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Chapter 1
Introduction

Modern industry relies heavily on electrical machines to fulfil the demand for reliable and
efficient production. The backbone of most of these machines is the electric motor drive,
which converts electrical energy into continuous mechanical motion. Applications ranging
from pumps and air compressors to the transportation of goods and industrial robots are
all run by electric drives [45]. These systems are so ubiquitous that estimates indicate they
consume approximately 70 % of the electrical energy utilised within the German industrial

sector today [1].

As the number of drives increases, so too does the risk of machine failure. In industry,
unexpected downtime is a critical financial risk. Siemens [2]| estimates that unplanned
downtime costs global Fortune 500 companies $1.4 trillion annually, equivalent to 11 %
of their total revenue. As automation continues to advance, these costs have risen across
sectors, with expenses doubling in the automotive sector and quadrupling in heavy industry
between 2019 and 2023.

To prevent these downtimes, different strategies exist to maintain the equipment’s health.
Classical approaches have distinct limitations: unexpected downtime is not prevented
(in the case of corrective maintenance), or parts are replaced before their end of life (in
the case of fixed-interval preventative maintenance) [10]. To strike a balance between
these two extremes, an approach based on the actual condition of the system should be
employed. To achieve this, data is collected during runtime and evaluated in order to
assess the true state of the machine. This continuous assessment facilitates the dynamic
allocation of optimal maintenance procedures and, under suitable conditions, the prediction
of future equipment degradation (see section 2.1 for a more in-depth discussion on these
regimes). Such extensive monitoring has become possible recently due to advancements in

sensor technology and, crucially, computational resources capable of processing powerful



machine learning algorithms [4]. The most valuable use of artificial intelligence in industrial
settings is in such maintenance regimes, as demonstrated by a 2020 survey among German

industrial companies [46].

The AI tools developed by current research predominantly focus on the monitoring of
bearings and gears, largely neglecting other components in the drive train. Although
power-transmitting components, such as roller chains, are essential for the function of
industrial machinery [6], their monitoring remains insufficiently addressed within the
academic community. This oversight is critical because chain drives exhibit complex,
non-linear dynamics, which necessitate specialised diagnostic approaches [5]. Current
research on chain drive monitoring is predominantly limited to contributions from a
single research group (e.g. [5, 6, 7, 8]; see section 4.1) and relies heavily on highly
controlled, constant-speed laboratory data. This narrow experimental focus creates a
significant risk of overfitting models to idealised conditions, highlighting a distinct lack of
independent validation against the noisy, variable-speed environments typical of real-world
industry. Finally, recent approaches increasingly employ complex deep learning black
boxes [6, 7, 8]. This lack of interpretability fundamentally conflicts with the industrial
need for transparent decision-making, underscoring the necessity for interpretable machine

learning pipelines.
Consequently, this work is guided by the central research question:

How can a robust, interpretable, and cost-effective machine learning system be developed

for condition monitoring of components in electric drive systems?

Particular emphasis is placed on chain drives, where characteristic dynamic effects, such
as the polygon effect, provide a basis for diagnostic analysis. In addressing this question,
the thesis investigates whether reliable sensorless monitoring can be achieved solely by
exploiting existing control variables, particularly motor torque signals, thus eliminating the
need for additional hardware. Furthermore, to go beyond conventional laboratory-based
constraints, this research evaluates how feature extraction and diagnostic algorithms must
be designed to remain reliable under realistic industrial conditions characterised by noise,
fluctuating operating speeds, and variable load profiles. In addition, the work explores the
transferability of a modular diagnostic framework from chain-drive applications to other
drive technologies with fundamentally different wear mechanisms, such as timing belt
systems. Moreover, the thesis considers how the trade-off between predictive performance
and industrial demands for transparency can be addressed. This is explored through the
use of interpretable machine learning methods capable of fostering trust and practical

applicability in industrial condition monitoring systems.



To achieve these objectives, this thesis is structured as follows: chapter 2 first lays the
theoretical foundations by introducing fundamental concepts of industrial maintenance, as
well as methods of machine learning and feature selection. chapter 3 then describes the
methodological approach based on the Design Science Research paradigm and explains the
strategy for the accompanying systematic literature review. Building on these findings,
chapter 4 identifies the existing research gap in the field of rotating machinery monitoring
and defines the specific requirements for the solution to be developed. The core of the thesis,
the newly developed condition monitoring programme, is presented in chapter 5, with the
modular machine learning pipeline divided into the phases of data pre-processing, feature
extraction, feature selection, and classification. In chapter 6, this system is experimentally
evaluated using real-world industrial use cases, including a chain drive and a timing belt
drive, and tested for its robustness and transferability. The results obtained are critically
discussed in chapter 7 with regard to the initial objectives and their added value for
the scientific community as well as industrial practice. Finally, chapter 8 highlights the
limitations of the study and provides an outlook on future research opportunities, before

the thesis concludes in chapter 9.
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Chapter 9

Conclusion

This thesis investigated the design of a robust, interpretable, and cost-effective machine
learning system for the condition monitoring of electric drive systems. The research
focused primarily on chain drives, while using timing belts as a secondary baseline to
evaluate domain adaptability. By leveraging existing motor inverter data (especially
motor torque and position), applying computed order tracking to handle variable speeds,
and utilising advanced feature selection alongside explainable classifiers, the developed
pipeline successfully bypassed the need for external sensors and struck a balance between

monitoring performance and decision interpretability.

Evaluated through rigorous nested cross-validation on industrial and laboratory datasets,
the system demonstrated excellent diagnostic performance, achieving F1-scores of approx-
imately 0.86 for the chain drive and over 0.99 for the timing belt application scenario. The
results confirmed that physics-informed features, such as the chain’s tooth meshing order,
are highly informative. Additionally, the trade-off between performance and interpretabil-
ity can be effectively managed using the advanced feature selection modules developed
within this thesis. Conversely, highly complex feature selection approaches increased com-
putational costs without yielding conclusive improvements in classification performance.
For the graph-based selector, these costs reached an unfeasible level, accounting for 97 %

of total computation time in the third scenario.

Despite the pipeline’s high adaptability, enabled by its fully modular design, the research
identified several methodological limitations. The most critical was the scarcity and lack of
statistical independence of real-world industrial fault data, which prevented the evaluation
of a third planned use case involving a storage and retrieval machine. Furthermore,

the hyperparameters of the various modules were not systematically fine-tuned, leading
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to suboptimal performance. This was especially evident in the ANOVA-based order

recommendation system, which exhibited a high false positive rate.

These limitations highlight clear avenues for future research. Subsequent studies should
explore semi-supervised learning to leverage the vast amounts of unlabelled normal-state
data, reducing the reliance on rare fault data. Additionally, further research is needed to
conclusively assess the impact of the complex feature selection modules on classification
performance. Moreover, building upon the modular pipeline established here, the real-
world applicability of the monitoring system must be further investigated through extensive

industrial deployment to validate its usability.

Ultimately, this thesis demonstrates that intelligent, sensorless condition monitoring is
technically viable and industrially relevant, providing a transparent, adaptable framework

ready for comprehensive evaluation in real-world maintenance environments.





