Journal of Intelligent Manufacturing
https://doi.org/10.1007/510845-024-02558-1

®

Check for
updates

A cyber-physical architecture to monitor human-centric reconfigurable
manufacturing systems

Andrea Sbaragli'® - Poorya Yazdi Ghafoorpoor? - Sebastian Thiede? - Francesco Pilati’

Received: 12 March 2024 / Accepted: 23 December 2024
© The Author(s) 2025

Abstract

Reconfigurable manufacturing systems represent the most adequate production paradigm due to their ability to meet mass
customized needs while ensuring cost-effective flexibilities and performances. However, digital solutions are required to
manage these dynamic environments over working shifts and processes’ reconfiguration. In this scenario, this work proposes
a layout and task-insensitive cyber-physical architecture to monitor human-centric reconfigurable manufacturing systems.
Workers’” motion patterns and industrial resources’ positions are acquired through a radio-frequency-based real-time locating
system. These data streams are fed into a machine-learning cyber layer to segment operators’ activities during production
cycles into two steps. The first computational stream assigns workers’ motion patterns to industrial resources regardless of
the system configuration. The following step distinguishes workers’ operations into value-added and non-value-added. These
outputs are stored in a decision support system where customized callback functions develop key performing indicators to
monitor the performance of such reconfigurable human-centric environments. The validity of the cyber-physical architecture
is demonstrated in an industrial-related pilot environment, involving 40 workers and 8 production set-ups.

Keywords Reconfigurable manufacturing systems - Cyber-physical architecture - Machine learning - Real-time locating
systems - Human-centric

Introduction

Over recent years, manufacturing companies have been fac-
ing several disruptions to their in-plant functioning and thus
performances. Among the others, mass customization of
goods is pushing manufacturing environments to achieve a
wider product portfolio (Zhang et al., 2019). Consequently,
production batch sizes are reduced to meet final customers’
requests (Suzi¢ etal., 2018). This notable market-driven trend
requires industrial environments to offer unprecedented pro-
duction flexibility and shorter downtime to reconfigure their
set-ups.
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To ensure long-term profitability, manufacturing compa-
nies are introducing novel paradigms and digital approaches
to monitor process executions (Morgan et al., 2021; Albanese
et al., 2022). On the one hand, traditional paradigms such
as flexible and dedicated manufacturing systems are distin-
guished by restricted capacity in reconfiguring themselves to
meet a variable production with short life cycles (Bortolini et
al., 2018). These limitations are mainly driven by two drivers.
First, fixed systems structures require prolonged reconfig-
uration times or even prevent these modifications. A stark
example is provided by dedicated manufacturing systems
that are designed to satisfy high demands for a given product
(Mehrabi et al., 2000). Second, the systems’ structures need
to achieve competing unitary costs and throughput times for
a large variety of final goods (Xing et al., 2006). Recon-
figurable manufacturing systems (RMS) overcome these
limitations by dynamically adjusting their output capaci-
ties and system structure with respect to unforeseen market
changes while ensuring competitive market costs (Bortolini
et al., 2018; Mehrabi et al., 2000; Xing et al., 2006).
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On the other hand, traditional managerial tools are utterly
inadequate to monitor these dynamic manufacturing envi-
ronments since they strongly rely on human attention and
commitment. The enabling technologies of Industry 4.0
trigger a digital transformation in industry operations by
monitoring and improving in-plant productivity (Zhengetal.,
2021). Although robotics and automation replaced the human
factor in hazardous and repetitive tasks, human-centric envi-
ronments still represent the vast majority of manufacturing
settings (Goel and Gupta, 2020; Lu et al., 2022). Labor-
intensive workplaces are often digitized by Internet of Things
(IoT) technologies that mirror process executions in cyber
spaces (Thiede et al., 2016). These distributed data-driven
approaches enable performing process monitoring along with
insights to manage and eventually redesign human-centric
manufacturing systems. Within such a broad area of research,
the Operator 4.0 concept demonstrates the tangible benefits
of monitoring workers’ operations to improve system per-
formances (Romero et al., 2016; Pilati and Sbaragli, 2023).
Among the different data acquisition layers, real-time locat-
ing systems (RTLS) technologies are increasingly adopted to
detect human process interactions in low-standardized man-
ufacturing environments (Pilati et al., 2024; Ruppert et al.,
2018). The RTLS network leverages the anchors as refer-
ence points to define the coverage area and triangulate the
unknown positions of workers equipped with wearable tags
(Santoro et al., 2021). Regardless of the adopted IoT acquisi-
tion layer, cyber layers are required to leverage data streams
to extract meaningful information about monitored processes
and support plant supervisors’ decision-making processes
(Albanese et al., 2022; Thiede et al., 2022). Machine learn-
ing (ML) architectures are increasingly adopted due to their
superior performance in automatically detecting recurrent
patterns in data and developing insightful process-driven key
performing indicators (KPIs) (Rude et al., 2018).

However, the Industry’s 4.0 value proposition solely
focused on processes’ performances is not sustainable any-
more in modern societies and manufacturing landscape
(Ruppert et al., 2018). The Industry 5.0 paradigm fills
this limitation by leveraging a human-centric value cre-
ation to mitigate the impact of two relevant external factors.
First, the aging of the European population and the related
increase in retirement age require to achieve socially inclu-
sive manufacturing environments. The target is to design
human-centric environments where desired in-plant perfor-
mances are achieved with reduced operators’ efforts. Second,
market threats such as supply chain disruptions and raw
material shortages demand the development of cyber lay-
ers that go beyond mere performance monitoring (Huang et
al., 2022). These digital computational units should quickly
reconfigure themselves to replicate process reconfiguration
and reduce deployment times. In addition, algorithms’ out-
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puts are required to suggest operation managers optimal
resource allocation and avoid unnecessary resource usage.

In this ever-evolving manufacturing landscape, this
manuscript develops an original cyber-physical architec-
ture to monitor human-centric RMS. In addition to the
physical system under analysis, the architecture is concep-
tually composed of three layers. The IoT acquisition layer
gathers positioning datastreams of workstations (WS) and
operators leveraging a radio frequency-based RTLS. While
WS’ tags provide meaningful insight regarding the layout
configuration of manufacturing systems, workers’ motion
patterns are fed into an ML-based cyber layer that per-
forms set-up insensitive activity segmentation. This task is
achieved through a two-step approach. First, a trained ML-
based classifier assigns workers’ operations to industrial
resources (e.g., WS, storage locations) and detects logis-
tic activities. Second, a resource-specific classifier further
details the workers’ operations into value-added and non-
value-added. The main strengths of this approach are the
ability to seamlessly reconfigure itself according to the state
of the physical RMS system and the limited number of
sensors adopted. These operator-driven outputs are stored
in the last layer of this architecture, the Decision Support
System. In this digital environment, customized callback
functions are triggered to develop KPIs to monitor RMS from
different viewpoints. While performance-oriented metrics
evaluate the efficiency of manufacturing systems, another set
of metrics evaluates industrial resources’ interdependencies
in production set-ups. For instance, the utilization ratio of
industrial resources and operator-specific uptime operations
enhance the visibility into processes’ functioning and bot-
tlenecks. Besides process monitoring, operation supervisors
have pivotal information to manage and eventually design
setup and batch-dependent manufacturing environments.
This data-driven process minimizes process inefficiencies
while ensuring desired in-plant performances with reduced
efforts of a rapidly aging workforce. In addition, market-
driven production volumes may be correlated with historical
data to avoid systems over-allocations and ensure sustainable
resource usage.

This original contribution is structured as follows. Section
“Literature review” reviews the features of RMS along with
the digital approaches to monitor these environments. The
novelty of this work is discussed in section “Cyber-physical
architecture”, where the original cyber-physical architecture
to monitor RMS sytems is presented. This digital solution
is validated in an industrial-related pilot environment (sec-
tion “Cyber-physical architecture validation”). The obtained
manufacturing insights are discussed in section “Results”.
Finally, section “Conclusion” ends this work outlining the
conclusions and further research opportunities.
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Literature review

RMS adjust cost-effectively their design and functioning by
re-configuring the hardware and software architectures of
their interconnected entities (Mehrabi et al., 2000). However,
this manufacturing system paradigm does not represent a suf-
ficient condition to ensure companies’ long-term profitability
for a crucial aspect. The development of data-driven and digi-
tal solutions constitutes a necessary condition to monitor and
optimize the evolving configurations of RMS. These method-
ologies can be broadly distinguished into two research areas
(Bortolini et al., 2018; Napoleone et al., 2023).

On the one hand, heuristic and clustering-based opti-
mization problems define objective functions to be either
minimized or maximized given a set of constraints. For
example, (Wang et al., 2016) proposes a clustering algo-
rithm to create product families and the related production
sequence to minimize processes’ bottlenecks. The same tar-
get is achieved with multi-model assembly line balancing
methods to minimize task reassignments among generic
manufacturing systems’ configurations (Tremblet et al.,
2023). This mathematical approach reduces set-up times
while preserving operations efficiency for different product
families, consistently. Although the tangible benefits of man-
aging and optimizing RMS, these solutions are often based
on static parameters leading to potentially time-consuming
algorithms’ rearrangements. Another major limitation is not
to consider and model the human factor stochastic behav-
ior in processes’ executions. Indeed, human-centric systems
still play a pivotal role in the manufacturing ecosystem,
where workers represent one of the most flexible resources
in performing extremely value-added operations (Pilati and
Sbaragli, 2023). This weakness is emphasized further by
Industry 5.0 which promotes a human-centered value cre-
ation (Gladysz et al., 2023).

