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Abstract 
The use of digital twins and simulation models to construct, evaluate and validate designs has become an 
intrinsic part of every product creation process. The use in production, operation and service has been 
increasing in the last years, for example model predictive control or simulation-based assist systems. The 
challenges – and opportunities – however are multifold. Interoperability of models, model transformation 
and co-simulation are key to realize system level simulation. Computing performance alone cannot address 
the requirements posed by ever more complex systems and applications like massive design space 
exploration or interactive simulation, expressing the need for disruptive solver solutions. But also modeling 
technology needs to be extended. Integrating the digital twin with data measured on the physical assets, 
reusing all previously established engineering knowledge, allows new applications such as virtual sensing, 
model based control and hybrid system modeling including hardware, software and numerical components. 

1 Introduction 

The digital twin is the virtual copy of a real asset. It integrates all data, models (engineering, data-based, 
simulation), and otherwise structured information of a product, plant, infrastructure system, or production 
process. The data can be generated during design, engineering, manufacturing, commissioning, operation, 
or service. Integrating all information is key to leverage existing and create new business opportunities. 
Depending on the application under investigation, the digital twin may represent a product, a production 
system or a production or construction process. In all cases however, the objective is to have a digital 
representation suited to the purpose in terms of level of detail, completeness, accuracy, and execution speed. 
The digital twin can be used in product design, simulation, monitoring, optimization and servicing and is an 
important concept in the industrial Internet of Things.  
Simulation is then the execution of a model of a real world system to study its behavior, evaluate an 
architecture or parameter space with the goal to optimize design, production, operation, and service. 
Examples are 3D CAE models with attached physics, models of logical behavior and effect based (1D) 
models of the system, test-based models, and system simulation models as a mixture of all.  
Digital twins are created in the same design and modeling environment that designers and engineers use in 
the various stages of product development. The key element with a digital twin is that the model acts as a 
unique reference which is retained throughout all stages of the product's lifecycle, including but not limited 
to the functional description, concept evaluation, performance optimization, variant tracking and inspection 
and maintenance. Typically, a digital twin will be a “living” entity, being extended, completed and updated 
throughout the asset’s lifecycle, further enriched with data obtained during the physical asset’s operation. 
The concept of the digital twin requires three elements [11]: the physical product in real space, its digital 
twin in virtual space and the information that links the two.  
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Sensors connected to the physical product can collect data and send it back to the digital twin, and their 
interaction can help optimize the product's performance. For example, sensors might detect when a car's 
engine oil needs changing, and the car's digital twin will have an overlay image indicating the new 
information, which can appear on the owner's smartphone or the manufacturer's product lifecycle 
management (PLM) system.  
The present paper will focus on the simulation digital twin used in the product creation, verification and 
validation stages. More encompassing descriptions, including the broader framework of production and 
production systems can be found e.g. in [24]. What is key to the digital twin is that it constitutes an essential 
part of the industrial Digitalization strategy and that its realization depends heavily on advanced software 
tools and processes, including multiphysics simulation, experimental verification and data management. 
Interoperability of methods and data originating from heterogeneous sources and applications is hence a key 
challenge to be addressed. 
Several factors have now converged to bring the concept of the digital twin to the forefront as a disruptive 
trend [34], with a boost of engineering news bandwidth since 2017 [38][39][40][41][50][54]. In fact, Gartner 
[34] predicts that by 2021, half of the large industrial companies will use digital twins, resulting in those 
organizations gaining a 10% improvement in effectiveness. 
The outline of this paper is as follows. Section 2 provides the state of the art of the digital twin. Section 3 
provides the Siemens vision on the digital twin throughout the product lifecycle. Section 4 reviews enabling 
technologies: simulation and test models, model order reduction (MOR) schemes and co-simulation, etc.  
Section 5 provides case studies of the digital twin in action. The paper is concluded in Section 6.  

