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Abstract
In order to fully exploit available computer aided engineering (CAE) models for modern mechatronic sys-
tems they need to be merged with measurement data in order to obtain reliable Digital Twins. These Digital
Twins are evolving to become instrumental assets that accompany the product throughout its lifetime, en-
abling virtual quality assurance, virtual sensing and model-based control.
However, in mechatronics, the typical CAE design models are relatively expensive physics based models
which cannot be directly used throughout the entire lifecycle as Digital Twins. Model order reduction ap-
proaches for these nonlinear dynamic applications allow to reduce the computational cost sufficiently for use
in a Digital Twin setting.
This work gives an overview of nonlinear dynamics engineering applications in modern mechatronics prod-
ucts design, and demonstrates the role of (novel) MOR techniques in the design engineering process.

1 Introduction

Over the past decades, the design of mechatronic systems has relied more and more on model driven design
cycles. Where initial efforts, starting from the ‘50s, were mainly focused on component level design analysis,
recent efforts show a strong tendency towards model based system engineering (MBSE). In these approaches,
component models are not evaluated in isolation, but in their dynamic interaction with other components in
the mechatronic system. Typical examples include the dynamic structural component interaction included
in flexible multibody models, or the control-system interaction typically described with lumped-parameter
models.

Up until recently, these efforts were rooted in a pure modeling framework, with only limited touch point
with experimental data through e.g. finite-element model updating based on modal analysis. However, in the
current internet-of-things (IoT) and connected machine context prescribed by Industry 4.0, much more data
is becoming continuously available. A novel trend is therefore arising to combine both models and data to
enable predictive engineering analytics. This leads to the concept of Digital Twins. This concept entails the
continuous synchronization of models with reality to better understand and predict the behavior of complex
machinery.

Even though the concept of Digital Twins has been around for about two decades [1], the concept of fully
exploiting engineering design models in this concepts is rather recent [2, 3]. The reason for this is sim-
ple: these models require relatively large computational effort, which is difficult to introduce in the online
requirements pose on Digital Twins.
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This work discusses how the KU Leuven Noise and Vibration Research group and Siemens Industry Soft-
ware (SISW) develop and exploit physics based models to construct robust digital twins for mechatronic
applications. Through the introduction of novel model order reduction techniques, the computational load of
these models can be brought down sufficiently such that they serve purposes far beyond their initial design
analysis purpose.

In section 2 it is discussed how different types of models are exploited through different stages of the mecha-
tronic product lifecycle. Section 3 then provides an overview of different reduced order modeling (ROM)
techniques for mechatronic systems.

2 Digital Twin to couple engineering with data driven models

A Digital Twin is a digital replica of a physical asset, process or system. The digital representation can be
exploited for a range of different purposes. In the context of mechatronic systems, these purposes can be
the evaluation of dynamic system quantities, monitoring of the condition of the system, the evaluation of
new (optimized) control strategies, etc. A reliable replica can be obtained by combining both physics based
models of the system with (operational) measurements on the same (nominal) real-life system [4].

Depending on the stage of use, a distinction can be made between three different Digital Twin categories for
mechatronic systems [2], as shown in figure 1.

Figure 1: Mechatronic digital twins from system ideation to realization and utilization.

During the ideation and design stage, a Digital Product Twin can be exploited to evaluate the dynamic sys-
tem behavior before the full physical system is available. As measurement data becomes available during the
physical prototyping, these Digital Twins can be updated and refined to better match the physical behavior.
Digital Production Twins allow to evaluate and optimize the realization of the designed products. The appli-
cations range from production process control to supply chain management. Finally, during the utilization
of the system, a Digital Performance Twin allows to continuously monitor the performance of performance
of the physical asset and to test different product updates without interrupting regular operation.

These different digital twins manifest themselves during different stages of the product lifecycle. Whereas
classically the use of models was limited to the first ‘leg’ of the V-cycle design process, the paradigm as
shifted to a square-root cycle [5], as shown in figure 2.

As many companies in the mechatronic domain are shifting to new business models like product-service-
systems and X-as-a-service, enabled by new building blocks as Big Data [6] and the Internet of Things,
they remain responsible for (and make profits from) their product further along their lifecycle, beyond the
point-of-sale. It therefore becomes key to monitor and evaluate the products beyond their design and into
their general operation. Digital Twins provide an essential tool to perform this product tracking during this
entire process.

