem and data assimilation 
methodologies shall be established to enable 
combining real-world data and models in a 
“rigorous, systematic, and scalable way” [6].       

Beyond simulation DTs in terms of maturity are the 
so-called “adaptive” DTs and the “intelligent” DTs 
[8][11]. Both types of DT encompass the 
functionalities offered by the simulation DTs. 
However, adaptive DTs feature a higher degree of 
adaptability between the physical and the digital 
twins and can control the physical twin through 
supervised or human-in-the-loop learning. 
Intelligent DTs feature full autonomy and can control 
the physical asset via unsupervised learning. The 
adaptive and intelligent DTs have largely remained 
as the ambitions of the digital twinning because they 
face similar challenges in nature to those for the 
simulation DTs but to a more pressing extent. For 
instance, adaptive and intelligent DTs require that 
the predictions and dynamic updating occur in real-
time or faster-than-real-time depending on 
application. There are also ethics, data governance, 
and security considerations particularly concerning 
intelligent DTs. 

With the above in mind, we now turn our focus to 
the challenges within category (ii), i.e., those 
specific to the EP industry. The first and primary 
obstacle to achieve DTs for EP technologies is the 
lack of cost-efficient, predictive, and validated 
models. We recall that DTs surpass the traditional 
static modelling by the merit of their bidirectional 
interaction with the physical twin, but nonetheless, 
predictive models/simulations are the foundations of 
versatile, generalizable, and scalable DT. 

We would emphasize that real-world data alone are 
simply not sufficient to develop DTs, because, on 
the one hand, it is not possible to access and 
measure all aspects of interest that fully 
characterize the behaviour of a system. On the 
other hand, due to sensing/ diagnostics limitations, 
real-world data are almost always noisy and sparse 
in space and time. This is why the path to practical 
DTs of true engineering and scientific value 
necessarily involves realizing computational tools 
and methods that can serve as foundational building 
blocks of the DTs. 

Nevertheless, developing high-fidelity, predictive, 
and cost-efficient models has been a long-standing 
challenge in the EP community – one that is yet to 
be resolved. The primary reason for this status quo 
is the complexity of the physics and the notable 
influences that physical processes have on the 
global operation and performance of the EP 
technologies.  

In terms of physics complexity, there are aspects 
which are rather in common with other industrial 
applications. These include the multiscale nature of 
the dominant processes in space and time (the 
“tyranny of scales” as it is called in [22]), the three-
dimensional nature of the phenomena and 
interactions, and the often multiphysics behaviours 
and effects, such as material interactions during the 
EP technology operation, as well as the influence of 
the driving electronics and/or the propellant supply 
system. However, for the EP technologies, many of 
these complexities are much more challenging to 
accurately represent in a model than that in other 
fields. For instance, the disparity of scales is most 
often more significant in EP technologies than it is 
in, e.g., fluid technologies, such as jet engines, wind 
turbines, etc. Also, many of the most important/ 
promising EP technologies involve plasmas that 
exhibit “inverse energy cascade” [23][24], meaning 
that small-scale microscopic processes affect the 
larger-scale macroscopic behaviours. Hence, the 
global evolution of the plasma and, in turn, the EP 
device cannot be properly resolved by a model that 
cannot capture the microscopic phenomena.  

Because of the complexities overviewed above for 
the EP technologies, the highest fidelity numerical 
approach most widely in use today, i.e., kinetic 
particle-in-cell (PIC) method, is prohibitively 
computationally costly to model full-size EP 
technologies over real-world operational timescales 
[25][26]. The enormous computational cost 
additionally makes 3D PIC simulations intractable. 
Less computationally demanding codes – plasma 
fluid models – are currently not predictive because 
no generalizable and robust model and/or relation 
has been yet established to enable including the 
unresolved effects in these models [27][28]. 