2 State of the art of the digital twin 

The concept of digital twins is not new. For more than 30 years, product and process engineering teams 
have used 3D renderings of computer-aided design models, asset models and process simulations.  
NASA was the first to work with pairing technology – the precursor to today’s digital twin – already from 
the early days of space exploration onwards [30][41]. The challenge has been to operate, maintain or repair 
systems when you aren’t within physical proximity to them; after all, the systems would travel beyond the 
ability to see them or to monitor them physically. When disaster struck Apollo 13 in 1970, it was the 
innovation of mirrored systems still on earth that allowed engineers and astronauts to determine how they 
could rescue the mission. Today, NASA uses digital twins to develop new recommendations, roadmaps, 
and next-generation vehicles and aircraft [4][11][22]. The term digital twin was first defined by Dr. Michael 
Grieves at the University of Michigan around 2003 in a University of Michigan Executive Course on Product 
Lifecycle Management (PLM), as referenced in his book in 2011 [8]. In his 2014 white paper [11], he 
outlined the concept of a digital twin as a virtual representation of what has been manufactured. He promoted 
the idea of comparing a digital twin to its engineering design to better understand what was produced versus 
what was designed, tightening the loop between design and execution. 
The Air Force Research Laboratory linked the digital twin to the operational phase of the aircraft lifetime. 
According to their 2011 vision [5], when the physical aircraft is delivered, a digital twin of the aircraft – 
specific to that tail number, including deviations from the nominal design – will be delivered as well. The 
digital twin will be flown virtually through the same flight profiles as recorded for the actual aircraft by its 
on-board structural health monitoring (SHM) system. The model will be updated/calibrated/validated w.r.t. 
sensor readings recorded by the SHM system. When damage is found, it will be added to the Digital Twin, 
such that it continually reflects the current state of the aircraft. Also, “prognostics” for the airframe will be 
possible by flying the digital twin through possible future missions. Main outcome is in the area of fleet 
management: the digital twin model will be used to determine when & where structural damage is likely to 
occur, and when to perform maintenance. In this line of thought, Tuegel et al. [7] propose a process that 
utilizes an ultrahigh fidelity model of individual aircraft by tail number, a Digital Twin, to integrate 
computation of structural deflections and temperatures in response to flight conditions, with resulting local 
damage and material state evolution. 
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The concept of digital thread (the use of digital tools and representations for design, evaluation, and life 
cycle management) was introduced in [14] in 2013. A digital thread describes and defines a component in 
a reusable digital format [48]. This refers to a digital twin comprised of advanced modelling and simulation 
tools that link materials, design, processing and manufacturing. This is claimed to be a future game-changer 
that provides the agility and tailorability needed for rapid development and deployment, while also reducing 
risks. According to [19], the future aircraft lifecycle management will be predictive, integrated, 
individualized and preventive, thanks to the digital thread / digital twin technology. The importance of the 
digital thread is underlined in the NASA Vision 2040 on materials modelling [48]. It is stated that the 
connection of this structural paradigm viewpoint with that of the design of materials paradigm, with all its 
potential impact, is still lacking and will require more work. It is also stated that companies that have 
established a digital thread and accompanying digital culture are reporting high payoff in terms of efficiency 
increases and cost savings; however, to date progress has occurred on either the material or structures side 
of the house with only limited connection between the two.  
The different waves of simulation in system development, announcing the digital twin era, were introduced 
by Boschert and Rosen in 2016 [24]. As shown in a Siemens graphic in Figure 1, simulation is evolving 
from a troubleshooting tool to adding customer value in the form of digital twins. In the digital twin era, 
simulation is a core functionality of systems by means of seamless assistance along the entire lifecycle, e.g. 
supporting operation and service with direct linkage to operational data. Boschert and Rosen focus on the 
use of the digital twin in the design and engineering phase, as well as the operation and service phase.  

 
Figure 1: Simulation is evolving from a troubleshooting tool to adding customer value through digital twins.  

With recent developments that have resulted in higher availability and affordability of sensors, data 
acquisition and computer networks, the ground is fertile for implementing high-tech methodologies to 
modernize today’s industry [20]. This has resulted in ever more sensors and networked machines, 
continuously generating high volume data which is known as Big Data [12]. Cyber-Physical Systems (CPS) 
can be further developed for managing Big Data and leveraging the interconnectivity of machines. 
Networked machines will be able to perform more efficiently, collaboratively and resiliently [12]. This trend 
is transforming manufacturing industry to the next generation, namely Industry 4.0 [23]. This represents the 
combination of Cyber-Physical Systems, the Internet of Things, and the Internet of Systems. In short, it is 
the idea of smart factories in which machines are augmented with web connectivity and connected to a 
system that can visualize the entire production chain and make decisions on its own. The digital twin can 
become instrumental in its capability to model a range of identically manufactured products, and accompany 
each of them in their lifecycle, subject to the same loads and conditions in a virtual environment, and 
predicting their state throughout the product lifetime.  
Many software vendors are now marketing the digital twin or similar concepts. A good overview of the 
technology status is given in the Gartner eBook [50] and the NAFEMS Benchmark magazine of April 2018, 
see [51][52][53] and especially [54]. 
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3 Digital twin throughout the product lifecycle 

At the Siemens PLM Software 11th annual analyst conference in Boston, Sept 5-8 2017, Siemens PLM 
Software described its approach to the digital twin as creating a holistic, actionable set of digital twins that 
encompass all aspects of the product lifecycle, spanning product, production and performance [35][36][39]. 
There are in fact at least three lifecycle stages that require a digital twin, each of which needs to be created 
and connected to the others. These include the: 

• Digital Product Twin – used during product development; 

• Digital Production Twin – used during manufacturing engineering and production operations; 

• Digital Performance Twin – used for product simulation and during the utilization of the product. 

