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1. INTRODUCTION

The project aims to develop a Decision Support System (DSS) that provides real-time suggestions on
the proper operators to accomplish maintenance tasks with high cognitive workloads (CWL). This
report focused on the third Milestone (BIMS), in which the analytical model to assess the CWL due
to predefined maintenance routines was described and the relation between emotional states, task
performance, and workers' characteristics was mapped. At this scope, a dedicated virtual environment
was developed to simulate maintenance tasks, and a preliminary user interface for the DSS was
designed.

Studies on a first-stage version of the deep learning algorithm for identifying the emotional state of
maintenance workers during task execution are in progress. In this phase, the research team is
focusing on developing an adaptive and learning system that pivots on the data stored and acquired
during the use of the DSS, and evaluates the improvements in terms of the operator's cognitive load
resulting from the use of mixed reality. A parallel study was conducted to test and validate the
analytical model.

The DSS model (fig. 1) allows, given the complexity of the maintenance task to be assigned, to
suggest the most proper operator by considering the available workforce according to three main
factors:

e profile of the operator (i.e., competencies, hard skills, age, etc.),

e operator’s emotional state,

e available smart devices.

Open-source Digital Tool

Figure 1. DSS model framework

Three different blocks of the DSS have been developed:

1. Analytical model to assess the cognitive workload of the most common maintenance tasks
(described in section 2), consistent with this purpose, the analytical model assesses, on the one
side, the cognitive content maintenance tasks (independently of human performance) and, on the
other side, the operator profile to which the task could be assigned.

2. Real-time detection of a worker’s emotional state (described in section 3), which helps
implement a human-in-the-loop approach in a DSS. It creates an algorithm based on
reinforcement learning that improves the assignment decision based on real-time responses.
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3. Virtual reality implementation (described in section 4), consistent with this, a virtual
environment in which operators can receive real-time instructions on the main maintenance tasks
was developed, thus making maintenance activities more efficient, flexible, and safer. The use
of virtual environments enabled training sessions and preventive simulations of maintenance
operations, aiming to bridge any gaps in skills or competencies.

In the following sections, each block is detailed, and the project's progress is highlighted.
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2. ANALYTICAL MODEL TO ASSESS THE COGNITIVE WORKLOAD

2.1 Framework of the analytical model

The model takes as input the set of elementary tasks to be performed within the maintenance activity
and the operators’ profiles, which are provided by a dedicated self-assessment test that captures their
skills and characteristics. Based on this input, a sequence of processing steps is executed to generate
an initial proposal for matching operators to activities. This preliminary assignment is subsequently
refined by incorporating the CWL associated with each task to be allocated, as well as the CWL of
tasks already assigned. The refinement process aims to balance the operators’ CWL to avoid cognitive
overload over time.

The model's output is a proposed operator-activity assignment that identifies the most suitable
operator for each task, aligning with their profile and aiming to minimise cognitive overload. An
outline of the model is presented in Fig. 2.
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Figure 2. Analytical model to assess the CWL

Twenty maintenance tasks were identified, according to the preview project’s WPs, forming a
comprehensive set of elementary tasks essential for ensuring the effective operation and reliability of
industrial systems (Table 1). A maintenance activity can be identified as a sequence of maintenance
tasks.

Table 1. List of 20 maintenance tasks

1D Task

T Interpretation of Data Trend

T2 Visual Inspection Based on Image Comparison
T3 Visual Inspection Based on The Physical Component
T4 Repair of Mechanical Failures

Ts Repair of An Electrical Fault

Ts Control Using Technical Instrumentation

T7 Monitoring of Single Values

Ts Precision Cleaning

To General Cleaning

Tho (Preventive) Replacement of Micro-Components
Tu System Disassembly

T2 (Preventive) Replacement of Macro-Components
Tis System Reassembly

Ta Lock Out/Tag Out
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Tis Mechanical Isolation
T1e Electrical Isolation
Ti7 Mechanical Reconnection
Tis Electrical Reconnection
Tio Test Performance
Tao Certification of Maintenance Activities Performed

