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Featured Application: The results of this study on mental workload have potential
applications in developing adaptive robots that enhance safety and efficiency in human–
robot collaboration within industrial settings.

Abstract: Human–robot collaboration (HRC) is increasingly prevalent across various in-
dustries, promising to boost productivity, efficiency, and safety. As robotics technology
advances and takes on more complex tasks traditionally performed by humans, the nature
of work and the demands on workers are evolving. This shift emphasizes the need to
critically integrate human factors into these interactions, as the effectiveness and safety
of these systems are highly dependent on how workers cooperate with and understand
robots. A significant challenge in this domain is the lack of a consensus on the most efficient
way to operationalize and assess mental workload, which is crucial for optimizing HRC. In
this systematic literature review, we analyze the different psychophysiological measures
that can reliably capture and differentiate varying degrees of mental workload in different
HRC settings. The findings highlight the crucial need for standardized methodologies
in workload assessment to enhance HRC models. Ultimately, this work aims to guide
both theorists and practitioners in creating more sophisticated, safe, and efficient HRC
frameworks by providing a comprehensive overview of the existing literature and pointing
out areas for further study.

Keywords: human factors; bio-signals; human–robot interaction; Industry 5.0

1. Introduction
The advent of robotic technologies has catalyzed a paradigm shift in industrial op-

erations worldwide. With their deployment, tasks once deemed dangerous or laborious
for humans are now executed with robotic precision, freeing human operators to engage
in more cognitively demanding activities that necessitate creative and analytical thinking.
This symbiotic relationship between humans and robots has given rise to new production
processes that prioritize human–robot interaction (HRI), recognizing its impact on both
efficiency and safety in automated systems [1–3].

The integration of human factors in HRI is of paramount importance for understand-
ing the cognitive and physical interplay between humans and robots. As task complexity
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increases and collaborative robotic environments become more diverse, a comprehensive
approach is required to ensure both efficiency and operator well-being. While significant
progress has been made in regulating the physical safety of human–robot collaboration
(HRC), the cognitive and emotional dimensions of these interactions remain underexplored.
Addressing these aspects is crucial, particularly in dynamic industrial settings, where
operators are exposed to mental workload, fatigue, and stress, which can significantly
impact their performance and overall safety [4,5]. To regulate physical safety in HRI, in-
ternational standards such as ISO 10218-2 [6] and ISO/TS 15066 [7] have been developed.
These standards establish limitations on force, speed, and proximity, ensuring that robotic
systems operate within safe parameters when interacting with human workers. Addition-
ally, ISO/TS 15066 introduces biomechanical limits to mitigate the risk of injury, defining
acceptable impact forces for direct human–robot contact. While these regulations represent
a significant advancement in physical safety, they do not address cognitive ergonomics’
risks, leaving a gap in the understanding of mental workload and its impact on HRC [4,5,8].

Mental workload is the cognitive effort required by an individual to achieve a certain
level of task performance. This multifaceted construct is influenced by a variety of factors,
including task complexity, robot capabilities, and environmental conditions [9]. However,
the human factor itself is highly intricate, involving numerous interdependent variables,
which makes it challenging to establish a universal and standardized definition of mental
workload [10].

On this topic, three states of mental workload can be considered: mental overload,
mental underload, and optimal mental workload [11]. Ideally, all employees would have
an optimal mental workload level, that is, an appropriate amount and type of work.
However, in multitasking environments such as industry scenarios, the mental workload
can approach or exceed the upper limit of the worker’s mental capacity, and it is known
that high levels of mental workload can lead to reduced attention, decision-making errors,
and slower response times, ultimately affecting both operator well-being and system
efficiency [12]. On the opposite side of the spectrum is mental underload, characterized by
a reduced or very easy amount of work [13], which is often associated with monotony and
disengagement. Thus, assessing and managing the mental workload of workers is closely
related to the ability to achieve multiple optimal performance goals.

An accurate measurement and management of mental workload is crucial for main-
taining optimal performance and preventing accidents in HRC operations. Nevertheless, it
is imperative to highlight the importance of assessing this, as consistent monitoring can
identify critical thresholds beyond which operator efficiency declines and the risk of errors
increases, thus ensuring both human and robotic components of the system can interact
safely and effectively [14].

The ISO standard 10075-3 categorizes mental workload assessment methods into
four distinct groups: physiology, subjective, performance, and job and task analysis [14].
Each category utilizes a unique approach to evaluate mental workload. Physiological
measures, such as heart rate variability (HRV) and electrodermal activity (EDA), provide
objective data on the operator’s arousal and stress levels that can be used to infer mental
workload. On the other hand, subjective measurements, such as the National Aeronautics
and Space Administration Task Load Index (NASA-TLX), offer self-reported assessments
of workload across various dimensions, including mental, physical, and temporal demands
(as proposed by [15]). Performance methods, in turn, enable the evaluation of human
mental and psychomotor performance under specific work conditions, helping to assess
any performance decrements or variations due to mental workload effects. Lastly, job and
task analysis methods examine task elements, physical and psychosocial work conditions,
environmental factors, and the organization of the work process as potential sources
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of mental workload [16]. Among mental workload assessment methods, physiological
metrics have gained popularity in the field of human factors research as a means of
measuring mental workload levels, along with the importance and widespread use of
subjective measures, job and task analysis, and performance assessments [17]. Physiological
metrics offer valuable insights into how the human body responds to stimuli like work
tasks. One benefit of psychological metrics is that they continuously and unbrokenly
record data in real time [18]. However, interpreting these data is often challenging due to
individual uniqueness. To address this, combining data with context or utilizing artificial
intelligence analysis becomes necessary. Cardiac activity was handled by [19,20] to study
the dynamics of mental workload. Exploiting brain activity, ref. [21] studied the subtleties of
mental workload. In a different direction, ref. [22] focused on eye-tracking technology and
investigated its uses to comprehend mental workload during HRC. Additionally, ref. [23]
investigated the cognitive components of HRC using pupillometry. Significantly, refs. [4,24]
adopted an all-encompassing strategy in their investigations, incorporating both cardiac
and electrodermal activity-based sensors. Parallel to this, ref. [25] broadened the scope of
their research by including sensors for cardiac, respiratory, and brain activity. The result
was the creation of an adaptive human sensor framework specifically designed to improve
human–robot collaboration. In an analogous setting, ref. [26] concentrated their research
on body temperature, electrodermal activity, and cardiac activity, providing more insights
into the dynamic, complex nature of physiological reactions in many contexts of HRC.

However, a consequence of the use of different physiological metrics to assess
workload—both in isolation and in combination—in HRC is that it can be easy to lose track
of which methodologies have been employed to measure different parameters. Thus, in this
systematic review, we analyzed the different approaches used in the assessment of mental
workload in HRC settings. We aim to provide a detailed review of methods and method-
ologies used to operationalize mental workload and potential applications for researchers
and professionals. To achieve this, this review explores four key research questions:

• RQ1: What industrial tasks are employed to assess mental workload in HRC scenarios?
• RQ2: How are subjective and performance-based measures integrated with physiolog-

ical data to assess mental workload in HRC?
• RQ3: What are the main physiological measures used to operationalize mental work-

load in HRC scenarios?
• RQ4: What are the challenges and limitations associated with using physiological

measures to assess mental workload in HRC?