 
Figure 2: The three phases for the digital twin are called “Ideation”, “Realization” and “Utilization” [35]. 

The digital twin understands and models the entire value chain process and helps to create a digital thread 
across the product and process lifecycle. To get maximum value and productivity an enterprise that creates 
complex products or processes can benefit from an actionable, holistic digital twin concept. An actionable, 
holistic digital twin is a living model fed by analytics and exercises by math-based simulations. These are 
multi-function simulations involving mechanics, electronics and embedded software that are combined to 
create a predictive engineering analytics function that inform companies how to improve their product data 
and process design, production and maintenance approaches. This provides business value well beyond the 
predictive maintenance use cases common in digital twin discussions today [41].  
Of course depending on the specific domain, e.g. the construction industry, connotations of the digital twin 
are much broader than the perspective covered in this paper. For the sake of brevity, in this paper the focus 
is on the product centric point of view. 

4 Enabling technologies  

4.1 Simulation and test models  

PLM vendors currently offer a wide range of tools to enable efficient virtual and model-based design of 
industrial products. These tools span a wide range of complexity and applicability, depending on the stage 
of the design where they are deployed. In practice a dichotomy between two key approaches is observed: 

• System simulation tools (i.e. based on analytical models and functional relations, also referred to as 
1D simulation tools) are used to simulate complete systems or sub-systems and are predominantly 
used in the conceptual design phase. The individual components of a system are simplified via 
integral or global methods aimed at rendering only their main characteristics, emphasis being put 
on describing their interaction with the numerous other components in the studied system. At their 
core are lumped parameter system models formulated as Ordinary Differential Equations (ODE) or 
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Differential Algebraic Equations (DAE). The simulated time ranges from fractions of a second up 
to minutes. The related CPU time ranges from some hundred times real-time, down to real-time. 
Real time applications require very simple descriptions of components and thus rely on empirical 
or phenomenological models. As a result, a priori predictivity (i.e. the ability to predict the system 
behavior without a priori experimental evidence) is low. While originally  mainly used in the 
concept phase, such 1D system simulation models are increasingly forming the core of the 
integrated Multiphysics system description in complex mechatronic systems.  

• Geometry-based 3D simulation tools are used for detailed component design and are the traditional 
performance validation (and optimization) complement of CAD (Computer Aided Design) based 
product descriptions. They are applied to single components, or small sub-systems of few 
components. They aim at accurately predicting the detailed phenomena determining their behavior 
by resolving the related fundamental equations. They are mainly used in the detailed design and 
engineering phase, for acquiring a detailed understanding of the interactions of complex phenomena 
and for optimizing proposals resulting from the concept phase. One can distinguish  

o Multi-body simulation (MBS) method: here, the structure is composed of various rigid or 
elastic bodies. Connections between the bodies can be modelled with kinematic constraints 
(such as joints) or force elements. A system-level calculation then yields the forces and 
displacements that can be analyzed or can serve as input to FE calculations e.g. for NVH.  

o Finite Element (FE) method: the full domain is discretized into finite elements, that are 
approximated with simple or more complex shape functions. Calculating the mechanical 
response of the assembled system then yields the system-level prediction. FE is used for 
detailed 3D prediction of structural vibrations, noise, acoustics, electromagnetic excitation.    

o Boundary Element (BE) method: here, the boundaries of the domain are discretized and 
modelled with simple or more complex shape functions. A calculation of the mechanical 
response of the assembled system then yields the system-level prediction. It is used for 
detailed 3D predictions e.g. of acoustics and electromagnetic radiation.  

o Computational Fluid Dynamics (CFD) method: the branch of fluid mechanics methods 
using numerical analysis and data structures to analyze problems involving fluid flows. 
Computers are used to perform the calculations required to simulate the interaction of 
liquids and gases with surfaces defined by boundary conditions.  