To identify the intrinsic CWL (i.e., the level of difficulty contained within the information or task), a
proxy to determine the Task Complexity score (TACOM) of the activity was developed in Python.
The routine, structured according to the diagram shown in Figure 3, offers two main functionalities:
the first enables the user to select a maintenance activity directly from a set of predefined maintenance
activities; the second allows to customize a maintenance activity by manually selecting the single
tasks that compose it and specifying the type for each task. The Python routine
(https://drive.google.com/file/d/1ebObEFdgf-YxYIsDIhNplilal-lloQfq/view?usp=drive_link),
allows, through an analysis of the maintenance activity under consideration, to assess the intrinsic
CWL to the activity. The comparison between the routine and conventional TACOM assessments
resulted in a MAPE of 1,49%. The intrinsic CWL was classified into five levels, ranging from “Very
Low” to “Very High”.
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Figure 3. Functioning of the Python platform for the CWL class assignment.

To identify the Predicted Performance Score (PPS) for each operator, in the previous Project’s WPs,
a set of human features required for the execution of maintenance tasks was identified. They have
been classified as ‘individual’ features, linked to the operator’s personality and psychological profile,
or ‘professional’ features, referring to skills that depend on work experience and training (Table 2).

Table 2. List of nine operators’ features and their classification.

1D Feature Type

fl Memory Individual
2 Level of professional training Professional
3 Level of education Professional
f4 Ability to work under pressure/stress Professional
f5 Workload management Professional
fo Soft skills Individual
f7 Decision making Individual
8 Observance of technical and safety regulations Professional
9 Manual dexterity Individual
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A questionnaire was developed for profiling each operator. It is available at the link:
(https://forms.office.com/e/5a2cG5wAla). Each question in the questionnaire was designed
consistently with the literature review; it is based on validated sources to ensure the quality and
reliability of the data collected.

2.2 Description of the Analytical Model

The developed model enables the selection of the most suitable operators to perform a specific
maintenance activity, considering the personal features of the operator and the features required to
perform each task within that activity. Below are described the key steps to apply the model.

1. Defining a set of maintenance tasks T, (z = 1,2, ..., n): maintenance tasks are considered as
elementary operations included in a maintenance activity. In (Vitti et al., n.d.), twenty tasks
were identified through a literature review, the results of which were discussed by a pool of
maintenance experts.

2. Identifying essential operator features for task execution f; (j = 1,2, ...,m): the required
competencies for an operator to successfully perform a given task have been identified. (Vitti
etal., n.d.)

3. Assessing the impact of f; on T,: a survey was administered to sixteen companies’ experts
R; (i =1,2,...,1) allowed to assess the influence of each operator’s competency on the
successful execution of tasks (Vitti et al., n.d.).

A sample of around 200 academic and company experts evaluated the impact of f; on the completion
of the T, using a Likert scale, and the results are organised into n matrices, one for each task. Each
task matrix includes the evaluations Ev;,; provided by the respondents for each feature, as
summarized in Table 3.

Table 3. Example of a matrix providing, for each R-expert, the impact per j-th feature on the correct execution of the z-
th maintenance task.

Tz fl f2 f3 f}

Ry Evy 4 Ev, ;1 Evs 4 Evj 4
R, Evi o Ev; ;2 Evs,, Evi ;o
R3 Ev, ;3 Evy,3 Evs, 3 Ev; ;3

The data were adopted to estimate the average weight of each feature on single tasks Ev (fj,
Tz). At this scope, the score provided by each R-expert has been estimated according to

equation 1.
!
. 1 .
Ev (fj,Tz) = TZ Ev;,; vVi=1,..,m; vz (1)
i=1
=1,..,n

4. Defining of the features of single k-operator (Opk f1, 00k f2) -, ODKfj ) available in the
company to perform the maintenance activity (Table 4): the self-assessment questionnaire,
described in the previous section, allows for the identification of the personal feature level
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of each operator, consistent with a Likert scale score. A low score indicates that the operator
lacks that expertise. On the contrary, a high score led to the operator being considered highly
skilled in that expertise.

Table 4. Example of a matrix providing the features of each available operator.

fi f2 f3
Op, Op1f1 Op:1f>2 Op:1f3
Op, Op2f1 Op2f, Op2fs
Opy Opkfi Opyf Opifs

5. Defining maintenance activity: maintenance activities consist of a combination of different
maintenance tasks (T, ..., T;,).