It is noteworthy that ML/DD methods have already 
enabled new pathways to cost-efficient predictive 
models across domains, such as in fluid dynamics 
and structures. There is also no shortage of ML/DD 
methods with various capabilities and strengths. 
However, ML/DD-enabled/enhanced plasma 
models are scarcely investigated and/or adopted 
compared to that in the other fields of science and 
engineering. This is first and foremost because of 
the computational cost of conventional high-fidelity 
plasma models that does not enable generating 
sufficiently varied, statistically representative, and 
high-quality datasets of EP systems over their often-
broad parametric space of operation. 

All these foundational gaps and shortcomings in EP 
modelling shall be addressed as the first but critical 
step on the path to achieve EP digital twins 
(simulation DTs as the first target). As we will 
emphasize further in section 4, an essential activity 
to be pursued along with the development of 
predictive EP models is detailed, rigorous 
experimental validations. This is vital to create 
confidence that the developed models are indeed 
representing the reality with a sufficient accuracy 
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and quantified uncertainties. 

3.1.  Addressing the challenges one at a time: 
development of foundational building 
blocks 

Despite several challenges to be addressed, the 
breakthrough promises of DT technology are so 
critically needed in the EP industry that efforts to 
resolve the foundational gaps are fully warranted, 
starting with the development of the necessary 
software building blocks.   

A DT technology for EP can be formed by three 
main enabling elements: (i) physics-based self-
consistent high-fidelity simulations suitable for 
extensive datasets generation, (ii) ML/DD reduced-
order models (ROMs) that cost-effectively and 
accurately describe the EP system’s time dynamics 
by learning from the simulation data, and (iii) the 
measurement data from the real-world system 
obtained using sensors/diagnostics. The first two 
elements ensure the predictiveness and the 
generalizability of the DT. This is because the 
ML/DD ROMs trained on extensive datasets from 
high-fidelity simulations essentially incorporate the 
full governing physics of operation of the device into 
the DT. The real-world data enable the 
personalization of the DT and its dynamic 
adaptation so that the DT continues to be a reliable 
and accurate virtual representation of the physical 
twin as it evolves over its lifecycle. 

At Imperial Plasma Propulsion Laboratory (IPPL), 
the overarching aim of our computational research 
is to enable practical digital twins for EP systems. 
Toward this end, we have already made notable 
advancements on the software building blocks of 
EP DTs (elements (i) and (ii) above). We have been 
as well progressing on the definition of versatile DT 
frameworks. 

The technical details of these advancements are 
reported in an accompanying paper [29]. However, 
as a summary linking the two papers, the progress 
to date has been along three axes: 

1. Development of a novel reduced order (RO) 
PIC code: this is primarily aimed at addressing 
the enormous computational cost issue 
associated with the traditional PIC simulations. 
RO PIC [30] is a groundbreaking simulation 
capability that reduces the computational cost of 
PIC simulations by up to three orders of 
magnitude [25][30][31]. The extensively verified 
RO PIC [30][32][33] has enabled previously 
unfeasible high-fidelity large-scale parametric 
simulations [34]-[37], has allowed studying a 
very-high-power 20 kW-class Hall thruster in a 
self-consistent manner and over unprecedented 
time durations [38], and has paved the way to 
cost-efficient full-3D PIC simulations that are 
computationally intractable using traditional 
codes. 

The cost-efficiency of the RO PIC, which is being 
even further improved, enables the application of 

the code toward generating extensive high-
fidelity data that span across the operational 
parameter space of EP technologies. This 
addresses the challenge of the lack of required 
databases in order to achieve computationally 
fast predictive models with the aid of ML/DD 
techniques. 

2. Investigation and development of methods 
and architectures for ML/DD reduced-order 
modelling: In parallel to advancements on the 
front of cost-efficient PIC simulations, IPPL has 
been rigorously investigating the landscape of 
ML/DD methods for the modelling and dynamics 
discovery of complex physical systems. These 
efforts have led to the adoption and adaptation 
of already existing promising algorithms [39][40] 
as well as in-house development of 
breakthrough methods [41][42] that enable 
transforming raw extensive high-fidelity data 
from the RO PIC (and other possible high-fidelity 
simulations) into useful and explainable 
knowledge of the physics of operation of the EP 
and the broader plasma technologies.  