Several systematic reviews have explored the application of physiological sensors
across various domains. Understanding and choosing suitable physiological metrics for
mental workload (MWL) assessment in a variety of human–machine systems was presented
by [27]. The research on in-vehicle psychophysiological measures to promote the creation of
efficient driver support systems and human–machine driving interfaces was summarized
by [28]. A wide variety of applied and experimental investigations from different domains
were covered by [29], with safety-critical applications making up a large portion of the
sample of applied literature evaluated. To the best of our knowledge, this is the first review
that concentrates on the use of physiological sensors in the field of collaborative robotics in
industry scenarios, particularly in tasks that require close cooperation between humans
and robots. By addressing these research questions, this review aims to bridge the gap
between mental workload assessment and HRC optimization, fostering the development
of more intuitive, adaptive, and human-centered robotic systems.
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2. Materials and Methods
The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)

checklist guidelines were applied to perform this systematic review. The PRISMA 2020
update provides new recommendations and explanations on existing ones to guarantee
high-quality reporting [30]. The protocol was registered at PROSPERO International
Prospective Register of Systematic Reviews of the University of York, with the registered
number CRD42024510060.

2.1. Literature Search Strategy and Article Selection

An initial database search was conducted on Scopus without any time restrictions.
The keywords used in this analysis were initially chosen through a preliminary review
of several articles on the subject matter concerning the role of cognitive ergonomics in
industrial HRC. Searches were conducted by 13 February 2025.

Considering three different topics (Human–Robot Collaboration, Cognitive er-
gonomics, and Psychophysiology), the search strings for each topic were established:

• Subject 1—HRC: Keywords: “collaborative robot*” OR cobot* OR “human robot
collaboration” OR “human robot interaction”;

• Subject 2—Cognitive ergonomics: Keywords: “mental workload” OR cognitive OR
“mental fatigue” OR “mental effort”;

• Subject 3—signal* OR biosignal* OR physiol* OR psychophysiol* OR “brain activity”
OR eda OR “electrodermal activity” OR gsr OR “galvanic skin response” OR ecg
OR electrocardiogra* OR ppg OR photoplethysmogra* OR fnirs OR “functional near-
infrared spectroscopy” OR eeg OR electroencephalogra* OR respiratory OR “body
temperature”.

To conduct the search procedure in the scientific database, all conceivable combinations
of these keywords—covering the titles, keywords, and abstracts of papers—were combined
(using the Boolean ‘AND’ operator between keywords of each group and the ‘OR’ operator
within each group).

2.2. Eligibility Criteria

The selection process involved several stages. First, duplicated papers were excluded.
Second, the following eligibility criteria were considered: (a) full-length articles reporting
empirical data and published in scientific journals, conference papers, and book chapters,
thus excluding other works such as reviews, conference reviews, books, editorials, and
surveys, and (b) papers not published in the English language were excluded. Searches
were carried out without any timeframe constraints. In the following stage, papers with no
full text available through the b-on consortium were excluded. Later, titles and abstracts
were initially screened, and articles were excluded in three consecutive phases. First,
exclusion was based on three specific criteria: (a) lack of relevance to the topic of mental
workload, (b) focus on healthcare robots or health conditions, and (c) papers referred to
social or cognitive robots. Next, a second screening was conducted to define the application
scenarios, leading to the exclusion of studies related to virtual reality, teleoperations, search
and rescue missions, unmanned aerial vehicles, extreme situations, and other scenarios
not related to HRC in industry. After the authors completed their ratings, they gathered to
finalize the list of which records to ultimately exclude and why. There was almost perfect
agreement between the three raters in the assessment of the studies for exclusion based on
their titles and abstracts. The inter-rater reliability, measured using the Kappa coefficient of
Cohen, was 0.82 [31].

The full content of all remaining papers was read after the initial screening by a single
author (E.P.) to determine which ones, in light of the previously stated eligibility criteria,
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were the most pertinent. In this phase, papers lacking relevance to the application of physi-
ological signals used to assess mental workload or containing marginal information were
excluded from consideration. Finally, an analysis of the screened articles was conducted
to identify different workload measurement types—namely performance, subjective, and
objective measures—and their corresponding key indicators and specific features analyzed
from signals to assess mental workload in HRC. Furthermore, data were also collected
regarding the sample size employed in their studies, the type of tasks that were conducted,
and the industry scenarios in which they can be categorized, as per the perspective of the
authors of this review. At the end of this selection process, 25 papers were retained and
deeply analyzed.

Figure 1 presents the PRISMA flow diagram representing a schematic illustration
of the strategy adopted, displaying the number of studies included at each phase of the
selection process and the reasoning for the exclusion.

Figure 1. PRISMA 2020 flow diagram for the systematic literature review (EC: exclusion criteria).
Adapted from [30].

3. Results
3.1. Main Findings

The systematic literature review identified 25 studies investigating mental workload
in HRC across various industrial applications. These studies range from early imple-
mentations of machine learning for adaptive collaboration to recent advancements in
neuro-ergonomic assessments, multimodal workload measurement, and robot adaptation
strategies. Table 1 presents a chronological overview of the reviewed studies, a summary of
their objectives from the perspective of the authors of this review, and information regard-
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ing the publication type of each entry. When the publication year is considered, 6 papers
were published between 2020 and 2022, 7 papers were published in 2023, 10 papers were
published in 2024, and 2 papers were published in 2025. As for their publication types,
18 were published in scientific journals, while 7 were published in conference proceedings.

Table 1. Summary of studies on mental workload in HRC.

Reference Publication Sample Size Task Category Workload Measure Collected Data

[26] CP 4 Assembly

Performance Quality checks, quality issues, productivity, operating
costs, variability of job, risk of accidents

Subjective NASA-TLX; Borg CR-10; Job engagement

Physiological HR; HRV; EDA

[32] JP 14 Construction
Subjective NASA-TLX; RS9

Physiological EEG

[33] CP 6 Construction Physiological EEG

[34] JP 13 Assembly
Subjective NASA-TLX

Physiological Cardiac Measures; EDA; Hand temperature

[35] JP 13 Construction Physiological EEG

[36] JP 2 Assembly Physiological EEG; EMG

[37] JP 48 SIMKAP Physiological EEG

[38] JP 9 Assembly

Performance Number of errors/mistakes

Subjective NASA-TLX

Physiological EEG

[4] JP 36 Assembly

Performance Number of errors/mistakes

Subjective NASA-TLX; SAM; BDM

Physiological HRV (RMSSD);
EDA (SCR);

[39] JP 14
Construction Subjective NASA-TLX

Physiological EEG

[40] JP 15 Assembly

Performance Number of errors/mistakes; time on task

Subjective NASA-TLX; TAM3; Ad hoc acceptance, well-being and
working experience; social impact

Physiological OM; HR; video record

[41] CP 10 Assembly Physiological EEG; EMG

[42] JP 13 Pick-and-place

Performance Number of errors/mistakes; reaction time

Subjective NASA-TLX

Physiological EEG
fNIRS (HbO/HbR)

[43] JP 18 Assembly
Subjective Unstructured feedback

Physiological EDA (SCL; SCR); HRV (RMSSD and SDNN); OM

[44] CP 15 Material handling
Subjective NASA-TLX

Physiological fNIRS; EMG

[12] CP 12 Assembly

Performance Number of errors/mistakes

Subjective Unstructured feedback

Physiological EDA (SCR; SCL); HR

[8] JP 12 Assembly
Performance Number of errors/mistakes

Physiological EDA (SCR; SCL); HRV (RMSSD)

[45] JP 6 Assembly
Subjective NASA-TLX;

Physiological OM
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Table 1. Cont.