6.  Assessing the correspondences’ degree (OpySc; ,;) between operator features (Opy f;) and
task requirements Ev (fj, Tz) to assess the match between operators’ features and the
expertise level required by the task to be accomplished (Table 5).

Table 5. Example of a matrix providing the correspondence degree between operators and task requirements.
Tz f 1 f 2 f}
Op1 Op1Scizi  OpiScyzi  OpiS¢is

Op, Op,Scizi Op2Scazi Op2Sciyi
Opy OpiScizi  OpiScazi  OprSCzi

In relation to the task T,, the overall suitability score Ev(Opy, T,) can be estimated according
to equation 2.

1
= m Z OpiSCj 2 (2)

vk=1,..,s;Vz=1,...,.m; Vi=1,..,1
7. Defining the correspondences’ degree list: A list of more suitable operators for the specific
maintenance activity is provided. At this scope, the TOPSIS analysis was adopted to assess
each operator's performance on each task included in the maintenance activity.

2.3 Laboratory case study

The case study was conducted in a laboratory to replicate a realistic maintenance scenario. The
analysed activity involved repairing a component within the bottling process. To ensure accurate
analysis, a machine capable of reproducing the real operational conditions of the automatic filling
bottle system was used. A total of 22 participants were involved in the maintenance activity, divided
into two groups of 11: one with the highest level of expertise and the other with the lowest level of
expertise. Figure 4 presents one operator with a lower level of expertise and another with a higher
level of expertise.
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The analysed maintenance activity consists of a corrective intervention aimed at restoring the proper
functioning of a vacuum-filling machine. The simulated malfunction occurs due to the absence of
flow to the nozzle, resulting in a circuit blockage without causing damage to the main components.
The anomaly, which had persisted for a week, had led to disruptions in the production chain, affecting
quality control and packaging operations.

The objective of the intervention was to resolve the issue within a maximum of seven minutes to
minimise operational disruptions and restore the regular production flow. The identified anomaly
concerned an incorrect installation of the suction tube, which compromised the connection between
the extraction tank and the recovery tank.

The activity was structured into the following operational phases:

Inspection of the machine to identify potential anomalies.

Resolution of the issue through the necessary operations to restore the system.

Check the equipment's correct functioning after the intervention.

Completion of the maintenance report, a document required to certify the completion of the
activity.

Following the seventh step of the model described in Section 2.2, the PPS for each operator was
estimated, as shown in Table 6. The operators are then ranked based on their suitability for performing
the maintenance activity. The forecast performance list represents a theoretical prediction of the
operators’ capabilities to perform the specific maintenance activity.

b=

Table 6. Forecast performance list from the TOPSIS analysis.

D D
OPERATOR 'PS OPERATOR P8
GR051999 1 VG262000 0,373
AG092000 0,637 VS031992 0,306
MF061998 0,634 ST062002 0,275
VP062000 0,616 MC011999 0,241 High recommended operators
EM112000 0,604 AC022000 0,237
NL150382 0,59 MM122001 0,169 MR e
PV011996 0,519 FF121980 0,16 [ Lo recommended operstors
GR031999 0,514 VC101999 0,139
AF021980 0,437 FC039181 0,126
CD051996 0,407 CS081999 0,084
JS101993 0,395 ET052001 0
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To assess the ability of the forecast performance list to predict the performance of each operator, the
identified ranking was compared with the actual performance of each operator.

2.4 Analytical Model validation

To evaluate the reliability of the developed model, three key indicators were considered. The first is
the completion time (Tc), which measures the total time taken by the operator to execute the
maintenance activity. The second is the number of restart attempts (Rn), indicating the number of
times the operator unsuccessfully attempted to restart the machine, either by turning it on without
first resolving the anomaly or by failing to complete the bottle-filling process. The third indicator is
the accuracy of the maintenance report (Cr), which evaluates the completeness and correctness of the
maintenance report compiled at the end of the intervention. Each operator was assigned a specific
score for each indicator, ranging from 0 (for the worst operator’s performance) to 1 (for the best
operator’s performance), which provides a Actual Performance Score (APS) estimated as the
normalized sum, within range 0-1, of Tc-, Rn-, and Cr-values. Consistent with the operators’
performance, the sample of twenty-two operators was divided into three subgroups (seven operators
per group) according to the corresponding APS, Tc, Rn, and Cr values. Similarly, three subgroups of
the same size have been identified in the forecast performance list according to PPS (Table 6).