Our developed ML/DD capabilities can 
condense the high-dimensional and complex 
numerical observations and represent the 
insights in terms of interpretable, generalizable, 
and computationally fast ROMs [40][42], 
enabling the realization of long-sought-after fully 
predictive models that underpin DTs for EP 
technologies. 

3. Definition of the EP DT architecture: this is a 
recently initiated task as of the time of writing this 
paper. The aim is to create a versatile 
architecture and information flow for the DT, 
which can seamlessly integrate and connect the 
high-fidelity simulations, ML/DD ROMs, and the 
real-world test data from sensors/diagnostics. 
One critical aspect that the architecture should 
effectively enable is how the experimental data 
from the physical EP system will be fed into the 
twin and will be used to update the models. The 
definition of the DT framework and its internal 
and external interfaces is a key step on the path 
to demonstrate digital twins for the EP 
technologies.                

4. VISION 2030 

At IPPL, we are envisioning a rapid, though 
pragmatic, timeline to achieve fully fledged, fully 
verified DT technology for EP systems, which 
extends over the period of 2024 to early 2030s. As 
it will be further elaborated on in the accompanying 
paper [29], we are adopting industrially important 
Hall thruster technology as the proving ground for 
the development of the building blocks of the EP DT. 
In this respect, it is emphasized that the developed 
methodologies, toolsets, and architectures for the 
DT will be by construction and inherently extensible 
to any EP technology.  

Our activities on the software building blocks and 
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the DT architecture, taking Hall thrusters as a 
reference technology, will pave the path toward 
realizing EP DTs. A closely connected concept to 
DTs, on which IPPL is also working and that is 
required to set a clear framework for the industrial 
uptake of the DT, is what we term “computer-aided 
development strategy (CDS)”.   

The CDS, which is enabled by and built upon the DT 
technology, addresses the EP industry’s decades-
long struggles with time-consuming, resource 
demanding, and empirically based developments. 
The CDS will feature an integrated interaction 
between testing and modelling to reduce the 
reliance on testing and to alleviate the need for full-
duration life testing of EP devices. Such CDS will 
also enable statistically rigorous procedures for 
failure risk analysis, which will in turn ensure 
revamped fidelity and trustworthiness of 
development and qualification processes in view of 
emerging demands of the space sector. 

Even though IPPL is progressing on DTs and 
encompassing CDS frameworks, we recognize that 
the overall aim of realizing fully fledged digital twins 
for the entire EP family together with a widely 
acceptable CDS framework on the back of the DT 
may not be realistically achievable by IPPL alone. 
This is particularly noting the multifaceted nature of 
the DTs and of the efforts required to ensure CDS’s 
industrial adoption. Both aspects require an across-
the-board engagement among the academia, 
industry, end-users/customers, and agencies, who 
are involved in EP research, development, 
operation, and governance. 

To paint an overall picture of what lies ahead, we 
start by noting that the development of fully scalable 
DTs, which are transversally applicable across all 
EP technologies and that can represent the full 
spectra of the complex, multiscale, and multiphysics 
phenomena occurring during the operation of an EP 
device, is a greatly multidisciplinary endeavour that 
spans the fields of plasma physics, electrical/power 
engineering, fluidics, materials, etc.  

Moreover, to gain the confidence of the EP and the 
space industry, from the developers to the satellite 
manufacturers and operators, in the concept of CDS 
that is aided by a digital technology, rigorous 
verification and validation of the software building 
blocks and the DT as a whole are required. This 
must happen across various EP concepts as well as 
for the different power classes of a specific EP 
technology, like Hall thrusters or Gridded Ion 
Engines. The required verifications and validations 
necessitate the development and use of advanced 
diagnostics that enable reliable measurements of all 
the detailed properties of the plasma so as to allow 
in-depth validation of the building block simulations 

and models that underpin the DT.  