Reference Publication Sample Size Task Category Workload Measure Collected Data

[46] JP 24 Blasting

Performance Time-based measures

Subjective NASA-TLX

Physiological EEG (PEN, Pe)

[47] JP 4 Assembly

Performance Number of errors/mistakes; Time-based measures

Subjective NASA-TLX

Physiological EEG

[48] JP 22 Inspection

Performance Number of errors/mistakes

Subjective NASA-TLX

Physiological Cardiac activity; EDA; Temperature; ACC

[49] CP 11 Problem-solving

Performance Number of errors/mistakes

Subjective NASA-TLX; TRUST

Physiological EEG

[50] CP 43 Assembly

Performance Number of errors/mistakes

Subjective NASA-TLX; TAM; Perceived control

Physiological HR

[51] JP 17 Inspection
Subjective NASA-TLX; BWS

Physiological HR

[52] JP 16 Agricultural tasks
Subjective NASA-TLX; NARS; RAS

Physiological OM; Spine kinematics

Moreover, it is observed that, regarding trends over the years, the data do not indicate
consolidated patterns, showing variations in the combination of different physiological
measures, whether applied in isolation or in conjunction with subjective and performance
metrics, without a consistent adoption of approaches that reflect the researchers’ perspec-
tives.

However, the widespread adoption of subjective measures stands out, as they were
used in 19 out of the 25 analyzed studies, with the integration of physiological and subjec-
tive measures establishing itself as the dominant and transversal approach in this review.
Another relevant aspect is that performance measures, when applied, are always associated
with subjective measures. In 11 studies, the joint application of all three cognitive workload
assessment approaches was observed.

A notable aspect is the almost exclusive use of central nervous system-related metrics
between 2020 and 2023, reflecting researchers’ strong interest in analyzing brain activity
and its behavior concerning workload in HRC settings. Additionally, central nervous
measures were employed in 13 out of the 25 studies, followed by cardiac measurements
and EDA, used in 10 and 7 studies, respectively. Ocular measures, mentioned in only four
studies, were only observed starting in 2023. Finally, among the physiological metrics
analyzed, temperature was employed by only two authors.

3.2. Characteristics of the Selected Studies

Using VOSviewer, authors’ keyword co-occurrence network maps were generated to
visually explore key research areas [53]. To ensure consistency in keyword representation,
variations in formatting—such as acronyms, capitalization, and spacing—were standard-
ized. For instance, occurrences of human–robot collaboration and EEG in different formats
were uniformly converted to human–robot collaboration and electroencephalogram, re-
spectively.

It is important to note that four papers did not provide author-defined keywords, and
as a result, they were not included in this visualization. The network visualization of this
bibliometric map, derived from the available bibliographic data, is presented in Figure 2.
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Figure 2. Illustration of most frequently author’s keywords using VOSviewer software (v1.6.19).

In Figure 2, keywords are identified by a label inside a circle, with two items being con-
nected by lines between their respective circles. The weight of the keyword determines the
size of its respective label and circle, with larger labels and circles corresponding to heavier
keywords, e.g., keywords with higher reoccurrence amongst papers. Furthermore, in terms
of co-occurrence linkages, the proximity between two items indicates their correlation with
each other: the stronger the relation, the closer two keywords are to one another. Analyzing
the total incidence number at once reveals the correlation between all the keywords found
in the papers.

The keyword co-occurrence network provides an insightful visualization of the key
themes in human–robot collaboration (HRC) research, with a strong emphasis on HRC and
electroencephalogram (EEG). At the center of the network, HRC emerges as the dominant
theme, illustrating the growing interest in understanding human–robot interaction in
industrial environments. The term Industry 5.0 is closely linked to HRC, reflecting the
broader industrial context in which these studies are conducted. This is particularly relevant
as Industry 5.0 emphasizes human-centric automation, fostering collaboration between
robots and humans in ways that prioritize adaptability, well-being, and productivity.

Additionally, EEG is highly correlated with mental workload, indicating that cognitive
workload assessment through physiological measures plays a fundamental role in recent
studies. EEG provides real-time insights into cognitive states, allowing for adaptive systems
that adjust robotic behavior based on human workload levels.

Clusters of interconnected keywords reveal distinct research directions. For instance,
the cluster around electroencephalogram and mental workload connects strongly with
terms such as prediction error and cognitive effort, indicating a focus on neurophysiological
assessments of cognitive load during human–robot interactions. Another cluster centers
around machine learning, physiological data, and adaptation, suggesting an interest in
leveraging artificial intelligence techniques to enhance robot adaptability in collaborative
environments.

Research on ergonomics and worker well-being appears in proximity to HRC, high-
lighting a growing concern with the physical and cognitive impact of robotic systems on
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human operators. The presence of construction robots and assembly within the network
suggests that studies are being applied to diverse industrial domains, ranging from smart
factories to construction sites.

Overall, this keyword network highlights the interdisciplinary nature of modern HRC
research, bridging cognitive science, physiological monitoring, and intelligent automation
to create safer, more efficient, and human-centered collaborative robotic systems.

3.3. Operationalizing Mental Workload

A comprehensive overview of collaborative scenarios developed to analyze task distri-
bution, movement patterns, and mental workload in HRC is available as Supplementary
Materials (Table S1).

The reviewed studies span a wide range of industry scenarios, including manufac-
turing (10 papers), construction (4 papers), and, generically, the possible application in
Industry 5.0 (11 papers).

Regarding collaborative tasks, the studies covered diverse activities, namely assembly
(13 papers), blasting (1 paper), material handling (1 paper), quality inspection (2 papers),
problem-solving (1 paper), construction-related tasks (4 papers), agricultural tasks (1 paper),
pick-and-place (1 paper), and simultaneous capacity multitasking (SIMKAP, 1 paper).
Common specific tasks involve assembling electronic devices, mechanical systems, and
industrial prototypes, as well as transporting objects, bricklaying, and quality control
inspections. These tasks were often performed under different experimental conditions
to evaluate human cognitive load, efficiency, and task adaptability when working with
collaborative robots.

Frequent movement patterns observed in HRC scenarios include object manipulation
(e.g., assembly, pick-and-place), coordination with robot movements (e.g., synchronized
handling and delivery of components), and real-time adjustments based on mental work-
load feedback. Key aspects of these patterns involve precise hand–eye coordination, timing,
and task sequencing to maintain efficiency and performance. In some scenarios, robots
dynamically adjusted their behavior by modifying speed, providing cognitive support, or
optimizing task allocation.

One key difference across studies is the sample size, which varied significantly. Ten to
twenty participants were included in most of the research sample sizes. Some studies
involved a small number of participants, such as 2 participants [36] or 4 participants [26,47],
while others included larger samples, such as 34 [50], 36 [4], and 48 participants [37].

3.4. Performance Assessment of Mental Workload

The two most common types of performance measures used across the reviewed
studies were the number of errors/mistakes during tasks [40,48–50] and time-based perfor-
mance measures, such as time to complete tasks [40,47] and reaction time [42].