3D simulations are typically built up by leveraging the availability of detailed geometrical 
description of the domain to be simulated (CAD files). The simulated time ranges from fractions of 
milliseconds up to multiple seconds. The related CPU time is significant, around 104 times the real 
time, down to real-time (multi-body simulation models that can run in the loop with high fidelity as 
compared to 1D models). The accent of 3D simulation is on high predictability in order to 
characterize a component or sub-system. The 3D simulations are mostly used in the detailed 
engineering phase, for optimizing and validating detailed component models up to system 
simulation models. Even though these tools enable high-fidelity results, they are often much too 
computationally expensive for full system level evaluation in a fast design process. 1D models offer 
the potential to perform fast simulation and real-time performance for XiL applications, but they 
lack the parameter traceability to design variables to be useful in a general design process. 

Hybrid Test-CAE modelling approaches are possible from the refinement engineering stage onwards, with 
the availability of first test prototypes [33]. One example is the creation of hybrid models in which a 3D 
model of a newly designed component is combined with an experimentally identified model of an already 
existing component (prototype). Especially in case of re-using complex components with nonlinear behavior 
in a future design, such hybrid modelling approaches can be very interesting. In this phase, also the 
correlation and updating user scenario is relevant, for instance by improving a Finite Element Model (FEM) 
based on Experimental Modal Analysis (EMA) results from a vibration test. Moreover, the reduced EMA 
model can also have a value to be used directly in a state estimation environment, representing part of the 
realistic physics of the system in a concise representation. 
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4.2 Building blocks to respond to current industrial challenges 

The digital twin vision extends the need of advanced building blocks to respond to today’s industrial 
challenges. This is supported by a double exponential growth of capability in simulation technology. On the 
one hand, computational hardware is developing exponentially according to Moore’s law [1]. On the other 
hand, efficiency of simulation algorithms is subject to exponential growth as well [2].  
Model order reduction (MOR, see e.g. [2][3]) is a key technology for digital twins. A wide range of different 
MOR  technologies have been developed for specific fields, e.g. MOR methods for multi-body systems have 
been reviewed and developed in [13]; MOR schemes that are fit for purpose for flexible multi-body systems 
have been worked out in [6][16][57]. Dedicated MOR schemes for FEM-based vibro-acoustics systems 
have been developed in [45]. By splitting computations in an off-line and an on-line phase, computational 
effort is shifted to an off-line phase allowing interactive simulation during the on-line phase. However, not 
only does this imply a speed-up of calculations, but due to their reduced information set, reduced order 
models protect intellectual property efficiently. While from the mesh of full 3D simulations geometries can 
be recovered, this is not the case for reduced order models. In particular since the output generally focuses 
on the quantity of interest, i.e. a temperature at a single location rather than a complete temperature field. In 
addition, reduced order models can be efficiently containerized using available standards such as the 
functional mock up interface (FMI, [10]) thus increasing usability.  
Another key technology is to be able to combine different modelling approaches in a single calculation. To 
couple the models, different approaches exist. One may embed state equations with a description of the plant 
system (e.g. MBS or 1-D model) into these of the control (or vice versa) to enable the use of one solver, or 
adopt a true co-simulation approach where each system part runs its own solver [29].  
State estimation is a time domain approach to predict the true values of states of a model, given a set of 
measurements – see overviews in [25][33][37]. Two main method families exist: the Kalman filter and the 
Moving Horizon estimator (MHE). The basic idea is to use a weighted sum of both the measurements and 
model predictions to make an overall optimal prediction of the true value of the states. These states can be 
internal states to the physical system, or augmented states (states that are added to the system equation, and 
that can represent inputs/parameters that are unknown or cannot be measured directly). Virtual sensors can 
be introduced via numerical calculations on top of internal system states, or as augmented states. The choice 
of weights is often inspired by the measurement noise level and model accuracy. This way, the model is 
continuously synchronized with measurement data, and can be used for analysis and control.  
Of course these particular modelling, simulation and optimization technology building blocks are only a 
subset of the technologies relevant for digital twins. Many more building blocks contribute to digital twins, 
e.g. Internet of Things (IoT) in the case of digital twins for embedded software design applications [46][55].  

5 Case studies 

In this Section, a number of digital twin case studies is shortly described along with targeted application 
areas across the product lifetime (Ideation, Realization and/or Utilization).  

