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Abstract—Fault diagnosis systems are essential in precision
mechatronics to facilitate maintenance and to minimize downtime. The aim of this paper is to describe the current trend
in control for precision mechatronics and the related future
challenges for digital twin-assisted predictive maintenance as well
as recently developed approaches. The future generation of fault
diagnosis systems is envisaged to rely on identified physics-based
models, enriched by the available real-time data from a large
number of sensors and actuators.
Index Terms—Fault diagnosis, predictive maintenance, digital
twin, mechatronics.

I. I NTRODUCTION
The economic value of high-tech production equipment is
predominantly determined by its productivity. A key enabler
for high productivity in manufacturing machines, such as
lithography machines, printers, and wirebonders, are positioning systems, which require high accelerations and an extreme
positioning accuracy. The accuracy and speed of these positioning systems rely on an excellent and refined mechanical
design in conjunction with effective motion control strategies
which, to a large extent, determine the capabilities and true
market position of the companies involved [1], [2].
Traditionally, positioning systems consist of a stiff mechanical design, which enables decoupled and decentralized singleinput single-output (SISO) control techniques. As throughput requirements increase, higher accelerations are required,
driving the industry to more lightweight designs. As a consequence, these lighter systems exhibit more dominant flexible
dynamics, obstructing the intended positioning accuracy. To
compensate for this flexibility, systems are augmented with
an increasing amount of sensors and actuators. Active compensation of flexible modes, e.g., through model-based control,
allows to surpass traditional performance limits by increasing
the bandwidth beyond the resonance frequency [3].
After successful controller design, the available models
are generally left unused. However, these models and the
abundance of input-output data prevail a major opportunity
to be used for monitoring, fault diagnosis, and predictive
maintenance, allowing to drastically increase the system availability and hence maximize productivity further. Monitoring
and reactive maintenance through fault diagnosis are widely
used in many applications, finding its origin in safety-critical

domains such as aerospace, automotive and chemical industries, whereas this paper focuses on the domain of precision
mechatronics. The shift in the mechatronics domain towards
predictive maintenance is driven by the high cost associated
with unscheduled downtime, which can be minimized by
means of digital twin-assisted predictive maintenance [4]–[8].
This is pursued via the process of predicting and detecting
faults, while simultaneously pinpointing its origin. The process
of detecting and isolating faults is called Fault Detection and
Isolation (FDI), which can be used as an input for predictive
maintenance strategies.
During the last decades, important progress on fault diagnosis and fault-tolerance has been reported, see, e.g., [9]–
[13]. For instance, based on parametric open-loop models,
nullspace-based fault detection and isolation (FDI) methods
have been developed [14], [15] and enable fault diagnosis for
large-scale complex systems. One of the main appeals of the
nullspace-based approach is that it is generally applicable and
is based on numerically reliable and computationally efficient
algorithms. Various other approaches have been developed,
for instance, based on observers [16], parameter estimators
[17], robust detection filters [18], statistical methods [13], or
machine learning [19], to mention a few. Different approaches
focus on different types of faults, and, at present there is no
universal solution.
Traditional FDI systems are either signal-based or based
on physical models, and are currently only scarcely applied
to precision mechatronics. For mechatronic systems, datadriven modeling as opposed to first principles modeling, is
fast, accurate, and inexpensive [2], [20]–[23], and therefore
yields attractive models as a basis for fault diagnosis systems. Models are often available prior to commissioning a
machine, for instance, Finite Element Models or identified
models during system integration. The key challenge for nextgeneration fault diagnosis systems, lies in the integration of
prior information, i.e., physics-based or data-driven models,
and posterior information, i.e., input-output data, in order to
improve the predictive capability of the digital counterpart, see
Figure 1.
Although recent developments enable fault detection for
complex engineered systems, at present fault diagnosis for
precision mechatronics is still facing several challenges. Multi-
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Fig. 1. Employing identified models (thermal modes [24], flexible modes [25], and frequency response function) and real-time data (prototype reticle stage
and prototype wafer stage) as a digital twin during operation to monitor machine performance for fault detection, isolation, and predictive maintenance [26].

input Multi-output (MIMO) and closed-loop aspects in identification for fault diagnosis and the MIMO and closed-loop
aspects in fault diagnosis have only recently been started to be
investigated [27]. In addition, the fault diagnosis systems must
be compatible with the increasing complexity of the control
system. The present research is driven by a lack of an integral
procedure for precision mechatronics. Therefore, the aim of
this paper is to identify challenges, which arise in FDI for
future data-intensive mechatronic systems. To this end, recent
developments in the field of control for precision mechatronics
are described, with a particular focus on the semiconductor
industry, and its relevance to digital-twin enhanced FDI is
described. Thereafter, an experimental case study, using an
overactuated and oversensed motion system, is presented.
II. F UTURE DATA -I NTENSIVE M ECHATRONIC S YSTEMS
Positioning systems play a key role in mechatronic production machines such as lithographic wafer scanners, see
for instance the prototype wafer stage and prototype reticle
stage in Figure 1. Recent advances in mechatronic system
design and control, as well as current challenges, have been
reported in [28]. One of the developments is that mechatronic
systems are becoming increasingly more data-intensive due
to the increasing amount of sensors and actuators operating
at increasingly higher sampling rates. A main challenge lies
in dealing with structural and thermomechanical deformations
of the increasingly lighter stages. In addition, during the
lithographic exposure of the wafer, the wafer stage and reticle
stage must be synchronized at nanometer accuracy to achieve
the required overlay performance. Often, these systems of
systems are divided into tractable subproblems at the expense
of the overall performance.
A lightweight stage can be augmented with additional
actuators and sensors which can be used for overactuation and
oversensing. The main aim is to compensate for the flexibility