3.5. Subjective Assessment of Mental Workload

Considering Figure 3, the NASA-TLX questionnaire stands out as the most widely
used subjective workload measure, appearing in 61% of the studies. In addition to NASA-
TLX, the Bedford Workload Scale—another NASA-developed scale—was also utilized [51].
Unlike multi-dimensional rating scales such as NASA-TLX, the Bedford scale is uni-
dimensional and specifically designed to assess an operator’s spare mental capacity.
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Figure 3. Workload assessment through subjective measures.

Beyond those measures, several researchers have employed other subjective metrics
to evaluate factors associated with mental workload. For instance, refs. [4,43] gathered
qualitative insights through unstructured feedback. Emotional responses were analyzed
by [4] using the Self-Assessment Manikin (SAM). Meanwhile, ref. [40] combined NASA-
TLX with task-specific scales, such as the Technology Acceptance Model (TAM), along with
customized well-being and work experience surveys.

3.6. Physiological Assessment of Mental Workload

Among the most common physiological measures are central nervous measures and
peripherical parameters, such as cardiac measures, electrodermal activity, ocular measures,
and hand temperature.

3.6.1. Central Nervous Measures

Central nervous measures have been predominantly used, observed in 13 of the
reviewed studies, underscoring the centrality of neurophysiological metrics to capture
real-time brain activity and assess mental workload levels during collaborative interactions.

Depending on their intended use, neuroimaging methods can be divided into two
primary categories: those that aim to measure neural activity indirectly by using metabolic
indicators, like fNIRS, to provide a comprehensive picture of cognitive states and those
that measure neural activity directly in response to stimuli using an EEG [54].

Electroencephalogram

The historical trajectory of understanding the brain’s electrical activity, initiated by
Richard Caton in 1875, has evolved with contemporary technologies like the electroen-
cephalogram. This non-invasive method captures rapid changes in the brain’s electrical sig-
nals resulting from ion movements within neurons [37,55]. Employing multiple electrodes
on specific scalp regions, often following the 10–20 system [56], EEG unveils standardized
rhythmic patterns in alpha (7–12 Hz), theta (4–7 Hz), beta (13–30 Hz), delta (0.5–4 Hz), and
gamma (>30 Hz) frequency bands. These frequency bands correspond to distinct mental
processes, such as relaxation, focus, executive control, and cognitive stress. Delta frequency
is associated with deep sleep [37,38].

EEG spectral power analysis has shown consistent patterns of activation and inhibition
during HRC tasks, particularly in response to cognitive workload fluctuations. The results
indicate a decrease in parietal alpha power as cognitive load increases [36,46], supporting
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the notion that alpha activity is linked to relaxation and reduced engagement [42]. Addi-
tionally, high-alpha power was more prominent in the maladaptive condition, possibly
reflecting an increased effort to inhibit irrelevant information due to robotic errors [49]. Beta
power increased in response to heightened cognitive load and task complexity, indicating
greater mental effort and alertness during demanding tasks [42]. Theta power increased
significantly in the frontal region following unexpected robot stops, particularly under high
cognitive load conditions, suggesting heightened working memory demands and executive
control during error detection [46]. Additionally, higher theta power was observed in the
central and temporal regions when participants performed tasks alone, indicating a greater
focus on internal task representation, while in the maladaptive condition (inexperienced
robot), theta power increased in the occipital region, reflecting greater visual processing
due to robot errors [49]. Furthermore, an increase in frontal theta activity was linked to
mental effort, reinforcing its role in working memory activation and executive control [36].

To assess cognitive load, researchers employ EEG-derived ratios and indices that
provide insights into attentional focus, mental workload, and cognitive engagement during
task execution (Table 2).

Table 2. Power ratio interpretation (adapted from [41] and expanded by the authors).

Spectral Power Band Interpretation Employed in

Alpha Linked to relaxation and idle mental states. Alpha power decreases as cognitive
demand increases. [32,36,42,46,49]

Theta Related to cognitive control, working memory, and sustained attention. Frontal
theta power increases with higher cognitive demand. [36,37,46,49]

Betha Associated with active cognitive processing, stress, and alertness. Beta power
increases in response to heightened cognitive load and task complexity. [32,38]

Gamma Linked to complex cognitive functions, memory processing, and high attentional
states. Gamma oscillations correlate with high mental effort and concentration. [32,37,41]

Alpha/Beta Higher Alpha/Beta ratio = relaxed mind
Lower Alpha/Beta ratio = alert state of mind [37,41]

Beta/Alpha Higher Beta/Alpha ratio = alert state of mind
Lower Beta/Alpha ratio = relaxed mind [38]

Alpha/theta Higher Alpha/Theta = focused and alert state of mind
Lower Alpha/Theta = more relaxed and meditative states [37,41]

Theta/Alpha Higher Theta/Alpha = more relaxed and meditative states
Lower Theta/Alpha = focused and alert state of mind [36,47]

Theta-Beta ratio Associated with working memory and attentional control. [47]

Gamma/Theta

Research has shown that the gamma/theta ratio is higher during states of
focused attention, such as when performing a visual or auditory task.

The Gamma/Theta ratio has also been linked to memory processing, with higher
ratios observed during successful encoding and retrieval of memories.

[37,41]

Beta/Alpha + Theta Reflects mental effort, vigilance, attention, alertness, and task engagement. [47]

The Alpha/Theta ratio (α/θ) is commonly used to measure attentional focus, with
higher values indicating increased cognitive engagement. In experimental conditions, an
increase in this ratio suggested enhanced focus and attention during task execution [37].
The Alpha/Beta ratio (α/β), associated with relaxation versus cognitive effort, showed an
increase post-task, reflecting reduced stress and a transition to a more relaxed state [37,41].

Conversely, the Beta/Alpha ratio (β/α), which is indicative of mental workload,
demonstrated distinct patterns. In standard conditions (without robotic assistance), it
remained stable or increased slightly throughout the task, whereas in a collaborative
robot-assisted scenario, a significant reduction was observed, particularly in later task



Appl. Sci. 2025, 15, 3317 12 of 26

phases, suggesting a decrease in cognitive load over time [38]. The Gamma/Theta ratio
(γ/θ), associated with working memory and concentration, exhibited peaks during the
most cognitively demanding task phases, particularly during the initial assembly and
repositioning of the plate. This pattern indicates heightened cognitive demands, increased
attentional focus, and active memory processing [37,41].

The Theta/Alpha ratio (θ/α), an indicator of cognitive effort, exhibited an increase
as workload levels intensified [47]. In collaborative settings, the presence of a robot
significantly reduced θ/α, suggesting a lower mental workload. This reduction was
further supported by its strong correlation with mental demand scores in the NASA-TLX
questionnaire [47]. Additionally, the Mental Workload Index proposed by [36], which is
calculated as the ratio of frontal theta power (Fz) to parietal alpha power (Pz), peaked
during the most cognitively demanding phases of the assembly task. Similarly, ref. [41]
observed that the Alpha/Theta ratio increased during assembly, indicating a heightened
state of focus and attention.

The Theta/Beta ratio (θ/β), associated with working memory and attentional control,
showed that an increase in this index may signal reduced attentional control in high-
demand tasks [47].

