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Abstract
Studies show that manufacturing companies that invest in automation and artificial intelligence can achieve productivity gains
of up to 20% in production output and labor efficiency, driven by advances in data analytics andmachine-learning technologies.
In grinding processes, sensor-based process variables such as accelerations and acoustic emission signals are commonly used
as inputs formachine-learningmodels to predict quality-related outcomes, including surface roughness and structural damage.
However, industrial adoption is often limited by the lack of data acquisition and storage architectures tailored to data-driven
applications, as well as by the high computational demands of many modeling approaches in production environments.
To address these challenges, this work presents a modular architecture for grinding process monitoring combined with an
efficient feature extraction and selection methodology based onWelch spectral analysis. The architecture enables structured
data acquisition, centralized data storage, and consistent metadata management, while separating data processing, modeling
and application layers. This modular design supports traceability and seamless integration of machine-learning models
into industrial monitoring. Within this framework, physically interpretable frequency-domain features are extracted and
systematically optimized. A hyperheuristic feature selection strategy is evaluated and compared with filter-based methods
and a standalone Genetic Algorithm. The results show that filter-based approaches suffer from strong overfitting and limited
generalization, while a standalone Genetic Algorithm improved robustness and predictive performance compared to filtering
but remained dependent on problem complexity and population size. In contrast, the hyperheuristic consistently achieved
superior robustness and predictive performance with reduced variance under blocked cross-validation.

Keywords Data acquisition · Data processing · Grinding · Machine learning

Introduction

Recent studies show that manufacturing companies that
invest in automation and AI experience productivity
increases of up to 20% in production output and labor
efficiency. These improvements are made possible by data
analytics, machine learning and other technologies (Deloitte,
2025). Machine learning models are also becoming increas-
ingly important in grinding technology. One indicator of this
is the growing number of grinding machines equipped with
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systems that collect data from machine controls and sensors,
as well as the increasing number of publications in this field
(Krajnik et al., 2024). In an industrial environment, machine
learningmodels offer advantages in areas where physical and
simple empirical models are weak. Unlike physical mod-
els, they require less fundamental process understanding.
Advantages over finite element (FE) and molecular dynam-
ics (MD)models include lower start-up and calculation effort
(Brinksmeier et al., 2006). Given the increasing availability
of data during process execution, machine learning models
offer new possibilities for process monitoring. Process state
variables, such as forces, accelerations, and acoustic emis-
sion signals are used as input for models that predict process
result variables, such as workpiece roughness and structural
damage (Pandian et al., 2020). However, a challenge in train-
ing and using these models in an industrial environment is
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the lack of data acquisition and storage architectures devel-
oped specifically for interaction with data-driven models.
Conversely, many models developed thus far cannot be used
due to the use of computationally intensive algorithms in the
direct production environment with partly local computing
units (Khouas et al., 2024). Small and medium-sized enter-
prises (SMEs) are particularly affected by this. As a result,
around 22% of SMEs are still not involved in machine learn-
ing and only around 10% actively use machine learning,
even though 29% see machine learning as an opportunity
for innovation (Burggräf et al., 2024). Building on deficits in
data acquisition, processing, and modeling, this publication
presents a holistic approach from data acquisition to data-
driven modeling for live applications in grinding technology.

State of the art

The increased use of sensors in machine tools for process
monitoring requires an efficient means of acquiring and
storing data. In terms of manufacturing technology, it is par-
ticularly necessary to combine the acquisition and storage of
metadata and time series data (Beckers et al., 2022). Meta-
data is generally defined as data that describes other data
(Furner, 2020). In the field of manufacturing, metadata pro-
vides background information on recorded time series data.
It specifies information about the component, the tool, or the
manufacturing process. Time series data are states recorded
at discrete points in time (Esling & Agon, 2012). In produc-
tion technology, time series data are used to record machine
control or sensor signals. Due to their different structures
and the amount of data they generate, efficiently storing both
types of data within a single storage system is not possi-
ble. Metadata usually accumulate in small quantities and is
stored in structured databases. These databases offer high
data integrity, sufficient performance, and good vertical scal-
ability. Pre-processed time series data are primarily stored in
data warehouses but lose important information through pre-
processing.Because of their size, unprocessed time series can
only be stored as raw data in data lakes (Mathis, 2017). How-
ever, due to the unstructured nature of these storage systems,
time series data can lose information content when decou-
pled from its metadata. Additionally, due to the unstructured
nature of data lakes, complex queries are necessary, which
limits performance (Sawadogo & Darmont, 2021). Because
of these issues, various time series storage solutions have
been developed, but they are not directly transferable to the
manufacturing industry (Jensen et al., 2017).

In the field of manufacturing technology, data collection
is primarily related to the digitalization of process chains
and digital twins. Beckers et al. emphasized the impor-
tance of effective data management for sustainably using
collected data in manufacturing. Therefore, they derived the

need for a standardized database system for metadata and
time series data according to the FAIR principles. However,
detailed insights into data acquisition and generating data-
driven models based on it are lacking (Beckers et al., 2022).
Ganser et al. developed a digital twin framework for
milling. Using a lambda architecture for data acquisition and
microservice integration for modeling, they created a dig-
ital twin that maps profile deviation during the milling of
blisks. While the research approach is promising, the mod-
eling used is not explained in detail and cannot be applied
directly to the grinding process (Ganser et al., 2021). Other
approaches to creating digital twins in production technology
mainly relate to production planning and control. However,
due to the exclusion of metadata for process planning and
time series data for process monitoring, these approaches are
not sufficiently transferable to the current use case (Huang
et al., 2022).

The number of research approaches developed in the field
of data-driven modeling in grinding technology continues
to increase. Currently, the formation of models is mainly
used for predicting process results using supervised machine
learning models. Current research focuses on creating clas-
sification models to detect grinding burn or grinding wheel
wear (Krajnik et al., 2024). The process of generating super-
vised machine learning models usually involves five steps.
First, process data is recorded in the form of internal drive
data or external sensor data as a raw signal. In production
technology, the focus is on acquiring time series data from
spindle power, force, acceleration, and acoustic emission
(AE) sensors. (Pandian et al., 2020).

The second step involves optionally preprocessing the raw
signals by segmenting or filtering them. This increases the
information content of the process data by eliminating idle
times or interference frequencies caused by external influ-
ences or drives, for example.

The third step involves converting the continuous time
signal of the process data into features from the time, fre-
quency, or time–frequency domain during feature extraction.
During time-domain feature extraction, features such as the
root mean square (RMS), variance, skewness, and kurtosis
of the raw signal are considered (Barandas et al., 2020). Fea-
ture extraction in the frequency domain is usually carried out
using an upstream Fast Fourier Transform (FFT) of the raw
signal. Time- and frequency-dependent feature extraction is
achieved by transforming the raw signal into the time–fre-
quency domain. Examples of this include the Short-Time
Fourier Transform (STFT) and discrete wavelet decomposi-
tion (DWD). (Mahata et al., 2021). In addition to classical,
analytically derived transformation methods, heuristic and
bio-inspired principles such as swarmdecomposition are also
applied in the damagediagnosis ofmachines and components
(Vashishtha et al., 2021).
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The fourth and fifth steps are feature selection and model
training/validation. In feature selection, features with high
correlation to the target variable and low correlation to other
features are selected as model input. Supervised machine
learningmodels are formed in training and validation phases.
A machine learning model receives an input dataset and the
corresponding result variables. During the training phase, the
correlations and dependencies between the input and result
data are determined and the mathematical model is formed.
After training, the algorithm is applied to unknown data for
validation. (Rebala et al., 2019).

Regarding the data-driven modeling of grinding
wheel wear, hidden Markov models (Sachin Krish-
nan & Rameshkumar, 2021) and decision tree models
(Mouli & Rameshkumar, 2020) were trained using features
from the time domain. (Warren Liao, 2010) and (Yang & Yu,
2011) transformed the AE signal into the time–frequency
domain and used the wavelet coefficients as features. Autore-
gression models (ARs) and support vector machine models
(SVMs) were used for modeling. Most approaches in the
field of grinding burn detection were developed to identify
individual grinding burn states. Methods for extracting
features from the time domain, the frequency domain (Yang
& Yu, 2013) and the time–frequency domain (Sauter et al.,
2021) were chosen. A detailed overview of other approaches
can be found in (Pandian et al., 2020) and (Krajnik et al.,
2024). In addition to the achieved model scores, scientific
work to date shows that, in most cases, AE-signals are supe-
rior to spindle power, forces, and accelerations in terms of
their information content. Furthermore, combining several
sensors and preprocessing, such as filtering and feature
selection, increases model scores. Models such as SVMs
and further linear regression developments are superior to
artificial neural networks (ANNs), especially for smaller
data sets.

A central limitation of previous research on data-driven
modeling lies in its restricted suitability for economic and
industrial deployment. While existing approaches often
include fundamental methods for data acquisition and model
development, their transferability to other grinding pro-
cesses, scalability to larger data volumes and applicability in
live industrial environments remain limited. This is partly due
to the absence of data acquisition and storage architectures
specifically designed to interact with data-driven models and
partly because many proposed models rely on computation-
ally intensive algorithms that are impractical for use on local
production hardware. Moreover, existing architectures typi-
cally lack a systematic framework for enabling future model
retraining, transfer learning or domain adaptation, which are
essential formaintainingmodel performance under changing
process conditions.

Based on the aforementioned shortcomings in data acqui-
sition, processing and modeling, this publication presents a

comprehensive and scalable approach to data-driven model-
ing for live application use in grinding technology. Beyond
addressing current limitations, the proposed architecture is
designed to systematically support industrial deployment,
scalability to larger data volumes and transferability across
different grinding processes. The status quo and limitations
of each building block within a newly developed end-to-end
architecture are discussed step by step and novel concepts
for data acquisition, feature extraction, model optimization
and validation are introduced. In particular, the approach
explicitly enables robust model validation, future retraining
and domain adaptation by integrating structured metadata
management and modular processing layers. Finally, the
methodology is validated using a grinding burn prediction
use case in surface grinding, demonstrating both its practical
applicability and its potential as a foundation for long-term,
adaptive machine-learning solutions in industrial environ-
ments.

Development of the data acquisition
and processing architecture

Based on the state of the art, it was identified that the effi-
cient and parallel acquisition of metadata and time series
data is insufficiently addressed in existing research. Beyond
this core requirement, four additional design criteria were
defined for the proposed approach. The overall architecture
incorporates a structured metadata database while deliber-
ately following a decentralized design paradigm. Moreover,
it enables the parallel integration of machine control data and
external sensor signals and is inherently scalable, allowing
straightforward extension to additional machines and data
sources.

