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Abstract: Within the domain of Industry 5.0, the “Healthy operator” concept aims at using biometric
sensors to enhance the physical and mental wellbeing of the operators. However, a sizable portion of the
tools and the methodologies involved are borrowed from fields such as neuroscience and medical science
where experimental context and conditions are significantly different from the typical manufacturing plant.
In the current work we explored if the method for recording baselines of biometric signals used in clinical
studies should be directly transferred to the shop floor. We measured baselines in sitting and standing
positions and compared these two methods by measuring the performance of Stress state prediction model

during standing assembly tasks.
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1. INTRODUCTION

Human-centricity and the crucial role of operators in
manufacturing have recently garnered significant attention
from academia, industry, and policymakers (European
Commission, 2024)(Beducci et al., 2024)(Pinzone et al., 2024)
. In this context, the "Healthy Operator" concept, introduced
by (David et al., 2016), focuses on operators’ wellbeing using
biometric sensors such as Heart Rate (HR), Electro Dermal
Activity (EDA), Electro Encephalogram (EEG), Electro
Myogram (EMG), and skin temperature (ST) to assess their
physical, cognitive, and psychological states(Arsalan et al.,
2023). This data is used to adjust the work system to enhance
operator wellbeing and performance(Arsalan et al.,
2023)(Rosemeyer et al., 2024) (David et al., 2016) (Blandino
et al., 2024)

However, the integration and proper usage of such sensors
under industrial conditions is quite a challenging task. A part
of this challenge comes from the purely informatics related
aspects of biosensor integration (Syed et al., 2025). Another
pressing facet of this challenge is the legal consequence of
using and processing biometric data(Cutrona et al., 2024). Yet
another aspect of this challenge comes from the fact that the
sensors and the associated techniques and methodologies are
often borrowed from fields like medical science, sports
science, neuroscience, and other associated fields. The
experimental settings in such fields can be significantly
different from what is encountered on a manufacturing shop
floor. One such issue that is noteworthy is the method of
recording baselines (Tran et al., 2023).

Normalization of individual physiological signals with
baselines is quite common and recommended (Mathot et al.,
2018). The main reason for such normalization is the fact that
physiological signals are highly individual in nature. As such
a direct comparison of absolute signal values across subjects
cannot yield meaningful outcomes (NUNAN et al., 2010).

In contemporary applications involving tasks with screen-
based stimuli(Androutsou et al., 2023) (Karthikeyan et al.,
2012) most of the experiments are usually conducted in seated
or resting positions. In this context, taking baselines in resting
conditions seems quite a logical choice. However, in a
manufacturing scenario, the operators often perform tasks in
standing positions. Furthermore, the values of physiological
signals are often affected by posture (Rajendra Acharya et al.,
2005) (Cardenas, 2021). As such the use of resting or sitting
baselines may not be the most effective method for
normalizing data related to standing tasks.

Despite this difference, our review of sixty papers on
manufacturing experiments revealed that most baselines either
involve a sitting posture or the authors do not explicitly specify
the posture conditions. Only the paper by (Brunzini, Peruzzini,
et al., 2021) clearly specified that the baselines were recorded
while standing. However, the paper does not offer any
justification for deviating from the norm.

In this paper we aim to contribute to filling this gap by
evaluating the impact of using sitting vs standing baselines on
the performance of stress classification models trained on
biometric data gathered while performing standing assembly
operations.

According to its objective, the rest of the paper is divided into
five sections. Section 2 covers the methodology, which
describes the experiment protocol, sensors used and the data
set. Section 3 briefly covers the Data processing pipeline.
Section 4 describes the results obtained. The conclusion and
future work are covered in Section 5.

2. METHODOLOGY
2.1 Experiment protocol

Figure 1 shows the overall experimental protocol. At the start
of each experiment the participants were asked to fill in an
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online survey form which explains the benefits of the study.
The same survey form was used to collect informed consent
and some demographic information of the participants. This
was followed by filling a Numerical Analog Scale 0 (NAS
0)(Brunzini, Papetti, et al., 2021) survey to collect the
participants self-reported stress levels before the start of the
experiment. The participants were then instructed to wear
biometric sensors. The sensors were then connected to their
respective recording applications.

NASO -+ Baselinel |+ Baseline2 [+ Training
|
h 4
NASATLX2 - NASA TLX1 -
NAS 2 —  Stress2 NAS T «—  Stress1

Figure 1:Experiment protocol.

Once sensor connections were verified, two consecutive
baseline measurements were taken, one of which was taken
while the participants were sitting and another one while
standing. In both these phases headphones equipped with
active noise cancellation were used to ensure a noise-free calm
environment.

Figure 2: Assembled component and the workstation.