Lastly, besides extracting information from frequency domain bands, ref. [32] also
extracted information from the time domain, namely mean, peak location, and kurtosis.
Ref. [37] analyzed the variations in amplitude and fluctuations over time under different
workload conditions. Ref. [46], in turn, used error-related potential (ERP) to detect errors.
ERP consists of a time-locked negative peak, or error-related negativity, around 200 ms
after the error occurrence. It was mostly followed by a positive peak around 300 ms
after the error onset, and this error positivity (Pe) is related to the user’s error awareness.
In their study, prediction error negativity (PEN) was measured as the maximum error
negativity amplitude in the 100–350 ms window. In settings with active movement of
participants, the prediction error positivity (Pe) was measured as the maximum error
positivity in the 350–450 ms window. PEN was observed during the execution of a motor
task prior to any external error indication. Pe was used to study error awareness, and
the study concluded that increased workload depreciates the human awareness of the
human operator. The study used error-related potentials (ERP), specifically prediction error
negativity (PEN) and error positivity (Pe), to evaluate error awareness during physical
human–robot collaboration. PEN, a negative peak around 200 ms after an error occurrence,
and Pe, a positive peak around 300 ms, were analyzed under different levels of mental
workload. The results showed that the amplitude of PEN and Pe decreased with increasing
mental workload, indicating reduced error awareness.

Regarding EEG limitations, EEG devices are considered highly sensitive instruments
that frequently capture substantial levels of noise, which can be categorized into intrinsic
(originating from physiological processes such as facial movements, body motion, and ocu-
lar activity) and extrinsic (stemming from environmental or physical sources, such as the
existence of background noise or electrical currents) [32,37]. This noise significantly com-
promises the quality of EEG recordings. Moreover, EEG signals are non-stationary, which
can affect classifier accuracy over time, making it challenging to generalize cognitive work-
load prediction models [33]. Another critical limitation is the variability in neurocognitive
responses among participants, which may influence data interpretation and the reliability
of inferred conclusions [36,49]. Additionally, participants’ physical characteristics, such
as thick or curly hair, can hinder proper electrode and optode contact, compromising
data quality [42]. Lastly, inconsistencies in electrode placement during data collection can
introduce signal variations, reducing the robustness of EEG-based models [37].
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Functional Near-Infrared Spectroscopy

Functional near-infrared spectroscopy (fNIRS) is a non-invasive neuroimaging tech-
nique that measures the hemodynamic response of the brain. This technique measures
changes in oxy- and deoxy-hemoglobin concentration in specific brain regions in contrast
to a baseline period. fNIRS detects the hemodynamic changes in response to a cognitive
stimulus, allowing the localization of brain responses to specific cortical regions [57]. To
assess mental workload, this technique may allow researchers to verify if there is an in-
crease in neural efficiency and functional connectivity in frontoparietal networks, which
are involved in executive function and working memory workload [58]. Increased levels of
oxy-hemoglobin and decreased deoxy-hemoglobin concentrations, in contrast to baseline
measurements, are indicative of significant brain activations. Reduced brain oxygenation
is indicative of fatigue, whereas elevated cerebral oxygenation is linked to mental stress
and workload [28]. According to [44], HRC resulted in a decrease in oxy-hemoglobin (i.e.,
reduced activation) in the prefrontal cortex when compared to human–human collaboration
and solo work. This led the authors to suggest that HRC may have reduced the participant’s
mental workload.

However, one significant drawback of fNIRS is that its temporal resolution is con-
strained by the time course of hemodynamic activity (on the order of seconds), as it depends
on measuring the absorption characteristics of light as a function of vascular alterations
in the brain. To facilitate real-world monitoring in ecologically sound environments, re-
cent work has proposed the simultaneous collection of fNIRS and EEG signals [57,59,60].
Ref. [42] combined EEG and fNIRS data to analyze how task complexity, robot speed, and
robot payload capacity affect the perceptual state of factory workers under cognitive load
conditions by monitoring this impact in subjective, behavioral, and physiological measures.
The left prefrontal cortex exhibits a comparatively larger concentration of oxy-hemoglobin,
particularly during high-complexity episodes. This multimodal approach improved predic-
tion accuracy by capturing a broader spectrum of physiological responses [61].

3.6.2. Cardiac Measures

Cardiac measures, featured in 10 of the reviewed studies, also stand as a significant
contributor, affirming the physiological responsiveness of the cardiovascular system as a
valuable measure for workload assessment.

Heart rate (HR), defined as the number of heartbeats per minute (bpm), has tradition-
ally been the most used signal feature. However, findings on its sensitivity to workload
variations in HRC remain mixed. Several studies reported no significant differences in HR
across experimental conditions.

Ref. [12] found that the average heart rate did not significantly differ between HRC
and manual task scenarios. Similarly, ref. [40] observed no significant variations in HR,
reinforcing the idea that HR alone may not always be a strong discriminator of cognitive
load in collaborative environments. Ref. [50] further confirmed this, reporting no significant
difference in subjective mental workload or HR between adaptive and standard speed
conditions in an industrial HRC set-up. On the other hand, some studies have indicated a
moderate correlation between HR and cognitive load. Ref. [34], in their study on classifying
cognitive load in HRC using physiological feedback, identified HR as sensitive to changes
in mental effort. Supporting this, ref. [51] found a moderate positive correlation between
cognitive load and HR, suggesting a slight increase in physiological activation with higher
mental workload in collaborative industrial systems.

In contrast, heart rate variability (HRV), the fluctuation in the time intervals between
contiguous heartbeats, has, in turn, been touted as the most promising indicator for de-
scribing workload [18]. Time- and frequency-domain and nonlinear analysis are thought of
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as the main divisions of cardiac measures analysis, reflecting distinct aspects of autonomic
nervous system modulation.

Within the time-domain analysis (Table 3), the most relevant HRV features include
SDNN (standard deviation of all successive normal R-R intervals), RMSSD (root mean
square of the successive R-R interval differences), PNN50 (proportion of beats with a
successive R-R interval difference exceeding 50 ms), and HRVTi (heart rate variability time
index). While HRVTi and SDNN are associated with general autonomic influence, PNN50
and RMSSD are more directly linked to parasympathetic (vagal) activity [62].

Table 3. Common HRV features in the time domain.

Features Description Employed in

NN Normal-to-normal interval. Also called the R-R interval or the
interbeat interval (IBI). Measures the time between QRS peaks. [8]

SDNN The standard deviation of all NN intervals. [43]

SDANN The standard deviation of the averages of NN intervals in all 5 min
segments of the entire recording. --

RMSSD The square root of the mean of the sum of the squares of the
differences between adjacent NN intervals. [4,8,43]

pNN50 Proportion of differences in consecutive NN intervals that are longer
than 50 ms. --

HRVTi The sum of all R-R intervals divided by the maximum density
distribution. --

Note: -- not employed in any of the reviewed studies.

Despite HRV being widely used, its relationship with task complexity and robotic
assistance remains unclear. Ref. [43] found that HRV, measured through RMSSD and
SDNN, did not show significant variations between manual and collaborative conditions,
suggesting that task modality alone may not be a determining factor for physiological
workload variations. However, other studies have reported more specific trends. Ref. [4]
found that RMSSD was significantly higher in the manual assembly condition at both mid-
session and the end of the task, indicating lower physiological stress. Furthermore, RMSSD
showed a general increase throughout the session, suggesting progressive adaptation to the
task. Additional insights from ref. [8] suggest that RMSSD was consistently lower in the
HRC setting, implying that the operator maintained a sustained level of attention, possibly
due to the structured nature of robotic assistance. In contrast, higher RMSSD values
in manual conditions may indicate moments of relaxation or cognitive disengagement,
potentially reflecting a greater likelihood of distractions in non-automated environments.