5.1 Electric motor thermal virtual sensor 

Digital twins condense the engineering knowledge of products and complex systems into digital models. In 
particular, simulation models allowing predicting the expected behavior in the future are highly valuable 
assets. In particular, leveraging advances in model order reduction, allows to use corresponding models in 
an online fashion, parallel to the operation. From a parallel simulation corresponding with the real system, 
physical values can be deduced that are not accessible by sensors. This opens up new operation paradigms. 
For example, consider the efficient thermal control of an electric motor. Electrical motors are subject to 
thermal derating requiring temperature control [63]. Large-scale electric drives are exposed to high levels 
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of stress due to induction heating on start-up. Frequent starts without a sufficient interval for cooling can 
result in motors overheating. However, measuring the temperature of the actual rotors turning at high speed 
within the motor is close to impossible. Thus, controls are often based on very conservative heuristics.  
In principle,  corresponding temperatures can be calculated by means of 3D thermal simulations in a 
sufficiently accurate manner. In the case of the electric motors considered, linear convection-diffusion 
models are used. Corresponding 3D models are typically available from the detailed engineering phase in 
product design. However, they are computationally too demanding to be used during operation. Using model 
order reduction, corresponding models for background simulation can be realized – in this paper, Krylov 
methods are adopted. Being highly efficient to evaluate, they allow not only to be extended by uncertainty 
quantification methods, but they also enable continuous calibration using available sensors on the stator 
side. Thus, by means of continuously-calibrated background simulation models, temperatures not accessible 
to sensors can be virtually measured, see Figure 3.  
Using for instance augmented reality devices, the user can at any time virtually look inside the motor to 
observe temperature distribution, see Figure 4. This allows the cooling times required for electric motors to 
be significantly reduced, ultimately enhancing the plant availability. Enriched with methods for uncertainty 
quantification, confidence intervals can be provided for the rotor temperature (ref. Figure 3) allowing to go 
close to operational limits and thus increasing availability. Such an optimized process that can prevent motor 
overheating and reduces the downtimes required during the cool-off phase, which can save up to €210,000 
per hour depending on the use case and corresponding industry [62]. 
 

 
Figure 3: Proof of concept along a small motor – operation parallel digital twins enabled by model order 
reduction combined with online calibration and uncertainty quantification allows monitoring unmeasurable 
temperatures on the rotor (in green) and predicting future scenarios of the same temperature (in blue) [63]. 

 
Figure 4: Combined with novel human-computer interaction devices, new operation paradigms are possible, 
e.g. online 3D visualization of temperature fields inside the motor / on the rotor during operation [62]. 
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5.2 Case study on manufacturing: milling with robots 

As addressed before, the core concept of digital twins is to leverage digital models of the products in various 
scenarios. In doing so, digital twins need to interact with their environment as the real products. Very often 
this is realized by setting boundary conditions or initial conditions appropriately, e.g. in the case of the 
electric motor as presented in Section 5.1. However, these interactions could be of a much more complex 
nature, requiring also sophisticated digital models of the environment itself. When it comes to manufacturing 
processes, these interactions can be extremely complex, requiring highly sophisticated models.  
A typical use case of a manufacturing process is milling. During milling very high process forces occur, 
requiring extremely stiff structures to prevent any quality issues due to deflection of the machine tool. 
Because of their flexibility, large working space and low costs, robots could be an attractive alternative. 
However, as compared to machine tools, robots are extremely soft structures, such that the process forces 
lead to large deflections of the robot head and therefore to quality issues. Although digital twins of the 
mechanical robot behavior in terms of mechanical models are available to very high levels of accuracy [32], 
detailed force models at sufficient accuracy and speed are not available to compensate for the forces 
efficiently also for large working pieces. 
Providing appropriate models of the process itself allows closing the control loop and compensating for the 
forces. In doing so, digital twins of the machine tool combined with digital twins of the subtractive 
manufacturing process allow compensating for mechanical limitations of the machine. As shown in Figure 
5, the error can be reduced by over 90% as compared to uncompensated approaches. This opens up new 
options for introducing robots in machining. For example, loading robots of machine tools could perform 
roughening operations while the machine tool is finishing the parts. A multitude of other machining 
applications could benefit from this combination of digital twins and complex environment models [61].  
 
 

 
Figure 5: the digital twin allows reducing manufacturing errors of machining aluminum with robots by more 
than 90%, thus opening up new application fields for robots.  

          
Figure 6: Robot machining aluminum with industrial quality and a digital twin based control combining a 
digital twin of the robot with a simulation model of the manufacturing process [61]. 
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5.3 Electric aircraft (eAircraft) enabled by the digital twin 