On the other hand, IoT technologies contribute to achiev-
ing cyber-physical architectures to monitor and manage
RMS. These digital systems monitor and control physical
environments by integrating embedded sensing units and
computational algorithms (Liu et al., 2017). In this regard,
several qualitative frameworks demonstrate the competitive
advantages of leveraging cyber-physical architectures to sup-
port plant supervisors’ decision-making process (Kazemi et
al., 2023; Zheng et al., 2021; Bortolini et al., 2018). Addi-
tional remarks are directed towards the reconfigurability of
cyber systems to obtain flexible computational algorithms
able to minimize deploying times (Nayak et al., 2015). In
the context of Industry 5.0, the ambition to digitize and
support the human factor in RMS provides two main compet-
itive advantages. First, operations supervisors gain a deeper
understanding of in-plant operations by benefitting from
further control parameters. Second, operators’ skills and ver-
satility are complemented to increase process performances,

inclusively and sustainably (Rodriguez et al., 2015). How-
ever, research contributions have not developed and tested
application-oriented cyber-physical architectures, where dig-
ital representations of the human factor enable to support
the management of human-centric RMS (Napoleone et al.,
2023; Touckia, 2023; Andersen et al., 2024). Indeed, many
contributions target semi-automated environments, and thus
operators benefit from the application of novel method-
ologies at the machines and system levels. For instance,
cyber-physical architectures are widely adopted to improve
material flow and reduce configuration set-ups, resulting in
optimized workplaces for workers (Singh et al., 2020; Yi et
al., 2018).

Although no contributions propose cyber-physical archi-
tectures to digitize the human factor in RMS, the validity of
these digital and computational solutions is widely demon-
strated in production environments (e.g., job shops and
assembly lines) (Pilati et al., 2023; Thiede et al., 2016; Tran et
al., 2021). Among the several enabling technologies, RTLS
are increasingly gaining traction due to their ability to con-
tinuously acquire the indoor location of manufacturing assets
within a coverage area (Pilati and Sbaragli, 2023; Thiede et
al., 2021). RTLS networks present several methods to tri-
angulate the position of tags and communication protocols
with anchors (Sullivan et al., 2023; Santoro et al., 2021).
Locating techniques can be broadly distinguished into finger-
printing and geometric, where the Time Difference of Arrival
(TDoA) is widely adopted in industrial settings (Mazhar
et al., 2017; Pilati et al., 2023). The TDoA estimates the
dynamic positions of tags with respect to at least three active
anchors using hyperbolic intersections (Mazhar et al., 2017).
Similarly, communication protocols range from optical and
infrared to radio frequency-based (Sullivan et al., 2023). The
ultrawide band (UWB) one is the most accurate solution due
to a high multipath resolution, granted by a bandwidth of at
least 500 MHz (Mazhar et al., 2017).

The application of RTLS provides decision-makers
enhanced visibility of human-centric manufacturing sys-
tems. For instance, (Sullivan et al., 2022) automates the
Value Stream Map development. In addition to reducing
data collection times, a cyber layer automatically identifies
the dynamic human process interactions of the monitored
system. Upon these outputs, process weaknesses can easily
identified and thus addressed to ensure desired performance
rates. Another valuable approach is to segment worker
activities during working shifts. These insights are strate-
gic to develop KPIs such as average production cycle and
traveling times (Tran et al., 2021). However, these RTLS-
informed cyber systems present two major weaknesses. First,
the presented computational units are not validated with a
ground truth data set to analyze the limitation in detecting
human process interactions. Second, algorithms are based on
geofencing manufacturing areas leading to high exposures in
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data outliers and reduced capabilities in detecting recurrent
data patterns. In this regard, ML-based layers are increasingly
deployed to monitor and support industrial operations. For
instance, Pilati and Sbaragli (2023) develops a novel unsuper-
vised clustering method (e.g., Industrial DB scan) to identify
human process interaction, strategic to segment workers’
activities during task executions. The same target is achieved
by deploying an LSTM-based architecture to learn time series
patterns in workers’ indoor positions (Pilati et al., 2023).
Therefore, Decision Support Systems display the utilization
of industrial resources and the distribution of picking/deposit
activities in storage areas over working shifts. An additional
notable application is to safeguard the operational safety of
human-centric environments. In particular, Islam et al. (2022)
feeds UWB-based positions and breathing rates of workers
into a specific set of esembled ML-methods (e.g., decision
tree and Support Vector Machines) to promptly indentify dan-
gerous scenarios and thus minimize rescue times. Besides
these UWB and ML-based applications, the literature offers
other applications to promote efficient process monitor-
ing while supporting workers’ capabilities. Cyber-physical
architectures leverage different ML-based classifiers such as
Support Vector Machines and tree structures (e.g., Random
Forests) to support workers’ quality inspections and reduce
in-plant inefficiencies by promptly notifying process devia-
tions (Jeffrey et al., 2024; Kottner et al., 2021).

Regardless the tangible benefits to manufacturing pro-
cesses monitoring, these cyber-physical architectures are not
tested and validated in RMS. This strong limitation results
in cyber layers’ reconfigurable capabilities leading to weak
reliability and validity in constantly evolving industrial envi-
ronments.

Manuscript contribution

To overcome the discussed limitations of the manufac-
turing landscape, this manuscript proposes a novel cyber-
physical architecture to monitor and manage labor-intensive
RMS performances and interdependencies. The key take-
aways of this work are listed in the following.

e Layout and task insensitive cyber-physical architecture
to minimize deploying time in monitoring human-centric
RMS operations

e Low-invasive IoT acquisition layer based on RTLS to
gather workers’ motion patterns and industrial resources
positions in production set-ups

e Sequential ML-based cyber layer to segment workers’
activities (e.g., value-added and non-value-added work-
ing times)

e Decision support system and callback functions to dis-
play strategic KPIs to manage and eventually reconfigure
processes design
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e Validation of the proposed approach in an industrial-
related pilot environment involving 40 workers and 8
production set-ups

Cyber-physical architecture

This section presents the innovative proposal of this
manuscript. This architecture is developed to support decision-
makers in managing and designing dynamic human-centric
RMS. In particular, a specific set of enabling technologies
is exploited to enhance these production environments with
two different planning horizons. While the short-term one
focuses on in-plant performances and interdependencies of
production setups, the long mid-term planning horizon lever-
ages simulation environments to iteratively assess the best
layout configuration.

To meet these complementary goals, the cyber-physical
architecture consists of four conceptual entities (Fig. 1). The
first one targets whichever labor-intensive RMS that may
adjust its functioning and layout configuration based on
market demands and product batches. Instead of manag-
ing these complex environments based on plant managers’
experience, an [oT acquisition layer is introduced to digitize
processes’ executions. While an RF-based RTLS acquires
motion patterns and spatio-temporal information of workers
and industrial resources (e.g., WS), machine interfaces mir-
ror ongoing automation-based production processes. These
data streams after specific pre-processing computations are
fed into the third system’s entity, the cyber-physical layer.
Based on the desired planning horizon, two consecutive
computations occur. On one hand, ML-based algorithms
leverage positioning measurements to detect human-process
interactions and thus segment operators’ activities. Fol-
lowing a post-processing step, these outputs automatically
generate KPIs upon which plant supervisors can monitor
processes’ functioning on the short-term horizon. On the
other hand, discrete-based simulation models define itera-
tively sub-optimal production-specific layout configurations
(Ghafoorpoor Yazdi et al., 2024). The main strength of both
computational methods is their layout and task insensitiv-
ity. Indeed, these models quickly and seamlessly reconfigure
based on WS positioning information. The obtained outputs
are post-processed to generate KPIs in a decision support sys-
tem (see Fig. 1). Both approaches provide detailed insights
into processes’ weaknesses suggesting to plant supervisors
how to improve the efficiency and interdependencies of
human-centric RMS while preserving social fairness. This
work focuses on short-term planning and thus the remaining
subsections in this Section target the yellow boxes in Fig. 1.
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Fig.1 Cyber-physical architecture to monitor and manage human-centric reconfigurable manufacturing systems (Color figure online)

loT acquisition layer

The IoT acquisition layer leverages a UWB-based RTLS
to acquire the motion patterns of workers’ and WS’ posi-
tions in various production set-ups. This spatio-temporal
information is strategic to automatically classify work-
ers’ operations in human-centric manufacturing systems. In
particular, the classification is distinguished by two objec-
tives. First, layout-insensitive algorithms assign operators’
activities to industrial resources and detect logistic activi-
ties (see section “Reconfiguration oriented computations”).
Second, returned operators’ activities are further divided
into value-added and non value-added operations (see sec-
tion “Operation oriented computations”).