Building blocks of the architecture

The architecture developed for data acquisition and process-
ing is composed of eight interacting components that are
connected via distributed systems and standardized commu-
nication interfaces, as illustrated in Fig. 1. At the machine
level, each grinding machine is linked to both a metadata
database and a data lake through a dedicated data acquisition
system. This system acquires machine control data as time
series directly from themachine tool using industrial commu-
nication protocols such as OPCUAor PROFIBUS and stores
the data in the data lake. In addition, machine tools may be
equipped with external sensors, including acoustic emission
or acceleration sensors, whose analog signals are amplified,
digitized via measurement cards and stored as time series
alongside the machine control data. The data lake serves as a
centralized, largely unstructured repository for all recorded
time series in their raw format. In contrast, the metadata
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Fig. 1 General data acquisition and processing architecture

database is implemented as a structured relational database
that describes production processes and components through
project identifiers,materials, workpiece information and pro-
cess parameters. For each completed grinding process, the
data acquisition system generates a unique storage path for
the corresponding time series and stores this reference in
the metadata database, thereby ensuring unambiguous link-
age between metadata and raw data. At the model level, all
recorded data can be accessed via a user interface by query-
ing the metadata database, providing simultaneous access to
both process descriptors and associated time series. These
data form the basis for training machine-learning models,
which are subsequently deployed in live process monitor-
ing. A dedicated computing unit performs live predictions
and communicates the results to a visualization dashboard
via an MQTT broker, enabling continuous monitoring of the
grinding process.

To enable stepwise training of machine-learning models
for process monitoring, grinding process data must first be
acquired in a structured and traceable manner. Within the
proposed architecture, grinding operations are defined in
a technology-specific way and represented digitally in the
metadata database as modular building blocks of a grinding

process chain. Individual links of this chain may comprise,
for example, consecutive roughing and finishing operations,
each characterized by their respective process parameters.
Following process planning, all metadata required for man-
ufacturing a component batch (e.g. process steps, machine
tools, tooling information, and setup parameters) are stored
persistently in themetadata database.At the beginningof pro-
duction, the machine operator retrieves the relevant process
definition for the component via a machine-side interface to
the metadata database, thereby initializing the execution of
the planned process chain. Duringmachining, the data acqui-
sition system records control and sensor signals as time series
using predefined sampling strategies. After completion of the
manufacturing process, the recorded time series are linked
with the corresponding process metadata and consolidated
into a single data object. This object is stored in the data lake
under a uniquely generated identifier,which defines an unam-
biguous storage path for the resulting file. The same storage
path is then written back to the metadata database, ensur-
ing persistent referential integrity between metadata and raw
time series data. For subsequent analysis andmodel develop-
ment, data queries are performed via the metadata database
by selecting relevant manufacturing processes, workpieces,
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processes and their associated storage paths. The correspond-
ing machine control and sensor data are then retrieved by
resolving these paths in the data lake, enabling reproducible
and scalable access to consistently contextualized process
data.

The developed architecture implements a two-stage work-
flow for the training and deployment of machine-learning
models. In the first stage, the acquired process data are
preprocessed through systematic segmentation and feature
extraction, as described in Chapters 4.1 and 4.2. In the sec-
ond stage, supervised machine-learning models are trained
and validated within an iterative feature selection and opti-
mization procedure (see Chapters 4.3 and 4.4). Thesemodels
predict grinding process result variables such as surface
roughness, tool wear, and edge zone conditions based on
sensor signals and machine control data. After successful
training and validation, themodels are stored andmade avail-
able for use in live process monitoring applications.

During live operation, process state monitoring is realized
via a dashboard that visualizes selected time series data, asso-
ciated metadata and result variables predicted by pre-trained
machine-learning models. To enable efficient visualization,
the data acquisition system downsamples the recorded time
series to an appropriate temporal resolution and transmits
them to the dashboard via an MQTT broker. In parallel, the
data acquisition system publishes a notification to theMQTT
broker upon completion of a grinding process, indicating
the availability of new data for inference and providing the
corresponding storage path in the data lake.Adedicated com-
puting unit for live calculation continuously subscribes to the
MQTT broker to identify newly announced storage paths.
Using these references, the computing unit retrieves the
required time series data directly from the data lake, thereby
avoiding the transmission of raw data through the MQTT
messaging infrastructure. Live inference is subsequently per-
formed using the pre-trained machine-learning models. The
resulting predictions are published back to theMQTT broker
and subscribed to by the dashboard, where they are visual-
ized to enable continuous and systematic assessment of the
grinding process status.

The developed architecture directly addresses several
challenges related to industrial deployment, monitoring, and
long-term robustness of machine-learning models. By struc-
turing the data flow from the machine level through data
acquisition, a centralized data lake and a harmonized meta-
data layer, the architecture ensures traceability, reproducibil-
ity, and consistent contextualization of sensor data across
machines, projects, and process chains. This structured sep-
aration enables reliable model training and evaluation while
preserving the ability to analyze condition-specific effects
such as different tools, workpieces or parameter settings.

At the model level, the modular design of data access,
processing, and modeling facilitates systematic retraining

and controlled updates of ML-models as new data become
available. The integration of a live application layer with live
calculation and forecasting, coupled with an MQTT broker,
allows continuous monitoring of model outputs and pro-
cess states in production. This setup provides a natural entry
point for detecting performance degradation and data drift by
comparing live predictions with historical distributions and
quality outcomes stored in the metadata layer.

The presented architecture should primarily be understood
as a conceptual and methodological contribution rather than
a finalized system optimized for a specific performance tar-
get. The focus lies on demonstrating how industrial process
data can be systematically acquired, stored and analyzed in
a post-process context using a coherent and maintainable
architecture. By abstracting from application-specific opti-
mizations, the approach highlights general design patterns
and architectural decisions that can be transferred to a wide
range of industrial use cases. In this sense, the contribu-
tion provides a structured framework for reasoning about
data-driven process monitoring architectures rather than a
prescriptive or benchmark-oriented solution.

Detailing the data collection

The state of the art shows that sensor fusion, i.e., the combina-
tion ofmultiple signal sources, in particular offers advantages
in many applications in terms of increasedmodel quality. For
this reason, the architecture presented allows both machine
control signals and acoustic emission, force or acceleration
signals to be recorded synchronously. The control and sensor
data are transmitted as a time-continous signal of the form:

xt , x ∈ R (1)

With a sampling rate f s and a resulting sampling interval
of

�t � 1

f s
(2)

the continuous time signal is divided into discrete, equidis-
tantly distributed points in time

tn � n · �t , n ∈ N0 (3)

which results in a time series of the original signal of the
form:

x[n] � x(n · �t), n � 0, 1, 2, . . . N − 1 (4)

To achieve this, the connected machine tools were
equipped with Tyrolit Toolscope data acquisition sys-
tems to record the signals from themachine controls. Thedata
are read via Profibus interfaces with a sampling rate of f s,C
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� 100 Hz. In addition, the machine tools were equipped with
CompactDAQ hardware from National Instruments to
sample all sensor signals. NI CompactDAQ modules with
maximum sampling rates of up to f s,AE � 1 MHz were used
to integrate acoustic emission sensors. NI CompactDAQ
modules with sampling rates of f s,F � 2 kHz and f s,A �
40 kHz were used to record forces and accelerations.

Semi-automated data acquisition takes place via the
data acquisition system, which has access to the metadata
database and data lake and communicates with a live dash-
board via an MQTT broker (see Fig. 2). The data acquisition
system is based on a NI LabVIEW environment developed
in-house. Acquisition of data for a grinding process begins
with creating a base file containing the metadata of the grind-
ing process. Once the file is created, the data acquisition
system waits for a trigger signal to record the time series
from the machine control and external sensors. The trigger
signal is activated by an M command in the NC code of
the grinding machine. When the trigger is activated, record-
ing of time series data from the machine control and sensors
begins. For performance reasons, data packets from all chan-
nels are written to the base file step by step. After each data
packet iswritten, the system checks if the trigger signal is still
active, which continues the time series recording. In addition
to saving the time series, downsampled control and sensor
data is simultaneously sent to the MQTT broker in JSON
format. The dashboard can retrieve this data and display it
live or it can be used for applications that require less com-
puting power. As soon as another trigger in the NC code
stops the recording of the time series, the entire data set is
saved in the data lake and the storage path is stored in the
metadata database and send to the MQTT broker. This archi-
tecture is particularly suitable for monitoring processes in
frozen industrial environments, in which processes are qual-
ified and no changes are permitted, so closed-loop control is
not possible (e.g. aerospace industry) (ISO 10007, 2017). For
example, it enables the immediate identification of grinding
wheel wear or trends in workpiece roughness development
after the process ends. Based on this information, one can
make decisions regarding adaptive dressing cycles or iden-
tify workpieces out of tolerance. Unlike the aforementioned
lambda architectures, the developed method is not real-time
capable but easier to implement and maintain for industrial
processes.

Development of the data processing
andmodeling architecture

The data processing and modeling architecture is based on
three fundamental building blocks (see Fig. 3). First, all meta
and time series data necessary for subsequent modeling is
accessed. This data is accessed via a user interface with the

relational metadata database described in Chapter 2. The
database is then used to retrieve the necessary time series
data from the data lake for modeling. After the data is pro-
vided, machine learning models are trained and validated in
the data processing and modeling process. These models can
then be used in a live application on the machine.

The models are trained following the general procedural
structure established in the state of the art, comprising prepro-
cessing, feature extraction, feature selection and subsequent
model training. In the feature extraction stage, discrete and
characteristic features are derived from the recorded time
series and after appropriate selection, provided as inputs
to the machine-learning models. While the stepwise train-
ing workflow commonly reported in previous studies (see
Chapter 2) is retained, the underlying methods are sub-
stantially modified. The primary objective is to derive an
efficient model structure that can be deployed in industrial
environments with inference times on the order of seconds.
To this end, five fundamental requirements are imposed on
the processing architecture. Feature extraction methods are
designed to enable high-resolution analysis in the frequency
domain across both low and high frequency ranges. At the
same time, the extracted features must be computationally
efficient and physically interpretable, allowing direct insights
into potential optimization of the sampling rate in Hertz. Fur-
thermore, the feature selection strategy is explicitly tailored
to reduce computational effort compared to conventional
approaches, while preserving a high level of predictive per-
formance and model quality.