A match score was defined to determine the reliability of PPS in predicting actual operator
performance consistent with Tc, Rn, Cr, and APS indicators.

The analysis of the results, shown in Figure 5, revealed notable differences in the reliability of the
three key indicators used for the performance evaluation. The study of actual performance reveals a
low reliability of the model in predicting the operators' ability to draft the final report of the
maintenance activity correctly. Indeed, an average match score of 27% was estimated in performance
evaluations of the operator according to the ‘Cr’ indicator. This outcome may be attributed to the
absence of features related to operators’ capability to correctly communicate information by using
the technical documentation and the lack of data concerning language skills relevant to maintenance
activities. In contrast, the model’s reliability in predicting the operator’s performance according to
‘Rn’ and ‘Tc’ was higher, with an average match score of approximately 49% and 45%, respectively.
Further examination of the operator subgroups revealed that the model achieved higher predictive
accuracy for operators with lower suitability (i.e., up to 63%). Conversely, the model’s reliability
decreased for operators classified as most suitable, with average match scores of 38% and 29% for
the first and second subgroups, respectively. This reduction in accuracy may be related to a tendency
among more experienced operators to overestimate their abilities in completing the self-assessment
questionnaire.

Finally, by comparing the operator ranking based on APS with the forecast performance list, it was
possible to evaluate the model’s predictive accuracy, with a match score of around 60%. This result
confirms the model’s ability to correctly predict the ranking position for more than half of the
operators evaluated.

10
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3. PRELIMINARY VERSION OF AI-DRIVEN EMOTION CLASSIFICATION
ALGORITHM FOR FACTORY WORKERS

DESDEMONA project tasks T4.3 investigates how emotional and cognitive factors interact with task
performance and vice versa in technical and industrial settings for improving workers well-being,
with a particular focus on emotion recognition and face detection algorithms application during
maintenance activity. Leveraging data-driven approaches, emotion recognition algorithms, and
behavioral analysis, the analysis and results obtained for the development of this task let the project
to be more centered on a new perspective introduced by human centricity in industry 5.0 and aims to
better understand the human dimension and its impact in complex work environments. Before
introducing the research developments of T.4.3, a brief recap of the previous Task T4.2 was provided,
highlighting the advantages of emotion recognition through video analysis and its potential to support
the assessment of workers’ performance. Additionally, the ongoing data analysis process was
discussed, with a focus on insights related to algorithm optimization and the integration of
psychological models, preparing the base for the T4.4. development. These aspects were
contextualized using the real dataset collected during the experimental campaign conducted at the
project meeting in January 2025.

This report outlines the latest progress and findings, structured across the following key areas:

1. Maintenance Task Phase Data Analysis: Overview of the main maintenance task phases of
the experimental protocol. Methods, preprocessing steps, and key insights derived from
performance, psychophysiological and biometric data.

2. Emotion and Face Recognition: Algorithm optimization and integration of emotion and facial
recognition tools in the workflow.

3. FPS Influence on Face and Emotion Recognition: Discussion of the advantages and evaluation
of frame rate variations on emotion parameters detection.

4. Emotion Recognition and Workplace Context: Are primary emotions enough?
Reflection on the limits of primary emotion models and the relevance of context-aware
recognition.

5. Multimodal dataset: emotion recognition, task performance, physiological arousal.
Preliminary considerations highlight the potential of multimodal datasets to enhance the depth
and accuracy of emotion recognition, enabling a more comprehensive understanding of
human behavior by integrating visual, physiological, and contextual data.

3.1 Maintenance Task Phase and Technical Report Phase Data Analysis

The analysis of the maintenance task phase of the experiments was conducted by examining the
effects and interactions among performance outcomes, emotional responses, and personal
characteristics of the workers. The experiments involved 22 participants with and without expertise,
who were asked to perform simulated maintenance activities under two different workload density
conditions, i.e. Standard and High. These tasks were designed to replicate realistic operational
scenarios and allowed for the observation of participants’ cognitive, emotional and behavioural
responses under varying levels of demands and complexity. The objective was to address the
following research question:

RQ: How do personal traits and emotional state correlate with workers’ task performance?

