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Abstract

The design of machine control systems requires the correct selection of safety logic devices
to ensure functional safety and compliance with international standards such as EN ISO
13849-1 and IEC 62061. This process is typically based on expert knowledge and manual
evaluation of design parameters, which can be time-consuming and error-prone. In this
study, machine learning techniques are applied to automate and improve the selection of
safety logic devices using real industrial data originating from various types of machinery and
automated manufacturing real-world projects. This work introduces a significantly extended
industrial dataset comprising 670 labelled machine configurations derived from real anonymized
engineering projects and performs a comprehensive comparison of ten representative ML
algorithms implemented in WEKA. The main novelty of the study is a unified large-scale
comparative evaluation of heterogeneous machine learning classifiers on real industrial decision
data, enabling joint assessment of scalability, generalization, interpretability, and computational
efficiency under identical experimental conditions. The results demonstrate that increasing
dataset size considerably enhances model stability and generalization. The Averaged 2-
Dependence Estimator (A2DE) achieved the highest performance with an accuracy of 86% and
Kappa = 0.81, followed by REPTree and Random Forest classifiers. Rule-based methods such
as PART and NNge maintained strong interpretability with competitive predictive power. The
findings confirm that probabilistic and ensemble algorithms provide reliable and practically
applicable solutions for data-driven decision support in industrial safety engineering, paving the
way for deployable, explainable, and adaptive decision-support tools in smart manufacturing
environments.
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Introduction This selection process, however, remains knowledge-
intensive and dependent on the experience of safety

engineers. Traditional approaches often rely on manual

The increasing complexity of modern manufacturing
systems and the growing demand for functional safety
have led to a rapid rise in the use of programmable
safety devices, configurable relays, and safety con-
trollers. Selecting the appropriate safety logic device
is a crucial step in the design of machine control sys-
tems, as it directly affects both system reliability and
compliance with international safety standards such
as EN ISO 13849-1 (EN ISO 13849-1:2023, 2023) and
IEC 62061 (IEC 62061:2021, 2021).
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analysis of design parameters and rule-based decision
tables, which are time-consuming and prone to human
error (Iyenghar, 2025; Farooq et al., 2023; TUV SUD
Product Service, 2015).

In recent years, the integration of artificial intel-
ligence (AI) and machine learning (ML) techniques
into manufacturing and safety engineering has shown
significant potential to automate and enhance this
decision-making process (Mazzei & Ramjattan, 2022;
Salazar et al., 2024; Gerschberger et al., 2024). Ma-
chine learning algorithms are capable of identifying
complex patterns between design parameters and the
corresponding safety logic devices, thereby providing
reliable recommendations and supporting knowledge-
based engineering within the framework of smart man-
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ufacturing and Industry 4.0 initiatives (Mazzei & Ram-
jattan, 2022; Salazar et al., 2024; Farooq et al., 2023).

Early research in this domain was initiated in (Stohl
& Stibor, 2019), where a multilayer perceptron neural
network was proposed to predict suitable safety device
types based on machine design attributes. While the
study demonstrated the feasibility of data-driven
device selection, its evaluation was constrained to
a single model family and a small dataset, limiting
conclusions regarding scalability and robustness in
real industrial settings.

In contrast to earlier studies (Stohl & Stibor, 2019;
Stohl & Stibor, 2020), the present work is based on
a significantly expanded dataset of 670 real industrial
machine configurations derived from various types of
heavy machinery and automated manufacturing real-
world projects, all anonymized and collected from com-
pleted engineering realizations across several Central
European countries.

Rather than evaluating a single learning paradigm,
this work performs a systematic and unified compari-
son of ten heterogeneous machine learning algorithms,
including neural, probabilistic, instance-based, rule-
based, and ensemble methods, under identical experi-
mental conditions.

Unlike previous studies limited to single-model eval-
uation and small samples, this study provides the first
unified cross-family comparison of heterogeneous ML
classifiers on a large-scale real industrial dataset under
identical validation settings. This explicit comparative
framework enables, for the first time in this application
domain, a joint assessment of predictive accuracy, gener-
alization capability, interpretability, and computational
efficiency on large-scale real-world industrial data.