To achieve this challenging goal, workers wear anony-
mous tags on the wrist of their dominant hand to acquire
the geometrical location as well as 3D acceleration profile.
The positions and orientations of WS are acquired by placing
two devices in known locations. In addition to the applica-
tion, these moving entities differ in time resolutions. The
datastreams of workers and WS are sampled at a frequency
equal to 10 Hz and 1 Hz, respectively. At the same time, they
share the same hardware design. These different time reso-
lutions are chosen because workers’ positions are way more
dynamic than WS within production set-ups. Indeed, a single

position for each WS is used in the data engineering step to
pre-process the UWB-based dataset. The main advantages of
these sensing units are compact size and a battery lifetime up
to one year. In addition, additional sensors such as accelerom-
eters are mounted on board. The 3 D acceleration profiles may
represent valuable parameters to learn and identify workers’
activity during process executions (section “ML-based cyber
layer”’). Wearable tags are based on Decawave UWB radio
modules and use Channel 5 with a bandwidth of 6500 MHz
to exchange JSON messages with anchors using the men-
tioned refresh rates. In particular, the JSON bodies contain
several measurements, namely 3D indoor positions, acceler-
ation profiles, environmental parameters (e.g., temperature
and pressure), and a tag ID. The displacement of anchors
defines the IoT network reference system and the spatial
manufacturing environment to be monitored. Six reference
points are installed on the ceiling of an industrial-related
pilot environment covering an area approximately equal to
70m?. anchors are based on Decavawe modules and an IEEE-
compliant UWB transceiver. Connectivity and power supply
are granted by a Power over Ethernet (PoE) switch resulting
in a star network configuration. Finally, JSON messages are
uploaded to an RTLS server (see Fig.?2) that determines the
unknown position of moving tags through the TDoA geo-
metrical method (Santoro et al., 2023).
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Fig.2 Conceptual data flow of the IoT acquisition layer

Although this network configuration provides a stable data
gathering of tagged entities, the RTLS server is a closed
web-based application and thus prevents the development
of customized algorithms. To overcome this hard limitation,
Fig.2 depicts the data flow of positioning information to
an external physical server. In detail, the RTLS server is
WI-FI connected to the Internet using a static [P address.
By doing this, whichever client is connected to the Inter-
net can retrieve real-time JSON data through WebSockets
API. The client opens as many connections as the number
of active tags using threads and locks to avoid unnecessary
redundancies. Each connection and thus WebSocket commu-
nication is opened and managed by targeting the unique tag
ID. Instead of storing data locally, the client node leverages
the Message Queuing Telemetry Transport (MQTT) proto-
col and publishes positioning datasets in a TLS-encrypted
Mosquitto Broker to ensure final users’ privacy and avoid
data leaks. Therefore, subscribers can authenticate the broker
to retrieve JSON data, even in real-time or close to. Since the
developed ML-based cyber layer operates with shift-based
datasets, these messages are stored in a physical server con-
nected to the Internet. Besides storing measurements in a
time-series database (e.g., InfluxDB), a running node-red
application parses the JSON messages. It is worth saying
that the physical server can be remotely accessed by compu-
tational nodes through SSH connections.

ML-based cyber layer

This section details the ML-based computational steps
to perform an activity segmentation of workers’ tasks in
human-centric RMS. In addition to detecting the performed
activities, the cyber layer distinguishes value-added and non-
value-added operations. A value-added activity occurs when-
ever workers perform process-driven activities in industrial
resources (e.g., fastening screws). Otherwise, the worker sta-
tus is idle which is a non-value-added operation. To achieve
this challenging task, Fig. 3 depicts the closed-loop structure
of acquired positioning data in the cyber layer, where the pro-
cessing steps are associated with the corresponding outputs
(e.g., see green-colored boxes). A preliminary overview of
these computational steps is listed below:
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e Data engineering and labeling: this step increases the
dataset dimension by engineering additional features
from the acquired motion patterns of workers. In partic-
ular, the dataset is distinguished by a relative coordinate
system between workers’ and industrial resources posi-
tions. This feature grants a high degree of adaptability to
the computational layer in monitoring any system con-
figuration.

e Reconfiguration oriented computations: this ML-based
algorithm performs a layout and operator-insensitive
classification of logistic activities and assignment to
industrial resources (see section “Reconfiguration ori-
ented computations”).

e Operation oriented computations: this last ML-based
step consists of a resource-specific approach to classify
value-added and non-value-added operations (see sec-
tion “Operation oriented computations”).

These ML-based outputs are stored in a Decision Support
System where callback functions develop KPIs to monitor the
performances and the interdependencies of human-centered
RMS (see section “Decision support system”). Based on
this overview, the following subsubsections discuss the ML-
based approach designed to mitigate limited and sparse
datasets. Indeed, collecting a considerable amount of video-
based ground truth in industrial environments may raise
stakeholders’ privacy concerns, from operators to labor
unions.

Data engineering and labelling

This introductory step downloads the UWB-based datas-
treams of WS and workers in separate files from InfluxDB
(see Fig.2). Before designing the dataset features, an intro-
ductory step assesses the positions and orientations of WS for
each production setup. The WS 2D positions are determined
by averaging the acquired spatio-temporal data. This enables
to mitigate the measurement noise of the adopted physical
layer. The orientation on the z-axis of these entities is com-
puted through the Arccos of motion vectors using as input
both tags’ positioning information. While the initial vector
is constructed upon the initial positions of the workstation,
the final vector underlines the setup location.
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At this point, the acquired workers’ motion pattern under-
goes data engineering and labeling processes. The data
engineering step designs the dataset features to facilitate
the learning capabilities of ML-based models. Besides raw
absolute 2D indoor positions and 3D acceleration profiles
parsed from the acquired JSON data streams, a dedicated
script computes the relative distances with WS for each posi-
tioning frame and worker. This relative coordinate system
provides ML-based classifier insensitiveness to production
setups (e.g., see section “Reconfiguration oriented compu-
tations”). Operators’ numbers and time-driven information
(e.g., absolute clock for each production setup) complete the
input features by establishing data relationships among par-
allel manual operations.

Following this data engineering step, ground truth data
(e.g., videorecordings) are analyzed to label workers’ motion
patterns, according to the operation performed. This multi-
class classification involves as many labels as the number
of WS in the manufacturing system. Traveling and idle
states represent two further events to be classified. Based
on this, the goal of the following ML-based computations
is to perform an activity segmentation of manual task exe-
cutions in human-centric manufacturing systems and thus
offer multidimensional KPIs in a Decision Support Sys-
tems to evaluate the efficiency and interdependencies among
industrial resources. Therefore, the first set of ML-based
architectures leverages the described dataset features to auto-
matically assign workers to a production resource and detect
traveling states (section “Reconfiguration oriented compu-
tations”). Having as input these classifications, the second
step designs WS-dependent algorithms to further detail the
proximity of operators to resources into value-added and
non-value-added operations (see section “Operation oriented
computations”).

Reconfiguration oriented computations

To automatically classify workers’ proximities to indus-
trial resources and traveling events regardless of production
setup layouts, three ML-based algorithms are introduced and
benchmarked with each other (e.g., LSTM, Industrial DB
scan, and Random Forest). It is worth noting that classifiers’
insensitiveness to setups is granted by the data engineering
process (see section “Data engineering and labelling””), where
a relative coordinate system between workers and WS posi-
tions is introduced. The following algorithms differ under
different perspectives such as the hyper-parameters, and the
learning type (e.g., supervised and unsupervised). While the
LSTM-based architecture extracts valuable information in
the time-series datasets, the Industrial DB scan detects high-
density regions of spatio-temporal positioning points and
the Random Forest classifies input data using decision trees.
These algorithms are discussed in the following paragraphs
and Appendix B lists the classifier-specific hyper-parameters
to be optimized (see Tables 3, 4 and 6).

LSTM-based architecture: this supervised-based neural
architecture follows the definition proposed in Pilati et al.
(2023). LSTM architectures improve the standard formula-
tion of recurrent neural for the vanishing gradient problem
and better capture long-term patterns in time-series analysis
(Pilati et al., 2023). Table 3 lists the set of hyper-parameters
to be optimized. The core LSTM cell is distinguished by the
input, forget, and output gates (see Fig.4). The first updates
the cell state by passing in a sigmoid function the input data
at timestamp t and the previous hidden state. The closer the
output is to 1 the higher informative value occurs in input
data. The forget gate is responsible for selecting meaningful
information in the cell state at timestamp t. The output of the
sigmoid between the previous hidden state and the current
input data is multiplied via the Hadamard product with the
cell state. While outputs close to 0 suggest that the informa-
tion can be discarded, values close to 1 indicate meaningful
information. Therefore the cell state at timestamp t + 1 is
given by the sum of potentially discarded information in the
forget gate and the output of the input gate. Finally, the out-
put gate is responsible for updating the hidden state to carry
forward. Before feeding data streams into an LSTM-based
architecture, engineered input data are processed by a sliding
window algorithm. The dataset is divided into overlapping
sliding windows of different sizes (see Table 3) and assigns
the ground truth-based label to the last input data of the win-
dow. Sliding windows are shifted by one sample. In addition,
three-dimensional tensors are generated having dimensions
equal to the window size, the dataset features, and the batch
size. This last parameter enables the computation of the mini-
batch gradient and it is adopted to mitigate the vanishing
problem during the network training (see Table 3). Each
layer of the LSTM-based architecture has as many LSTM
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cells as the window size. The number of layers is an addi-
tional hyper-parameter to increase the architecture’s ability
to eventually learn complex patterns in input data. Consider-
ing an architecture with 2 layers, it is possible to approximate
the network as a matrix where the number of rows is equal to
2 and columns equal to the window size. Where each matrix
entry contains the LSTM cell in Fig. 4. For architecture with
more than one layer, the dropout is often adopted to randomly
offset some architecture neurons. This parameter offers a
learning regularization and prevents the model’s overfitting
(see Table 3). Another relevant hyper-parameter in design-
ing a robust LSTM-based architecture is the hidden state
size (see Table 3). Contrary to the cell state that stores long-
term information, the hidden state carries forward short-term
information and overwrites at every timestep. The output of
the LSTM cells of the last layer is fed into a fully connected
neural network with an output size equal to the number of
events to be classified. Finally, a normalized softmax acti-
vation function maps the multidimensional vector into the
most significant class. After this forward propagation, the
deep learning network computes the batch-based gradient
using the cross-entropy function and updates the architecture
weights and the learning rate based on the Adam optimiza-
tion. Table 3 lists the initial learning rates.