Segmentationmethod

Time series data must be segmented to either reduce the
amount of recorded data or increase its information content
(Krajnik et al., 2024). One main reason for segmentation
is to eliminate air grinding times, which are not correlated
with the target variables in subsequent modeling. Other rea-
sons include dividing a continuous signal into different,
component-specific segments (e.g. the grooves of an end
mill) and subdividing the process of grinding a component
feature into individual steps (e.g. roughing and finishing).
The presented architecture makes semi-automated segmen-
tation of time series possible on the basis of various machine
control data. The main prerequisite is time-synchronized
recording of all machine control and sensor signals, con-
verted via the sampling rate f s. In this architecture, all time
series data can be segmented based on spindle power, axis
positions and axis speeds. In Fig. 4 the acoustic emission
signal (AE-signal) of a pendulum grinding process is used
to demonstrate segmentation based on the aforementioned
control data. The example shown aims to subdivide the over-
all signal into individual strokes to allow for the separate
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consideration of the grinding segments in upgrinding and
downgrinding.

The figure shows the AE signal UAE with three grinding
strokes over time. The differentmachine control data are plot-
ted on the vertical secondary axis. To define a new segment,
cropping points θ are definedwithin themachine control data
by means of threshold value detection. Exceeding or falling
below these values indicates the start or end of a segment.
Based on a time series x[n], the number of threshold values
is calculated with

Sover �
{
ni ∈ N |x(ni−1 ) ≤ θ

∧
x(ni ) > θ

}
(5)

in the case of exceedance and the number of underruns Sunder
by:

Sunder �
{
ni ∈ N |x(ni−1 ) ≥ θ

∧
x(ni ) < θ

}
(6)

Finally, the cropping points found can be transferred to all
other time series with the aid of the respective sampling rate
of the time series. For the subsequent feature extraction, the
features are calculated for each of the segments.

Selection of the feature extractionmethod

Current approaches to train data-driven models in grind-
ing technology primarily use feature-based methods. Here,
the recorded time series is not used as direct input for the
models, but rather characteristic features of these. The advan-
tages of this method are high efficiency in modeling, good
interpretability and the reduced risk of overfitting (Storcheus
et al., 2015). Within a so-called feature extraction process,
the time series x[n] is transformed into a feature vector f V
(Fulcher, 2017):

x[n]
Trans f ormation→ Feature − Vector fV , fV ∈ R

k (7)

The transformation process can include various pre-
processing steps, such as the segmentation of the time series
into time-divided intervals as described above, as well as
the application of physical filters and conversions in the fre-
quency and time–frequency domain. If the transformation
process is summarized within a feature operator or a map-
ping function Φ(x), the resulting feature vector is called

fV � φ(x) �

⎡
⎢⎢⎢⎢⎣

fV 1(x)
fV 2(x)

...
fV k(x)

⎤
⎥⎥⎥⎥⎦

(8)

where k is the number of extracted features (Christ, 2018).
The current state of the art includes various approaches to

data-driven modeling for preprocessing time series and cal-
culating features. For this purpose, standard python libraries
are generally used to calculate one feature type (e. g. pysig-
nal) or several types (tsfel or tsfresh) (Barandas et al., 2020).
One basic distinction is between extraction methods in the
time, frequency or time–frequency domains. As discussed
in Chapter 2, the initial scientific approaches to train data-
driven models focused on calculating characteristic features
in the timedomain.Advantages of this approach include good
interpretability of the resulting features and low computa-
tional and memory requirements. However, this approach
requires knowledge-based preprocessing of the raw signal,
e.g., filtering to compensate for possible interference sig-
nals. Additionally, the information content is low due to the
lack of spectral evaluation of the raw signal (Krajnik et al.,
2024). Due to these limitations, approaches that transformed
the time-resolved raw signal into the frequency domain were
increasingly pursued. The most common method for this is
the discrete Fourier transform (DFT). Here, each i-th fre-
quency index is assigned a complex Fourier coefficient FFT
by the formula

FFT x [i] �
N−1∑
n�0

x[n] · e− j 2πN in , i � 0, 1, . . . N − 1 (9)

where e corresponds to the Euler number, j to the imag-
inary unit and N to the length of the time series (Vet-
terli & Kovačević, 2014). Based on the calculation of the
individual Fourier coefficients, the energy of the frequency
bins, for example, can be calculated and used as input data
for data-driven models. In practice, the evaluable maximum
frequency fmax,FFT is limited by theNyquist-Shannon the-
orem to (Landau, 1967):

fmax , FFT � fs
2

(10)

The frequency resolution �f FFT is set via

� fFFT � fs
N

(11)

and is distributed linearly over the entire frequency band
(Oppenheim et al., 1999). Due to the lack of time resolution
of the Fourier transform, it is possible to extend the formula
by shifting a windoww over the signal in time in order to cal-
culate time-resolved frequency information. In most cases,
a Short-Time Fourier Transform (STFT) is used for this
purpose, so that

(12)

ST FT x [m, i] �
∞∑

n�−∞
x [n] · wST FT [n − m] · e− j 2πM in ,

i � 0, 1, . . . M − 1
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whereby the window wSTFT depends on the window shift m
(Allen & Rabiner, 1977). The frequency index i indicates the
frequency at which the transformation is performed and M
represents the window length. Due to the constant window
lengthM, derived from Heisenberg’s uncertainty principle,
it is not possible to have a simultaneously high frequency
and time resolution (Vetterli & Kovačević, 1995). Large val-
ues of M result in high frequency resolution and reduced
time resolution. Reducing the window length increases the
time resolution while decreasing the frequency resolution.
Based on this limitation, a method of converting the raw sig-
nal into the time–frequency domain with variable time and
frequency intervals was developed using wavelet transforms.
By shifting and scaling a basic wavelet function ψ , wavelet
coefficientsWx are defined by the mathematical relationship

Wx [s, b] �
∞∫

−∞
x[n] · 1√|s|ψ ∗

(
t − b

s

)
dt (13)

where s represents the scaling parameter for frequency
control and b the parameter for time shifting (Vet-
terli & Kovačević, 1995). The advantage of variable interval
lengths in the time and frequency domains is often helpful.
However, it is accompanied by the disadvantage that select-
ing suitable wavelet basis functions and estimating correct
scaling resolutions is complex and, in many cases, requires
knowledge of the empirical process. Converting the scales s
into frequencies f inHertz is possible via equivalent Fourier
periods, depending on the wavelet basis functions. A widely
used wavelet basis function is the Morlet wavelet with

ψ(t) � π
1
4 · e− jw0t · e− t2

2 (14)

where ω0 corresponds to the central frequency of the sine
wave (typical for Morlet: ω0 � 6) and, derived from this,
e(−j) (ω0) (t) corresponds to the sine wave itself in complex
notation. The time-dependent component of the function is
represented by the term e(−t2/2). By converting the equivalent
Fourier wavelength λ with

λ � 4πs

w0 +
√
2 + w2

0

(15)

the scales s are converted into frequencies f using the rela-
tionship (Torrence & Compo, 1998):

f � 1

λs
(16)

Due to the aforementioned dyadic scaling of s to obtain
variable intervals in both the time and frequency domain,

the converted frequency resolution �fW is normally loga-
rithmic. As a result, achieving a high spectral resolution at
high frequencies is usually not possible or it requires a high
computational effort and detours.

The spectral density estimation according to Welch
offers a further possibility of transformation into the fre-
quency domain that has not yet been established in grinding
technology. This method aims to reduce the variance of the
spectral density of conventional FFTs while reducing com-
puting and memory requirements (Welch, 1967). To obtain
the spectral density, the time series x[n] is first divided intoK
segments of length L, whereby the individual segments are
divided by:

xx [n] � x[n + k · L], n � 0,1, . . . , L − 1andk � 0, . . . , K − 1
(17)

To prevent edge artifacts, awindow functionw (e.g.Ham-
ming window) is then applied so that:

xw
k [n] � xk[n] · wH [n] (18)

In the next step, an FFT of the form

Xk[m] �
L−1∑
n�0

xw
k [n] · e− j 2πL mn , l � 0, 1, . . . , L − 1 (19)

is applied, whereby for each of the segments a periodogram
of the form

Pk[m] �
L−1∑
n�0

1

UL
· |Xk[l]|2 (20)

is created. Due to the window function w[n], the spectral
power is greatly reduced without the inclusion of the so-
called energy normalization factor U and therefore does not
correspond to the actual spectral power. Scaling with

U � 1

L

L−1∑
n�0

w[n]2 (21)

counterarcts. Finally, the periodograms of all segments are
averaged so that the spectral density estimate according to
Welch can be calculated using

PWelch � 1

K

K−1∑
k�0

Pk[m] (22)

whereby a spectral power is assigned to each l-th frequency
interval. Figure 5 illustrates the spectral density estimation
procedure according toWelch, employing an exemplary raw
AE-signal from a grinding process. The time-resolved raw

123



Journal of Intelligent Manufacturing

FFT(I)

M
ag

ni
tu

de
A

[V
]

FFT(III) FFT(IV) FFT(V)FFT(II)

Frequency f [Hz]

Sp
ec

tra
l

de
ns

ity
PS
D

[V
2 /H

z]
Signal length N [-]

Segment length L [-]

Time t [s]

Frequency f [Hz]

Sp
ec

tra
ld

en
si

ty
PS
D

[V
2 /H

z]

IV VIIIIIII

Cumulative
periodograms of
all segments
WELCH’s spectral
density estimation

Fig. 5 Spectral density estimation according to Welch

0.E+00

5.E-08

1.E-07

2.E-07

2.E-07

0.E+00 1.E+05 2.E+05 3.E+05
Frequency f [kHz]

PS
D

[m
V2 /H

z]

Features

AE time series

With sampling rate fs = 1 MHz:
Segment length L = 256

fWELCH = 3906 Hz
Segm. length L = 1024

fWELCH = 976 Hz

0.2

1.5

1.0

0.5

0.0
0 100 200 300

Fig. 6 Frequency resolution

signal with Magnitude A depicts a grinding stroke with a
signal length of N . The total length of the grinding stroke
is divided into five segments (I–V), each with a length of
L. An FFT is applied to each of the individual segments,
generatingfive periodograms.Averaging these periodograms
produces theWelch spectral density estimate shown on the
right. For clarity, the window function is omitted. In practice,
the individual segments are also overlapped to reduce the
variance of the spectral density estimate further.