The participants then went to the actual assembly station
shown in Figure 2 where they underwent a training phase in
which each participant read a set of instructions and physically
assembled the valve seen in Figure 2. This was done to

mitigate learning effects. Based on our experience with the
same assembly, the assembly time tends to stabilize after 3
assembly trials. The training phase was followed by two timed
assembly phases named Stress 1 and Stress 2 in Figure 1. In
Stress 1 phase the participant simply assembled the valve
while listening to Industrial noises of up to 60dB max. In the
Stress 2 phase the participants were required to perform mental
subtraction tasks in addition to the valve assembly and the
noise exposure up to 80dB. The limit of 80dB was chosen in
accordance with Italian Legislative decree no. 195 dated 10™
April 2006. Above this limit a company is obligated to provide
personal hearing protection equipment to the employees. With
regards to the 60dB limit, it was introduced to uniform basal
state to circumvent the intra and inter-day variations in
ambient noise. An iOS Application named SoundLab was
used to communicate directly to the participants through
headphones while being consecutively exposed to the
Industrial noise. The second task was specifically designed to
induce higher cognitive workload in the participants. To
counteract the learning effects the order of the two assembly
tasks was reversed in half of the participants. After each
assembly phase the participants filled in three surveys a NASA
— Task Load Index (NASA-TLX), NAS and a question about
perceived complexity level of the task answered on 7-point
Likert scale, to capture self-reported measures.

2.2 Experiment apparatus

The study used three devices to measure biometric signals. An
Empatica E4 to capture EDA and ST, Neon eye tracker for
capturing pupil data and a Polar H10 for capturing cardiac
activity. Although Empatica E4 also reports cardiac activity,
the Polar H10 was preferred due to its higher accuracy and less
likelihood of motion artefacts (Hinde et al., 2021)(Giggins et
al., 2021). Sony WH-1000XM5 headphones were used for
communicating with the participants and administering
industrial noise.

-

Figure 3:Sensors used.

The Sampling frequency of the sensors were as follows: for
EDA and ST it was 4 Hz and for pupil data it was 200 Hz. For
Cardiac activity we relied on the processed R-R interval data
from the Polar H10 which internally samples ECG data at a
sampling frequency of 1000 Hz to calculate R-R intervals.
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2.3 Data acquisition

iMotions software was used as the primary data acquisition
platform for acquisition of data. The platform supports
seamless integration of multiple sensors and management of
experiments.

It is also possible to manually integrate sensors. In our case,
the integration of Polar H10 with iMotions was managed with
the help of a python script. Detailed instructions and scripts are
available at the doi link associated with (Syed, 2025)

The Neon Companion mobile app was used for interfacing
with the Neon eye tracker. The eye tracker is integrated by
default in the iMotions platform which allows the user to
remotely start and stop the recording within the mobile app of
the eye tracker. This is quite convenient in experimental
settings because the eye tracker must be connected to the
phone hosting the mobile app with a USB Type-C cable.

For the Empatica E4, the E4 Realtime mobile application was
used to record the signals.

2.3 Dataset description

The experiment included 28 participants: 11 females and 17
males. Most participants were university students aged 29+6
years. Participants came from seven nationalities, with Italian
being the most common. They were recruited using word of
mouth. None of the participants had prior experience in
assembling the component that was used for the purpose of this
experiment.

4. DATA ANALYSIS PIPELINE
3.1 Preprocessing

Since the signals were coming from three different devices, the
data representation format was unified, this primarily involved
the conversion of timestamps to a common format. Including
the conversion from UTC to local time. This was done to
simplify the programming effort.

An Excel file with the start and end of each experimental phase
was created for all participants. This was done post-experiment
by viewing the scene camera footage of the Neon eye tracker
and adding the necessary markers on the Pupil Cloud platform.
The markers were downloaded along with other files as a
markers.csv file.

This file was used to segment the data from each of the four
sensors into four phases i.e., Sitting Baseline, Standing
Baseline, Stress 1, and Stress 2. This step was conducted with
the help of python scripts. To ensure that the length of each
data segment was consistent with the length of experiment
phase, the script generated a short report summarizing
expected and actual lengths of the segments.

3.2 Artefact correction

After splitting the data into segments, each sensor data was
separately treated to take care of the artefacts in each of the
signals.

For the cardiac data we used a combination of filters described
in (Benchekroun et al., 2022) and a median filter-based data

cleaning like the one used in Kubios HRV software (Tarvainen
et al., 2014).

The Neon eye tracker has its own blink detection algorithm
and generates a blinks.csv file containing the start, end
timestamps and duration of the blinks. This was directly used
to remove the blink artefacts. The missing data was then
replaced with linear interpolation(Hershman et al,
2018)(Mathot et al., 2018).

A fourth order median filter was used to eliminate anomalous
ST data from Empatica E4.

For EDA data we used the preprocessing functions for EDA
from the neurokit2 python library (Makowski et al., 2021).

3.3 Data Visualization

A 2-stage data visualization was performed. The first set of
plots covered the raw unsegmented data. The second stage was
used to visually compare clean data to raw data.

3.4 Feature extraction

For each of the rest phases, a single 3-min window was used
for the extraction of baseline values of the features. However,
for the Stress 1 and Stress 2 phases, 3-minute windows were
used to extract three sets of feature vectors for each stress
phase.