The aircraft business has significantly evolved in recent years with many new entrants adopting to the same 
standard design configuration that has been in use since 1954. Furthermore, a myriad of new concepts are 
being introduced. Innovation goes bottom up, from small to large, with unmanned air vehicles (UAV) 
becoming manned again, and new concepts being introduced for urban and regional transport and logistics 
purposes. Most of the new concepts include electric motors, since that enables new architecture solutions 
and design concepts, and since this is seen as the only viable path to reaching the “Flight Path 2050” goals 
of 75% CO2 emission reduction per passenger km [9]. Often the new concept is achieved with a hybrid 
electric solution, as the power density of kerosene is still much higher than of state of the use batteries. In 
fact, it is believed that for the next 20-30 years to come, kerosene will be an important carrier for energy for 
long flights, but by separating the energy generation from the thrust generation, and combining electric 
motors with traditional propulsion, you can burn much less fuel for the same flight mission with hybrid-
electric propulsion unit [43]. With the new design concepts, you can get the peak power from the battery, 
and the turbine does not have to be sized for post-V1 single engine take-off, so it can become smaller, more 
efficient and downsized. Electric propulsion will allow to build new concepts that have distributed 
propulsion systems. This will lead to new structural, systems and propulsion architectures, for which new 
industrial solutions as additive manufacturing and generative design will play important role. 
One crucial element for an eAircraft is a high energy density and power densification. Siemens AG is a 
world leader in electric drives for this purpose. For instance, the Siemens eAircraft SP260D achieves a 
record level of 5.2 kW/kg engine (a record, and factor 5 more as compared to electric engines in trains and 
cars that achieve about 1 kW/kg). The second crucial element is to take benefit from digital twin technology 
throughout the product lifecycle [31], as shown in Figure 7. For designing such complex highly integrated 
products, a close link in the development process is needed between electromagnetics, electronics, structural 
performance, thermal properties and software and systems. For the eAircraft, this has been provided by the 
wide prediction range of the Simcenter portfolio [58][59]. To illustrate the benefits: starting from the 
knowledge base of the existing SP 260 engine, the new SP 200D engine with a significantly changed design 
was achieved in just 9 months and 19 days by adopting digital twin technology, achieving a 50% increase 
in the achieved torque to mass ratio. 
 

 
Figure 7: Siemens eAircraft, supported by the digital twin throughout the product lifecycle.  
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5.4 Additive manufacturing 

Recently, Additive Manufacturing is coming up as a disruptive technology, providing a very wide range of 
design freedom and unique product properties as compared to the traditional design approach [42]. The 
technology is highly compatible to the digital twin technology in the realization phase, as one prints 
something very close to what one has already modelled. A virtual correction step of the modelled structure 
is however required to create the actual digital twin.  
More specifically, in case of metal parts produced through selective laser melting, due to the highly dynamic 
nature of the melting and solidification process, high amount of thermal stress is accumulated in the 
produced part. The accumulated thermal stresses lead to deformations which could lead to manufacturing 
problems (e.g. re-coater crashing). To counter such thermal deformations, so-called support structures are 
used to anchor the printed object to the build plate during the build-up of the structure and to limit the 
deformations. However, these support structures are removed in a post-processing step after the printing and 
due to the internal thermal stresses, the part deforms compared to the structure that still had the supports. 
One can virtually perform a distortion analysis in Simcenter 3D [58], and compensate the structure to be 
printed for the expected distortion. This way, one can achieve a digital twin model that closely resembles 
the eventually printed structure and the original CAD design. In Figure 8 and Figure 9, this process is 
illustrated for a blade structure. The digital twin can be used to virtually analyze the effect of defects due to 
the additive manufacturing process. 

 
Figure 8: Siemens’ additively 
manufactured example of a gas 
turbine blade.  

 
Figure 9: Distortion analysis w.r.t. the effect of removal of support 
structure (on the right side, a displacement is shown). Simcenter 3D 
[58] enables compensating the predicted structure w.r.t. expected 
distortion, hence allows printing it without a distortion.  

5.5 Composites manufacturing simulation  

Composites manufacturing simulation technology [56] has emerged in CAE products as Simcenter 3D [58] 
to enhance the level of realism of lightweight composites product models. With a draping simulation, one 
can predict the actual fiber orientation, which has a significant influence on the product dynamics and fatigue 
performance. Infusion modelling helps predicting the flow front and allows to find the optimal process 
conditions in order to avoid dry spots and reduce the void content, which adversely affect the product 
strength properties. A curing simulation helps predicting the effect of the thermo-mechanical curing process 
on the material and product properties [27]. All these technologies add to the realism of the product 
performance prediction, hence to the digital twin performance in the ideation phase. It is believed that still 
basic research has to be done into multi-scale materials modelling and process simulation on a nano-scale, 
to be able to fully understand the composite product performance [48]. For the B-pillar application case 
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shown in Figure 10, the ideation phase digital twin can enable optimizing the NVH behavior and strength 
of the B-pillar, and also determine the performance in case of a crash analysis (side impact of the vehicle). 
  