Formula 20 shows that spectral resolution depends on
segment length L. As with the STFT, spectral resolution
increases with longer segments, though the smoothing effect
decreases. Figure 6 illustrates the relationship between seg-
ment length L and spectral resolution �fWelch. It shows the
spectral density estimate PSD for a raw AE-signal during a
grinding stroke.Due to theNyquist theorem, a sampling rate
of f s � 1 MHz enables a maximum frequency of fmax,Welch

� 500 kHz, but the display is limited to f � 300 kHz for clar-
ity. The spectral density estimate is clearly smoothed with a
segment length of L � 256 compared to L � 1024. With the
relationship

� fWelch � fs
L

(23)

the frequency resolution �fWelch is calculated in the same
way as the resolution of the STFT. The resolution is dis-
tributed linearly across all frequency ranges. For a segment
length of L � 256, the resolution is �fWelch � 3906 Hz and
for a segment length of L � 1024, the resolution is �fWelch

� 976 Hz over the entire frequency spectrum. As with a
FFT, the time resolution of the signal is generally omitted.
Compared to a FFT, spectral resolution is reduced by spec-
tral power density estimation according toWelch. However,
smoothing increases robustness against interference signals.

Regarding the requirements for the data processing and
modeling architecture described in Chapter 1, the primary
goal is to efficiently design the feature extraction process
in an industrial environment using the necessary process-
parallel application options. First and foremost, the com-
puting and storage requirements must be minimized. The
number of computing operations O is usually determined to
estimate the computing requirements of the individual feature
extraction methods. The computational effort of the methods
presented here depends on the transformation algorithm and
is shown as a function of signal lengthN andmethod-specific
parameters. Fourier coefficients are typically obtained via a
FFT, while wavelet coefficients are calculated using continu-
ous wavelet transforms (CWTs), discrete wavelet transforms
(DWTs) orwavelet packet transforms (WPTs). Figure 7 com-
pares the number of arithmetic operations O as a function of
various transformation algorithms and signal lengths N . The
axes are plotted logarithmically. The blue graphs in the figure
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show the transformationmethods based on simple FFTs. The
black grouping of graphs corresponds to methods for calcu-
lating wavelets. Due to their mention in the state of the art,
the Empirical Mode Decomposition (EMD) and Hilpert-
Huang Transform (HHT) methods are also shown in gray.
The complexity of calculating the FFT depends solely on the
signal length N . In the worst case, this also applies to EMD
and HHT (Elgamel, 2012). The computational effort of cal-
culating STFTs and Welch’s methods increases with the
window lengthsM and L or the number of scales s in relation
to the wavelet transform. However, the computational effort
for an STFT or Welch’s method increases logarithmically
with an increase in window size, whereas the computational
effort for a continuous wavelet transform increases linearly
with an increase in the number of scales (Wang &He, 2023).
Both the window and segment lengths, as well as the number
of scales, were chosen based on literature values (Torrence &
Compo, 1998). Switching to the faster DWT greatly reduces
the spectral resolution. Switching from a logarithmic to a
linear resolution requires a WPT, which increases computa-
tional effort (Lei & Kun, 2017). EMD and HHT entail the
highest computational effort because they increase linearly
with signal length. Assuming the use of AE sensors with
minimum sampling rates of f s,min � 400 kHz and manufac-
turing times of more than one second, transforming the raw
signal in a few seconds is only possible with spectral density
estimation according toWelch.

Based on previous findings, Table 1 summarizes the most
important properties for selecting a feature extractionmethod

and the degree to which the presented methods fulfill these
properties. The plus signs indicate a positive fulfillment of
the displayed characteristics. Minus signs indicate a negative
fulfillment.

Due to the high computational effort involved, neither
HHT, EMD, nor CWT can be used as feature extraction
method in live applications. DWT requires the least compu-
tational effort. However, due to its lack of spectral resolution,
the expected model quality is low. Transforming into the
frequency domain using spectral density estimation accord-
ing to Welch offers the lowest computational effort while
providing high frequency resolution, which is distributed lin-
early over the entire frequency spectrum. The smoothing
effect also enhances the robustness of the models. Since fre-
quencies are represented directly in Hertz, the models are
highly interpretable. This enables the estimation of impor-
tant frequency ranges in model analyses and the reduction of
sampling rates. This is particularly beneficial for small and
medium-sized enterprises with limited storage capacities.

Based on the aforementioned advantages of spectral den-
sity estimation according to Welch, it was selected as the
basis for the feature extraction method. In addition to the
previous explanations, a Hamming window with a window
overlap of 50% was selected for the spectral density esti-
mation. In the method used, the total number of features nf
depends on the window length L of the spectral density esti-
mation and the number of previously determined segments
nsegments. Including the sampling rate f s and the Nyquist
theorem, the method presented therefore produces a total
number of features of

n f � Lwelch

2
· nsegments (24)

and is made available to the subsequent machine learning
model as input. The input is provided as a feature matrix
F, where the number of rows stands for the number of test
points mt and the spectral densities are plotted column by
column. Figure 8 shows two examples of feature matrices as
a function of the influencing factors presented.

In university research and industry, particularly in tool-
making and small-batch production, the number of features
often exceeds or equals the number of test points. This
increases the risk of overfitting, in which the model learns
and reproduces random patterns, even when cross-validation
is used. To minimize this effect, the literature recommends
limiting the feature-to-test point ratio to 5:1 for simple mod-
els (Theodoridis, 2009). Because spectral density estimation
results in a high number of features, the feature matrix must
undergo feature selection to reduce the number of features.
The objective is to minimize the number of features while
maximizing the model score to achieve the recommended
ratio of features to test points.
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Table 1 Overall transformation comparison

Property FFT STFT Welch CWT DWT EMD/HHT

Temporal resolution − + + − + + + + + +

Spectral resolution at low frequencies + + + + + + + + + − + +

Spectral resolution at high frequencies + + + + + + + − − −
Type of spectral resolution Linear Linear Linear Log Log Quasi-log

Interpretability + + + + + + + + + + −
Smoothening − − + + − + −
Live application + + + + + + + + − + + + −

Number of
features nf :

fWelch = 1953 Hz
nf = 256

fWelch = 488 Hz
nf = 1024

Sampling rate fs:
fs = 1 MHzf f

f f2

nf: Number
of features

mt: number of tests

Fig. 8 Feature matrix

Feature selection

Feature selection is a step in the data preparation process
that involves removing irrelevant or redundant features to
improve model performance and prevent overfitting. There
are two main classes of feature selection methods. Filter
methods evaluate feature relevance independently of subse-
quentmachine learningmodels. Thesemethods use statistical
coefficients, such as correlation coefficients, chi-square tests
and mutual information to determine relevance. The features
are ranked according to these coefficients and the best ones
are selected for model training. Although filter methods are
fast and simple, they do not consider interactions between
features. Wrapper methods, on the other hand, evaluate fea-
tures using a machine learning model. These methods test
different combinations of features and select the combination
that produces the best-performing model (e.g., using cross-
validation). Well-known wrapper methods include forward
selection, backward elimination and recursive feature elim-
ination. Wrappers are usually more accurate, but also more
computationally intensive. (Jovic et al., 2015).

In this example, with a large number of features, classic
wrapper methods cannot be used due to excessive computing
times, or they can only be used with great effort (e.g., use of
computing clusters). To overcome this challenge, while at the
same time taking interactions between features into account,
a feature selection method combining a wrapper method and

global search

1

3

2

local search

Fig. 9 Search strategies of metaheuristics

optimization algorithms was developed to reduce computing
time. In this method, selecting the best features is formulated
as an optimization problem that aims to maximize the score
of a machine learning model.

There are two basic methods for solving optimization
problems: exact methods and heuristics. Unlike exact meth-
ods, heuristics do not calculate exact solutions, rather, they
approximate the optimum (Sörensen, 2015). Most heuris-
tics use random variables for the approximation procedure.
These stochastic calculation steps lead to the disadvantage
that the results are not reproducible. However, they make
it possible to find the best global solution. Using process-
specific parameters to terminate the optimization method
significantly reduces the computing time of heuristics com-
pared to exact methods. Additionally, a compromise can
be found between solution exactness and computing time.
A subgroup of heuristics are metaheuristics. Metaheuristics
can be classified as local, constructive, population-based, or
trajectory-based methods. Metaheuristics are developed and
applied to address the contradictory requirements of rapidly
examining the entire search space for areas with high-quality
values (diversification) and determining the optimum in local
areas as accurately as possible (intensification) (Blum&Roli,
2003). Figure 9 illustrates the strategic possibilities of ameta-
heuristic in the global and local searches for minimums.

The presented architecture uses aGeneticAlgorithm (GA)
and a Particle Swarm Optimization (PSO) as its optimiza-
tion algorithms. Both of these algorithms are classified as
population-based. The main difference between these two
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metaheuristics lies in their application and the implemen-
tation of their global and local search strategies. First, the
GA restricts the search space to areas with high-quality
values, then searches for the global optimum within these
areas. PSO searches various local best solution spaces and
extends the search to the entire search space. For the opti-
mization, the GA was used for global search and PSO for
local fine-tuning. The algorithms were implemented for two
main reasons: first, both search algorithms can be applied
efficiently even in high-dimensional spaces (in this case, the
number of features) and are well suited for parallelization.
Second, the frequency spectra derived from the time series
data are characterized by abrupt changes and a high number
of local optima. Consequently, the feature-extracted search
space can be considered ‘rough’. In this context, the GA
offers advantages over other optimization algorithms, e.g.
a Bayesian Optimization (Dalio et al., 2017). To reap the
benefits of both the GA and PSO, they were combined and
managed within the presented architecture using a higher-
level optimization method. This method is described below,
followed by a detailed presentation of the individual algo-
rithms.

Structure and procedure of the hyperheuristic

Based on previous research in this field, the name hyper-
heuristic was chosen for the term of the superordinate
optimization method (Burke et al., 2013). In the case pre-
sented here, the hyperheuristic maps the following tasks:

• Pre-processing of the feature matrix from chapter 2
• Definition of the number of features for the subsequent
feature selection and definition of the search space

• Initialization of the individual optimization algorithms
• Receipt of the determined solutions of the individual opti-
mizations and, if necessary, adjustment of the individual
optimizations

Figure 10 shows both the individual functions of the
hyperheuristic and the optimization algorithms within a dia-
gram. The hyperheuristic operates at the optimization control
level, whereas the individual algorithms are implemented at
the subordinate optimization level. Derived from the hyper-
heuristic tasks described above, the hyperheuristic functions
were essentially implemented for preprocessing and opti-
mization control. Within a preprocessing step, an imputation
is performed, whereby missing or erroneous entries from the
feature matrix from Chapter 2 are replaced by an interpola-
tion of the neighboring points. In addition, the feature matrix
is scaled according to the form

z � x − μ

σ f
(25)

where z stands for the standardizedvalue of the feature,which
is calculated from the original value x and the mean value μ

and the standard deviation σ f of the feature (Hastie et al.,
2017). Standardization scales each feature to a mean of zero
and a standard deviation of one, which prevents the domi-
nance of features with larger numerical values in the initial
state.