The goal of this study is to identify which ML meth-
ods deliver the best balance between accuracy, in-
terpretability, and computational cost for industrial
safety engineering applications. By integrating ma-
chine learning into the design workflow, safety engi-
neers can obtain automated, data-driven recommenda-
tions, supporting decision-making transparency, stan-
dard compliance, and the broader implementation of
smart safety systems in manufacturing environments.

Methodology

The objective of this study is to evaluate and com-
pare the performance of various machine learning (ML)
algorithms in predicting the appropriate safety logic
device for industrial machinery based on safety-related
design parameters. The analysis was conducted us-
ing the WEKA software environment, which provides
a wide range of supervised learning algorithms suit-

able for industrial and manufacturing applications.
The methodological framework reflects real industrial
engineering practice, where safety logic device selec-
tion is performed during the design and validation
phases of machine control systems in heavy machinery
and automated manufacturing environments.

A new and significantly extended dataset, derived
from real industrial cases, was used to ensure bet-
ter generalization compared to previous research.
The dataset consists of engineering decision records
collected from completed and validated industrial
projects, rather than simulated or synthetic data. Each
record represents a machine configuration described by
attributes (Stohl & Stibor, 2020) such as the number of
safety functions, access points, safety inputs/outputs,
required Performance Level (PL), communication net-
work type, and human—machine interface (HMI) pres-
ence. The target variable corresponds to the category
of safety logic device (e.g., Relay, CR30, GMX, GLX).

The workflow included data preprocessing, classifier
training, cross-validation, and performance compari-
son using multiple statistical metrics. A 10-fold cross-
validation procedure was applied to ensure a robust
estimation of model performance.

Dataset Preprocessing

The dataset used in this research was derived from
the same industrial design knowledge base (Stohl &
Stibor, 2020), which captures engineering data col-
lected during the selection and configuration of safety
logic devices in machine control systems. The knowl-
edge base aggregates data from heavy machinery, au-
tomated production lines, and modular manufacturing
systems, covering both standalone machines and inte-
grated production units. The recorded configurations
represent real-world safety engineering decisions made
under functional safety standards such as EN ISO
13849-1 and IEC 62061.

Each record represents one specific machine config-
uration described by a set of input design parameters
(attributes) and a target output class corresponding
to the recommended safety logic device (Table 2).

All machine configurations included in the dataset
correspond to implemented or validated design solu-
tions, ensuring that the learning task reflects realistic
industrial constraints and decision boundaries.

Classifier Selection

Ten representative classifiers were selected to cover
the main paradigms of supervised learning: neural net-
works, instance-based learning, probabilistic methods,
rule-based models, and tree-based ensembles (Table 1).
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Table 1
Selected classifiers
Group Algorithm Description
Multilayer . . . .
Classical feed-forward MLP with backpropagation (Li et al., 2012).
Neural Perceptron
Networks DI4iMI Deep Learning model based on the Deeplearning4j backend, supporting multi-
P layer architectures (Lang et al., 2019).
1B3 k-Nearest Neighbour (k = 3), similarity-based classification (Mohamed, 2017).
Instance-Based
Learning KStar Entropic distance-based instance learner with probabilistic smoothing (Cleary &
Trigg, 1995).
NaiveBayes Baseline Bayesian classifier assuming feature independence (John & Langley,
Probabilistic 1995).
Models A9DE Averaged 2-Dependence Estimator, capturing pairwise feature dependencies for
improved accuracy (Webb et al., 2012).
Nearest-Neighbour Generalization algorithm producing interpretable IF-THEN
NNge
Rule-Based rules (Roy, 2002).
Learning PART Partial decision tree rule learner combining C4.5 trees with rule induction (Frank
& Witten, 1998).
Fast regression and classification tree optimized for reduced error pruning (Srini-
REPTree ,
Tree-Based vasan & Mekala, 2014).
Methods RandomForest Ensemble of decision trees using random subspace sampling; strong baseline for
generalization (Mishra & Ratha, 2016).
Table 2 5
Attributes of the safety dataset used for classification (Stohl & Stibor, 2020).
Attribute Description