  

Figure 10: Manufactured B-pillar (left); Draped B-pillar that is used to obtain the fiber orientations (right). 

The same technologies also add to the digital twin power in the realization phase, by predicting the 
performance of the product ‘as manufactured’. For the realization phase, one also needs to establish a digital 
twin of the composites manufacturing device, as to enable the optimization of the manufacturing process 
parameters based on a digital twin of the manufacturing device. 

5.6 Rear twist beam suspension  

A digital twin in both the ideation and utilization phases can be instrumental to get insight in quantities that 
are hard to measure (such as the wheel forces in multiple directions simultaneously) or impossible to directly 
measure (such as the stress/strain distribution on a complex component). This rationale is pursued in the 
next application case – the virtual sensing analysis of a rear twist beam suspension [17][33][60].   
The model adopted is a linear Finite Element (FE) model reduced thanks to a model reduction technique 
which includes the first 10 eigenmodes of the free-free structure and residual attachment modes computed 
at the connection points, to improve computational performance [33]. Due to its particular shape a twist 
beam suspension has the desirable property of being more compliant in the vertical direction of motion in 
order to improve ride. On the other hand it has a more stiff behavior in the plane parallel to the road so to 
improve handling. Most of the times it is interesting for the engineer to have a knowledge of the wheel force 
in the vertical as well as in the in-plane direction. For this reason this case addresses multiple force 
estimation: three forces will be estimated at the application point shown in Figure 11.  
It was shown by means of virtual exercises in [28] that an optimal sensor placement strategy can be very 
beneficial in achieving a reliable force estimation by using a very limited set of well-chosen and well-
positioned sensors. An optimal sensor placement strategy had been designed in [28]. The strategy relies on 
several steps, e.g. training of the model, screening of the sensors based on distance metrics and a final 
selection criteria based on the Popov-Belevitch-Hautus (PBH) observability criteria.  
A full experimental validation is available in [60] by investigating the twist beam suspension in a clamped 
configuration and excited at one tyre (see Figure 12). An example of what can be achieved in force and 
torque estimation is shown in Figure 13, comparing the results with the quantities measured through the 
load cell. 
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Figure 11: Finite Element model of the twist beam rear suspension. 

As explained in [28][33], the stiff in-plane forces estimated with noisy data are not correctly captured. That 
is observed in the estimation of Load Y in Figure 13. The system is ill-conditioned and ill-posed, and the 
optimal sensor placement can only mitigate this effect improving the results but not overcome it. Still this 
is very valuable information as one can opt to select a smaller subset of sensors that are optimally placed, 
to yield results with accuracy close to the much larger subset of sensors randomly distributed. Indeed 12 
sensors are selected in [49] for obtaining the good estimation proposed in Figure 13. The strain field 
identification is also proposed in [49] in a coupled force and state estimation. No appreciable improvement 
is obtained for the strain estimation through an optimal selection because of the latter is optimal in view of 
loads estimation. Figure 14 shows the strain field measurements that can be achieved for this case. An 
example of what can be achieved in the force measurements is shown in Figure 15.   
 

 
Figure 12: Twist beam suspension, clamped configuration: clamped bushings, one clamped tyre, excitation 
given by a 6DoFs hydraulic shaker at the other tyre. 
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Figure 13: Frequency content of the force and torque estimation (excitation 1Hz). Comparison between 
optimal selection and random selection. 

Secondly, one can use computer vision techniques to show the stress (displacement) field of the virtual twist 
beam projected on the camera images of the test setup [17]. This is shown in Figure 16 for the displacement 
field.  

 
Figure 14: Strain field estimation. Comparison between the absolute values of the estimated strains through 
random selection and optimal selection. Excitation 1Hz. 

The digital twin of the twist beam is an accurate representation of the real structure, but sufficiently reduced 
to run at the core of a state estimation scheme to measure quantities that are hard to measure directly, such 
as wheel forces in multiple directions, and the strain [60]. It can also be used to extract additional information 
out of measurements, e.g. showing the displacement field live on the camera images extracted from the test 
setup [17], as shown in Figure 16.  
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Figure 15: Force estimation comparison (standard vs. 
Reduced noise levels in the sensors; random vs. optimal 
placement). The optimal placement saves a lot of sensor 
positions, while generating a similar accuracy as random.  

 
Figure 16: Using computer vision 
techniques to show the displacement field of 
the virtual twist beam projected on the 
camera images of the test setup [17].  

