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The optimization of technical processes requires a sufficient understanding of the interrela-
tions in a process. More specifically, this means that a model of the given process is needed.
Traditional methods for modeling technical processes are based on analytical relationships
that are either explicit formulas derived from knowledge in physics, chemistry or engineer-
ing science or given as solutions of systems of differential equations. In practice, however,
one is often confronted with processes that are too complex to be sufficiently captured by
an analytical model or — although it would be possible in principle — the development of
a full-fledged analytical model is too costly.

Machine learning often offers a reasonable alternative. Under the term “machine learn-
ing”, we usually subsume a class of methods for identifying relationships from data. In
contrast to statistical regression, machine learning methods do not assume a predefined un-
derlying parametric model, but uses other forms of representing relationships, most often
with universal approximation properties. This description would also comprise neural net-
works. The given contribution, however, is devoted to a different class of machine learning
methods — rule-based methods based on fuzzy logic, i.e. methods that create fuzzy sys-
tems (fuzzy if-then rules) from data. Rule-based approaches have the advantage that they
additionally offer valuable insights into the process. Classical rule-based methods based
on Boolean logic, however, are not able to model continuous numerical relationships. The
use of fuzzy logic bridges the gap between interpretable rules on the one hand and contin-
uous numerical modeling on the other hand. Fuzzy rule-based machine learning, therefore,
offers valuable interpretable insights into the process while still being able to provide a
continuous numerical process model.

The given contribution gives an overview of fuzzy rule-based machine learning method-
ologies that were specifically developed for the process modeling domain. We start from a
general language for fuzzy rule-based machine learning that includes ordering-based mod-
ifiers [1, 3]. This language is both expressive and allows to easily maintain interpretability
of the linguistic expressions [2]. Based on this language, we discuss FS-ID3, a fuzzy rule-



based method for decision tree induction [5], FS-FOIL, a fuzzy rule-based inductive learning
method [6, 7], and RENO, a numerical method for optimizing interpretable fuzzy systems
[4, 8]. Finally, we give an overview of successful industrial applications of fuzzy rule-based
machine learning in paper production, injection molding, and other domains.
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