Industrial DB scan: this unsupervised-based algorithm
fills the limitations of its standard formulations with respect
to time-sensitivity and an enhanced uncertainty mitiga-
tion approach (Pilati and Sbaragli, 2023). This clustering
algorithm detects human-process interactions as high con-
centrations of spatio-temporal points in a defined layout
region and assigns them to manufacturing systems’ indus-
trial resources (e.g., WS). The unsupervised algorithm does
not need to be trained but requires the definition and a static
assignment of five spatio-temporal hyper-parameters. Table
4 lists them with the related values intervals. First, ¢ and
N Pts provide an initial clustering of human activities dur-
ing production cycles. While € defines the distance between
geometrical points, NPts define the minimum number of
points for each human-process interaction. This last param-
eter can be seen as a temporal constraint as well. In addition,
spatio-temporal points grouped by € and N Pts must be
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temporally consecutive and thus spaced by 4t. Trivially, §t
is equal to the sampling frequency of the adopted acqui-
sition layer. However, these constraints do not adequately
model the measurement noise and motion uncertainties of
the IoT acquisition layer and workers, respectively. Indeed, it
may be necessary to merge human-process interactions with
each other to avoid skewed KPIs. For instance, let’s define
two consecutive human-process interactions (e.g., H P I, and
H P1I,11). Each interaction is defined by a finite set of posi-
tioning points (e.g., p; ;,wherei =1, ..., IVz =1, ..., Z),a
time window (e.g., T'S{"*"" and TSZe"d ), and a geometric cen-
ter (e.g., O; = {Ox;, Oy,}). Therefore, HPI, and HPI
are merged together whether the Eq. (1) is true and at least
one between Egs. (2) and (3) is met.

TSI — TS < a 1)
EuclideanDistance(py ;, O;+1) < 2
EuclideanDistance(py ;, p1.z41) < ¢ 3)

Table 4 shows the hyper-parameters considered in the pre-
vious equations, namely o, 8 and ¢. While o depends on the
average time spent to travel from H PI, to HPI 41, B and
¢ are functions of the expected distance from consecutive
process interactions.

Random forest: this supervised-based algorithm has a
structure based on decision trees (Rigatti, 2017). The num-
ber of tree to be ensembled together is given by the
hyper-parameter estimator number (see Table 6). Each tree
computes the output class for any measurement in the train-
ing set. Several parameters influence the size and depth of
these estimators. Among them, the minimum sample split
defines whether a tree node is further split. The node is split
if the number of samples in the node is less than the mini-
mum (see Table 6). Otherwise, that node represents a leaf.
The output of all decision trees is considered to determine
the final output class. This process is known as aggregation
and is based on majority voting. Trees models are diversified
based on two different methods. First, bagging or bootstrap
avoids model overfitting by reducing the sensitivity of train-
ing data. Therefore, each decision tree is provided with a
sample of data with random replacements in between. Sec-
ond, feature randomness differentiates the branches of trees’
nodes enabling a better classification of datasets. Each deci-
sion tree chooses randomly a maximum amount of features
based on sgrt orlog2 (see Table 6). Finally, the loss function
to be minimized during the training process is given by the
entry criterion in Table 6.

Operation oriented computations

This computation leverages the output of the previous
classifiers bundled with the same feature space to train
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industrial resource-specific classifiers. In detail, assign-
ments to industrial resources are further distinguished into
value-added and non-value-added activities. Value-added
operations groups events in which workers are performing
manual tasks assigned in industrial resources. This com-
putational step targets a binary classification and reduces
algorithm complexity during the learning stage. In addition,
it is particularly effective and practical in industrial environ-
ments where companies require ready-to-deploy solutions
and privacy concerns combined with potential interference
with processes’ executions may limit extensive ground truth
data gathering. Indeed, achieving representative datasets for
human motions is a challenging task, especially in diversi-
fied workforces and heterogeneous manual operations. To
achieve this ambitious aim, three different ML-based clas-
sifiers are benchmarked with each other, namely Random
Forest, Gradient Boosting, and Support Vector Machine. The
Random Forest algorithm discussion is not repeated since it
follows the same formulation given in section “Reconfigu-
ration oriented computations”. In addition, Appendix B lists
the classifier-specific hyper-parameters to be optimized (see
Tables 6, 7 and 5).

Gradient boosting: similarly to the Random Forest,
this supervised-based algorithm exploits ensemble learning
method, where decision trees or estimators are trained as base
learners and then leveraged to achieve input classifications
(see Table 7). In addition, this classifier adopts the boost-
ing techniques by learning in a sequential manner decision
trees. Therefore, the initial and highly biased model is further
complicated by adding more trees to minimize the residual
error between actual and predicted values. The error is com-
puted through the derivative of the squared logarithmic loss
function with respect to the predicted value. In addition, the
learning rate controls the importance of new trees added to
the model during the classification process. Table 7 defines
the set of hyper-parameters to be optimized, where the max-
imum features and the minimum sample splits follow the
same definitions of the Random Forest classifier.

Support vector machine: this supervised-based algorithm
is widely used for classification problems even though the
training time exponentially increases with large datasets. The
objective of this ML-based classifier is to define the opti-
mal hyperplane that best differentiates input data streams’
features. Data closest to the hyperplane are support vector
points and their distances are the margins. The hyperplanes
are computed based on similarity scores between pairs of
training data. These scores are computed by choosing the
preferred Kernel, where the Gaussian is one of the most pop-
ular (Keerthi and Lin, 2003). During the training process,
two hyper-parameters need to be optimized (5). First, C can
be seen as a model’s regularization parameter by controlling
the cost of misclassifications. Indeed, it trades off between
correct classifications and the margin dimension. While to

large value of C is associated with a small margin, the oppo-
site scenario occurs with low C values. In this latter case,
the probability of misclassifying data increases. Second, y
defines the influence level of a single training example with
all the others. High values suggest a close influence between
data points.

Decision support system

Based on the closed-loop computations of the cyber layer
(see Fig. 3), Table 1 lists how the segmented workers’ activi-
ties are stored before computing the multi-dimensional KPIs
to monitor and manage human-centric manufacturing sys-
tems. In particular, the data engineering & labeling step
acquires the JSON data of the UWB-based RLTS and then
extracts the dataset features to be fed in the following two
ML-based computations. While the reconfiguration oriented
classifies logistic activities and assigns workers to industrial
resources regardless the production setup, the operation ori-
ented computation differentiates between value-added and
non-value-added manual operations for each WS.

The first three columns of Table 1 outline the time-
driven features of detected manual operations by storing the
time window timestamps and the related duration. Work-
ing activities are classified by the operation and resource
entries. While the first distinguishes between operation
type (e.g., value-added and non-value-added), and travel-
ing activities, the resource column specifies the industrial
resource. The last column specifies the meters traveled
between two temporally consecutive process interactions.
Although this RTLS-based activity segmentation of work-
ers’ operations enriches the visibility of in-plant operations,
it is impractical to effectively monitor the performances of
human-centric RMS. To fill this gap, customized callback
functions enable user-friendly decision-making facilitating
innovative insights into the interaction of workers and work-
stations in flexible manufacturing systems. This is related
to time and spatial aspects as well as the combination of
both. Figure 5 provides an overview of considered KPIs and
analysis items towards advanced decision support use cases
for monitoring, planning, and improving manufacturing sys-
tems. For instance, industrial plant supervisors visualize the
most utilized resources while understanding the allocation
of operators to industrial resources. In general, these indi-
cators extensively evaluate value-added activities to detect
inefficiencies or bottlenecks in reconfigurable environments.
Based on this level of detail, decision-makers have pivotal
insights to reconfigure the process to achieve scheduled effi-
ciencies. At the same time, the multi-dimensional from-to
charts highlight the resources’ interdependencies and the
most exploited workers in material handling activities dur-
ing production processes. This level of analysis is extremely
beneficial for managers. First, they may aim to achieve fair
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Table 1 Example of

. . Start End Duration [sec] Operation Resource Distance [m]
time-dependent working
operation of workers within a 10:06:26.47  10:06:46.09  19.62 Value-added WS2 0
production setup
10:06:46.76 10:06:51.36 4.60 Non-value added WS2
10:06:51.59 10:06:53.83 2.15 Traveling - 4.7
11:31:03.58 11:31:11.41 47.83 Value-added WS4 0

utilisation rates (worker and workstation), value vs.
non-value adding time shares, automated value
stream mapping, from-to-chart time-driven

time spent at different
Worker(s) . P .f 7 . Workstation(s)
locations, traveling times

Spatial aspects

worker movements (e.g. spaghettidiagram), from-
to-chart frequencies and distances driven, worker
interactions, continuous layout assessment

Fig.5 Multidimensional KPIs embedded in the Decision Support Sys-
tem

RMS by equally involving workers in handling activities.
Second, data-driven layout redesigns may increase the oper-
ational efficiency of human-centric RMS. Therefore, as clear
advancements towards the state of the art, the suggested
approach is flexibly adapting to changing manufacturing lay-
outs and situations and enables an innovative breakdown
of manufacturing activities (e.g. into value and non-value-
adding time shares).

Cyber-physical architecture validation

This section validates the cyber-physical architecture to mon-
itor human-centric RMS based on ML-based models. In
particular, section “Industrial and reconfigurable use case”
describes the industrial-related pilot environment where
the workers’ motion patterns and WS positioning informa-
tion are acquired by a UWB-based RTLS. The obtained
dataset consists of 8 manufacturing configurations, where
a spinal prosthetic model is the final product to be assem-
bled by exploiting various industrial workstations, operators,
and task assignments (section “Feature-engineered workers’
motion patterns”). Finally, the remaining sections ‘Per-
formances of reconfiguration oriented computations” and
“Performances of operation oriented computations” present
the ML-based performances of the reconfiguration and oper-
ation oriented computations. These intelligent classifiers are
trained and tested in a remote Jupiter server running in a
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Dell PowerEdge R740 with an Intel Xeon Platinum 8468H
and RAM 256Gb.