Number of safety functions

Number of safety functions (e.g. emergency stop, guard door) integrated in
the machine (integer)

Performance Level (PL)

Required safety Performance Level (EN ISO 13849-1:2023) for the machine
(categorical ‘a’ to ‘e’)

Number of access points

Number of access points to dangerous zones (e.g. maintenance openings)
(integer)

Number of safety inputs

Number of safety-related sensors/inputs needed (integer)

Number of safety outputs

Number of safety-related actuators/outputs needed (integer)

Machine type

Configuration of machine: standalone unit, production line, or assembly (cate-
gorical)

Communication

Use of safety network for control (Boolean)

HMI (Human—Machine Interface)

Presence of an operator interface for safety/routine control (Boolean)

Safety solution class

Safety logic device class (target): one of {Relay, CR30, GMX, GLX}

Volume 17 @ Number 1 e March 2026



www.czasopisma.pan.pl P

IS

N www.journals.pan.pl

POLSKA AKADEMIA NAUK

K. Stibor et al.:

Machine Learning-Driven Automated Selection of Safety Logic Devices in Industrial Control Systems

This selection was intentionally designed to balance
high-performance models with interpretable algorithms
suitable for safety-critical industrial applications.

Evaluation Procedure

Each classifier was trained and evaluated using the
same experimental conditions to ensure fair compari-
son. The 10-fold cross-validation scheme was applied,
where the dataset was randomly partitioned into ten
equal subsets; in each iteration, nine subsets were used
for training and one for testing.

The following metrics were computed for each
model:

e Classification Accuracy (%)

e Cohen’s Kappa (k) to measure class agreement
beyond chance

e Fl-score for balanced performance evaluation

e Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) as complementary error
indicators

e and training time (s) to assess computational effi-
ciency.

All experiments were performed using the WEKA
3.9.6 environment on identical hardware to avoid per-
formance bias. Fig. 1 shows an example of the WEKA
Knowledge Flow Environment.

Results

Table 3 and Table 4 summarizes the classification
accuracy and Kappa statistic for all ten algorithms
tested on the original dataset (90 instances) and on the
extended dataset (670 instances). A graphical repre-
sentation of these results is shown in Fig. 2. The larger
dataset clearly improved both predictive accuracy and
class agreement across all classifier families.

The results (columns 90 inst. in the Table 3, Table 4)
show that even with a limited training set, several
algorithms achieved competitive accuracy.

Tree-based classifiers, particularly REPTree and
Random Forest, reached the highest accuracy (84.4%)
and Kappa ~ 0.75, indicating strong stability despite
data scarcity.

Rule-based models such as PART and NNge also
performed well (= 81-82%), confirming their inter-
pretability advantage without major loss in precision.

The Naive Bayes and A2DE classifiers achieved
around 80% accuracy, demonstrating that probabilistic
reasoning can handle small datasets effectively.

In contrast, deep and shallow neural networks (Mul-
tilayerPerceptron, D14jMlp) achieved only 67-70% ac-
curacy, suggesting that they require more samples to
generalize reliably.

After increasing the dataset size (columns 670 inst.
in Table 3 and Table 4) more than sevenfold, almost
all algorithms improved in both accuracy and Kappa.
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Fig. 1. One of the WEKA Knowledge Flow Environment including five classifiers.
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Fig. 2. The accuracy and Cohen’s Kappa comparison on small (90 instances) versus extended dataset (670 instances).