A particular challenge encountered in mechatronic system design and deployment are the different types
of models used during the different stages of the design, as shown in figure 2. During the initial stages
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Figure 2: Square-root product cycle with different model categories.

of the model based design, lumped parameter models which roughly describe the overall system behavior
are typically employed. These models have as main benefit that no detailed design information on specific
components is required yet. As the design progresses, more detailed information becomes available and
(flexible) multibody models can be used to assess the dynamic machine behavior with an accurate assessment
of e.g. component loads. In the final model based design phase, a highly detailed analysis can be performed
by exploiting (multi-physical/nonlinear) finite element models, which allows a detailed assessment of e.g.
component stresses and fatigue. In the frame of the square-root cycle and the development of Digital Twins,
the aim is now to exploit these models to obtain more and more reliable information on the product during the
physical prototyping and operational stage of the product [4, 7]. During these stages, each of these models
offers a unique value proposition and the potential to obtain dedicated information for specific applications.
However, a direct application of these models during the latter stages of the square-root cycle is practically
infeasible due to their computational load.

In order to enable the exploitation of these different design models during the physical prototyping and
operation, model order reduction (MOR) techniques are key. These approaches allow to construct low-cost
models which preserve the dominant dynamic phenomena of the original models. As the mathematical model
structures of the different approaches used during the design span a wide range of methods, the approaches
for model order reduction need to be equally diverse. The specific model order reduction approach depends
both on the original model structure and final application of the reduced order model. In the following
section, several approaches are discussed which have been developed with the aim of generating practical
Digital Twins for (diverse aspects of) mechatronic systems in the square-root cycle.

3 Model order reduction for dynamic mecha(tro)nic models

In this section we provide an overview of the range of model order reduction techniques which are being
developed (collaboratively) at the Noise and Vibration research group and Siemens Industry Software with
the aim of tackling different challenges encountered in the Digital Twin setup for mecha(tro)nic systems.
These approaches span the entire spectrum for low order lumped-parameter models to high-fidelity nonlinear
finite-element models and their use through the square-root cycle shown in figure 2.
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3.1 State-time reduction for low-order models

3.1.1 Methodology

During the early design stages and for mechatronic system integrators, 1D or lumped parameter simulation
present a suite of tools to effectively assess the full system behavior. These models are typically based on
idealized components with clearly defined interface ports which enable an effective graphical representation
of their connection on the full system level. A particular example of this type of software is Simcenter
Amesim from SISW [8]. This software is based on a causal bond-graph approach, which enables a highly
efficient model representation which allows to include a wide range of elements from different physical
domains. A typical graphical representation of a Simcenter Amesim model is shown in figure 3.

Figure 3: Example of the graphical representation of a Simcenter Amesim model.

Even though these models are directly translated to C-code and compiled, the computational load during
multi-query applications can still become considerable and hence requires model order reduction.

However, regular state-projection based model order reduction schemes do not offer a good solution for these
models. The key issue here is the typically limited number of states (fewer than 100 states), such that there
is limited margin for state-reduction. Moreover, as each model block with limited states has to be added
manually, the model developer typically already selects only the most relevant states. On the other hand,
these models are typically solved through explicit time integrators over relatively large time horizons. This
opens up the possibility to use MOR to limit the time dimension and hence reduce the computational burden
for a model evaluation.

In this framework, the state-time reduction order modeling (ST-MOR) scheme has recently been proposed
[9]. In this approach, the full response over the simulation horizon is considered to set up a reduced order
basis which spans the states and their time variations. For the reduced evaluation of the model equations,
the sequential time problem is concatenated and projected as a fully coupled problem. In order to prevent a
back-transformation to the original time-dependent model size, a hyper-reduction scheme is applied which
selects only the most significant time-steps for evaluation.

3.1.2 Application

The proposed state-time reduction scheme for low order models can be applied in a range of settings. The
presented approach is mainly valuable in multi-query settings where the same model topology is evaluated
repeatedly for different parameter values. This is encountered amongst others in design parameter optimiza-
tion and parameter identification problems. An example is the parameterized evaluation of a mechatronic
drivetrain, for which a conceptual sketch is shown in figure 4.
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Figure 4: Mechatronic powertrain model.

For this system, an evaluation of the model states for different system parameters can be performed, as shown
in figure 5.

Figure 5: Mechatronic powertrain model response (full time response and zoom).

This figure shows the response for different training parameters in blue, the full order response for a certain
design parameter in red and the response for the ST-ROM in green. Even though this model is limited in size
(only double-digit states), a speed-up of an order of magnitude is obtained through the proposed approach.