A parameter list is created based on the pre-processed
feature matrix in the pre-selection state. This list defines
the search space for all features and serves as the basis for
creating the first optimization iteration for the optimization
algorithms later on. The number of rows in the parameter
list corresponds to the number of features to be selected,
which is determined by the person applying the optimization.
For each row, a segment and a lower and upper frequency
limit are entered column by column. Next, the optimization
algorithms are initialized. In this method, a new worker is
started on a new computing core for each optimization algo-
rithm to enable parallel processing. During initialization, the
algorithms are given the parameter list, a termination crite-
rion for the optimization, the pre-processed feature list, and
the associated targets. To enable communication between the
algorithms and hyperheuristic, queues are set up in the archi-
tecture.

The optimization algorithms develop solutions based on
the hyperheuristic’s input parameters. In this case, the pos-
sible solutions are the feature matrices used to train and
validate machine learning models. The feature matrix that
achieves the best machine learning model score is consid-
ered the best solution for the optimization algorithm. Within
an optimization algorithm, a new best solution is determined
within every iteration and forwarded to the hyperheuristic via
the queue. The hyperheuristic then checks whether the opti-
mization algorithm requires adjustments to its optimization
procedure. Four different cases can occur:

• Case 1: A defined minimum number of iterations within
the optimization algorithm has not yet been reached.

• Case 2: The minimum number of iterations has been
reached and the optimization algorithm sends the globally
best solution.

• Case 3: The minimum number of iterations has been
reached and the optimization algorithm has sent an
algorithm-related best solution.

• Case 4: The minimum number of iterations has been
reached and the optimization algorithm has not sent a solu-
tion improvement for a defined number of iterations.

Since metaheuristics generally require a minimum num-
ber of iterations and temporary non-improvement of solu-
tions is possible, a variable was set up to monitor these states
for cases 1 and 4. The global best solution refers to the best
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Fig. 10 Optimization architecture for feature selection

solution across all algorithms. In cases 1 and 2, the hyper-
heuristic does not initiate any search adaptation. In case 3, the
current global best solution is transmitted to the optimization
algorithm under consideration. In case 4, a new parameter
list is sent to the algorithm, which is then restarted with new
search space limits. This new parameter list contains a search
space adjustment for each feature in the featurematrix, based
on the previous global best solution. To achieve this, a band-
width bw is added to and subtracted from each frequency of
the previous global best solution, thus defining new search
space limits. Based on a minimum and maximum frequency
fmin and fmax, the bandwidth bw is calculated with

bw � ( fmax − fmin) · cB · ci
2

(26)

where cb is a user-specific but constant coefficient for setting
a basic bandwidth and ci is the reciprocal of the number of
iterations. As the number of iterations increases, ci decreases,
whereby the bandwidth bw becomes smaller with each opti-
mization adjustment. This results in a reduction of the search
space, which reinforces the intensification effect described
above.

Figure 11 illustrates the chronological sequence of the
optimization cycle in the hyperheuristic, as explained pre-
viously. When the hyperheuristic is initiated, the overall
optimization is established by calling the feature matrix and

the targets. This is followed by preprocessing through impu-
tation and scaling. After the parameter list is created, the GA
and PSO begin. Within the optimization loop, the queues
of the individual algorithms are queried repeatedly for new
solutions.

When a new solution reaches the hyperheuristic, the sys-
tem checks which of the four upper cases has occurred and
if the optimization needs adjustment. If an adjustment is not
necessary, the next queue is queried for a new solution. If
an optimization adjustment is necessary, either the globally
best solution is forwarded, or a new parameter list is sent.
When a termination criterion is met within an optimization
algorithm, the hyperheuristic is notified via the queue. The
overall optimization ends when all the algorithms reach their
termination criterion.

Structure and procedure of the genetic algorithm

The GA’s optimization strategy is based on the principles
of evolution. It includes functions for forming a popula-
tion, selecting the best individuals within that population and
recombining and mutating genetic material. Each of these
principles corresponds to a step in the GA (Lambora et al.,
2019). GAs are widely implemented for optimization prob-
lems and are usually carried out according to the listed steps,
with various adjustments made within the individual steps
depending on the application.
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Fig. 11 Optimization cycle of the hyperheuristic

In the present application, a population is formed from a
defined number of feature matrices whereby one individual
in the population corresponds to one feature matrix. Recom-
bination of geneticmaterial is achieved through column-wise
recombination of different features of two feature matrices.
Mutation involves replacing a single feature.

Figure 12 illustrates the fundamental functions of theGA’s
pseudo code in this architecture. Object-oriented program-
ming with a GeneticAlgorithm class was used to implement
the GA. An object of this class is initialized by providing the
population size, number of generations,mutation rate, feature
matrix, targets, and parameter list. In this case, the popula-
tion size corresponds to the number of feature matrices with
the final selected features, as well as the number of machine
learning models trained and validated during a generation
of the algorithm. Process result variables from the grinding
process, such as roughness or edge zone damage, serve as tar-
gets. Additionally, the object receives the feature matrix in
its pre-selection state and the aforementioned parameter list.
The number of generations represents the termination crite-
rion of the optimization algorithm, i.e., the required number
of iterations until termination.

The first step of the GA is to form a starting popula-
tion. With a population size of 100, for example, 100 feature
matrices are formed. Each feature matrix is considered an
individual. To create an individual, feature IDs consisting
of segment names and frequencies are randomly generated
based on the parameter list. If a feature matrix consists of ten
features, ten feature IDs are randomly generated. These IDs
are then used to select features from the feature matrix trans-
ferredby the hyperheuristic.Basedon the startingpopulation,

the fitness of all created feature matrices is evaluated using
a fitness function. This function represents the training and
validation of a machine learningmodel. No special boundary
conditions need to bemet to select amachine learningmodel.
Based on a training and test dataset, only a cross-validation
score, such as the coefficient of determination R2 or root
mean squared error RMSE, needs to be calculated. Assign-
ing a score to each feature matrix in a population allows
to rank the best solutions and pass the best solution on to
the hyperheuristic. In the next selection step, the best fea-
ture matrices are selected and used for recombination. The
architecture presented implements a tournament mode for
selection, in which three individuals from the original pop-
ulation are compared in several runs based on their fitness
(model score) and the individual with the highest score is
selected for recombination. During recombination, two fea-
ture matrices are randomly selected and their features are
recombined. This creates two new feature matrices, which
are added to a new population. At random points, individual
features are replaced with others of the population within the
mutation with a probability equal to the specified mutation
rate. These steps are repeated until the termination criterion
is met, completing the optimization by the genetic algorithm.
Figure 13 shows the time sequence of the implemented GA.
In addition to the pseudocode explained above, the diagram
shows the solution exchange with the hyperheuristic, as well
as the optimization adaptation. In the architecture, the best
solution is sent to the hyperheuristic after each generation.
After sending the solution, a check is made to see if the ter-
mination criterion has been met. If not, the hyperheuristic
retrieves the new strategy.
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Class GeneticAlgorithm(population_size, generations, mutation_rate, feature_matrix, targets, parameter_list):
Function run():

population create_initial_population()
FOR each generation in generations:

FOR each individual in population:
fitness fitness_function(individual)

best_individual individual with best fitness
save (fitness of best_individual)
selected_population selection(population, fitnesses)
FOR each parent (parent1, parent2) in selected_population:

(child1, child2) crossover(parent1, parent2)
child1 mutation(child1)
child2 mutation(child2)
next_population add: child1, child2

Function create_initial_population():
FOR i in 1 to population_size:

FOR each (start, end) in parameter_list:
Select random feature-ID between start and end
Add feature to feature_list
individual Create initial dataframe

from feature_list and feature_matrix
Add individual to population

RETURN population

Function fitness_function(individual):
model Select machine learning model
Split individual and targets into training and testdata
fitness Calculate Cross-Validation-Score (e. g. R²)
RETURN fitness

Function selection(population, fitnesses):
FOR i in 1 to population_size:

Select random individuals + fitnesses
winnner individual with highest fitness
Add winner to selected_population

RETURN selected_population

Function crossover(parent1, parent2):
Combine columns of both partents to pool
child1 Rand. selection of columns (size like parent1)
child2 Rand. selection of columns (size like parent2)
RETURN (child1, child2)

Function mutation(individual):
FOR each column in individual:

IF random_number < mutation_rate:
Replace column with new column

RETURN individual

Fig. 12 Pseudocode of implemented Genetic Algorithm
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Fig. 13 Optimization cycle of the Genetic Algorithm

If no adjustments are necessary based on the optimiza-
tion progress, the fitness values of the current generation are
determined, and the next steps are carried out based on them.
If a new strategy is used, either the best solution of the current
generation is added or a new optimization is started. To this
end, the hyperheuristic generates a new starting population
based on the newly transmitted parameter list.

The three main optimization parameters of the GA are
population size, number of generations, and mutation rate. A
larger population size provides better coverage of the entire
search space and a higher probability of finding good solu-
tions. However, as the population size increases, so does the
computational effort required. Increasing the mutation rate
maintains genetic diversity and avoids early convergence.
Conversely, a mutation rate that is set too high can prevent
convergence.