12
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The results reveal that performance KPIs such as Human of Errors (HEs) and Task Completion Time
(TCT) can predict the solution strategies adopted by workers. This is mediated by the interaction
between the number of attempts, skill level, and self-assessed appropriateness of the task execution,
as reported in Figure 6. Additionally, one emotional dimension variable, arousal, was found to
significantly affect TCT.

Arousal , l Task Completion Time I Age

A A
L4 g w -4

Skill Level Skill Level ,'\111\1\;[].;:)|h:c1‘.u_\_\

Figure 6. Preliminary results of the regression analysis for TCT and HEs KPI.

However, despite these findings, the direct effects and interactions among the variables did not fully
explain a consistent pattern across the TCT and HEs variables. This limited the ability to derive a
comprehensive interpretative model capable of answering the research question from a broader
perspective, one that integrates emotional, performance and personal traits into a unified framework.

Given that this preliminary analysis relied primarily on self-assessed emotional measures, such as the
SAM test, the following sections will emphasize the importance of incorporating emotion analysis
through video-based methods to provide a more objective and continuous evaluation of emotional
states.

3.2 Emotion and Face Recognition: Algorithm Optimization and Application

Face detection and emotion recognition algorithms were employed to analyze video data collected
during the experimental sessions. Initially, the DeepFace framework with its default backend was
used for face detection, in combination with the dlib library to identify facial landmarks identification
and expressions analysis, including the detection of potential microexpressions.

In this project, microexpression analysis could potentially help distinguish genuine emotional
expressions from non-emotional facial movements, such as those occurring during speech, which are
often misclassified by emotion recognition algorithms. However, its use is currently limited by the
lack of well-defined classification thresholds and technical constraints, such as reduced face visibility
when participants move, even under favorable recording conditions.

In fact, considering the data collected during the experimental campaign, a portion of video data
proved difficult to analyse, specifically for the face detection phase due to participants movements.
Each participant adopted unique, self-directed strategies during the task execution, introducing
behavioural variability that made consistent face tracking more complex. This variability highlighted
a key challenge in video data acquisition, not only in terms of algorithm robustness but also
concerning the optimal positioning and installation of cameras within workstations or real-world
environments. Although the Al-powered camera used in the experimental setup was capable of
tracking and following participants, it did not reliably ensure clear facial capture. Thus, for these
reasons and for the lack of reliable thresholds for classifying emotions, the microexpression analysis
has been temporarily set aside. The current focus is now on macroexpressions, analyzing their
stability and transitions in a context-aware manner, with the goal of integrating these observations
into psychological and behavioural models.

13
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For the post-processing issue relative to the movements of the participants during the task, a parallel
backend analysis strategy was implemented using three different DeepFace backends: OpenCV, dlib,
and MTCNN. These were chosen as a trade-off between computational efficiency and accuracy. Each
backend presents distinct advantages and drawbacks, and running them in parallel enhances the
system’s resilience under suboptimal conditions, such as partial occlusion or facial misalignment with
the camera. This approach allowed for more robust and reliable emotion detection even when
participants’ faces were partially rotated or not fully visible, balancing processing speed with
detection precision to improve overall analysis quality.

3.3 Emotion recognition and workplace context. Are primary emotions enough?

The adoption of emotion recognition algorithms, such as DeepFace, presents certain limitations
regarding the range of detectable emotions. Specifically, these algorithms primarily identify basic or
primary emotions along with their associated probability scores. However, in the workplace context,
this set of primary emotions cannot be fully sufficient to capture workers' emotional experiences. By
considering a preliminary video data analysis, the values of arousal and valence for each dominant
emotion's output gathered through the algorithm were computed according to Russel's circumplex
model. Mapping these preliminary results onto the circumplex model revealed that the experimental
data were predominantly located in the first and second quadrants (Figure 7), where most of the
primary emotions are typically represented. However, based on the results of the Self-Assessment
Manikin (SAM) test collected during the experiments, Figure 7 shows that participants also reported
experiencing emotions characterized by mid levels of arousal combined with either high or low
valence, corresponding to emotions in the third and fourth quadrants of the model.