induced distortions and therefore circumvent the excitation
of internal resonances [3]. Suppressing or effectively shifting
resonance modes enables higher accuracy since the bandwidth
can be increased to even higher frequencies. In addition,
overactuation allows radically groundbreaking lightweight mechanical designs, which can accelerate even faster due to
dampened and artificially stiffened flexible dynamics.
The increasing accelerations in positioning systems require
additional actuator power, leading to thermal gradients and
consequently thermomechanical deformations [29]. Indeed, at
(sub-)nanometer level, the thermomechanical dynamics are a
limiting factor in the achievable performance. To attenuate
thermally induced deformations, thermodynamic effects have
to be estimated through models which, subsequently, can be
included in the control design. In contrast to positioning, a
major challenge in thermal control loops is the slow time
constant and potentially large external disturbances which
hinder the modeling process.
The overall control of the lithography machine, see Figure 1,
involves multiple subsystems, including the wafer stage and
the reticle stage of which mechanical and thermal models are
typically available. Combining thermal and mechanical control
can yield better centralized control solutions. This idea can
be expanded further as the wafer stage and reticle stage are
traditionally given their own independent setpoint. Realizing
that the individual errors are irrelevant, but that the relative
error is a measure for performance, decentralized control loops
can be connected in a unified manner, e.g., through the doubleYoula approach [30].
The vision on future advanced control reveals that nextgeneration systems will exhibit much more complex dynamics
that need to be controlled with a large number of spatially
distributed actuators. Simultaneously, a tremendous amount of
data is available from sensors, as well as large computational
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Fig. 2. Prototype experimental setup. The moving part, i.e., the flexible beam,
is equipped with yellow tape. The setup is equipped with three actuators and
five sensors. From these five sensors, just three are used.

III. A PPROACH AND C ASE S TUDY
In [27] and [31] an approach is proposed, which relies on
identified models of submodules of complex systems. After
measuring frequency response functions, parameterized models are used for fault diagnosis system synthesis. Operational
data of the system can be used for model updating, e.g., to
detect multiplicative faults such as shifting resonances or loss
of effectiveness of an actuator. On the other hand, operational
data can be used to detect additive faults, which perturb the
system.
As a case study, see [31] for details, we consider the
prototype experimental system in Figure 2. This case study is
specifically designed to exhibit dominant flexible dynamical
behavior, expected to arise in next generation positioning systems as the wafer stage and reticle stage depicted in Figure 1.
The flexible beam is suspended such that it has two degrees of
freedom, namely translation and rotation, and it is equipped
with three voice-coil actuators and three contactless fiberoptic
sensors, making the system overactuated and oversensed. The
flexible modes are suppressed through modal control in an
external loop, see Figure 3. For the fault diagnosis system, a
data-driven model is estimated
parameterized. The fault

and
>
detection filter Q := Qy Qu , results from a nullspacebased optimization procedure [15], where the sensitivity of
the residual ε to faults f is maximized while simultaneously
minimizing the sensitivity to the reference r and disturbance
d. The obtained residual signal, see Figure 4, clearly allows
to distinguish the fault-free situation from the situation where
an artificial actuator drift is introduced.

Fig. 3. Closed-loop configuration used for fault detection by means of the
residual signal ε. The residual generator, consisting of the filter Q(s), is
indicated with ( ) and the extended plant is indicated with ( ).

Absolute residual |ε|

power for real-time processing in control algorithms. The
availability of an abundance of data in conjunction with improved models and computational power are key enablers for
digital twinning and provide a major opportunity to monitor
performance of the controlled system and increase system
availability through predictive maintenance.
The main idea in [27] and [31] is to use identified models
of subsystems in real-time, to detect and isolate faults, as
illustrated in Figure 1. This automatic diagnostics provides
major opportunities to improve fault tolerance through system
reconfiguration, e.g, temporarily redistribute the forces in the
overactuated motion control setting in case of a damaged
actuator, as well as move towards predictive maintenance to
maximize system availability.
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Fig. 4. Actuator fault detection on flexible beam setup, with scaled actuator
fault signal ( ). The residual signals corresponding to the filter based on
the identified Ĝeq
) is depicted as well as its moving average over a
u (s) (
period of 1 s, indicated by ( ) respectively. The residual signal increases in
the presence of the fault.

IV. E NVISAGED D IGITAL T WINS FOR M ECHATRONICS
The case study illustrates the application of a fault diagnosis
system on a system with one of the recent advances in
precision mechatronics, i.e., oversensing and overactuation. In
order to employ digital twin-assisted fault diagnosis systems
at machine scale, still several challenges are faced, similar
to challenges in advanced motion control. That is, the challenge of system identification for FDI [27] and model-order
selection [32], the challenge to include temporal behavior in
modeling, control, and fault diagnosis systems [29], and that
of interconnecting subsystems [30]. An opportunity lies in
combining machine learning and learning for machines for
fault diagnosis purposes [19], [33]. Solving these challenges is
not only necessary for higher accuracy and better performance,
but will also allow for improved fault tolerance and effective
actuator reconfiguration strategies in the presence of faults.
V. C ONCLUSIONS
Advanced motion control for positioning systems and fault
diagnosis is a challenging area which is becoming increasingly relevant and will drive productivity even higher. In
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the near future, developments in advanced motion control
and mechatronic system design may enable a paradigm shift
in monitoring and predictive maintenance, built on physical
insight and exploitation of real-time data, through digital twinenhanced fault diagnosis.
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