A total of 31 features were extracted from all four sensors. The
guidelines provided by(Luzzani et al., 2024) were used for
selecting which features to be extracted. For feature extraction
a mixture of self-developed python code and existing library
functions were used.

For Heart Rate Variability (HRV) features self-developed
code was used for time domain features and pyHRV (Gomes
et al., 2019) python library was used for frequency domain
features.

ST and pupil data feature extraction was based on self-written
code. While Neurokit2 Python library (Makowski et al., 2021)
was used for extracting EDA features.

3.5 Normalization

Three distinct types of baseline normalization methods were
used i.e., division (1), subtraction (2), subtraction with division
(3). Although specific recommendations about normalizations
methods exist in literature (Mathot et al., 2018), for the sake of
simplicity, each time we compared standing baseline to sitting
baseline normalization, only one of these three normalization
methods were used for all the 31 extracted features. Figure 4
shows a pictorial representation of the normalization pipeline.
Where, “p” stands for participant number, “n” stands for
feature number and “m” stands for the normalization method
used each of which is described by equations (1), (2) and (3).
The 6 data sets obtained from this normalization process were
then used to train the machine learning models which were
used for a comparative analysis summarized in Table 1.
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Figure 4: Baseline normalization pipeline
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3.6 Machine Learning

To decide whether sitting or standing baselines are better,
Random Forest classifiers were trained on the six
combinations of datasets. Given the small size of the dataset,
10-Fold cross validation was performed, and F1 Score was
chosen as a metric to compare the effectiveness of standing
and sitting baseline recording, the underlying hyper
parameters of each model were tuned to obtain the best score
for each case. A high-level diagram of the whole process is
shown in Figure 5. The process was repeated 3 times
corresponding to each different normalization method.

Dataset A
(Siting Baseline) (Standing Baseline)
(Normalization method n) (Normalization method n)

v v

Train ML Model B n+=1

Dataset B

Train ML Model A

L |
¥ A7

Compare Performance
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v
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Figure 5: High level ML training and comparison pipeline

4. RESULTS

Table 1 depicts the overall results of the experiment. In
general, we can notice that the F1 score obtained when using
standing baselines is marginally higher than the F1 scores
obtained when sitting baselines were used for the
normalization process.

Table 1: F1 Score comparison of standing and sitting baseline.

F1 Score
Standing Baseline  Sitting Baseline
Division 0.8395 0.8208
Subtraction 0.8466 0.8364
Subtraction 0.8395 0.8208

with division

Furthermore, we also notice that this trend holds true
regardless of the method used for normalization. Additionally
subtractive baseline produces the best performing model.
While there is no difference between the division-based
method (1) and the method with division and subtraction (3).
The confusion matrices corresponding to the best performing
model set from Table 1 i.e. subtraction based baseline
normalization are reported in Figure 6 and Figure 7. From the
confusion matrices we observe that the use of standing
baseline marginally improves the prediction accuracy of Stress
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1 phase without affecting the Stress 2 phase prediction.

Confusion Matrix (RandomForest_SIT_subtract)

STRESS 1

True label

STRESS 2

STRESS 1
Predicted label

STRESS 2

Figure 6: Confusion matrix subtraction method, sitting baseline

Confusion Matrix (RandomForest_STAND_subtract)

STRESS 1
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STRESS 1
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Figure 7: Confusion matrix subtraction method, standing baseline

5. CONCLUSION AND FUTURE WORK

The results of the analysis seem to indicate that using standing
baselines does indeed improve the performance of a stress
prediction ML model. Even though the differences are not
significantly large, the performance improvements are
consistent across all baseline calculation methodologies.
Which proves our initial hypothesis that performance of stress
prediction models is indeed affected by whether baselines are
measured while standing or sitting. Therefore, for standing
assembly tasks, it is preferable to take baseline measurements
while standing rather than sitting.

Our findings should be interpreted considering the limitations
of the current study, which we recommend future research
should address. First, the study only deals with simplified
versions of the analysis, e.g., only one of the three
normalization methods (1), (2), (3) was used at a time for all
signal features. In future analysis the normalization method
can be optimized to the specific type of physiological signal or
a signal feature. Additionally, other more complex forms of
normalization like z-score normalization can be explored.
Second, the analysis of other self-reported measures, like
NASA-TLX, and assembly performance measures, like errors
and number of assembled pieces, can be included in future
studies. Third, a larger dataset with a more diverse participant
pool can help increase the generalizability and robustness of
the results. Finally, the experiment design for the current work
involved standing assembly tasks. As a further step it would
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be interesting to verify if a similar argument can be made for
sitting tasks.

In conclusion, despite its limitations, the present study is one
of the first to investigate the impact of sitting versus standing
baselines on stress classification during manufacturing
assembly tasks. In doing so, it contributes to paving the way
for better assessment and management of operators’ wellbeing
in Industry 5.0.
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