The distribution of absolute or relative spectral power into four frequency bands is
estimated by frequency-domain features (Table 4) named ultra-low-frequency, very-low-
frequency, low-frequency, and high-frequency bands [63]. The power spectral of each
frequency component, as well as the total power spectral of all frequency bands, are
thought to be useful features for measuring mental workload. Sympathetic activity is
assumed to be associated with LF-relative features. It is believed that there is a correlation
between parasympathetic activity and HF-related features. With long-period rhythms, the
physiological significance of the VLF-related features has been determined [62]. It has
been demonstrated that the LF/HF ratio reflects the balance between the parasympathetic
nervous system and the sympathetic nervous system, also known as the “fight or flight”
system. Because of this, when determining how sympathetic the response is in relation to
parasympathetic, the LF/HF ratio is frequently used. Moreover, frequency-domain HRV
data have been employed owing to their documented association with mental workload,
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characterized notably by a decrease in parasympathetic activity or an increase in LF/HF
ratio [34].

Table 4. Common HRV features in the frequency domain.

Features Description Employed in

Ultra-Low-Frequency (ULF) Power spectrum ≤ 0.003 Hz --

Very-Low-Frequency (VLF) Power spectrum from 0.003–0.04 Hz --

Low-Frequency (LF) Power spectrum from 0.04 to 0.15 Hz [34]

High-Frequency (HF) Power spectrum from 0.15 to 0.4 Hz [34]

Sympathetic Modulation Index (SMI) SMI = LF/(LF + HF) --

Vagal Modulation Index (VMI) VMI = HF/(LF + HF) --

Symphatovagal Balance Index (SVI) SVI = LF/HF [34]
Note: -- not employed in any of the reviewed studies.

Lastly, the unpredictability of a time series can be measured using nonlinear features,
as the time-domain and frequency-domain characteristics of HRV signals fall short of
fully capturing the nonlinear aspects of HRV signals. Some authors are currently using
nonlinear analysis methods to analyze HRV signals due to mental workload, including
sample entropy (SaEn) and detrended fluctuation analysis (DFA) [62].

Blood pressure measurements, such as systolic, diastolic, and mean arterial pressure,
were frequently employed to measure MWL in addition to ECG measurements [34,48].
Blood pressure (BP) is a measurement of the force that blood flowing through the body
exerts on the blood vessel walls. The pressure that is applied as the heart muscle contracts
(the systole) and relaxes (the diastole) is the standard way that blood pressure is expressed.
Usually, an increase in systolic BP with workload and stress is observed.

Peripheral oxygen saturation (SPO2) is a measure that indicates the percentage of
hemoglobin in the blood that is saturated with oxygen. Hemoglobin is a protein found
in red blood cells that transports oxygen from the lungs to the body’s tissues. SPO2 is
measured non-invasively, typically using a device called a pulse oximeter, which is placed
on the finger, earlobe, or other parts of the body. SPO2 was used by [34] to discriminate
different cognitive tasks.

Regarding its limitations, cardiac measurements rely on wearable devices, such as
chest straps and smartwatches, for the collection of physiological data. While these de-
vices are non-invasive, their accuracy is contingent upon the quality of the equipment and
its application. Additionally, cardiac measures are highly susceptible to external factors,
including workplace conditions such as noise and temperature, as well as the operator’s
emotional state, which may introduce inaccuracies—a challenge inherent to other physio-
logical signals. Moreover, depending on the intervals used for data collection, the system
may fail to capture rapid fluctuations in the operator’s mental state, thereby limiting its
ability to promptly detect and respond to sudden variations in workload levels.

3.6.3. Ocular Measures

Recently, there has been a significant increase in the use of eye-tracking technology
in the context of HCR [64], largely due to advancements that have made these tools more
sophisticated and widely available. Eye tracking goes beyond simply noting where the eye
is looking; it allows the detailed examination of where, how long, and in what sequence
the eyes focus on different points in the visual field. It is a valuable tool used to analyze
visual attention through fixations, saccades, and pupil dilation [40,45], offering insights
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into how cognitive load affects visual processing and attention, with variations in these
signals providing key indicators of mental workload fluctuations (Table 5).

Table 5. Common ocular measures and respective definitions (adapted from [45]).

Features Description Employed in

Blink rate
Blink frequency per minute or second. Higher blink rates can be

associated with higher mental demand or fatigue, while lower blink
rates can be associated with higher visual demand or attention.

[40,52]

Blink duration
Closure time duration of a blink. Lower blink duration may be

associated with higher visual demand, while higher blink duration can
be provoked by tiredness or fatigue.

[40]

Pupil size
Diameter or area of the pupil. Pupil size in adults can range between 2
mm and 8 mm in diameter. Higher pupil size can be associated with

higher mental demand.
[43,45,52]

Fixation rate

The number of fixations, usually in a certain area of interest (AOI). The
number of fixations approximates visual attention allocation. More
fixations can equate to less efficient search or increased visual effort,

thus, a higher mental workload.

[40,43,45]

Fixation duration
The time spent gazing at a position. A longer fixation duration describes
issues related to extracting information (i.e., more processing time), or it

indicates that the target is more appealing.
[40,43,45]

Saccade rate
The number of saccades, usually in a certain AOI. A higher number of
saccades can be associated with higher visual effort and, thus, higher

mental workload.
[43,45]

Saccade duration The length of time from the start to the end of a saccade event (i.e.,
shifting from one fixation to another). [43]

Saccade amplitude The measure of visual arc degrees of movement from one fixation to the
next. Saccade amplitude usually drops as mental workload increases. [43]

Saccade velocity The speed of the saccade (degrees/time) is usually measured
considering the peak velocity. [43]

Research conducted by [43,45] underscores the reliability of eye-tracking in long-
duration sessions. Their findings indicate a positive relationship between pupil diameter
(pupil size) and cognitive processes. Likewise, ref. [52] observed that pupil diameter was
reduced in collaborative robot modes (both with and without cues), suggesting a lower
mental workload.

In the same study, ref. [52] also noted that, in comparison to the manual mode, the
number of blinks in the “unreliable condition” (participants were informed that the robot
could make mistakes and they had to correct them) increased, which suggests an increase
in the subject’s cognitive load due to the need to supervise and correct the robot’s mistakes.
In a similar vein, ref. [40] also found that the number of blinks increased more when partic-
ipants had to do a secondary task (do mathematical tasks aloud alongside the assembly
task) in comparison to both the single task (assembly task) and the rest mode. Regarding
blink duration, in turn, while the authors found no differences between the dual and single
task conditions, in comparison with the rest mode condition, blink duration was longer on
both tasks. The authors also found similar results regarding fixation duration as well.

As for saccade amplitude, this metric was only employed in [43]. In their study, the
authors found that in a collaborative scenario, in comparison with the manual modality,
saccade amplitude was higher, indicating a reduction in the subject’s cognitive load. In
that same study, the authors also analyzed the fixation rate and found that it increased
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with more complex tasks. Similar results were found by [45], who reported that the rates of
fixations and saccades increased as cognitive load increased, not only while participants
learned how to perform an assembly task but also while they had to resume it as well. In
contrast, both of these rates decreased throughout a shift as participants got used to the
assembly task. However, a relation between increased fixation rate and increased mental
workload was not reported by [40], who employed this metric as well.

