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EDITORIAL

A REVOLUTION YEARS IN
THE MAKING

Artificial intelligence (AI) in high-tech engineering may seem like a new frontier, but the relationship

goes back much further than today’s headlines suggest. As early as the 1990s, when neural networks and
backpropagation first entered the engineering toolbox, our industry was already exploring their potential.
Neural adaptive control and neural feedforward control were applied to compensate for nonlinear behaviour
in high-precision systems; for example, correcting complex force-ripple disturbances in linear motors.

Even then, Al helped us push accuracy and stability beyond what was possible with classical control alone.

Fast forward to the deep learning era, and the integration between high-tech systems and AI has expanded
dramatically. Vision-based AT excels at tasks where rules are difficult to define but patterns are clear in data.
That is why high-performance inspection systems - from semiconductor metrology to automated defect
detection — now rely on deep learning to identify anomalies that even seasoned engineers might miss.

By combining physics-based precision with data-driven learning, we have unlocked a level of reliability
essential for today’s shrinking tolerances and rising production volumes.

Now, a new shift is underway with the arrival of large language models (LLMs). These models do more than
generate text; they understand technical intent. They can read requirements, interpret specifications, analyse
design documents, and act as copilots for engineers. Instead of searching through countless pages of
documentation or legacy reports, we can ask direct questions: Why was this tolerance chosen? What are the
thermal risks in this design? LLMs can surface the context, rationale, and dependencies hidden in decades
of engineering knowledge.

This ability does not replace expertise - it preserves and amplifies it. As senior specialists retire, LLMs help
ensure that critical know-how does not disappear with them.

The next frontier is already forming: multimodal AI; systems that combine:
« Vision, to perceive and understand the physical world.

» Language, to reason and communicate technical intent.

+ Action, to adaptively control machines and robots in real time.

Imagine a manufacturing line where inspection does not just detect defects but automatically adjusts
parameters to prevent the next one. Or a mechatronic subsystem that continuously learns from its own
performance, improving efficiency and stability throughout its lifetime. The line between design, validation
and operation becomes fluid, enabling closed-loop optimisation across the entire product ecosystem.

But as capabilities grow, so must our ambition.

The opportunity for the Dutch high-tech community is not simply to use AI - it is to embed it responsibly
into the foundations of precision engineering. To build trustworthy systems whose performance can be
explained, validated and certified. To combine the rigour of physics with the creativity of data-driven
exploration. To ensure machines not only work - but understand why they work.

The future of Al in high-tech will not be defined by autonomous algorithms, but by the engineers who guide
them. Our greatest breakthroughs will come when intelligence and ingenuity operate side by side -
designing smarter, acting faster, and exploring solutions we have yet to imagine.

Albert van Breemen
CEO/CTO of VBTI
albert.van.breemen@vbti.nl, www.vbti.nl
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AUTHORS' NOTE

Luuk Oerlemans (M.Sc. student),
Steven Westerhof (M.Sc.
student) and Theo Hofman
(professor) are all affiliated with
the Engineering Systems Design
lab within the Control Systems
Technology group at Eindhoven
University of Technology in
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INNOVATION

human supervision.

LUUK OERLEMANS, STEVEN WESTERHOF AND THEO HOFMAN

The design of next-generation high-tech systems is
fundamentally constrained by a ‘combinatorial explosion’ of
potential configurations. The sheer number of components,
materials, and interconnections creates a design space of
such magnitude that manual or exhaustive exploration is
infeasible. This article posits that artificial intelligence (AI),
through a concept termed automation-in-design (AiD),
offers a powerful and systematic approach to navigate this
complexity, enabling engineers to generate and optimise
novel solutions with unprecedented efficiency.

Engineers creating complex dynamical systems must
address a set of fundamental, interdependent design
problems. As illustrated in Figure 1, these challenges are
deeply coupled and demand a holistic, integrated solution
rather than a sequential one. The three primary problem
domains are [1]:
1. The discrete topology design problem:
This concerns the selection of components or
subsystems from a technology library and the definition
of their interconnections to establish a functional system
architecture. A topology can be represented as a graph
where the vertices (nodes) are the components and the
edges the physical connections, for example.
2. The dimensioning design problem:
Following the selection of a topology and its associated
technologies, this phase involves specifying the precise
continuous parameters of each component, such as size,
mass, and material properties.