Industrial and reconfigurable use case

The industrial-related pilot environment assembles a medi-
cal spinal prosthetic sample in different industrial resources,
where one of them hosts a collaborative robot (see Fig. 6). WS
are equipped with industrial screwdrivers and a fixed storage
location that stocks components and fasteners. The manufac-
turing process requires fully assembling 3 final products by
performing a wide range of tasks. Based on operators’ experi-
ence, the entire production takes between 15 and 20 minutes.
First, 8 blocks are glued together in pairs and thus drilled.
Each block is distinguished by 4 holes. Subsequently, these
blocks are fit into the prosthetic frames and screwed by indus-
trial drivers. The third step screws together the prosthetic
halves to achieve the final product. The production cycle
ends with screwing quality tests. Based on this assembly
process, 8 different production setups have been performed
varying the number of WS, the task to workstation assign-
ment, and the workers involved. Although this human-centric
RMS may accommodate high product variances at affordable
costs, a process monitoring based on supervisors’ experience
and human commitment results in unrepresentative analysis
and thus underperforming decision-making.

To avoid these managerial weaknesses, the overall goal
is to design a cyber-physical architecture that performs an
activity segmentation of workers’ tasks by distinguishing
them into value-added and non-value-added, regardless of
the different industrial setups during a pilot production of
the medical prosthetic. In particular, the computational layer
needs to be layout and operation-intensive to ensure easy-
to-deploy in-plant monitoring. Based on this, a UWB-based
RTLS acquires workers’ motion patterns and industrial work-
station locations in the production environment. As depicted
in Fig.7, six anchors are deployed in the ceiling of the moni-
tored industrial-related pilot environment at known positions.
These reference points are connected to a PoE switch that
provides a stable power supply and a local network.

Based on the description of the industrial use case, the fol-
lowing subsection describes the feature-engineered dataset of
workers’ motion patterns during the spinal prosthetic assem-
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Fig. 6 Static viewpoint of the industrial related reconfigurable pilot
environment
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bly in 8 production setups. Each manufacturing configuration
is implemented twice on different working days.

Feature-engineered workers’ motion patterns

This subsection describes the operator-specific datastreams
that are fed into the ML-based cyber layer. The global
dimension of the dataset is equal to 814065 samples. These
time-driven motion patterns are acquired in 8 production
setups involving a total of 41 different workers. In this regard,
Table 8 in Appendix C specifies the setup-dependent WS’
absolute 2D positions and the number of operators. Since
less than 25% and 40% of production setups involve 5 and 6
workers, the vast majority of input data is held by the first four
operators. Table 9 lists the gathered input data for each oper-
ator number. The collected video-based ground truth enables
frame-oriented data labeling and thus 9 different classes are
adopted to distinguish workers’ operations during produc-
tion processes. This supervised and time-consuming process
deeply affects the deployment time of ML-based models.
A possible and viable solution to slash down data labeling
times is to run a time-dependent script that assigns real-time
labels to workers’ operations based on keyboard entries of
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Class
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Fig.8 Dataset classes distributions in percentage

numbers. However, this approach requires the supervision of
each worker-dedicated running script and thus it is not imple-
mented due to the shortage of researchers. The classes from
WS1 to WSS underline process-specific working activities
in these WS. Similarly, Robot and Storage suggest human-
automation interactions and the picking of raw materials and
components (e.g., fasteners). The Idle class is introduced
to group all non-value-added operations regardless of the
spatio-temporal positions within 8 production setups. Fig-
ure 8 outlines using boxplots the distributions of the discussed
industrial classes among production setups. The I/dle state
represents the majority of events in this highly unbalanced
dataset with a median value equal to 27.27%. The maxi-
mum and minimum values account for 51.48% and 15.87%,
respectively. While the maximum is connected to the second
production setup during the first recording day, the lower
bound is registered in the fourth production setup and sec-
ond recording day. The higher bound is markedly affected
by the Operator 6 operations that are non-value-added for
the 88.89% of his/her production time. The other most pop-
ulous classes are WS1, WS2 and W S3 peaking at 28.3%,
23.42% and 22.23%, respectively (see Fig. 8).

Considering the challenging target of designing a config-
uration and operation-insensitive architecture, an additional
data investigation targets the distribution of acceleration pro-
files. Therefore, Working and Idle represent the newly
formed operators’ states under analysis. In particular, the
Working state groups workers’ value-added datastream in
whichever workstation and production set-up. Figure 9 shows
the 3D distributions of acceleration profiles in the mentioned
operator states. It is worth noting that these distributions have
overlapping patterns and the underlying one and multi-way
ANOVA tests are distinguished by really weak p-values. This
scenario confirms the null hypothesis and may be driven by
two main factors. First, the dataset dimension fails to gen-
eralize both workers’ motion patterns and the performed
manual operations. However, it may be difficult to exten-
sively acquire ground truth information in industrial use cases
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due to privacy concerns (Pilati and Sbaragli, 2023). Second,
the IoT acquisition layer is required to increase the sampling
frequency to obtain higher resolutions in acceleration motion
patterns (Liu et al., 2020).

To mitigate the dataset sparsity and the low resolution
of acquired accelerations, the proposed ML-based cyber
layer mines value inside data using a two-step approach.
First, state-of-the-art algorithms assign workers to industrial
resources (e.g., WS and storage location) and detect logistic
activities (see section “Reconfiguration oriented computa-
tions”). However, this computational step approximates any
workstation proximity to value-added operations. Therefore,
the second computational step fills this gap by performing
a binary classification between Working and Idle states
(see section “Operation oriented computations”). Six dif-
ferent ML-based classifiers are trained to learn meaningful
motion patterns from W S1 to the robotic workstation. The
performances of these two computational steps are described
in the following sections “Performances of reconfiguration
oriented computations” and “Performances of operation ori-
ented computations”.

Regardless of the different targets of these computational
algorithms, the dataset is split into three sets, where the val-
idation has a share equal to the 70% of the dataset and the
remaining two (e.g., validation and test) accounts for 15%.
Production set-ups in recording days are assigned entirely
to one of these sets and are not duplicated. In particular, the
test set contains datastreams of the 7-th production setups
during the second recording day. Figure 7 shows the layout
configuration of this setup as well as the number of workers.
In addition, the bold entry in Table 8 of Appendix C outlines
the absolute workstation positions and number of workers
for this production setup. In particular, the WS1 dedicated
workers glue and drill the blocks to be inserted in prosthetic
frame halves. Then, the righter worker of W S1 is in charge
of moving finished products in WS2, WS3, and WS4 where
prosthetic halves are fully assembled. The production process
ends using the robotic arm to screw together the prosthetic
halves to achieve the final product. This process is remotely
controlled from W S5 where an automated final inspection of
products is performed.

Performances of reconfiguration oriented
computations

This subsection validates the first step of the ML-based
computations (see section ‘“Reconfiguration oriented compu-
tations””), where the hyper-parameters optimized classifiers
are benchmarked with each other. Before going through the
performance metrics (Fig. 10 and Table 10 in Appendix D),
it is worth describing the adopted data splitting approach.
On the one hand, the supervised learning approaches (e.g.,
LSTM-based architecture and Random Forest) are trained
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on 70% of the entire dataset. The remaining input data are
equally splitinto the validation and the test sets. In particular,
production setups are randomly assigned to the mentioned
dataset splits, preserving their temporal dependence. The sev-
enth production setup during the second recording day and
the second setup on the first recording day belong to the test
set. On the other hand, the Industrial DB scan does not require
training and thus the following performances are evaluated
both on the 7th production set-up and on the entire dataset.
Table 10 in Appendix D depicts these performances, where
values between brackets relate to the entire dataset. Regard-
less of the classifier, three different metrics (see Eq. from
(4) to (6)) benchmark the classification performances of the
presented ML-based algorithms.

o TP
Precision = ——— “4)
(TP + FP)
TP
Recall = ————— )
(TP+ FN)
. TTP
Micro F1 — score = (6)

TTP+ 1% (TFP+TFN)

The first two class-dependent metrics are functions of true
positives (TP), false positives (FP), and false negatives (FN).
While Precision measures results’ relevancy, the Recall indi-
cates how many truly relevant results are returned. The Micro
F1 score is chosen as a global metric due to its ability to bet-
ter reflect imbalanced data distributions (see Fig.8). Where
TTP, TFP, and TEN are derived by summing up the related
class-dependent metrics (e.g., TP, FP, and FN).