3.2 Efficient geartrain simulation through MOR

3.2.1 Methodology

One of the key components in mechatronic drivetrains are gears. These classical mechanical components
have become the target of a large body of numerical analysis techniques due to their large impact on the effi-
ciency, reliability/durability, and dynamic performance of many modern applications, ranging from precision
mechanics to efficient vehicles and wind turbines. However, the numerical assessment of these systems has
always been very challenging due to the high importance of small geometrical alterations and complex con-
tact dynamics between the gears. In classical approaches the full gears and their contact conditions are either
modelled through analytical approaches, which often lack the accuracy required for detailed dynamic anal-
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ysis, or through full nonlinear finite element models, which present an enormous computational load. In
more recent years many researchers have started using (flexible) multibody approaches in order to describe
the gear dynamics. However, due to the inherent nature and complexity of the contact conditions, even these
models often lead to excessive computational loads when e.g. accurate stress evaluations are required.

In order to offer solutions for efficient gear simulation in a range of applications, a comprehensive set of
model order reduction schemes has been developed. As outlined in figure 6, these methods focus on each
step involved in the gear modeling:

Figure 6: Gear simulation workflow.

• Pre-processing: Tools have been developed to effectively set up the meshes for different gear con-
figurations and accounting for specific micro-geometries. Moreover, the controlled mesh setup allows
to exploit e.g. symmetry properties in the model order reduction. These methods will be brought to
market in the Simcenter 3D [10] product offering of SISW, as the “Advanced FE-preprocessor” tech-
nique [11], an innovative method that combines the advantages of FE methods, model order reduction
schemes and analytical formulas, while offering significantly reduced computation time.

• Processing: During the solution of the motion, a range of different aspects are exploited to reduce the
model size and limit the contact evaluation cost. On the one hand the reduced order basis to describe
the model deformations is dependent on the gear angle θ and hence optimized to resolve a certain
configuration [11, 12]:

ud = V(θ)δ, (1)

and on the other hand parametric model order reduction techniques are further exploited to construct
robust bases for different contact conditions such as misalignment [13]. Moreover, in order to reduce
the contact evaluation cost, the discrete empirical interpolation method (DEIM) is used for hyper-
reduction such that the full contact conditions do not need to be evaluated for each time step [13,
14]. The resulting model is time-integrated through an optimized integration scheme for gear-contact
simulation.

• Post-processing: During the post-processing, the results of the simulations are transformed back to
the original model space such that detailed analyses of local stresses and gear transmission errors can
be evaluated.

Further speed-ups of the developed models are possible through the use of stiffness maps and quasi-analytic
contact conditions. Through the developed suite of approaches, accurate gear models can be incorporated in
detailed mechatronic model simulations, enabling a reliable digital twin assessment of geared systems.

3.2.2 Application

For gear applications, the reduced order models are employed in a range of applications. A first step in this
research track was to perform experimental validation of the developed gear models, which was previously
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Figure 7: Gear model validation for different load torques and different friction conditions.

difficult due to the very high cost of these models. A comparison of measured and simulated transmission
error is shown in figure 7.

These validated models are then exploited in an automated toolbox for transmission model creation. By
exploiting the stiffness map approach, these models can be made highly efficient for rapid design evaluation
on the Digital Twin [15]. Through these developments the impact of teeth coupling and lightweight gear
design on the transmission dynamics and NVH can be effectively evaluated [13].

3.3 Reduced flexible multibody towards real-time performance

3.3.1 Methodology

Over the past decades, flexible multibody simulation has become a key tool for evaluating system level
dynamic interaction between different structural components in mecha(tro)nic systems. In these approaches,
since the seventies, each component is already represented in a reduced fashion by projecting each (linear)
body deformation on a modal basis in a floating-frame-of-reference component-mode-synthesis (FFR-CMS)
approach. Overall this provides a very general formalism to describe (flexible) mechanisms, leading to a set
of equations of motion in the form:

M(q)q̈+ fgyr(q, q̇) +Kq−CTλ = f ext (2)

c(q) = 0 (3)

Even though highly efficient formulations exist to solve these equations of motion, as implemented in Virtu-
alLab Motion, the differential algebraic (DAE) nature of these equations often makes them not particularly
suitable for a range of applications. These general DAE’s can typically not be solved effectively through
explicit integrators, which are required for hard real-time applications and state-estimators.