Structure and procedure of the particle swarm optimization

Particle swarm optimization is an evolutionary optimization
algorithm inspired by the collective movement of animals
in nature, such as schools of fish or flocks of birds. Similar
to GAs, PSO aims to determine the highest-quality solution
within a defined search space. The first step in the optimiza-
tion process involves creating initial particles, each of which
is randomly placed within the search space at a position x
and given an initial velocity v. Moving the particles through
the search space at velocity v achieves iterative improve-
ment of the global solution. The movement of the particles is
controlled by the best solution of each particle and the best
solution across all particles. With regard to the implemented
feature selection method, a particle corresponds to a feature
matrix and a solution. The position of a particle corresponds
to the frequencies of a feature matrix. As with the GA, the
quality of a feature matrix is specified by the model score of
a machine learning model. For each iteration within the opti-
mization algorithm, the speed of a particle v is determined
by the formula

vi (t + 1) � w · vi (t) + c1 · r1 · (pi − xi (t)) + c2 · r2 · (g − xi (t))
(27)

which consists of three terms (Wang et al., 2018). The first
term uses the inertia weight w to determine the extent to
which the current velocity of particle i at time t should be
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Class PSO(particle_size, iterations, std_dev, c1, c2, w, feature_matrix, targets, parameter_list):
Function run():

particles create_particles()
velocities create_velocity_list with values of std_dev
dataframes create_dataframe_list(particles)
fitnesses fitness_function(particles)
personal_bests particles
global_best Find best particle
FOR each iteration in iterations:
fitnesses fitness_function(dataframes)
personal_bests Update personal best positions
global_best Find best global particle
particles, velocities update_particles(particles,

personal_bests, global_best, velocities)
dataframes create_dataframe_list(particles)

Function create_particles():
FOR each particle in particle_size:

FOR each segment in segment_list:
feature_list create_feature_list()
Add feature_list to segment_dict
Add segment_dict to particle

RETURN particles

Function create_feature_list():
FOR each parameter in parameter_list for one segment:
feature random value within bounds
feature_list Add feature to feature_list

RETURN feature_list

Function create_dataframe_list(particles):
FOR each particle:

FOR each segment in particle:
Select columns for features from feature_matrix
Rename and merge into dataframe

Add dataframe to dataframes
RETURN dataframes

Function fitness_function(dataframes):
model Select machine learning model
FOR dataframe in dataframes:
Split dataframe and targets into training and testdata
fitness Calculate Cross-Validation-Score (e. g. R²)
Add fitness to fitnesses

RETURN fitnesses

Function update_particles(particles,personal_bests,
global_best,velocities):
Compute new velocities based on PSO-parameters
Apply velocities to position
RETURN particles, velocities

Fig. 14 Pseudocode of implemented PSO

maintained for time t + 1. The second term defines the extent
to which the velocity changes on the basis of the personal
best solution pi. The third term expresses how the velocity of
a particle is changed on the basis of the globally best solution
g. Terms one and two can be adjusted by different weights
via the acceleration coefficients c1 and c2. By integrating two
randomvariables r1 and r2, a stochasticmovement of the par-
ticles in the search space is also taken into account. Figure 14
shows the pseudocode of the implemented algorithm.

Similar to the GA, a PSO class was implemented that
contains the following transfer parameters: particle_size,
iterations, std_dev, c1, c2, w, feature_matrix, targets, and
parameter_list. The number of particles or the number of
subsequent feature matrices is determined by particle_size.
The termination condition of the algorithm is represented by
the number of iterations. The standard deviation std_dev is
necessary for initializing the particles. The parameters c1, c2,
and w correspond to the explained coefficients c1, c2, and w.

In the first step, the create_particle function generates par-
ticles consisting of segments and features. The features are
formed from the transferred parameter list and correspond to
the frequencies according to Welch. Based on the created
particles, velocities are randomly generated for the particles
using the specified standard deviation. Next, feature matrices
are formed based on the particles and passed to the fitness
function. Assigning a machine learning score to each feature

matrix determines the best current solution for each parti-
cle, and the best global solution is saved. Then, based on the
model scores, the speed of the particles is updated according
to formula 27, and the steps are repeated until the termi-
nation criterion is met. Similar to Fig. 14, the pseudocode
is supplemented with the option of sending solutions to the
hyperheuristic and receiving adjustments from the optimiza-
tion strategy.

In summary, the implemented procedure offers various
possibilities for further development, particularly through
the parallelization of optimization algorithms. First, com-
plementary optimization algorithms can be added. Second,
the same optimization algorithms can be used with different
optimization parameters.

Modeling, analysis and optimization

The presented architecture supports the training and vali-
dation of machine-learning models with a particular focus
on supervised learning approaches based on systematic
feature extraction and feature selection. Both classifica-
tion and regression models can be implemented and are
accessed within the proposedmethodology using established
Python libraries (Pedregosa et al., 2011). Because of the
type of feature extraction, it is important to optimize the
frequency resolution �f that improves model quality the
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most for each model. Regarding feature selection, the pre-
sented architecture enables an optimization of the number
of features nf and maximum frequencies fmax. Reducing the
maximum frequency directly lowers the required sampling
rate and memory demand, thereby improving computational
efficiency. Beyond optimizing feature dimensionality and
sampling requirements, the method further allows for a com-
parative evaluation of different signal sources or process
segments. Their relative importance within the model can
be assessed by analyzing the proportion of features originat-
ing from each signal source or segment that are ultimately
selected. In addition, quantitative parameters such as the
Shapley value offer the possibility of evaluating the impor-
tance of an individual feature. The Shapley value originates
from game theory and distributes the “winnings” of a game
fairly among the players by calculating the average marginal
contribution of a player for all possible coalitions. Applied
to machine learning, it measures the average contribution of
a feature to the model prediction, providing a fair and consis-
tent definitionof feature importance (Lundberg&Lee, 2017).
In termsofmodel quality assessment, all commonparameters
such as the coefficient of determination R2 or the root mean
squared error RMSE for regressions and the accuracy P for
classification models can be used. Five-fold cross-validation
is used as standard. Here, the data set is divided into five
equal subsets (“folds”). Model building is carried out in five
runs, with four folds used for training and the remaining
fold used for testing in each run. At the end, the five test
results are averaged (James et al., 2021). Regardless of the
default setting, the proposed architecture is independent of
a specific validation strategy and supports the implementa-
tion of arbitrary cross-validation schemes. In this work, both
a randomized fivefold cross-validation and a blocked cross-
validationwere evaluated to assessmodel performance under
different data partitioning assumptions.

Application of the architecture on a grinding
process

The presented architecture is applicable to a wide range
of grinding processes, including cylindrical, surface and
tool grinding and can be employed to predict various result
variables such as surface roughness and microstructural con-
ditions. To achieve optimal model performance, however,
application-specific tuning of feature extraction parameters
(e.g., frequency resolution�f ),model parameters (e.g., num-
ber of selected features nf) and optimization parameters (e.g.,
number of iterations ng) is required. To demonstrate the suit-
ability of the architecture, a case study is presented that
illustrates the step-by-step optimization process for devel-
oping a machine-learning model intended for live operation.
To approximate an industrially relevant scenario, grinding

Table 2 Grinding wheel overview

Name Manufacturer Batch Number Young’s
Modulus E
[GPa]

GW 1 1 1 1 40.55

GW 2 1 1 2 44.25

GW 3 1 2 1 46.60

GW 4 1 2 2 50.81

GW 5 2 1 1 41.22

GW 6 2 1 2 45.68

GW 7 2 2 1 45.32

GW 8 2 2 2 46.55

GW 9 3 1 1 36,26

GW 10 3 1 2 37.31

GW 11 3 2 1 33.09

GW 12 3 2 2 35.52

burnmonitoring is investigated under varying grindingwheel
manufacturers and different grinding wheel batches.

Test materials andmethod

The tests to validate the presented method were carried out
using surface grinding tests on the Profimat MT 608 sur-
face and profile grinding machine from Blohm. A wear
workpiece (dimensions: 19 × 200 × 300 mm) and a mea-
suring workpiece (dimensions: 19 × 80 × 300 mm) made of
100Cr6 with a hardness of H � 60 HRC were used for the
investigations. Themeasuring componentwas clampedusing
a test rig manufactured at theManufacturing Technol-
ogy Institute – MTI. This included a force measurement
platform and the option of machining workpieces with inte-
grated thermocouples. The wear workpiece was clamped
directly onto the magnetic clamping table of the machine
tool. On the tool side, 12 vitrified-bonded corundum grind-
ing wheels (GW 1 – GW 12) with a mesh size of F80, a
hardness grade of J and a porosity of 5 according to the man-
ufacturer were used. The grinding wheel manufacturers were
varied in three stages and the tool batches in two stages. Two
grinding wheels were used per grinding wheel batch (see
Table 2). In order to quantitatively represent the differences
between manufacturers and batches, the Young’s modulus
of the grinding wheels was measured using an RFDA mea-
surement.

The cooling lubricant used was Hocut 5050 emulsion
from Quaker Houghton with a concentration of c �
6% oil content. A DDS form roller with the specification
305DS71P-150–1-2 from Saint- Gobain was used for the
dressing process.
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Fig. 15 XRD measurements and determination of the critical grinding burn range

The experimental investigations were conducted as tool
life tests, in which each grinding wheel was used until a
defined specific material removal volume of V ’w � 1,600
mm3/mm was reached. In total, twelve test series were
performed, corresponding to the use of twelve individual
grinding wheels. Each test series comprised 16 test points,
with each test point was defined by an incremental spe-
cific removal volume of V ’w � 100 mm3/mm. The specific
removal volumeper test pointwas achieved through 50grind-
ing strokes on a wear workpiece with a depth of cut ae �
0.01 mm, followed by six grinding strokes on a measuring
workpiece using the same depth of cut ae. Process variables
were only recorded during the grinding of the measuring
workpiece and included the normal and tangential grinding
forces Fn and F t, the grinding temperature T and the acous-
tic emission signal UAE. To ensure statistical reliability, all
test series were executed twice. At the beginning of each
test series, the grinding wheels were dressed at a peripheral
speed of vs,d � 40 m/s, a dressing speed ratio of qd � 0.8 and
a dressing overlap ratio of Ud � 2. During the experiments,
the grinding wheel speed was kept constant at vs � 40 m/s,
the workpiece feed speed at vw � 10 m/min and the coolant
outlet speed at vcoolant � 28 m/s.

As a metric for evaluating thermally induced tool dam-
age caused by the grinding process, a Barkhausen noise
analysis was performed on the ground workpieces. For this
purpose, the Barkhausen noise analyzer Rollscan 300 and
an S1-164–15-08 sensor from the manufacturer Stresstech
were used. The microstructural condition was recorded at
a magnetizing voltage of UMag � 4.0 V and a magnetiz-
ing frequency in the form of a sinusoidal wave of fMag �
120 Hz. To determine the transition into regions affected
by grinding burn, X-ray diffraction (XRD) measurements
were additionally carried out using the X-ray diffractometer
Stresstech Xstress G2R. For this purpose, near-surface
residual stresseswerefirst determined at amaximumpenetra-
tion depth of t � 200μm on five ground component samples
exhibiting varying Barkhausen noise amplitudes BNA in
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Fig. 16 Results of the Barkhausen noise

the range from BNAmin � 25 to BNAmax � 80, measured
in both the longitudinal and transverse directions. Figure 15
shows the residual stress profiles σ as a function of the com-
ponent samples and the penetration depth t. An increase in
residual stresses with rising Barkhausen noise amplitudes
BNA can be observed, with a transition from compressive to
tensile stresses occurring at component specimen 3 at a value
of BNA � 55.