Table 3 Table 4
Classification accuracy, Kappa and MAE Fl-score, RME and Train time of the classifiers
Algorithm Accuracy (%) Kappa MAE Algorithm Fl-score RMSE  |Train time (s)
90 670 90 670 90 670 90 670 90 670 90 670
inst. | inst. | inst. | inst. | inst. | inst. inst. | inst. | inst. | inst. | inst. inst.
Multilayer |2 o 1 g0 6 | 049 | 0.73 | 0.160 [ 0001 MUHAYer 1 6o 1 079 [0.343 ] 0.281 | ~ 22 | ~75
Perceptron Perceptron
Dl14jMlIp 67.8 76.1 | 0.45 | 0.67 | 0.300 | 0.183 Dl4jMlp 0.65 | 0.73 |0.385(0.323 | =~ 65| ~ 110
1IB3 68.9 80.4 | 0.46 | 0.73 | 0.180 | 0.122 IB3 0.66 | 0.78 [ 0.358 | 0.308 | =~ 2 ~
KStar 76.7 82.4 | 0.61 0.76 | 0.117 | 0.108 KStar 0.75 | 0.80 |0.2890.272 | ~4 ~ 11
Naive 80.0 | 68.1 | 0.70 | 0.57 | 0.109 | 0.161 Naive | g0 | 0.68 [0.2990.341| ~1 | ~3
Bayes Bayes
A2DE 80.0 86.0 | 0.68 | 0.81 | 0.110 | 0.098 A2DE 0.80 | 0.84 | 0.263 |0.238| =9 ~ 18
NNge 81.1 79.9 | 0.70 | 0.72 | 0.094 | 0.103 NNge 0.81 | 0.80 |[0.307|0.285 6 ~ 10
PART 82.2 83.3 | 0.72 | 0.77 | 0.100 | 0.099 PART 0.82 | 0.82 [{0.274]0.260 | =7 ~ 12
REPTree 84.4 84.8 | 0.75 | 0.79 | 0.110 | 0.093 REPTree | 0.85 | 0.84 | 0.254|0.244 | =5 ~9
Random 10/ | g33 | 075 | 0.77 | 0.101 | 0.005 Random 1 0/ 1 83 0,220 | 0.241 | ~ 10| =~ 16
Forest Forest

The most notable gains were observed for neural
and instance-based models:
e Multilayer Perceptron: +10.6 pp accuracy (from
70% to 80.6%)
e IB3: +11.5 pp accuracy (from 68.9% to 80.4%)
e DI4jMlp: +8.3 pp accuracy (from 67.8% to 76.1%)
Both REPTree and Random Forest maintained sta-
ble high accuracy (= 84%) with the lowest error met-
rics (MAE ~ 0.10), confirming their robustness on
mixed attribute data.

Volume 17 e Number 1 ¢ March 2026

Note: Fl-scores derived from weighted class averages;
training time measured as total computation time for
10-fold cross-validation on identical hardware.

The A2DE classifier exhibited moderate but uneven
performance on the original, limited dataset of 90 in-
stances. The confusion matrix (Fig. 3) shows that the
model achieved relatively high accuracy for the Relays
class (47 correctly classified out of 50, ~ 94%), while
struggling to distinguish between GLX and GMX,
which were frequently confused with each other. Only
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8 GLX and 6 GMX instances were correctly identified,
with 13 mutual misclassifications (6 GLX — GMX and
7 GMX — GLX). The CR30 category achieved partial
recognition (11 correct of 13, ~ 85%), though occa-
sional misclassifications with Relays (2 cases) indicate
limited separation in feature space.

Fig. 3. Confusion matrix for A2DE classifier on the original
dataset.

Overall, these results reflect the constraints of the
smaller dataset, which contained insufficient variability
across machine configurations and attribute combina-
tions. The model’s probabilistic dependencies could
not be fully exploited under these conditions, leading
to high class-level variance and unstable generalization.