Even beyond the verification and validation of the 
building blocks, we recall that the power of the DT 
primarily comes from its dynamic adaptation to the 
real-world based on the continuous stream of data 
it receives from the physical twin. As such, the 
development of cost-effective sensors and sensing 
strategies for EP, both for on-ground testing and for 
on-orbit operation, are additionally key to realize the 
full potentials of the digital twins for computer-aided 
development as well as for autonomous control.  

Ultimately, a coordinated effort and joint continued 
dialogue is essential across the community to 
ensure that the DT technologies and the revamped 
development, qualification, and operation practices 
based on these will be pragmatic and widely 
acceptable to be adopted by the industry. 

An important enabling factor to highlight regarding 
the above vision is timely investments. Digital twins 
have the potential to revolutionize the EP industry, 
catalysing the shift to an agile, cost-effective, 
sustainable industry with methodically revamped 
and rigorous verification and risk assessment/ 
tracing procedures. The benefits of this 
transformative shift extends to the broader space 
sector, opening the door to EP systems of higher 
efficiency and unparalleled reliability as well as 
novel revolutionary concepts such as nuclear 
electric propulsion.  However, translating all these 
potentials into reality requires sustained financial 
support, which is crucial to shape any long-term 
collaborative efforts and community-wide 
engagements. It is acknowledged that proof-of-
concepts are initially required to demonstrate DT’s 
potentials and utility in practice, and this is the step 
that IPPL is pioneering. 

Our initial demonstrative step amounts to 
developing a DT proof-of-concept at Technology 
Readiness Level (TRL) 3. Beyond this, the roadmap 
that we are envisioning for DT TRL progression 
toward fully developed intelligent DTs that enable 
autonomous on-orbit control of EP systems is 
illustrated in Figure 5.  

We briefly describe in the following paragraphs the 
principal elements of the roadmap shown in Figure 
5. 

Progress toward TRL 4/5 will be achieved by 
extending an EP thruster DT to represent an entire 
system in a realistic manner. For example, for the 
reference proving ground case of a Hall thruster, 
this will involve incorporating ML/DD-based models 
of the thruster’s thermomechanical and wear 
mechanisms as well as the models of the hollow 
cathode, the Fluid Management System (FMS), and 
the power unit.  

 



 

 9 

 

Figure 5. Vision 2030: EP digital twin technology development roadmap 

The DT at TRL 4/5 will also include bidirectional 
exchange of data with the physical twin. Along with 
the progress to TRL 4/5, methodologies and 
approaches for the uncertainty quantification and 
the continuous verification/validation of the digital 
twin predictions will be further developed and 
matured. At TRL 4/5, the DT will be featuring the full 
capabilities of simulation DTs, hence, we will have 
reached the most common level of technology 
readiness for digital twins across the industries.   

To achieve TRL 6, which amounts to delivering an 
adaptive DT, continuous, real-time communication 
and transfer of data between the digital and the 
physical twins will be demonstrated. The real-world 
data from sensors, for instance, will be used to 
dynamically update the DT on the fly. This can lead 
to the correction of possible discrepancies between 
the DT’s predictions and the physical system 
behaviour over time, thus, increasing the 
confidence in the outputs from the digital twin for 
decision making. Toward TRL 6, we will also verify 
the DT’s capability to provide a detailed analysis of 
the present state and reliable predictions of the 
future state of the physical system. This will confirm 
the DT’s readiness for health-monitoring and 
supervised control of the EPS.  

Finally, TRL 7/8 for the DT technology, i.e., an 
intelligent EP DT, can be achieved in two steps: first, 
by maturing the DT capabilities for autonomous 
control via unsupervised learning, and second, by 
performing in-orbit-demonstration (IOD)/ in-orbit-
verification (IOV) on the intelligent DT to 
demonstrate the technology in the real operational 
environment of the EP system. A great added value 
can be achieved by performing the IOD/IOV using 
an intelligent satellite platform, in which case the 
integrability and adaptability of the EP DT to 
seamlessly work with the on-board AI will be 
additionally verified. 
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