Following the XRD measurements, a correlation was
established between the measured Barkhausen noise
amplitudes and the determined residual stresses at a pene-
tration depth of t � 10 μm. By means of linear interpolation
between the component specimens, a transition range of the
critical Barkhausen noise amplitude BNA was identified,
above which grinding burn is highly likely to occur. Based
on these results, the transition range was defined between a
minimum Barkhausen noise amplitude of BNAmin � 45
and a maximum Barkhausen noise amplitude of BNAmax

� 50.
Figure 16 provides a general overview of the measured

Barkhausen noise amplitudes BNA of all grinding wheels
as a function of the specific material removal volume Vw′. In
addition, the defined transition range to workpieces affected
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Fig. 17 Distribution of Barkhausen noise measurements across manufacturers

by grinding burn is indicated. In general, a qualitatively com-
parable trend of the Barkhausen noise amplitude BNAwas
observed for all grinding wheels. Initially, a nearly constant
behavior was identified, which persisted up to an average
specific material removal volume of V ’w � 700 mm3/mm.
This constant region was followed by a pronounced increase
in the Barkhausen noise amplitude within the range of 800
mm3/mm ≤ V ’w < 1,200 mm3/mm. Finally, a decrease in
BNAwas observed up to the definedmaterial removal volume
of V ’w � 1,600 mm3/mm. Due to the fact that the grinding
burn limit falls on different removal volumes due to the vari-
ances, monitoring of the Barkhausen noise is necessary in
industrial applications. In addition to the overall view, Fig. 17
shows the histograms of the measured values for all manu-
facturers. The three histograms show noticeable differences
in the distribution and spread of the Barkhausen noise
amplitudes BNA for the respective manufacturers. Overall,
manufacturer 1 tended toward lower and more narrowly dis-
tributed BNA-values, manufacturer 2 showed a structured
distribution with two dominant ranges and manufacturer 3
exhibited the broadest distribution with an increased fre-
quency of higher BNA values.

Data acquisition andmodeling

The Blohm Profimat MT 608 profile and surface grind-
ing machine available at the Manufacturing Technology
Institute—MTI was used for process monitoring. Figure 18
shows the infrastructure for recording machine control and
sensor data, as described in Chapter 2. Tyrolit Toolscope
was used to record the machine control data. On the sen-
sor side, the acoustic emission signal was recorded with a
Kistler sensor of type 8152C. A 3-component dynamome-
ter (Kistler 9255C) and a device formeasuring temperature
and cooling lubricant were also installed but were not used
in this case study.

To validate the method, the focus was set on the acoustic
emission signal UAE and was recorded at a sampling rate of
f s,AE � 800 kHz. In addition, the machine control data was
recorded at a sampling rate of f s,C � 100 Hz. By performing
the grinding tests as pendulumgrinding processes, one stroke
was performed in upgrinding and one stroke in downgrinding
alternately. The data was stored in TDMS format, with each
file having a size of approximately 150 MB. After the tests,
the grinding strokes were segmented in up and downgrinding
based on the speed of the x-axis of the grindingmachine. The
last two strokes of the grinding processes were transferred to
feature extraction as grinding segments.

In order to obtain an optimized model for economical
grinding burn monitoring, the model selection, frequency
resolution �f , number of features nf and sampling rate f s,AE
were optimized in the modeling step. For this purpose, the
listed parameterswere varied step by step and the resultswere
evaluated. The features included in the final model were then
analyzed with the optimized model in terms of their seg-
ment and frequency. Particular attention was paid to using
different model types on the model side. These included a
type of linear regression (Bayesian Ridge Regression: BR),
a kernel-based method (Support Vector Regression: SVR)
an instance-based method (k-Nearest Neighbors: kNN) and
a tree-based method (LightGradientBoosting: LGBM). To
approximate industrial applicability and to prevent data leak-
age, a blocked cross-validation (blocked CV) with two splits
was applied first (see Fig. 19).

For each split, the models were trained using the exper-
imental series of nine grinding wheels and validated using
the remaining three grinding wheels. In both training blocks,
grinding wheels with both the highest and the lowest
Young’s modulus E from each grinding wheel manufac-
turer were included. The grinding wheels with a medium
Young’s modulus were used for training in one split and
for validation in the other split. Due to the limited amount
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Fig. 19 Cross-validation procedure

of data, cross-validation with a higher number of folds as
well as a separate test holdout was omitted. The following
results therefore primarily demonstrate the methodology for
optimizing the ML models and should not be considered an
industrial benchmark for grinding burn prediction.

Results and analysis options

Figure 20 shows the four steps that were carried out to
derive an economically optimized model. In step one, a pre-
selection of models was made based on basic settings for
the modeling and optimization algorithms. For this purpose,
four models were trained and evaluated using the described
cross-validation method with a score based on the coeffi-
cient of determination R2. The figure shows the best results
for step one for the the BR, LGBM and kNN models with
default settings (frequency resolution of �f � 390 Hz and a
number of features of nf � 50). The cross-validation scores
(CV-Score R2) achieved represent the mean value from five
training and validation runs, with the error bars representing
the standard deviation. Bayesian Ridge Regression achieved
the highest cross-validated performance with R2 � 0.83 and
was therefore selected for subsequent optimization steps,
outperforming SVR, kNN, and LGBM. Step two involved
investigating the extent to which changing the frequency res-
olution �f improved model performance. For the selected
BR model, the frequency resolution �f was varied over sev-
eral orders of magnitude. The results show a clear optimum
at intermediate resolutions, while both very coarse and very
fine resolutions lead to reduced performance, indicating a
trade-off between information loss and noise amplification.
In step three, the number of selected features nf was system-
atically varied while keeping �f � 390 Hz. Starting with nf
� 10, it was increased to a maximum of nf � 100. Model
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Fig. 20 Model results and optimization

performance increased with feature number up to an opti-
mum around nf ≈ 50, after which performance saturated or
slightly decreased, suggesting diminishing returns andpoten-
tial overfitting for larger feature sets. Finally, the maximum
frequency fmax was optimized, showing that model perfor-
mance improved with increasing frequency content up to an
optimum around fmax � 200 kHz, beyond which no further
gains are observed. In this way, depending on the required
model accuracy, the sampling rate could be reduced to f s �
400 kHz taking the Nyquist theorem into account.

Figure 21 provides a deeper insight into the model by
showing the selected features of the previously best-rated
model, categorised bygrinding segment and frequency range.
The total number of selected features differs only slighly
between the two process phases, with 24 features assigned
to upgrinding and 26 features to downgrinding. The plots in
(b) and (c) display the selected features per grinding segment
in histogram form, categorised by the frequency range. The
10 most relevant features for the model’s decision-making
process, as calculated using the Shapley value, are shown
in yellow. A representative example from the individual rep-
etitions was used for the view.

Notably, (b) shows that a relatively large fraction of the
upgrinding features was identified as important according to
their Shapley values, indicating that many frequency com-
ponents contributed meaningfully to the model predictions
in this segment. These Shapley -relevant features in up-
grinding were distributed across the entire frequency range,
suggesting that themodel relied on a broad spectral represen-
tation to capture the underlying process behavior. In contrast,
(c) shows that downgrinding was characterized by fewer
Shapley -dominant features, whichweremore strongly con-
centrated in specific, predominantly lower-frequency bands.

To provide a performance comparison with simple fil-
ter methods for feature selection, Fig. 22 compares the
performance of a BRmodel using randomized fivefold cross-
validation and blocked cross-validation, evaluated by the
coefficient of determination R2 for training and validation.
The machine-learning pipeline for the filter method applied
an initial multicollinearity reduction using a variance infla-
tion factor (VIF) threshold of VIF > 5 to remove highly
correlated features. Subsequently, a univariate feature selec-
tion based on statistical significance (p-value) was performed
to rank the remaining features. The top 50 features with the
lowest p-values were retained and used for model training
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and validation. Due to the better results obtained with the
filter method at a frequency resolution of �f � 781 Hz, this
was used for comparison purposes.

Under randomized fivefold cross-validation, both
approaches achieved high training performance and com-
paratively high validation R2 values, with the hyperheuristic
approach yielding the best validation results. These results
indicate an apparently good generalization when samples
are randomly mixed across folds. In contrast, blocked
cross-validation lead to a substantial drop in validation
performance, particularly for the filter-based approach,
which even exhibited negative R2 values. Although only
a filter-based feature selection method using SelectKBest
with a p-value criterion was applied in this study, it rep-
resents a common class of statistical filtering approaches.
Therefore, the observed limitations are highly likely trans-
ferable to other filter-based feature selection methods e.g.
a Relief-algorithm. The results demonstrate that hyper-
heuristic optimization yields more generalizable models for
industrially relevant scenarios with strict data separation.

Figure 23 compares the performance of a GA and the
hyperheuristic approach using the coefficient of determina-
tion R2 for different population sizes (p� 10 and p� 50) and
numbers of selected features (nf � 10 and nf � 50), evaluated
with blocked cross-validation.

For both population sizes, increasing the number of
selected features from nf � 10 to nf � 50 resulted in a
clear improvement in predictive performance. At low feature
dimensionality like nf � 10, both methods exhibit compar-
atively large error bars, indicating increased variability and
reduced stability due to the limited representational capac-
ity of the feature set. This effect was more pronounced for
the GA, suggesting a higher sensitivity to initialization and
stochastic effects when the search space is strongly con-
strained. In contrast, the hyperheuristic shows smaller error
bars and more consistent performance, reflecting improved
robustness under feature-limited conditions. With increasing
population size p and feature number nf, error bars decreased
for both approaches, indicating more stable convergence.
Both methods benefited from improved exploration due to
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Fig. 23 Performance comparison between the hyperheuristic and a GA-Optimization

an increased population, yet the hyperheuristic maintained a
systematic advantage. Overall, the results highlight that the
hyperheuristic optimization not only improved mean per-
formance but also reduced variance, which is particularly
beneficial for complex or data-limited optimization prob-
lems. The advantage of the hyperheuristic is expected to
become more pronounced in more complex optimization
problems, as the size of the search space increases with
higher feature dimensionality and stronger interdependen-
cies between features. By adaptively combining and steering
multiple optimization heuristics, the hyperheuristic can avoid
premature convergence and explore the solution space more
effectively than a single GA. Consequently, its robustness
and stability gains are likely to scale with problem complex-
ity, whereas single-heuristic approaches increasingly depend
on careful parameter tuning and larger populations.

Finally, Table 3 compares the computational effort
required for feature extraction and feature selection
(FS) using the filter-based FS, a GA-based FS and a
hyperheuristic-based FS with a frequency resolution of �f
� 390 Hz and varying feature set sizes (nf � 10 and nf �
50 features). The results were achieved with an Intel Core
i7-14,700 and refer exclusively to the case study presented.