The A2DE classifier achieved the best overall per-
formance on the extended dataset (accuracy = 86.0%,
Kappa = 0.81), outperforming tree-based and neural
models. The confusion matrix (Fig. 4) summarizes
the classification outcomes across the four target cate-
gories. The model correctly classified the majority of
Relay and GMX instances, with only minor confusion
between CR30 and GLX devices. Specifically, out of
670 samples, 156 of 169 Relay and 195 of 227 GMX in-
stances were predicted correctly, yielding precision and
recall values above 0.90 for these categories. The CR30
class showed moderate overlap with GMX and Relay
(16 and 12 misclassifications, respectively), consistent
with their partially shared feature profiles. Misclassifi-
cation between GLX and GMX was limited (21 and 19
instances), indicating that A2DE successfully captured
subtle distinctions in safety performance levels and
I/O configurations.

Fig. 4. Confusion matrix for A2DE classifier on the ex-
tended dataset.

When compared to the performance on the ex-
panded dataset of 670 instances, clear improvements
are evident. In the larger dataset, A2DE achieved mean
accuracy above 85% and exhibited a more balanced
class distribution, with precision and recall values ex-
ceeding 0.90 for Relays and GMX and substantially
fewer cross-class errors. The previously dominant GLX—
GMX confusion was significantly reduced, suggesting
that the additional data enabled the classifier to model
attribute interdependencies more effectively.

All classifiers predicted the Relay category with very
high recall (~ 0.93-0.95).

The GLX and GMX classes exhibited moderate con-
fusion due to overlapping attribute patterns, whereas
CR30 remained the most challenging, reflecting its
hybrid feature structure between programmable and
relay-based devices.

Rule-based and tree models (PART, REPTree, Ran-
dom Forest) achieved the best class balance, while
A2DE provided the most consistent probabilistic dif-
ferentiation across all categories.

Discussion

The experimental results clearly demonstrate that
dataset size and diversity have a substantial effect on
model accuracy, stability, and generalization (Goodfel-
low et al., 2016; Halevy et al., 2009; Domingos, 2012).

When trained on the original dataset of only 90
instances, most classifiers exhibited moderate accuracy
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(=~ 70-80%) and relatively low Kappa values (< 0.6)
due to limited variability of machine configurations.
After extending the dataset to 670 records, the
overall mean accuracy increased by approximately
7 percentage points and the Kappa statistic by
0.16, confirming that the new data provided a more
representative distribution of real-world industrial
cases (Sun et al., 2009).

Neural networks and instance-based learners bene-
fited the most from this increase. Models such as the
Multilayer Perceptron and IB3 improved their pre-
dictive accuracy by more than 10 percentage points,
highlighting their sensitivity to data richness.

Probabilistic and ensemble methods, such as A2DE,
REPTree, and Random Forest, showed the strongest
stability across folds, indicating that they effectively
captured underlying patterns even in heterogeneous
industrial datasets.

Performance balance: accuracy,
interpretability, and efficiency

While ensemble and probabilistic models achieved
the best accuracy and generalization (A2DE — 86%,
Random Forest — 83%), interpretability remains a cru-
cial factor in safety engineering applications.

Rule-based learners (PART, NNge) achieved F1-
scores around 0.82 with slightly lower accuracy, yet
they offer transparent if-then logic structures that can
be directly validated by safety engineers.

This interpretability is particularly valuable when
compliance with functional safety standards (e.g., EN
ISO 13849-1) requires that decision criteria be trace-
able and explainable.

From a computational perspective, tree-based and
rule-based models provided a good trade-off between
accuracy and training efficiency. They completed cross-
validation in less than 15 seconds, whereas deep neural
networks (e.g., D14jMlp) required more than 100 sec-
onds per run due to iterative weight optimization.

Therefore, in real-time or embedded design-support
tools, probabilistic or tree-based models may offer
the most practical balance between performance and
computational cost.

A detailed class-level analysis revealed consistent
patterns across all models.

The Relay category was predicted with the highest
precision and recall (/0.94), likely due to its distinct
feature profile (fewer inputs, simpler logic, no commu-
nication interfaces).

In contrast, the CR30 class remained challenging
to classify, as its characteristics overlap partially with
both programmable and relay-based devices.
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Probabilistic (A2DE) and rule-based (PART) meth-
ods improved recognition of this class by modelling
attribute dependencies and generating discriminative
decision boundaries.