[

SAMTEST
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Valence
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N AN J

Figure 7. Emotions distribution on the Circumplex Model of the SAM test data collected during the
experiments.

Although there is a general alignment between the outcomes of the SAM test and the emotion
recognition analysis obtained through the emotion/face detection algorithm, it is not possible to
confirm a full match between participants’ real-time emotional self-assessment and video data
analysis. The difference between the two emotional assessments depends not only from the algorithm
but also from the nature of the assessment, the SAM test is a self-assessment test, where also the not
awareness of the participants in the evaluation of its emotional status should be considered. In the
emotional video-based analysis, part of the observed mismatch may be attributed to a limitation in
the current approach, which does not account for the full spectrum of emotions represented in the
circumplex model. A possible solution could involve contextualizing the analysis within the specific
work environment and adopting an alternative interpretative framework to better understand the
algorithm's outputs. This limitation can be addressed by integrating psychological theories that

14
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modulate emotional intensity based on the probability scores collected for each frame. One such
framework is the Plutchik model, commonly referred to as the “wheel” or “flower” of emotions,
which is illustrated in Figure 8. By combining certain primary emotions or identifying varying
intensities and opposites, a richer and more accurate emotional context can be established.

VALENCE

AROUSAL

Figure 8. The Plutchik Model flower of emotions.

This new approach to enhanced contextualization can be further supported by physiological measures
such as heart rate data and task performance indicators. Initially, the integration of these elements
will follow a heuristic approach, based on expert-driven assessments and contextual understanding
of the working environment. In a subsequent phase, this methodology may be validated through real-
world application scenarios or by leveraging the moderating role of physiological signals, such as
heart rate, which can provide additional insight into the individual’s arousal levels and contribute to
a more accurate interpretation of emotional states.

3.4 FPS influence on face and emotion recognition.

Given the importance of accurately analyzing emotions, it is essential to consider technical aspects
such as video resolution and the size of the temporal window, as these factors can significantly impact
the quality of emotion recognition, especially in work-related contexts where critical information may
be lost. Since the ultimate goal of emotional monitoring in such settings is to promote employee well-
being, it becomes crucial to account for these technical variables, not merely for analytical robustness,
but to ensure fairness, reliability, and ethical application of the results.

To manage technical resources by exploring and quantifying the optimal trade-off between the
reliability of emotional assessment, the number of cameras deployed, the volume of data recorded,
and the feasibility of real-time processing, an analysis based on the extraction of emotional parameters
through video analysis on different frame rate windows was conducted. The preliminary analysis is
based on one of the tasks performed during the experimental campaign, which simulates a
maintenance activity in high workload density conditions. Only the data of 16 participants were
considered in this analysis with respect to a total number of participants of 22. The comparisons are
made between different frame rate windows, i.e 30 fps, 15 fps, 5 fps, 2 fps, and 1 fps, considering
that each video was recorded with high resolution at a frame rate of 60 fps. To evaluate how reducing
frame rate windows affects:

e Emotional transitions (e.g., from high to low valence emotions)
e Emotional stability
e Mean scores of specific primary emotions (e.g., anger, sadness, happiness...)

15
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Several significant differences are observed through the preliminary statistical analysis when
comparing emotional parameters analyzed at 30 fps with very low frame rates. These findings suggest
that emotional dynamics, particularly transitions and stability, are strongly affected by the temporal
resolution of video data, while the mean score of each primary emotion may be less sensitive to such
changes. In future analysis, the number of samples will be increased, and additional comparisons
between all frame rate pairs will be explored to better understand how different frame rate windows
affect emotional parameters detection and reliability.

3.5 Multimodal dataset: emotion recognition, task performance, physiological arousal.

Multimodal datasets are increasingly recognized as valuable tools in workplace contexts, enabling
the integration of data like facial expressions, physiological and behavioral signals. Recent studies
have explored the use of artificial intelligence algorithms and heterogeneous sensor technologies to
ensure interoperability and enable context-aware analysis. Their flexibility allows each data channel
to function independently when full integration is not feasible, ensuring adaptability in real-world
scenarios. This approach supports a more accurate assessment of workers' cognitive and emotional
dynamics, contributing to adaptive systems that enhance performance, well-being, and safety in the
workplace.