With a frequency resolution of �f � 390 Hz, a fea-
ture extraction time of tfe � 0.049 s was achieved. By
comparison, a CWT transformation with scales of s � 35
required for this exact use-case a feature extraction time
of tfe,CWT � 4.75 s, which increased to tfe,CWT � 9.36 s
at a scale of s � 70. Filter-based feature selection showed
consistently negligible computation times (tfilter ≤ 0.15 s)

independent of the feature number nf, confirming its com-
putational efficiency but also its methodological simplicity.
In contrast, GA- and hyperheuristic-based feature selection
required several orders ofmagnitudemore computation time,
with runtimes increasing for larger feature sets nf. Notably,
the hyperheuristic exhibited slightly higher runtimes than the
GA,which is expected given its higher-level control and com-
bination of optimization strategies.

When considered together with the previously discussed
performance results, the table highlights a clear trade-off
between computational cost and model quality. While filter-
based methods are computationally inexpensive, they were
shown to suffer from severe overfitting and poor generaliza-
tion under blocked cross-validation. GA-based optimization
improved performance but was less robust and scalable
than the hyperheuristic. Importantly, the optimization of
frequency resolution and maximum frequency enabled a tar-
geted reduction of sample rate and therefore the optimization
of storage costs without sacrificing predictive performance.
Consequently, the combination of hyperheuristic feature
selection with an optimized spectral representation provides
a practical and economically viable pathway to achieve
robust, high-performing ML models for industrial applica-
tions.

In addition to the computing times for training and val-
idating the models, the computing times for live use were
also recorded. For this purpose, a pre-trained, optimized BR
model with a frequency resolution of �f � 390 Hz and
a feature number of nf � 50 was used. Feature extraction
was designed so that only the 50 features that were actually
needed for the prediction were determined. This approach
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Table 3 Overall computing speed comparison

Frequency resolution �f Feature extraction
tfe,Welch

FS with Filter tfilter FS with Genetic
Algorithm tGA

FS with hyperheuristic
thyper

390 Hz 0.049 s 0.03 s with 10 Features 51.54 s with 10 Features 52.08 s with 10 Features

0.03 s with 50 Features 89.42 s with 50 Features 94.03 s with 50 Features

reduced the feature extraction time, including scaling, to
tfe,Welch � 0.036 s. The subsequent computing time required
for a prediction with the pre-trained BR model took tpredict
� 0.0008 s. The limiting factor for live use was the loading
of raw data from the data lake, which took tload � 0.137 s.

Summary and outlook

Within the publication, a modular and scalable data and
system architecture was developed that enables the consis-
tent integration of machine-level sensor data, metadata, and
machine-learning models across multiple machines and pro-
cess chains. The architecture supports traceable data access,
structured data processing and reproducible model train-
ing while allowing seamless transition from offline model
development to live application through live calculation
and forecasting. By integrating centralized data storage,
metadata management and streaming-based communica-
tion, the architecture provides the foundation for continuous
modelmonitoring, future drift detection and adaptive retrain-
ing, thereby facilitating robust and industrially deployable
machine-learning solutions.

Regarding the models, applying a feature extraction
method new to the grinding process demonstrated that
machine learning models could be utilized much more effi-
ciently.Welch’s spectral density estimationmade it possible
to analyze trained models in terms of their important fre-
quency components and optimize the sampling rate. The
model training demonstrated the importance of combin-
ing robust validation strategies with advanced optimization
techniques to achieve reliable and economically efficient
machine-learningmodels. Blocked cross-validation revealed
that conventional filter-based feature selection tends to over-
fit and fails to generalize across independent grindingwheels,
whereas the hyperheuristic approach consistently delivered
superior and more robust performance. Compared to a stan-
dalone Genetic Algorithm, the hyperheuristic showed higher
predictive accuracy, reduced variance and improved stabil-
ity, particularly for small populations and high-dimensional
feature spaces, underscoring its suitability for complex
industrial problems. In contrast, the hyperheuristic required
comparable or longer running times than the GA, which was

to be expected given its higher-level control and combination
of optimization strategies.

Beyond algorithmic optimization, the results emphasize
the critical role of signal-processing parameter tuning. The
systematic optimization of frequency resolution demon-
strated that neither excessively coarse nor overly fine spectral
representations are optimal, but that an intermediate reso-
lution maximizes predictive performance while minimizing
computational cost. Similarly, optimizing the sampling rate
via the maximum frequency revealed that model perfor-
mance saturates beyond a certain bandwidth, enabling a
reduction in data volume without loss of accuracy. Together,
the presented architecture highlights a unique pathway to
economically optimize machine-learning models by jointly
selecting appropriate spectral resolution and sampling rates,
while leveraginghyperheuristic optimization to ensure robust
generalization in industrially relevant settings.

The presented architecture is currently primarily designed
for process monitoring applications, in which model outputs
can be computed after completion of a grinding operation.
Extending the architecture toward a lambda-based design
would enable true real-time capabilities by combining batch
processing with low-latency streaming analytics. At present,
feature extraction is limited to spectral density estimation
based on the Welch method and is specifically tailored
to the subsequent feature selection and modeling stages.
However, ongoing advances in hardware performance and
the increasing adoption of cloud computing in industrial
environments provide a clear pathway for integrating addi-
tional time–frequency transformations. The proposed feature
selection framework can accommodate extended feature sets,
provided that features retain a direct association with phys-
ical frequencies. While the application example evaluated
four different regression models to illustrate the optimiza-
tion potential of the methodology, the architecture itself
is model-agnostic, allowing straightforward integration of
more complex approaches, such as artificial neural networks,
in future work.

The proposedmethodology for model training is designed
to be transferable not only to other grinding processes, such
as cylindrical and tool grinding, but also, in principle, to
other subtractive manufacturing processes, as it is based on
generic frequency characteristics that can likewise be com-
puted across different machining operations. Nevertheless,
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a direct transfer of a trained model to a different grind-
ing process is not expected, as process-specific excitation
frequencies and machine-dependent damping characteris-
tics differ between grinding operations. Owing to the use
of hyperheuristic optimization and robust feature selection,
a moderate level of domain shift (e.g., batch fluctuations
or similar kinematic conditions) can likely be accommo-
datedwith limited retraining effort, whereas larger deviations
will require targeted domain adaptation strategies. Adop-
tion strategies for industrial machine learning models could
include transfer learning with warm-start retraining, domain
adaptation to align feature distributions across processes and
incremental learning to handle gradual changes suchmaterial
variability. In addition, incorporating processmetadata could
enable hybrid or conditional models that can systematically
adapt to different machines or operating conditions. With
increasing data availability, more expressive models such as
artificial neural networks can be employed to capture com-
plex, non-linear process behavior. In this case, few-shot or
even no-shot learning approaches could enable adaptation to
new conditions with only minimal or no additional labeled
target data.
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Vetterli, M.; Kovačević, J. (1995).Wavelets and subband coding. Pren-
tice Hall signal processing series. Englewood Cliffs, NJ: Prentice
Hall PTR. ISBN: 0–13–097080–8.

Wang, D., Tan, D., & Liu, L. (2018). Particle swarm optimization algo-
rithm: An overview. Soft Computing, 22(2), 387–408. https://doi.
org/10.1007/s00500-016-2474-6

Wang, Y., &He, P. (2023). Comparisons between fast algorithms for the
continuous wavelet transform and applications in cosmology: The
1D case. RAS Techniques and Instruments, 2(1), 207–323. https://
doi.org/10.1093/rasti/rzad020

Warren Liao, T. (2010). Feature extraction and selection from acoustic
emission signals with an application in grinding wheel condition
monitoring. Engineering Applications of Artificial Intelligence,
23(1), 74–84. https://doi.org/10.1016/j.engappai.2009.09.004

Welch, P. (1967). The use of fast Fourier transform for the estimation
of power spectra: A method based on time averaging over short,
modified periodograms. IEEE Transactions on Audio and Elec-
troacoustics, 15(2), 70–73. https://doi.org/10.1109/TAU.1967.11
61901

Yang, Z., & Yu, Z. (2011). Grinding wheel wear monitoring based on
wavelet analysis and support vector machine. The International
Journal of Advanced Manufacturing Technology, 62, 107–121.
https://doi.org/10.1007/s00170-011-3797-1

Yang, Z., & Yu, Z. (2013). Experimental study of burn classification
and prediction using indirect method in surface grinding of AISI
1045 steel. The International Journal of Advanced Manufacturing
Technology, 68, 2439–2449. https://doi.org/10.1007/s00170-013-
4882-4

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

123

https://doi.org/10.3390/s21196340
https://doi.org/10.1109/TKDE.2017.2740932
https://doi.org/10.1109/MIPRO.2015.7160458
https://doi.org/10.48550/arXiv.2403.02619
https://doi.org/10.1016/j.cirp.2024.05.001
https://doi.org/10.1109/COMITCon.2019.8862255
https://doi.org/10.1109/PROC.1967.5962
https://doi.org/10.1155/2017/1735698
https://doi.org/10.48550/arXiv.1705.07874
https://doi.org/10.1016/j.precisioneng.2021.01.009
https://doi.org/10.1007/s13222-017-0272-7
https://doi.org/10.1007/978-981-15-1307-7_39
https://doi.org/10.1016/j.jmapro.2020.06.013
https://doi.org/10.48550/arXiv.1201.0490
https://doi.org/10.1007/978-3-030-15729-6
https://doi.org/10.1016/j.matpr.2019.12.428
https://doi.org/10.1007/s00170-021-06896-9
https://doi.org/10.48550/arXiv.2107.11152
https://doi.org/10.1111/itor.12001
https://doi.org/10.1016/j.measurement.2021.109389
https://doi.org/10.1007/s00500-016-2474-6
https://doi.org/10.1093/rasti/rzad020
https://doi.org/10.1016/j.engappai.2009.09.004
https://doi.org/10.1109/TAU.1967.1161901
https://doi.org/10.1007/s00170-011-3797-1
https://doi.org/10.1007/s00170-013-4882-4

	Development of a semi-automated data acquisition and processing architecture for machine learning applications in grinding
	Abstract
	Introduction
	State of the art
	Development of the data acquisition and processing architecture
	Building blocks of the architecture
	Detailing the data collection

	Development of the data processing and modeling architecture
	Segmentation method
	Selection of the feature extraction method
	Feature selection
	Structure and procedure of the hyperheuristic
	Structure and procedure of the genetic algorithm
	Structure and procedure of the particle swarm optimization

	Modeling, analysis and optimization

	Application of the architecture on a grinding process
	Test materials and method
	Data acquisition and modeling
	Results and analysis options

	Summary and outlook
	References