In order to circumvent these issues, a range of model order reduction schemes have been developed to
reformulate the (flexible) multibody models as a set of low-order ordinary differential equations (ODEs):

Mr(q)q̈+ fgyr,r(q, q̇) + f int,r(q) = f ext,r. (4)
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A range of different approaches have been developed to enable this model reduction and transformation.
On the one hand, methodologies have been developed which approximate the nonlinear (flexible) multibody
dynamics by setting up an approximation through a set of locally linear models which fit the motion manifold.
A first effort in this respect was the introduction of the Global Modal Parameterization (GMP) [16, 17]. In
order to further solidify this concept in a more generalized setting, more recently a strongly data-driven
approach has been proposed for multibody model order reduction [18]. These approaches lead to a set of
equations in the form of:

Mr(q)q̈+ fgyr,r(q, q̇) +K(q)q = f ext,r (5)

On the other hand, a novel approach based on global nodal coordinate reduction has been developed which
allows to describe the nodal coordinates as an affine projection from the reduced degrees-of-freedom, de-
noted as the System-Level Affine Approximation (SLAP) [19]. The main benefit of this approach is the
resulting constant mass matrix, lack of gyroscopic contributions, and the avoidance of setting up a piecewise
approximation of the motion manifold. The resulting equations of motion take the form:

Mrq̈+ f int,r(q) = f ext,r. (6)

3.3.2 Application

A typical application of explicit (flexible) multibody models is found in the analysis of vehicle suspension
components under dynamic loading. The aim is often to track the loads, deformations and stresses in these
components on test-rigs and operational conditions. The multibody model for a quarter car suspension
system is shown in figure 8 on the left. For the motion, a clustering can be set up to construct the different
linearized models, as shown in figure 8 on the right.

Figure 8: Quarter-car suspension multibody model (left) and motion clustering (right).

Through the proposed model order reduction approaches, these general multibody models are converted in a
very low order model with a simple ODE structure, while maintaining accurate results, as shown in figure 9.

In the future, these model order reduction approaches will be deployed in real-time systems and state-
estimators for Digital Twin purposes.
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Figure 9: Data-driven model order reduction results on quarter car model.

3.4 Reduced order linear finite element models for real-time estimation

3.4.1 Methodology

State and load identification are key in a range of mechatronic systems. This is required both for control
purposes and for monitoring the system condition. However, direct instrumentation is often not feasible due
to costs or practical constraints. In these applications (coupled) state(-input) estimation offers a powerful
solution to obtain a wide range of measurement signals. However, in order to exploit these approaches,
accurate low cost models are required which allow to fuse data coming from a number of distributed sensors.
Finite-element models offer the perfect framework for these applications. For these models, the dynamics
are described through the mass and stiffness matrices M,K ∈ Rn×n:

Mü+Cu̇+Ku = f ext, (7)

with u ∈ Rn the finite element degrees-of-freedom. In regular structural models, these are typically nodal
displacements, but in vibro-acoustic models these can be generalized to nodal displacement, pressures and
fluid velocities. However, as typical estimators rely on the time-discretized equations of motion, these models
needs to be explicitly integrated in time. Due to the high (spurious) frequencies present in these full order
FE models, the explicit integration is practically infeasible as the required time steps would be unacceptably
small. In order to circumvent this issue, projection based model order reduction can be applied [20]:

u ≈ Vq (8)

with V ∈ Rn×m the reduced order basis and q ∈ Rm the reduced DOFs. The resulting reduced order model
is then evaluated as:

Mrq̈+Crq̇+Krq, (9)

with the reduced order matrices obtained from a Galerkin projection:

Mr = VTMV, Cr = VTCV, Kr = VTKV. (10)

For these estimation applications, the main aim of the model order reduction is not only to reduce the model
size, but particularly also to limit the highest frequencies and numerical conditioning of the model such that a
range of explicit integrators can be effectively applied. The reduced model size also allows to reliably apply
an exponential integration scheme, such that large time steps are possible in an explicit integration scheme.

3.4.2 Application

The linear reduced order modeling approach for state and input estimation can be applied in a wide range
of applications. One important application is the load estimation on e.g. vehicle suspension [21]. A vehicle
rear suspension system is shown in figure 10.
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Figure 10: Loaded vehicle suspension.

Using the reduced order finite element model, the vertical input load can be accurately estimated, in contrast
to approaches based on alternative simplified models. These estimation results are shown in figure 11.

Figure 11: Input load estimation on vehicle suspension.

Using the appropriate model order reduction schemes [22], these estimation approaches can also be applied
to a vibro-acoustic model, where the full sound field can be accurately reproduced from a limited number of
accelerometer and microphone measurements, as shown in figure 12.