The GLX and GMX classes occasionally suffered
from confusion, primarily due to similar PL and I/O
characteristics; however, ensemble methods reduced
these misclassifications by leveraging multiple decision
subspaces.

Practical implications for manufacturing
systems

The results underline the feasibility of using machine
learning to support the design phase of safety-related
control systems in manufacturing.

By embedding trained classifiers into engineering
tools, designers can automatically obtain recommen-
dations for appropriate safety logic devices based on
design parameters such as required Performance Level,
number of safety functions, or network topology.

This approach contributes to knowledge-based en-
gineering and supports smart manufacturing by in-
tegrating data-driven decision support directly into
CAD/CAM and digital twin environments (Verhagen
et al., 2012; Tao et al., 2018). From an industrial
perspective, the proposed approach can be directly in-
tegrated into existing safety engineering workflows as
a decision-support layer, supporting engineers during
early design and validation phases without replacing
expert judgement.

Furthermore, models like A2DE and Random Forest
could be integrated into digital twins of production
systems, continuously adapting recommendations as
machine configurations evolve.

Such integration can reduce engineering effort, min-
imize human error during safety logic device selection,
and accelerate compliance verification according to
functionalsafety standards (Hollnagel, 1993).

Limitations and future work

Despite the promising results, several limitations
should be noted.

First, the dataset, though extended, still reflects spe-
cific industrial environments and may not fully capture
the diversity of all machine types. Further expansion
across different industries and safety architectures is
needed.

Second, hyperparameter tuning was intentionally
kept moderate to maintain comparability; deeper opti-
mization (e.g., via AutoML or Bayesian search) could
further enhance results.
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Finally, future work will focus on hybrid and ensem-
ble learning, combining probabilistic reasoning with
explainable rule extraction to achieve both high accu-
racy and human interpretability.

Conclusion

This study presented a comprehensive comparison
of ten machine learning algorithms applied to the
task of safety logic device selection within industrial
machine design.

Using two datasets of differing scale — a smaller base-
line set (90 instances) and an extended dataset (670
instances) — the research demonstrated how dataset
expansion and diversity substantially enhance model
reliability, generalization, and predictive power. Com-
pared with earlier studies limited to small datasets
and individual classifier families (Stohl & Stibor, 2019;
Stohl & Stibor, 2020), this work systematically eval-
uated heterogeneous machine learning approaches on
a large-scale real industrial dataset derived from vari-
ous types of machinery and automated manufacturing
real-world projects.

The A2DE (Averaged 2-Dependence Estimator) clas-
sifier achieved the best overall performance, with 86%
accuracy, Kappa = 0.81, and F'1 = 0.84, outperform-
ing both tree-based and neural models.

The Random Forest and REPTree algorithms also
delivered consistently strong results, confirming the
robustness of ensemble learning in handling mixed
numeric and categorical industrial data. Rule-based
methods such as PART and NNge offered an advanta-
geous balance between interpretability and predictive
capability, which is critical in safety-related engineer-
ing contexts where decision transparency and trace-
ability are required.

The primary contribution of this study is the vali-
dated demonstration that probabilistic and ensemble
ML methods can reliably support safety logic device
selection when trained on sufficiently large and real
industrial datasets. The unified cross-algorithm evalu-
ation framework further provides practical guidance
for selecting suitable ML techniques in safety-critical
engineering environments.

By leveraging real industrial data and consistent
comparative evaluation, the study moves beyond proof-
of-concept experimentation toward practically deploy-
able ML-supported engineering decision tools. Future
work will focus on expanding the industrial dataset to
include a broader range of machine architectures and
safety devices, as well as applying automated hyper-
parameter optimization and hybrid ensemble models

to further improve generalization and interpretability.
Additional research will also address integration of the
developed models into knowledge-based CAD/CAE
and digital engineering environments, enabling real-
time, data-driven assistance for safety engineers.
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