Some contradictory results highlight how different tasks can have varying effects on
physiological responses, an issue that should be considered in future investigations [40,64].
Moreover, limitations of ocular measures also include significant variability among indi-
viduals due to personal differences, such as ocular characteristics and levels of experience,
which can impact the accuracy and consistency of the collected data [45].

3.6.4. Electrodermal Activity

Electrodermal activity (EDA), also known as galvanic skin response, is a gold-standard
bioindicator that is frequently employed to assess mental workload. The electrical potential
created on the skin’s surface due to sweat gland activity is measured by the EDA sensor [24].
The use of EDA to gather psychophysiological data is non-invasive, reliable, affordable,
and simple [65,66]. Unlike other target organs of the human body, which are connected
to the sympathetic and parasympathetic nervous systems, the skin and sweat glands are
exclusively innervated by the sympathetic nervous system. This makes EDA an ideal
indicator of sympathetic activation and, therefore, a good indicator of when a response is
triggered due to mental workload [67].

Two components in the high-resolution EDA signal were found [24], i.e., the tonic
(skin conductance level, SCL) and phasic response (skin conductance response, SCR), and
these derived metrics were used to quantify cognitive states and stressful periods [68]. Skin
conductance shows an overall rising tendency over time, especially in humid environments,
referred to as the tonic skin response [69]. The tonic phase, which establishes the baseline
skin conductance, evolves gradually and exhibits minor fluctuations in the range of 10
to 100 s. Depending on a subject’s level of hydration, the condition of their skin, or their
autonomic regulation, the signal’s rise and fall fluctuates continuously within that subject.
Additionally, among subjects, this response can differ greatly [70]. The palms and soles,
which are areas where sweat glands are most active, are the optimal places to collect such
signals [71], although it has been demonstrated that the shoulder is an excellent alternative
spot to capture this signal [24].

Physiological indicators in EDA studies primarily centered around SCR, as it provides
a reliable indicator of the body’s answer to mental workload. Its capacity to record varia-
tions in sympathetic nervous system activity in response to workload fluctuations offers
insightful data on the person’s level of mental exertion while performing a task [72,73].
In the study conducted by [4], EDA was found to be sensitive to task complexity and
robot support, with higher SCR and SCL values observed in more complex tasks and in
manual mode. Moreover, according to ref. [43], EDA, measured through SCL and SCR,
also increased with assembly complexity. In the collaborative setting, EDA values were
generally lower, suggesting a reduction in mental workload when the robot was present.

Regarding the limitations of EDA, signal fluctuation varies continuously within the
same individual due to factors such as hydration, dry skin, and autonomic regulation.
Additionally, this response can differ significantly between individuals [70], as sweat gland
activity is influenced by both internal and external factors. Internal factors include age,
gender, and ethnicity, while external factors encompass temperature, humidity, time of day,
season, and medication use [74].
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3.6.5. Temperature

Healthy body temperature is typically between 36.5◦ and 37.5◦ and depends on
various factors, one of them being the location or body part where the temperature is being
measured. Body temperature can also change with emotions, the state of consciousness,
arousal, or, in other words, with the activity of the sympathetic nervous system, which can
lead to vasoconstriction or vasodilatation, thus causing fluctuations in temperature.

The temperature that is being measured, depending on the method and location,
is not necessarily the body temperature because it can be different across different skin
areas and body cavities. Usually, rectal, buccal, or tympanic temperature measurements
are considered the most representative of true body temperature. All these locations are
intrusive and thus inadequate in industrial/laboratory experimental settings. For this
reason, hand temperature has been used [34,48] and has shown a high correlation with
mental workload [34].

4. Discussion
This systemic review focuses on the topic of how previous studies have assessed

mental workload in HRC scenarios. To this end, we collected data from 25 papers of an
initial pool of 413 papers. From these 25, information was extracted regarding which tasks
they employed to induce mental workload in participants working with robots, as well as
what physiological, subjective, and performance data were collected and reported in each
paper. From the information collected from each of these papers, we also presented a brief
summary regarding each of the metrics that were found to be employed throughout the
25 papers, including information regarding both their strengths and limitations.

The importance of mental workload in industries has recently gained recognition due
to accumulated knowledge generated in recent years. The studies reviewed in this paper
focused on tasks like assembling, blasting, material handling, quality inspection, problem-
solving, construction-related tasks, agricultural tasks, pick-and-place, and simultaneous
capacity multitasking. These tasks are inherently physically and mentally demanding
and thus can benefit from precise assessments of mental workload to ensure a worker’s
optimal performance, efficiency, and, most importantly, safety. However, the complexity
of the human factor, which encompasses multiple variables, as well as the inherent differ-
ences between different tasks and environments, among other factors, makes it difficult
to develop a worldwide and standardized concept [10]. The diverse measures of mental
workload and their interactions further complicate developing a unified idea and also make
it challenging to compare among the different studies. The lack of a holistic concept makes
it difficult to adopt tried-and-true tactics, which is an obstacle to the creation of manage-
ment systems. Nonetheless, through the combined use of physiological, subjective, and
performance-based measures, researchers are making strides in effectively operationalizing
and managing mental workload.

Physiological sensors played a crucial role in this process, with brain measures being
the most frequently used method (Table 1), as they allow for brain activity to be directly
measured. However, despite promising results, defining the specific spectral frequency that
best characterizes changes in mental workload, as well as the location of electrodes, remains
divergent. Still, several studies have consistently reported increased theta and beta bands
located in the frontal lobe (related to executive functions) during periods of elevated mental
workload [46]. The alpha band, typically associated with relaxation, showed a significant
decrease under increased cognitive load in several studies [36,42,46,49]. While EEG has
been widely explored for workload assessment, its potential extends far beyond this
application. Given its ability to capture real-time, objective data on cognitive and emotional
states, researchers have increasingly investigated its use in other domains. For instance,
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EEG is being integrated into user experience evaluation, providing valuable insights that
complement traditional subjective measures. Recent studies have demonstrated that EEG
can effectively reflect user satisfaction and emotional responses during human–robot
interactions, offering a deeper understanding of both conscious and subconscious reactions
that subjective metrics might fail to capture [75].

Currently, there is a growing trend toward the simultaneous collection of brain signals
using EEG and fNIRS, as the two neuroimaging techniques complement each other with
the temporal resolution of EEG and the spatial resolution of fNIRS [42]. However, even
though optical imaging techniques have a higher spatial resolution than EEG, their ability
to draw conclusions is constrained by the shallow penetration depth of NIR light, which
is just a few centimeters below the scalp’s surface. Consequently, there is limited ability
to image the activity of deep cortical and subcortical sources (beyond the outer cortical
mantle) [42,44].

Data from cardiac measures, in turn, are also commonly used to evaluate mental
workload. HRV, for example, can be used as an indicator of workload [18], as changes to it
can reflect responses from the autonomic nervous system [62,76]. For example, a decrease
in HRV can indicate mental workload. Moreover, in the extraction of HRV features, the
LF/HF ratio is frequently used to assess mental workload. As mental workload increases,
parasympathetic activity decreases, and an increase in the LF/HF ratio is observed [76].

Lastly, feature selection in EDA studies is primarily centered around skin conductance
response, as it provides a reliable indicator of the body’s response to mental workload [4].
Its capacity to record variations in sympathetic nervous system activity in response to
workload fluctuations offers insightful data on the person’s level of mental workload while
performing a task [72].