The data acquired and processed highlight the critical role of emotional states in influencing task
performance. Initial findings suggest the need to explore how emotions, cognitive and work
performance related-variables interact. When analyzed together, these dimensions provide valuable
insights into a worker’s focus, engagement, and overall condition during task execution. Despite the
promising results outlined in Tasks T4.2 and T4.3 of the project, technical and ethical challenges in
real-world application are still open in research and enterprise contexts. Key issues include privacy,
GDPR compliance, hardware integration and computational demands. These issues continue to
represent significant barriers to the practical and ethical deployment of emotion-aware systems in
actual workplace environments and are currently the subject of ongoing investigation. A potential
solution was the integration of flexible multimodal datasets in decision support systems to overcome
several limitations for the integration of sensors, smart devices and Al systems in workplace
environments, especially for answering to the following research question:

RQ. What are the most effective strategies for interpreting multimodal data outputs and selecting a
common integration channel that ensures reliable and context-aware analysis in real-world work
environments?

A key aspect of the system’s future development lies not only in data collection, but also in the
effective interpretation and integration of multimodal outputs within decision-support systems (DSS).
In particular, the way emotional data is understood and used by workers or managers is critical. These
insights can support decisions concerning task distribution, cognitive workload management, and the
promotion of worker well-being. Emotional data must be contextualized appropriately and treated not
as isolated indicators, but as part of a broader picture of worker behavior and condition. In light of
these emotion contextualization, two main strategies for leveraging emotional and physiological
signals have been proposed:

1. Real-time Alerts: Selected emotional parameters and biometric signals (e.g., heart rate) can
serve as real-time alerts. When predefined thresholds, such as elevated arousal levels or
sustained physiological changes, are exceeded, the system can notify relevant actors of
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potential  issues  affecting the  worker's performance or mental state.

2. Pre-/Post-Task Profiling: Emotional and physiological data collected before and after task
execution can help build a profile of individual responses over time. These patterns may
support longer-term decision-making processes such as task reallocation or role adaptation,
particularly if consistent changes in emotional states are observed across different work
sessions.

For multimodal dataset application in workplace, two practical examples are exposed:

e Offline Analysis: Emotion recognition algorithms were combined with heart rate data and
interpreted within a shared emotional framework (e.g., arousal and valence circumplex
model), as shown in Figure 9. This information can be integrated into a DSS to determine the
worker’s emotional state at the end of a task, with the options of comparing the result with
past performance or emotional status of the worker.

Active/Aroused

High Power i
Contral S\ ?bslvu:nve

“Low Pawer
Control

by

...........

Figure 9. Off-line analysis of multimodal dataset.

® A real-time setup can be configured to generate alerts based on physiological arousal
parameters, such as elevated heart rate levels (see Figure 10), or on emotional arousal
indicators derived from video-based analysis. Simultaneously, continuous emotion
recognition from video allows for the integration of behavioral and physiological data,
enabling a more comprehensive interpretation of the worker’s condition. However,
implementing such a system in real-world workplace environments introduces additional
challenges, particularly regarding the installation and acceptability of camera systems, as well
as the requirement for each worker to wear biometric devices capable of reliably capturing
physiological signals during task execution.
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Figure 10. Real-time solution for multimodal dataset.

In conclusion, these strategies and examples underscore the potential of multimodal emotion
recognition systems, while also highlighting the practical and ethical complexities involved in their
implementation. Future developments will focus on improving system adaptability, reducing
computational overhead, and ensuring that the emotional insights generated serve both organizational
goals and the well-being of the workforce.
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4. DEVELOPMENT OF THE ALPHA-VERSION OF THE MIXED REALITY
PLATFORM

4.1 Functional requirements collection of the open-source mixed reality platform

A careful literature review was conducted to identify key technologies and capabilities for an effective
open-source mixed reality platform. By analyzing existing solutions and emerging trends, operational
requirements were evaluated based on real-world experiences, integrating the capabilities of modern
hardware and software devices. This enabled the definition of a scalable and flexible technical
framework for future innovation. In addition, in-depth studies examined hardware and software
components to gather functional requirements for the platform. On the hardware front, the analysis
compared various virtual and mixed reality devices, evaluating parameters such as display resolution,
field of view, tracking technologies and compatibility with different platforms, as well as approximate
cost.