Based on the intrinsic differences of ML algorithms,
Fig. 10a shows promising Micro F1 scores for all classifiers.
In particular, the Random Forest and Industrial DB scan rep-
resent the worst and best-performing approaches accounting
for 0.82 and 0.87, respectively. However, this global metric
fails to highlight the class-specific strengths and weaknesses
of these models. To fill this gap, the performance evaluation
of this computational stage starts with the Pytorch-coded
LSTM-based architecture. Based on the hyper-parameters
in Table 3, the optimal network configuration is iteratively
assessed. Batch, window, and hidden sizes are equal to 64,
128, and 256. The architecture is distinguished by solely one
LSTM layer and thus the dropout is not introduced. Finally,
the learning rate is equal to 1e ~*. Figure 10b shows the Cross-
Entropy-based loss for both the training and validation set
over 300 epochs. While the training loss starts at 1.21 its
profile over epochs decreases to meet convergence at 0.01,
the validation Cross-Entropy opens at 2.62, and the loss is
distinguished by fluctuations over training epochs. In addi-
tion, after reaching the local minima equal to 0.34 at epoch
49, the validation curve increases to 0.72. Since this scenario
may indicate model overfitting, Fig. 10c depicts the Micro
F1 scores within data splits over model epochs. Although the
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Fig.9 Distributions of 3D acceleration profiles of UWB-based tags on operators’ hand

training F1 score is approximately equal to 1 from epoch 94
on-wards, the validation and test set have similar profiles and
do not shrink. The 111-th model epoch with related learned
weights maximizes the test F1 score accounting for 0.86 (see
Fig. 10a). Figure 10d shows the confusion matrix related to
this model epoch, where the main diagonal contains the cor-
rect classified datastreams. Before analyzing the confusion
matrix, it is worth stating that this computationally expensive
architecture is distinguished by an inference time equal to 90
sec for each training epoch and a test time approximately of
38 sec.

The confusion matrix suggests that the vast majority of
dataset classes present low misclassification dispersion (e.g.,
FP and FN). Indeed, WS apart from WS4 and the Storage
present Micro F1 scores ranging from 0.82 to 0.98 (see Table
10). However, WS4 and Travel classes are distinguished by
underperforming F1 scores accounting for 0.63 and 0.48,
respectively (see Table 10). On the one hand, the Precision
and Recall of the fourth workstation are equal to 0.84 and
0.51 leading to class underestimation due to a high amount
of FN. This scenario is driven by a limited representation
of this class in the dataset. Indeed, the class shares range
from 1.31% to 15.72% within production setups (see Fig. 8).
In addition, half of production environments do not exploit
WS4 during the prosthetic assembly. On the other hand, the
Travel class shows low values for Recall and Precision. This
scenario is driven by narrowed production setups where the
UWB-based RTLS is stressed with short distances between
manufacturing WS (see Table 8).

The second classifier is the Industrial DB scan. The
model’s hyper-parameters are shared and have the same val-
ues as the first algorithm definition and validation proposed
in (Pilati and Sbaragli, 2023). In particular, €, N Pts and §¢
are equal to 0.17 m, 15 positioning points and 10 Hz. The
measurement noise and motion uncertainty-driven hyper-
parameters, namely «, 8, and ¢ account for 1 second and
0.5 m. Based on this hyper-parameters selection (see Table
4), the Micro F1 score of the 7th production set-up is equal to
0.87. Figure 10e shows the related confusion matrix for this
targeted multiclass problem. This clustering method presents

a computational time equal to 72 sec for each operator in the
considered production setup. Similarly to the LSTM-based
architecture, the F1-score of industrial resources from WS1
to W S5 ranges from 0.80 to 0.95. It is worth noting that the
WS4 Fl-score accounts for 0.94, markedly higher than the
one obtained with the LSTM-based architecture (see Table
10). A different scenario emerges for the Storage class where
the neural network architecture outweighs this density-based
method. Indeed, an underperforming Recall value provides
an F1 score equal to 0.54. This low statistic is driven by
a relevant limitation of the Industrial DB scan. The defi-
nition of static hyper-parameters may not reflect different
positioning accuracies of the UWB-based IoT acquisition
layer in manufacturing systems’ local regions. In the targeted
industrial-related pilot environment, such a scenario emerges
for x and y values ranging from O to 3 and from 3.75 to 6 m,
respectively (see Fig. 7). Both classifiers are distinguished by
weak capabilities in detecting logistic activities in the men-
tioned industrial-related pilot environment due to narrowed
distances between workstations (see Tables 10, 8).

The last classifier to detect reconfiguration-oriented oper-
ations is the Scikit-learn-coded Random Forest. The optimal
hyperparameters configuration is found using the grid-search
algorithm. This sub-optimal configuration is distinguished by
a number of estimators and minimum sample splits equal to
70 and 3, respectively. In addition, the optimal criterion and
maximum features are given by entropy and the sqrt. Fig-
ure 10f depicts the related confusion matrix that provides a
Micro F1 Score equal to 0.82. The described training and test
times are equal to 140 and 15 sec, respectively. Although this
classifier is the worst performing in detecting manufacturing
operations, WS1 and WS5 F1 scores outweigh the previ-
ous two computational methods. Overall, this statistic for
the other classes is satisfactory apart from WS4 and Travel.
While the first confirms the limitations already analyzed with
the LSTM-based architecture, the logistic activities are a
shared weakness of all benchmarked intelligent algorithms
(see Table 10).

After this quantitative discussion on class-specific per-
formances, the LSTM-based architecture is chosen over the
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Fig. 10 Performances of ML-based classifiers of reconfiguration-oriented computations

Table 2 Qualitative benchmark of reconfiguration oriented ML-based methods

Classifier Training Deployment time Number of hyper-parameters Dataset size
LSTM-based architecture Yes High High Large
Industrial DB scan No Low Low Small
Random forest Yes Low Medium Medium

Industrial DB scan for a main reason. It is preferable to
achieve a better Micro F1-score for the Storage class rather
than in WS4 which is hardly used in the considered man-
ufacturing process (see Fig. 10). Despite the adopted model
selection to maximize classification performances, the fol-
lowing Table 2 provides an additional and useful distinction
of the benchmarked ML-based classifiers. The listed features
may guide practitioners in implementing the most adequate
model based on their needs and requirements. For instance,
the Industrial DB scan represents the most effective solution
with a limited dataset and related ground truth baseline infor-
mation. In addition, this density-based computational method
does not require training and thus the deployment time solely

@ Springer

relies on the identification of a sub-optimal hyper-parameters
values set.

Performances of operation oriented computations

This subsection discusses the performances in classifying
working and idle activities, given the industrial resource
(see section “Operation oriented computations”). To do so,
three grid search optimized (see bullet point in Appendix D)
ML algorithms are trained using a resource-specific dataset
with test sets’ dimensions varying from 7.3 to 17.5% (e.g.,
WSS and W2 represent the lower and upper bound). This
computational step considers solely data streams acquired
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during the second recording day due to reduced exposure to
motion uncertainty in workers’ assembly activities. Consid-
ering computational times, the Support Vector has markedly
higher statistics compared to the other two models. Indeed,
the Gradient Boosting and the Random Forest are distin-
guished by mean and standard deviation training times equal
to 35 and 5 sec, respectively. The same statistics for the Sup-
port Vector account for 11.5 and 2.2 minutes. The related
mean and standard deviation for the inference shrinks to 2.5
minutes and 70 sec.

Figure 11 shows the industrial resources-centered (e.g.,
from WS1 to Robot) Micro Fl-scores in identifying value-
added and non-value-added activities. The acronyms SVM,
RF, and GB refer to Support Vector Machine, Random Forest,
and Gradient Boosting methods to limit space. Overall, the
first three WS are distinguished by markedly higher Micro
F1-scores compared to the remaining others. This scenario
is driven by the nature of tasks allocated to WS. Indeed, the
most manual-intensive activities such as drilling blocks and
screwing them into the model’s frame are usually assigned
to WS1, WS2, and W S3. Based on this, two algorithms are
selected to differentiate workers’ status (e.g., Working and
Idle) in industrial resources. While the Random Forest is
the most appropriate method for the first three workstations,
Gradient Boosting shows better capabilities in the remaining
workstations where operators’ motion patterns are limited.

Starting the discussion with the most manual-intensive
industrial resources, the Random Forest Micro F1-score val-
ues of WS1, WS2, and WS3 are equal to 0.92, 0.81, and
0.76, respectively (see Fig. 11). These promising statistics are
also reflected by analyzing the resources and operator state-
driven Precision, Recall, and F1-score metrics (see Table 11
in Appendix D). In particular, the Random Forest algorithm
outperforms the other methods showing deltas up to 0.49. A
stark example is provided by the Recall values of non-value-
added activities in WS1 (see Table 11).

A different scenario emerges for the remaining industrial
resources from the fourth WS to the robotic one. Indeed,
the Support Vector Machine and the Random Forest show
superior Micro Fl-scores compared to the Gradient Boost-
ing algorithm (see Fig. 11). For instance, considering W 54,

the Support Vector accounts for 0.52 compared to 0.28 of
the Gradient Boosting. However, Table 11 suggests that
both Random Forest and Support Vector Machine classi-
fiers overfit the data set. In detail, the value-added class
for WS4 and W S5 is never recognized. Based on this, the
Gradient Boosting is leveraged as the most adequate clas-
sifier to evaluate the operator state in these WS. Despite
this selection, the detection capabilities are not satisfac-
tory for two main aspects. First, 3D acceleration profiles
present overlapping distributions among Working and Idle
classes, as already pointed out during the dataset description
(see section “Feature-engineered workers’ motion patterns”).
Second, these industrial resources are distinguished by pretty
static workers’ motion patterns. For example, operators’
activities are limited to interaction with the machine interface
and highly assisted quality checks in the robotic and fifth WS.
To conclude this classifier and resource-oriented discussion,
Fig. 16 in Appendix D shows the confusion matrices for each
resource and chosen ML-based algorithm.

Benefitting from these sequential ML-based computa-
tional steps, a time and label- oriented algorithm segments
workers’ activities as shown in Table 1. Sequentially, call-
back functions leverage these outputs to achieve KPIs to
monitor the efficiencies and interdependencies of production
set-ups.

Results

After the performance validation of the designed ML-based
cyber layer, this section discusses the managerial insights
and implications of monitoring with IoT technologies task
executions in human-centric RMS. The following KPIs gen-
erated by dedicated Python scripts discuss the performances
and interdependencies of the 7th production set-up during
the second recording day lasting 16 minutes approximately.