This article addresses the combinatorial complexity inherent in modern high-tech system
design by presenting automation-in-design (AiD) as a transformative paradigm. We
propose computational design synthesis (CDS), a framework utilising deep learning and
generative Al to automate the creation of novel systems. Two case studies (e-drive system
design and spatial dimensioning problem) serve as proof-points for this approach. The
Al-driven methods used in the case studies represent a fundamental shift in engineering,
advancing from simulation-based optimisation towards autonomous design with minimal

3. The control design problem:
For active dynamical systems, this involves designing the
system’s control strategy, which is interdependent with
both the chosen topology and the physical dimensions of
its components.

Addressing these coupled challenges sequentially inevitably
leads to suboptimal outcomes. Therefore, a smarter,
integrated approach is required to unlock innovative
architectures and achieve significant performance
improvements.

Selecting and
connecting system
components

Specifying component
parameters

Dimensioning

Design

Strategies for active
system management

Coupled design problem areas for complex dynamical systems [1].
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The strategic shift from traditional, sequential design
methodologies to an integrated, automated paradigm is critical
for advancing high-tech systems engineering. By embracing
co-design - the simultaneous optimisation of physical and
control systems — and leveraging computational design
synthesis (CDS), engineers can discover novel system
architectures that yield substantial performance gains and cost
reductions [2]. This paradigm utilises AI to automate design-
space exploration, systematically generating a multitude of
feasible, high-performance solutions for the engineer.

Functional and structural foundations

Using an e-drive system as an illustrative example (see also
below, Case study 1, for more details), two principal challenges
emerge in system-topology synthesis: first, how to
systematically generate a valid topology from a library of
available components, and second, how to manage the vast
resulting design space. The process commences by mapping
functions (F) to the components (C) that realise them and
defining the connectivity between components [3].

As shown in Figure 2, this mapping facilitates a multi-level
analysis. Design rules are derived top-down by mapping
functions to components, which constrains valid connectivity.
Subsequently, new system topologies are generated bottom-up
by mapping components back to functions, enabling a
structured search for novel and effective interconnections. This
structural information can be represented as a graph model,
where components are nodes and their connections are edges,
with design constraints dictating permissible connections [2].

The CDS framework and the role of Al

The concept of computational design synthesis connects the
functional/structural engineering problem with the
performance engineering design space through modelling

and evaluation (Figure 3) [2]. Every synthesised and functional
topology, seen as an element of the set of feasible topologies

(T, €T, ) mustbeevaluated for performance (J), which

new

itself 1nv01ves a search for optimal design variables (x*).

The foundation of this framework relies on robust knowledge-
extraction methods (Figure 4), which codify the relationships
between functions, components, and design rules. This
knowledge can be acquired through expert input, physics-based
engineering analysis, or automatic data mining, and it serves as
the essential prerequisite for generating valid new topologies.
Knowledge extraction can be classified by (in)direct and
automatic learning, respectively [4].
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Expert Knowledge engineer Acquisition tool Data ?09
o Indirect > Direct » Automatic

Three types of knowledge acquisition [4].

Using the new synthesised topologies, we have an understanding
of how many components, which components and their degree
of connectivity are used for each new design, expressed as a set
of discrete variables z. Each set of feasible topologies is a
function of z. Automated modelling is needed to map efficiently
'(2); to the involved
decision variables, x, using x = h(T (z)) [5]. For each new topo-

new

the (feasible) topology graph models, T

logy the performance needs to be maximised while searching
, via analyses and
optimisation. This is done in the performance engineering

for the optimal design decision variables, x*

design space ultimately for the whole feasible topology set.
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AUTHOR'’S NOTE

Jos Gunsing is the founder/
owner of MaromeTech,

a technology & innovation
support provider based in
Nijmegen (NL), and a DSPE
board member.

jos.gunsing@marometech.nl

RIVING
IN INLC

JOS GUNSING

Carlo van de Weijer, general manager of the Eindhoven

Al Systems Institute (EAISI) at Eindhoven University

of Technology (NL), kicked off with “AI in precision
mechatronics: who’s at the wheel?” He stated that exponential
growth (Figure 1) is typical for calculating/computing power,
thus also for AL and that this growth will continue without
halting at the level of human intelligence. Moreover,
consciousness, soul and character will not help humans

to stay ahead. He also mentioned the claims some make
concerning the future stages in the application of Al to our
world: job enhancement, jobs at risk, humanity at risk.