3.5 Reduced order nonlinear finite element models for vision based estimation

3.5.1 Methodology

For highly dynamical and large deformation mechatronic application, nonlinear finite element models are
required to accurately describe the system motion. This is also true when optical (camera based) measure-
ments are used to evaluate the system state, as these measurement can be particularly sensitive to geometric
nonlinear effects. Even though these nonlinear finite elements models have proven highly valuable for high
fidelity applications over the past decades, they are also associated with (very) high computational loads and
are often run on cluster computers. This high computational load is the result of the fine semi-discretization
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Figure 12: Vibro-acoustic test setup (left) and estimated sound field (right).

required for the spatial domain, resulting in a high number of degrees-of-freedom u ∈ Rn and large number
ne of finite elements. The resulting equations of motion take the form:

Mü+ f int(u) = f ext. (11)

Contrary to linear finite-elements, each element needs to be re-evaluated at every time step to evaluate the
internal forces:

f int =

ne∑

i=1

f inti (ue), (12)

which rapidly leads to large computational loads. Combined with the large system of equations to solve
for each time step, this leads to unacceptable computational loads in anything but large scale offline design
evaluations.

In order to enable the use of these models in multi-query, online and Digital Twin applications, model order
reduction techniques have been developed which reduce the model size and limit the evaluation cost of the
elements. In common nonlinear model order reduction schemes like discrete empirical interpolation (DEIM)
[14] or energy conserving sampling and weighting (ECSW) [23], the reduced order model is set up by first
performing a (number of) reference simulation(s). However in many practical applications, these reference
simulation might already pose an unacceptable computational load. For these applications we therefore
propose a semi a-priori approach which allows to set up the reduced order model based on a limited set of
static analyses, rather than full time domain analyses. The reduction scheme is based on two aspects [24]:

• First a reduced order basis V ∈ Rn×m is constructed together with a reference configuration ρ ∈ Rn

to approximate the full model state:
u ≈ ρ+Vq, (13)

with the reduced order DOFs q ∈ Rm. The reduced order basis V results from a truncated singular
value decomposition on a set of nonlinear static deformation shapes and a set of linearized eigenmodes
around these static deformation shapes.

• Next a reduced number of elements is selected to approximate the internal forces, in correspondence
to the ECSW approach:

VT f int ≈
∑

i∈se
wif

int
i (ue), (14)

with se a subset of the full element set and wi a set of corresponding nonlinear weights. In order to
avoid the necessity of training forces, the elements and weights are selected from a nonnegative L1

MODEL ORDER REDUCTION 2425



optimization problem on the undeformed stiffness matrix K:

min |w|1w ∈ Rne
+ s.t.V

TKV −wiV
TKi(ρ)V (15)

This approximation is the hyper-reduction which also reduces the evaluation cost of the model.

Through this multi-expansion modal (MEM) approach the computational load for high-fidelity mecha(tro)nic
model can be brought down sufficiently for a range of new applications.

3.5.2 Application

A typical application encountered in automotive mechatronic systems is the assessment of wheel loads. This
is possible by combining flexible suspension models with appropriate measurements from strain gauges
and/or optical sensors. It was shown by means of virtual exercises in [25] 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.

However, the inclusion of a flexible suspension model becomes very challenging in the case of the common
twistbeam rear suspension. In this case a geometrically nonlinear finite element model is required to describe
the dynamics. As shown in figure 13, a typical finite element model for this system consists of around 100k
elements and DOFs.

Figure 13: Twistbeam finite element mesh.

Through the MEM approach this model can be brought down to a model with 16 reduced order DOFs and
129 elements (as shown in figure 13). This allows to make the model sufficiently low cost to run full analyses
such that the response can be shown over long timeframes, as shown in figure 14.

4 Conclusion

In recent years, it has become clear that Digital Twins offer an important added value throughout the mecha-
tronic product development and exploitation. Preferably, these Digital Twins exploit all information available
in the physics based engineering models used during the initial design V-cycle. However, these models’ high
computational load limit their direct applicability in an extended square-root cycle for the product. Model
order reduction has therefore proven to be a key technique in (automatically) transforming different design
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Figure 14: Twistbeam response from nonlinear reduced order model.

models into lower cost counterparts that maintain the required accuracy.
Given the wide range of models encountered in mechatronic system design, an equally wide range of model
order reduction techniques has been developed tailored to the different model structures and applications.
These techniques result from a close collaboration between Siemens Industry Software and the KU Leuven
Noise and Vibration research group. The developed techniques allow high efficiency by actively exploiting
the key physical properties of the different models and allow to be exploited in virtual sensor applications to
extend classical measurement with the available model data.
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