This production setup employs 5 workers to fully assemble
3 spinal prosthetic models resulting in 5.45 minutes/product.
Figure 12 shows the utilization ratio of industrial resources
as a function of workers’ value-added operations over the
monitored shift (e.g., ST stands for Storage and ANs for
anchors).

The most saturated resources of this production set-up
are the first three WS. While WS1 peaks at 77.82%, WS2
and WS3 are distinguished by utilizations equal to 72.31
and 70.22%, respectively. This scenario is driven by the
task allocation to WS. Indeed, WS1 hosts manual gluing
and drilling of blocks. Subsequently, blocks are moved into
three parallel WS (e.g., WS2, WS3, and WS4) that fit two
wooden blocks each into the prosthetic model halves. The
analyzed KPI demonstrates that WS2 and WS3 are preferred
over WS4. This last resource is used as a jolly worksta-
tion showing a utilization ratio lower than 30%. Based on
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Fig. 12 Utilization of Industrial resources over the monitored shift

this first insight, plant supervisors should identify the over-
allocation of resources that negatively impact both economic
indicators and potential distances traveled by workers to
perform production cycles. In this regard, it would be recom-
mended to reduce the number of workstations and eventually
assign an additional jolly operator either to WS2 or WS3 to
lower potential bottlenecks and operators’ efforts to meet
required takt times. The remaining industrial resources are
distinguished by low utilization lower than 10%. The quality
control in WS5 and the human-robot interactions represent
quick and less labor-intensive tasks. Although this KPI high-
lights potential redundant WS in production set-up, it falls
short in segmenting workers’ operations over the shift. Fig-
ure 13a—c fill this gap by highlighting the distribution of
value-added and non-value-added operations as well as the
operators’ assignments to WS. First, Fig. 13a outlines the
operator-centric distributions of value-added and non-value-
added operations as a function of the shift duration. This
KPI is extremely effective in pointing out the most under-
saturated workers in performing process-related activities.
While Opl, Op2, and Op5 register shares of value-added
operations greater than 72%, Op3 and Op4 are distinguished
by values equal to 37.42 and 42.57%, respectively. Although
this first overview may suggest an over-allocation of work-
ers to the production setup, further metrics are required to
carefully analyze this working shift.

Second, Fig. 13b depicts the value-added activities per-
formed by operators among the seven industrial resources
of this production set-up. This metric enables to differentiate
operators’ tasks. While Op1 and Op2 value-added operations
never below 72% are limited to WS1 and WS3, the remaining
operators are way more dynamic showing interactions with
multiple resources. Op3 and Op4 represent striking examples
and provide additional details into the process’s functioning.
On the one hand, the distribution of Op3 value-added activ-
ities suggests that low productivities of WS4 are integrated
with quality checks and robot interactions. On the other hand,
Op4 interacts with almost all industrial resources of the man-
ufacturing system, where an 8.77% of time is reserved by
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picking activities from the storage location. This insight may
suggest that this worker is also in charge of manual material
handling operations among industrial resources.

Third, Fig. 13c further details workers’ value-added oper-
ations by evaluating their share in production routines using a
time resolution of 30 sec. This KPI notifies plant supervisors
of potential workers’ over-allocations to production set-ups.
Although three operators (e.g., Op1, Op2, and Op5) are dis-
tinguished by shares of value-added operations greater than
the 80% for the majority of the production shift, Op3 and
Op4 hardly exceed the 70%. In particular, Op3 is the least
involved in value-added activities. Benefitting from these
KPIs, decision-makers may reduce the workforce size and
re-distribute Op3 tasks to the remaining others, most likely
to Op2 and Op5 that share similar operations.In general,
workers’ over-allocations are detrimental to in-plant perfor-
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mances. First, stagnant outputs per unit of time and operators
may penalize workers’ commitments and awards during
gamification approaches. Second, incorrect systems design
in manufacturing systems with interconnected job shops may
drastically affect companies’ market competitiveness.

Besides process-oriented manual operations, it is pivotal
to focus on traveling events to discuss the interdependencies
among industrial resources. A top-down approach is estab-
lished to achieve this purpose. Figure 14 shows the distances
traveled by monitored workers over the working shift. Op4
travels 3 up to 20 times the distances of his/her colleagues,
overcoming 200 m during the shift. This statistic is consis-
tent with the distribution of value-added activities among
operators and resources (see Fig. 13b). Indeed, Op4 interacts
with almost all industrial resources and spends approxi-
mately 10% of his/her working time in the storage location.
This distance-dependent statistic negatively affects the social
inclusiveness and sustainability of the considered human-
centric RMS. This scenario is driven by two main factors.
First, an over-allocation of resources with non-optimal posi-
tions may lead to longer logistic activities. This can be miti-
gated by the long-mid term planning horizon of the architec-
ture as discussed in (Ghafoorpoor Yazdi et al., 2024). Second,
plant supervisors should be encouraged to redistribute logis-
tic activities among the workforce. This point assumes further
relevance when manually handled products present consid-
erable weight and risk scores of ergonomic indices (e.g.,
NIOSH and EAWS) represent valuable weights to be fed into
objective functions (Yaoyuenyong and Nanthavanij, 2008).

However, not accessing the operator-centric travel activ-
ities fails to highlight the most involved resources of pro-
duction set-ups. Figure 15 fills this gap by depicting the
multidimensional from to charts of Op4 in the frequency,
time, and spatial domains. It is worth noting that a valid trav-
eling activity between two industrial resources must contain
at least 20 indoor positions. This choice is made to limit the
cyber layer’s limitations in detecting this event combined
with an in-depth process analysis. Starting to analyze the
frequency domain, Fig. 15 outlines the amount of traveling
events or flows among industrial resources.

It is interesting to note that the 3 out of 5 flows from the
storage location are directed to WS3. The same amount of
flows from WS3 are then directed to WS2. Analyzing the
global picture, WS2 and WS3 are distinguished by a higher
amount of incoming and outgoing flows compared to WS4.
This flow distribution confirms the utilization ratio of WS4 in
this production set-up. Figure 15a confirms that Op4 handles
the replenishment of WS2, WS3, and WS4 while feeding to
them the blocks to be screwed in the prosthetics halves. Scal-
ing the same approach to the entire workforce, other material
handling activities may be detected and thus analyzed. For
instance, Op1 presents solely one travel activity from the stor-
age to WS1. This value points out accurate management of
wooden blocks because it suggests that the required wooden
blocks to produce 3 final products are moved at once. The
logistic activities toward the final stages of the production
cycles (e.g. robotic workstation and quality check in WS5)
are managed by Op3 and thus are not discussed further. To
better analyze process functioning and potential inefficien-
cies, Fig. 15b, c link the discussed flows with the aggregated
distances traveled and the time spent. For example, 12.7 sec
and 18.3 m that are registered during the 3 flows between
the storage location and WS3 may be reduced by changing
the replenishment logic. The advantage of knowing a priori
the desired output rate should encourage decision-makers to
design an adequate buffer size for each workstation. This
would enhance the material handling times and distances by
avoiding multiple and unnecessary interactions with the stor-
age. Considering the parallel operations of the three industrial
resources (e.g., WS2, WS3, and WS4), a shared buffer loca-
tion may be designed as well to limit obstruction among
operators during task executions. Another valuable layout
modification is to bring closer WS2 and WS3. By doing this,
Op4 would slash down the 14.1 sec and the 23.5 m during
three traveling events. The same approach can be used with
WS in bringing it closer to WS2 and WS3.

To conclude, the designed cyber-physical architecture can
effectively enhance the visibility of human-centric RMS
through different multi-criteria variables. On the one hand,
performance-driven metrics suggest sub-optimal allocation
of WS and workers to production setups. This contributes to
improving manufacturing systems’ economic metrics while
reducing operators’ efforts during manual task executions.
In addition, these metrics may be complemented by addi-
tional data such as market demands and production batches
to create families of production setup designs. On the other
hand, investigation of logistic activities suggests potential
disadvantaged workers and valuable inputs to heuristic opti-
mization to re-balance traveled distances during production
cycles. In addition, operator-centric from to charts pinpoint
the interdependencies of industrial resources constituting
valuable inputs to re-layout production environments.
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Fig. 15 Multidimensional from to charts of operator 4

Conclusion

The ever-evolving market demands are posing serious chal-
lenges to modern manufacturing systems’ operational effi-
ciency. To cope with this threat, RMS offers high production
flexibility at competing unitary costs. These modular and
variable environments involve a joint effort of manufacturing
entities and human resources. Conventional managerial tools
and decision-maker experiences fall short of ensuring sta-
ble in-plant performances. For this purpose, cyber-physical
architectures represent a necessary condition to monitor and
manage the systems’ reconfiguration along with the work-
force’s stochastic behavior.

@ Springer

Based on this, this work presents a cyber-physical archi-
tecture that leverages a UWB-based RTLS network to acquire
the motion patterns and the indoor location of workers
and industrial resources, respectively. These data streams
are fed into a layout and task-insensitive ML-based cyber
layer to segment workers’ activities over working shifts. The
designed cyber layer consists of two computational steps.
First, the reconfiguration oriented computations automati-
cally detected workers’ proximities to industrial resources
(e.g., WS) and traveling events. Second, the operation ori-
ented computation further details operators’ proximities into
value-added and non-value-added activities. These operator-
driven outputs are stored in a Decision Support System where
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customized callback functions develop strategic KPIs. Ben-
efitting from these multi-criteria variables, plant supervisors
monitor the in-plant efficiencies of production set-ups and if
necessary trigger process reconfigurations.