The essential characteristics that the tools must possess to ensure the success of the platform are:

o Compatibility with mixed reality devices: ability to operate optimally on advanced hardware,
delivering high-quality immersive experiences;

e Support for advanced languages and development environments: use of flexible and scalable
development engines, supported by active ecosystems that foster continuous updates and
robust technical support;

e FEase of use and customization: intuitive interfaces and configurable options for developers
and end users.

In terms of operational requirements, the main characteristics are:

e High-quality graphics rendering: for visually realistic and fluid environments;

® Advanced interactivity: inclusion of features such as gesture recognition, eye tracking and
voice commands;

e Multiple device integration: compatibility with a wide range of hardware, from VR viewers
to advanced input tools;

e Scalability and modularity: ability to evolve as new features are added without compromising
system stability;

® Accessibility and inclusion: design of interfaces usable by a wide audience, including users
with disabilities;

e Gratuity and sustainability: adoption of open source solutions that ensure affordability
without sacrificing quality.

According to the performed analysis, a combination of hardware and software was selected that best
meets the requirements that emerged:
Hardware

0 Meta Quest 2: chosen for its optimal balance between performance and affordability;
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0 Meta Quest Pro: ideal for leveraging advanced technologies, such as eye tracking and
optimized rendering;

0 Meta Quest 3: selected for its support of the latest technologies and to provide a better user
experience.

Software

0 Unity: adopted for its versatility, multidevice support, and large developer community, which
ensures a continuous flow of innovation and established technical support.
The synergistic integration of these hardware and software solutions provides a solid
foundation for the creation of an open-source mixed-reality platform, capable of delivering
immersive, high-performance, and accessible environments, effectively meeting identified
functional requirements.

The requirements collection phase allowed for the definition of a solid technical-functional
framework, aimed at developing an open-source platform for mixed reality, compliant with the
interoperability, scalability and sustainability standards required in the industrial sector. The
methodological approach adopted integrated the comparative analysis of hardware and software
solutions with criteria oriented towards performance, usability, and multi-device compatibility. The
results obtained constitute architectural reference for the subsequent design and implementation
phases, ensuring consistency with the project's application objectives and adequate robustness with
respect to the evolution of immersive technologies.

4.2 Development of the alpha-version of the mixed reality platform: to develop a
dedicated virtual environment to simulate real cases of maintenance tasks or train
on future activities

The development of the alpha version of the Mixed Reality platform aimed to create a virtual
environment dedicated to the realistic simulation of maintenance scenarios and training. This process
followed a structured workflow, divided into several phases to ensure a high level of realism and
functionality.

Phase 1: 3D Modeling of the Object

The first phase involved the digital replication of the target object using CAD software. This required
special attention to detail to ensure that all dimensions, geometries, and mechanical properties were
faithfully reproduced.

Phase 2: Defining Materials and Rendering

Once the CAD modeling was completed, the next step was to improve the visual rendering of the
object using advanced graphics software. This phase aimed to apply realistic materials and textures
to increase immersion in the VR environment.
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Phase 3: Implementation in the Virtual Reality Environment.

The project was developed using Unity, an advanced platform for developing real-time applications
optimized for virtual reality.

Phase 4: Alpha Version deployment.

Upon completion of development and testing, the alpha version was released for initial evaluation.
The distribution process included:

Optimization of the build for VR viewers: adaptation to different hardware specifications.
Cloud-based asset streaming: dynamic content update without reinstallation.
Integration of data logging and analysis: gathering information on user interactions to improve
future releases.
The alpha version of the Mixed Reality platform represented a significant first step toward a
comprehensive and highly immersive system. The features provide a realistic environment for
training and simulation of maintenance scenarios. The beta version will refine performance,
ergonomics and interactivity, including further optimizations and advanced features to enhance the
user experience.

The results of this phase can be seen at the following link:

https://m.youtube.com/watch?v=Y2-TOyZ9iFE
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