Although brain and cardiac measures are dominant, there is a clear trend toward the
exploration of integrated variables to assess mental workload in HRC. The study conducted
by [77] employed a deep neural network (DNN) model to classify mental workload levels
based on EDA, EEG, and PPG signals, achieving a classification accuracy of 86% and
highlighting the value of multimodal physiological signals for robust workload detection.
The combination of ocular measures with heart rate in [43] to assess cognitive workload
during assembly tasks further illustrated the utility of multimodal sensing in accurately
assessing mental workload.

The increase in the use of more integrated methodologies points towards a more
holistic approach to mental workload evaluation in recent years as researchers build
upon prior studies. It is important to note that some researchers still advocate for the
adoption of alternative or more tailored measures, suggesting that the current trend may
not entirely reflect every researcher’s perspective. For example, subjective measures have
remained important throughout the research timeline, with tools like the NASA-TLX being
consistently employed. While physiological measures capture real-time data on brain
activity and performance metrics provide task-related outputs, subjective measures offer
insights into how individuals perceive their workload. Furthermore, subjective metrics
can also be applied to assessing a subject’s user experience, affective states, and stress [78],
which can also be useful metrics to evaluate other aspects of the human–robot relationship
and collaboration. Nevertheless, they frequently overlook the nuances of unintentional
emotional reactions or risk distortion brought on by subjective assessments. Thus, the use
of facial expressions for detecting cognitive and emotional states has gained prominence in
various research fields, such as psychology, marketing, medicine, and human–computer
interaction [79]. In terms of performance metrics, key indicators such as task accuracy,
reaction time, and error rates are consistently employed across studies to quantify mental
workload. For instance, multitasking and safety-critical operations often utilize EEG and
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HRV in tandem with performance measures to offer a more comprehensive assessment of
mental workload [62,76]. The inclusion of these metrics in both controlled experiments and
real-world settings underscores their reliability and relevance to managing workload in
operational environments [80].

Despite the promising results of physiological metrics for the assessment of mental
workload, several limitations need to be acknowledged. One primary limitation is the small
sample size across most of the reviewed studies, which can significantly affect the generaliz-
ability of the findings. For instance, in [36], the authors used only two participants, limiting
the robustness of the conclusions. Furthermore, controlled experimental settings may not
fully capture the variability and unpredictability of real-world environments, particularly
in high-stakes fields like construction and industrial settings [32,35]. Moreover, the instru-
ments that allow this are not without their own limitations. For example, the efficiency
of measuring brain data with tools such as the EEG is influenced by various factors, like
intrinsic (e.g., facial movements and body motion) and extrinsic artifacts (e.g., background
noise or electrical currents). Another critical limitation is the variability in physiological
signal interpretation among different subjects. Variations in EEG signal patterns, HRV, and
other physiological responses can lead to inconsistent workload assessments. This situation
presents challenges to the development of universal methods or machine learning-based
models, as noted in [42,46].

Technical challenges also present significant limitations. For example, the accuracy of
EEG signal recognition is crucial for the system’s effectiveness but can be hampered by noise
and artifacts in the data [25,77]. Similarly, the integration of multimodal data (e.g., EEG,
fNIRS, EDA) requires sophisticated processing techniques and reliable synchronization,
which can be technically demanding and prone to errors [25,42]. Moreover, the reliance
on specific machine learning models, while beneficial for analyzing physiological data,
also has limitations. Models like SVM, KNN, and gradient boost (GB) require careful
tuning and validation to avoid overfitting, particularly with small datasets. Therefore,
further validation across different scenarios, including laboratory and real-world settings,
is essential to guarantee the wider applicability of these models [37].

Future research should address these limitations by incorporating larger, more diverse
sample sizes and validating findings in real-world environments, especially in scenarios
that might not be well-addressed by current tools. There is also a need to refine machine
learning algorithms to improve their generalizability across different tasks and settings.
Exploring additional physiological indicators and integrating them with existing measures
could provide a more comprehensive understanding of mental workload. Advancements
in wearable technology and real-time data processing will further enhance the practical
application of these tools, paving the way for more effective human–robot interaction
systems aiming to improve productivity and safety in various industrial and collaborative
settings.

Given the above information, readers should nevertheless take notice that the features
and metrics mentioned and explained throughout this review are in no way meant to
be taken as a fully exhaustive list of all the possible features and metrics of all sensors.
Providing such an exhaustive list is beyond the scope of this review. For more information
regarding features and metrics both mentioned and not mentioned in this review, please
consult works such as [27,29].

5. Conclusions
The results of this systematic literature review highlight the potential of physiological

metrics for monitoring mental workload. However, this study also identifies significant
challenges in applying them to collaborative robotics, worsened by the lack of universal
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consensus on its conceptualization and assessment. Diverse definitions of workload and a
lack of standardization in monitoring methodologies further complicate the issue. While
various metrics demonstrate the capability to measure mental workload, differences arise
in the approach to gathering physiological variables. Some studies focus on a single metric,
while others adopt a multimodal approach for a comprehensive understanding of mental
workload in diverse collaborative scenarios.

The fact remains that no single metric currently exists that is exempt from limitations
or being affected by outside noise, such as humidity, temperature, or a subject’s medication.
However, as technology progresses, one can expect the impact of these limitations to
be decreased or eliminated outright. In the meanwhile, authors working with mental
workload assessments have access to various tools to that end, allowing them to adapt to
different use cases. For example, while current instruments to measure brain activity, such
as the EEG and fNIRS, are prone to noise due to the subject’s motion (e.g., walking around
the room versus being stationary at a desk), wearable instruments that assess heart rate data
while a subject is moving, such as smartwatches and smart rings, can be easily employed
instead. While the heart rate measurement from these may be less reliable than other, more
bulky instruments, they can nevertheless be good enough alternatives for situations where
such instruments are not applicable or cumbersome, and the same can be said for other
combinations of instruments as well.

As the field progresses, collaborative efforts among researchers and practitioners
are crucial to defining robust methodologies, validating models across varied human–
robot collaboration scenarios, and establishing guidelines for their implementation. This
concerted approach will facilitate the development of machine learning models that not only
enhance the accuracy of mental workload assessments but also ensure their applicability
and reliability in real-world collaborative robotic environments. In the context of Industry
5.0, the utilization of various physiological variables as inputs for machine learning models
holds promise for powering intelligent algorithms that can decode human movement
intentions and adapt robot behavior proactively.

However, challenges persist in understanding the relationships among physiological
variables and in effectively employing machine learning models to accurately assess mental
workload. These challenges can be addressed by applying explainable artificial intelligence
(XAI) to enable the interpretation and trust of the results generated by machine learning
algorithms [81]. Further research is needed to evaluate the generalizability of the models
across different tasks and to ensure high accuracy for industrial deployment. Addressing
subject-specific factors, electrode placement variability, and changing environmental con-
ditions in industrial settings will be essential to improve the practical implementation of
cognitive workload classification systems.

In conclusion, while a universally validated method is not yet established, the foun-
dation for future research lies in systematic description, ensuring the dependability of
forthcoming models. Despite challenges, the integration of diverse methodologies holds
significant potential in assessing mental workload and shaping the future of human–robot
collaboration for enhanced safety, health, well-being, and productivity. This synthesis of
findings emphasizes the need for continued exploration and refinement, paving the way
for a more robust understanding and application of workload assessment methodologies
in diverse contexts.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app15063317/s1, Table S1. Tasks description in developed collab-
orative scenarios.
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