This digital application is tested in an industrial-related
pilot environment involving 40 workers and 8 production set-
ups. In particular, the LSTM-based architecture results in the
best reconfiguration oriented classifier, showing F1-scores in
assigning workers to industrial resources greater than 0.82.
The major weaknesses of this method are the assignment to
the fourth WS for lack of training data and the detection of
logistic activities due to narrowed distances among resources
and the human factor’s intrinsic uncertainty. At the same
time, the operation oriented computations leverage two ML-
based algorithms. While the Random Forest is the most per-
forming in labor-intensive task, the Gradient Boosting is cho-
sen to detect manual activities in semi-automated scenarios.

Following the validation of the ML-based algorithms, the
managerial implications of monitoring human-centric RMS
are discussed using the 7th production set-up of the dataset.
In particular, the low utilization ratio of WS4 suggests to
decision-makers that this industrial resource is redundant.
Similarly, the number of workers may be reduced. Indeed,
the value-added operations of Op3 and Op4 hardly exceed
70% during the monitored shift. The analysis ends by dis-
cussing the interdependencies among industrial resources.
Multi-dimensional from to charts of Op4 are presented to
highlight the patterns of the traveling events in handling
materials to WS2, WS3, and WS4.

Further research should focus on different viewpoints.
First, it is pivotal to improve the cyber-layer capabilities in
detecting traveling non-value-added activities, especially for
semi-automated production activities. Additional wearable
sensors may be adopted to better capture manual activities
and walking patterns among close industrial resources. Sec-
ond, a human digital twin should be developed to monitor
process executions in close-to real-time and model fore-
casting functions to notify workers of the next production
tasks to be performed. By doing this, plant supervisors might
promptly identify and manage process disruptions while
assisting workers during task executions. Finally, two points
target the decision support system. While Large Language
Models might automatically discuss the proposed KPIs and
derive actionable feedback and eventually reconfiguration
strategies, a Graphical User Interface or dashboard may
achieve a user-friendly monitoring process by preventing
managers from interacting with low-level Python scripts.
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Appendix A

This appendix contains the list of acronyms defined in the
manuscript.

RMS Reconfigurable manufacturing systems
IoT Internet of things

RTLS  Real time locating systems

ML Machine learning

KPIs Key performing indicators

WS Workstation

RFID  Radio frequency identification
TDoA  Time difference of arrival
UWB Ultrawide band

JSON  JavaScript object notation
PoE Power over internet

API Application programming interface

MQTT Message queuing telemetry transport
SSH Secure shell

TLS Transport layer security

LSTM  Long short term memory
Appendix B

This appendix lists the relevant sets of hyper-parameters to be
optimized during the reconfiguration and operation-oriented
computations (see sections “Reconfiguration oriented com-
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putations” and “Operation oriented computations”). Please
appreciate the ML-specific parameters in the following tables

(Tables 3, 4,5, 6,7, 8).

Table 3 LSTM hyper-parameters

Table 7 Gradient boosting hyper-parameters

Parameter

Value

Estimators number
Loss
Learning rate

Maximum features

Minimum sample split

50, 70, 100, 150
Logarithmic
lefl, le72, 1e73
sqrt, log2

2,3,4

Parameter Value
Window size 50, 128, 256
Layer 1,2
Hidden size 100, 128, 256
Learning rate le72, 173,174
Batch size 64, 128
Dropout 0,0.3,0.5
Table 4 Industrial DBSCAN Parameter Value
hyper-parameters
€ [0.1,0.6] m
NPts [10, 100] points
8t [10 100] Hz
o [1, 10] sec
B [0.1,2] m
¢ [0.1,2] m
Table 5 Gaussian support vector hyper-parameters
Parameter Value
C 1, 10, 100, 1000
y 0.001, 0.01, 0.1, 1, 10
Table 6 Random forest hyper-parameters
Parameter Value

Estimators number

50, 70, 100, 150

Table 9 Operator-based dataset dimension

Operator Number of input data
1 92,435

2 94, 147

3 99,320

4 90, 947

5 68, 380

6 27,118
Appendix C

This appendix contains additional insights related to pro-
duction setups. In particular, the 2D indoor positions of WS
and the dimension of the feature-engineered workers’ motion
pattern are outlined in the following Tables 9.

Criterion Gini, entropy

Maximum features sqrt, log2

Minimum sample split 2,3,4

iTlf:l:;fiaﬁg:ﬁi‘;ﬁf‘i’sigﬁ;‘;ﬁt Setup Workers WSI Wws2 Ws3 WS4 Wwss Robot

production setups X Y X Y X Y X Y X Y X Y
1 6 457 335 443 122 676 4.13 656 234 623 1.03 637 3.12
2 6 440 279 623 429 6.17 139 47 512 9.82 326 844 336
3 5 820 327 635 396 6.63 1.84 494 1.06 429 1.73 4.05 3.08
4 4 5.00 3.11 6.24 423 6.10 2.03 451 521 887 3.61 9.01 1.86
5 5 450 331 432 129 6.23 451 585 2.08 825 377 804 1.75
6 4 4.57 335 443 122 6.76 4.13 656 234 623 1.03 637 3.12
7 5 475 091 430 361 734 425 597 382 478 507 630 570
8 6 453 337 6.13 246 634 421 456 088 872 3.19 798 3.42

Bold values are related to the 7th production set-up. Results are based on this layout (see Fig. 7)
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Appendix D

This appendix further details the performances for both
reconfiguration and operation-oriented computations. There-
fore, Precision, Recall, and F1 scores are computed for each

ues in brackets represent the performances over the dataset
(Fig. 16; Tables 10, 11).

dataset class and ML-based classifier. It is worth noting that

the Industrial DB scan performances include both metrics for

the 7th production set-up and the entire dataset. Where val-
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The following bullet point lists the grid-search optimized
set of hyper-parameters related to the ML classifiers of the
operation oriented computations:

e Support vector machine:

WS3

True Class

1832

Idle
Predicted Class

Ws3

(c) Random Forest classification

and Idle between WS3 and Idle states

True Class

394 784

9.1
k=l

Robot ldle
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(f) Gradient Boosting classifi-
cation between Robot and Idle
states

Fig. 16 Confusion matrices of the best performing classifiers for the operation oriented computations

Table 10 Performances of optimized classifiers for reconfiguration oriented computations

Class LSTM architecture Industrial DB scan Random forest
Precision Recall Fl1-score Precision Recall F1-score Precision Recall F1-score

wWS1 0.96 0.89 0.92 0.95 (0.93) 0.96 (0.92) 0.95 (0.92) 0.98 0.97 0.97
wS2 0.96 0.97 0.96 0.96 (0.97) 0.94 (0.90) 0.95 (0.93) 0.97 0.79 0.87
wS3 0.92 0.95 0.94 0.93 (0.90) 0.86 (0.88) 0.89 (0.85) 0.96 0.88 0.92
WS4 0.84 0.51 0.63 0.96 (0.90) 0.94 (0.95) 0.95 (0.92) 0.97 0.56 0.71
WSS 0.85 0.81 0.83 0.76 (0.70) 0.85 (0.90) 0.80 (0.79) 0.91 0.97 0.93
Robot 0.74 0.91 0.82 0.88 (0.81) 0.81 (0.88) 0.85 (0.84) 0.94 0.69 0.80
Travel 0.44 0.53 0.48 0.45 (0.5) 0.62 (0.70) 0.52 (0.58) 0.19 0.63 0.29
Storage 0.94 0.89 0.92 0.98 (0.90) 0.47 (0.45) 0.64 (0.60) 0.96 0.83 0.89
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Table 11 Performances of optimized classifiers for operation oriented computations

Industrial resource Classifier Working Idle
Precision Recall F1-score Precision Recall F1-score

WSl Support vector machine 0.76 0.95 085 0.81 0.38 0.53
WS1 Random forest 0.94 0.95 0.94 0.89 0.87 0.88
WwS1 Gradient boosting 0.80 0.99 0.88 0.97 0.47 0.64
wS2 Support vector machine 0.72 0.86 0.79 0.63 0.41 0.5
WS2 Random forest 0.84 0.87 0.86 0.76 0.71 0.73
wS2 Gradient boosting 0.81 0.54 0.65 0.49 0.77 0.59
W3 Support vector machine 0.65 0.92 0.76 0.84 0.57 0.60
WS3 Random forest 0.72 0.89 0.80 0.84 0.63 0.72
WS3 Gradient boosting 0.68 0.89 0.78 0.83 0.56 0.66
WS4 Support vector machine 0.82 0.55 0.66 0.16 0.43 0.23
WS4 Random forest 0 0 0 0.17 1 0.28
WS4 Gradient boosting 0.90 0.14 0.25 0.18 0.92 0.30
WS5 Support vector machine 0 0 0 0.49 1 0.66
WS5 Random forest 0 0 0 0.48 1 0.65
WSs5 Gradient boosting 0.52 0.07 0.12 0.49 0.94 0.65
Robot Support vector machine 0.62 0.64 0.63 0.26 0.24 0.25
Robot Random forest 0.68 0.72 0.70 0.41 0.37 0.38
Robot Gradient boosting 0.77 0.57 0.66 0.45 0.66 0.53

Bold highlights the most performing classifier for each industrial resource (WS1, WS2, etc.)

— y:0.001

e Random forest:

Estimators number: 70

— Criterion: entropy
Maximum features: sqtr
Minimum sample split: 3

e Gradient boosting:

Estimators number: 100
Learning rate: le™ 1

— Maximum features: sqrt
Minimum sample split: 2
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