5.7 Electro-mechanical drivetrain (part of a weaving loom)  

This case is an electro-mechanical drivetrain, which is part of a weaving loom. The main driver in weaving 
loom development is towards increasing the operational velocities to maximize the production rate while 
ensuring a durable solution (i.e. guaranteed lifetime and predictable maintenance). Such a machine has 
several interacting subsystems which require a small synchronization error to ensure that weaving process 
is not disturbed. Closely linked to the synchronization error and lifetime is the energy consumption in the 
machine which often require conflicting design changes. To ensure that next generation designs can be 
further pushed in terms of these criteria, it is invaluable that the machine behavior is investigated during the 
lifetime or even prototyping phase to gain understanding how the actual operational conditions differ from 
the assumptions made during the virtual prototyping. That’s where the digital twin comes into play.  
The model used during virtual prototyping is now repurposed as a digital twin, which acts as a specific 
representation on one particular machine within the full fleet. The digital twin represents the system in its 
true operation conditions and runs in parallel with the real machine to provide information on all variables 
that are impossible or impractically to measure. The variables of interest for mechanical systems are amongst 
others the transmission errors, the internal and external forces and energy loss sources at component level. 
This process is carried out using a virtual sensing approach as described in Figure 17.  
The first step is that a limited set of sensors is installed on the machine, the model predicts these 
measurements and updates the model accordingly. Once the model complies with reality up to a certain 
extent, any variable can be derived which is presented as a ‘virtual sensor’. The technical challenges are 
present on both the modeling, estimation and instrumentation front (for a detailed overview, see [37]). For 
the modeling, it involves tailoring the model complexity to the available measurement set (or devising a 
measurement strategy based on a particular model). With respect to the estimators, it is the concurrent 
estimation of both external loads, unknown parameters and the states which is the core research problem. 
The estimation of external loads requires embedding all relevant information in a mathematical formulation 
to ensure a well-defined mathematical problem [47][49]. With respect to the instrumentation it is important 
to include the sensor deficiencies and characteristics as their input or lack of it has a significant influence 
on the overall performance. 
The targeted result is that all this information can be fed back to the design phase (“Ideation”) as it allows 
the manufacturer to size its components based on the real loading conditions and perform virtual prototyping 
on a model that has a more accurate quantified representation of reality. 
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Figure 17: a weaving loom and its digital twin adopted in a virtual sensing approach. Note that the CAD 
representation (left) has been distorted in order not to reveal the real dimensions. 

6 Conclusions and future work  

The digital twin concept sits at the center of digitalization, linking all models and data related to products, 
their production, and their operational performance and providing them to designers, engineers, operators 
and service technicians across vertical domains. 
A digital twin for products is typically created using the Systems Driven Product Development (SDPD) 
methodology, which drives the creation of intelligent system models. Technologies like generative and 
probabilistic design, system simulation and model transformation are the basis for these intelligent models. 
Key enablers for SDPD include comprehensive, semantic digital thread data models as well as a complete 
set of integrated tools, which include Multiphysics 1D and 3D simulation, CFD and Test-based models and 
multi-attribute optimization. These tools enable to create model-based system representations and digital 
twins of the product. These digital twins are able to comprehend the impact of design changes on the product 
as well as the production system and provide engineers, operators and service technicians with essential 
information to optimize the use and performance of a product and prevent system outages. Technically, this 
is realized by combining virtual models and real-life data, thus creating “hybrid models” of physical assets 
keeping the digital twin in sync with the real world. Several examples in various industrial sectors and 
covering a variety of design challenges have been presented in this paper. 
At an increasing speed, new opportunities to leverage the digital twin in all phases of product creation, 
manufacturing and operation lifecycle stages are emerging. This also implies a continuous demand for novel 
modeling, simulation and test data integration capabilities to answer these demands. Already at an early 
design stage, digital twins paired with fast simulation technology for fluid dynamics, electromagnetics or 
acoustics can shorten design cycles from several weeks down to just one day. This goes up to real-time 
models, enabling transparent interchange of physical and digital twin parts and enabling human in the loop 
interaction. All these aspects raise the need to develop new solutions that leverage ever-increasing CPU 
power, while at the same time reducing mathematical complexity and abstracting models for field use. The 
ultimate goal is that simulation algorithms can be computed in real time so that they can run in parallel to 
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the physical process, providing the user with enhanced decision support on optimal usage by means of 
augmented reality and virtual sensing. By realizing these opportunities, the digital twin finally reaches all 
life cycle phases, and it closes the feedback loop back to the design of a new generation of better, even more 
user-centered products. Adopting a machine learning approach to guide the users, generate innovative 
designs and merge modeling with ubiquitous data from the Internet of Things, further breakthroughs are 
explored and will enable the further innovation of product design, production and operation. 
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