In general, the takeaways were that genuine intelligence
will move to focus on prompt engineering and checking
the outcomes; let AI do the work in-between. It was also

Exponential Growth of Computing for 110 Years
Moone's Low was the Fifth, not the First, Parodigm 1o Bring
Exponential Giowth in Comguting

T
w .
.
.
- ~™
- :‘0.'.
oo
. ®
. -
of*. 2
=
. . |
* .
Elgciromechanical

<%0 2000 '3'10

Exponential growth of computing power over a period of 110 years
(1900-2010): Moore’s Law, concerned with integrated circuits, was the fifth,
not the first, paradigm — after electromechanical, relay, vacuum tube,

and transistor — to bring exponential growth in computing. (Source: [1])
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The DSPE Conference on Precision Mechatronics 2025 (see also the report elsewhere in
this issue) featured the theme of ‘SustAlning Precision’ The three keynote lectures were
dedicated to applications of artificial intelligence (Al) in the high-tech and analytical
industry. Carlo van de Weijer (EAISI), Robert van Herpen and Mark van den Broek (Sioux
Technologies), and Remco Schoenmakers (Thermo Fisher Scientific) gave thought-
provoking introductions to the theme and presented their views on the impact of Al

on product development, machine building and operation, and more.
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Overview of Al tools for various applications. (Source: Rapidops)

strongly advised that companies safeguard access to their
data and not allow it to move outside the company. Many,
many generative Al tools have already been released for
various applications, such as: speech, image, video, image,
research, 3D, text, and code (Figure 2).

Another very interesting point was the impact of Al on
monitoring and correction of production processes. Al
automating real-time sensing/monitoring and interpretation
of huge amounts of data is leading to corrections in the
process, followed by improved yield and thus better quality/
lower cost and higher uptimes. Humans are, however, still
required to check whether the boundaries and presumptions
for good operation are still valid. Van de Weijer ended his
presentation with a bold statement: “Al is not going to



Algorithms

Artificial
Intelligence

Generative

Al

Levels of Al application in machine system engineering.

replace humans, but people who can’t work with AI will be
replaced by those who can”

Beyond the hype

Following this, Robbert van Herpen, business unit manager
Applied Mathematics & Al and Mark van den Broek, techno-
logy manager Data Science and Machine Learning, both at
Sioux Technologies in Eindhoven, took the stage. They talked
about the application of Al in the high-tech industry, where
according to them AT has already moved beyond the hype. They
gave an overview of the various approaches for Al application
in machine building (Figure 3), linked to Sioux’ mathware
department, and discussed the associated pros and cons.

In particular, they presented approaches for dramatically
reducing the computational effort required for solving purely
mathematical models in order to enable real-time applications
(see Figure 4). They illustrated this with a few examples:
o Fast approximations of physics-based models/
approximations:
- also improvement of robustness.
« Training on simulated and or experimental data:
- less learning time.

Then, they demonstrated how they applied the approach of
Bayesian inference (Figure 5), which makes use of a hypothesis
with respect to the expected observations, checking the data
versus the hypothesis, and improves the hypothesis with more
data as input. This gives improved results over time and works
well with sparse data. At Sioux, they have developed a generic
recipe-builder framework (see Figure 6), combining Bayesian
optimisation and physics-informed surrogate modelling to
suggest next-best experiments (see also the article on page 18 ff).

The two Sioux representatives also showed approaches for
computer vision Al that can be applied in, for example, machine
system monitoring (Figure 7) and the automotive and analytical
industry. A cost-driving factor for vision Al is the cost of

1 Algorithms
Automated instructions.

2  Artificial Intelligence
Any technique that enables machines to solve a task
like humans do. Autonomous machine intelligence.

3 Machine Learning
Algorithms with the ability to learn without being explicitly
programmed. No rule-based instructions but learn from data.

. Deep Learning

Machine Learning with (deep) neural networks.

5 Generative Al
Systems that can generate new content such as text,
images, audio or code, based on patterns learned from data.

Expensive simulations Trained surrogate model Applications

Design Uncertainty

‘? optimization v quantification
r — _—
) ® Real-time Q Anomaly

control detection

Change from model simulations to physics-based models leading
to reduced learning time and real-time applications.
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P(Parameter | Data) =

Uncertainty is everywhere
Bayesian methods provide a principled way to reason under uncertainty,
essential for engineering, diagnostics, and decision making.

Prior knowledge is valuable
Unlike many statistical methods, Bayesian inference allows you to
incorporate domain expertise, historical data, or expert judgment.

Dynamic updating
Bayesian models evolve as new data arrives — ideal for real-time systems,
predictive maintenance, and adaptive control.

Transparent decision-making
Posterior distributions give not just a point estimate, but a full picture
of confidence — critical for risk-sensitive applications.

Works well with sparse data
In industrial settings, data may be limited or noisy.
Bayesian methods can still yield robust insights.

(BAYES' THEOREM)

P(Data | Parameter) x P(Parameter)
P(Data)

Bayesian inference. (Source: [2])
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