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Abstract: Estimating mental fatigue levels during physical exertion is essential for ensuring safety and
optimizing performance in sports and other high-demand environments. However, it remains
challenging due to the overlapping physiological signals involved. This study examines the
effectiveness of various wearable sensors, including ECG, PPG, and EEG, as well as eye trackers, in
estimating mental fatigue levels under conditions of physical fatigue. Multimodal sensor data collected
during controlled experiments that combined cognitive tasks with physical exercise were analyzed,
with a focus on machine learning models for estimating mental fatigue levels on a 10-class scale. The
results show that although EEG is the most accurate single sensor for estimating mental fatigue under
physical fatigue, a combination of ECG and eye-tracking achieves higher accuracy (79.16%) with
minimal error (MAE=0.52). This combination offers a balance between performance and wearability

for practical applications.
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I. INTRODUCTION
M ental fatigue, resulting from prolonged cognitive
exertion, leads to measurable declines in cognitive
performance. Studies demonstrate that intraindividual
variability in reaction time, a marker of attentional
instability, is a sensitive indicator of cognitive
fatigability [1]. This variability correlates with
subjective fatigue and reflects lapses in cognitive
control, suggesting a breakdown in sustained attention
under mental fatigue.

Mental fatigue poses serious risks in high-demand
environments like air traffic control and maritime
operations, where even minor performance degradation
can have fatal consequences [2,3]. Research
demonstrates that mental fatigue leads to measurable
declines in operational performance, with EEG studies
revealing significant neural changes after sustained task
performance [3]. These changes correlate with impaired
decisions and slower responses, which can make
important activities unsafe. While individuals may
temporarily compensate for fatigue through increased
cognitive effort, evidenced by pupil dilation and
subjective reports, this comes at a cost. Such

compensatory mechanisms are unstable under
prolonged strain and can lead to sudden performance
breakdowns, particularly in complex tasks [4].
Although mental fatigue has been vastly studied,
detecting it in concurrence with physical fatigue
remains a challenge. Wearable sensors, including those
for electrocardiography (ECG), photoplethysmography
(PPG), and electroencephalography (EEG), as well as
eye-trackers, offer promising solutions for monitoring
mental fatigue. However, their effectiveness in the
presence of both physical and mental fatigue remains
unclear. Previous research has shown the potential of
wearable sensors for detecting isolated fatigue. For
instance, mental fatigue was identified by analyzing
heart rate variability (HRV) patterns through machine
learning techniques [5]. This study indicates that
wearable ECG devices can effectively monitor mental
fatigue by tracking relevant physiological markers. In
drivers, mental fatigue has been detected using SpO2
(peripheral oxygen saturation) signals, which are
indicative of autonomic nervous system activity
associated with fatigue [6]. This approach highlights the
sensitivity of SpO2 to cardiovascular and respiratory
changes during states of fatigue. Additionally, EEG
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analysis has been utilized to detect mental fatigue by
evaluating increases in theta and alpha power, using a
machine learning classifier to recognize the
development of fatigue [7]. Furthermore, fluctuations in
pupil diameter have been monitored through infrared
pupillography to assess mental fatigue [8].

However, adding physical activity can create
complex signals in the body, such as exercise-induced
heart rate variability (HRV) suppression, which
complicates the direct application of existing methods
[9]. This study evaluates the performance of wearable
sensors in estimating mental fatigue levels in the
context of physical fatigue, addressing two important
gaps: a comparative analysis of various wearable
sensors (including ECG, PPG, and EEG, as well as eye
tracker) under conditions of physical fatigue, and an
investigation into the potential of their combinations.

This work makes three main contributions. First, it
compares single wearable sensors (ECG, PPG, EEG,
and eye tracker) for estimating mental fatigue during
physical fatigue. Second, it tests sensor combinations to
identify the optimal pairs and groups in terms of
accuracy and reliability. Third, it includes an evaluation
of comfort and wearability. The rest of the paper is
organized as follows: Section II reviews related work;
Section III describes the experimental design and
methods; Section IV presents the results; Section V
discusses implications and limitations; and Section VI
concludes with a summary of key findings and future
directions.

II. RELATED RESEARCH
A. Wearable Sensors for Mental Fatigue Level
Estimation

The emerging field of research into objective
indicators of mental fatigue highlights the potential of
various physiological measures. ECG-derived heart rate
variability (HRV) has been recognized as a potential
biomarker for mental fatigue. Studies have shown
significant alterations in HRV following cognitive tasks
[10]. However, the complexity introduced by exercise-
induced physiological changes complicates the
interpretation of these HRV measurements. Recent
findings suggest that during simultaneous mental and
physical tasks, physical fatigue often dominates HRV
patterns, potentially masking the signatures of cognitive
fatigue [11]. This indicates that conventional HRV
metrics may lack the specificity necessary to detect
mental fatigue in real-world settings accurately.

In addition, monitoring SpO2 can help estimate
mental fatigue levels. Research has shown that
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extended work shifts are associated with consistent
declines in SpO2 levels, correlating with self-reported
mental fatigue and physiological stress indicators, such
as increased heart rate [12, 13]. However, SpO2
measurements cannot adequately differentiate between
the two, given that both forms of fatigue can
significantly affect oxygenation levels [14].

Electroencephalography (EEG) has also emerged
as a valid instrument for estimating mental fatigue
levels. Research indicates that EEG parameters can
effectively capture the progression of mental fatigue,
with physical exertion intensifying these neural markers
[15]. Even though advanced analytical techniques can
achieve high levels of detection accuracy in controlled
environments, real-world applications face limitations
due to the interference caused by physical activity [16].
The effects of physical activity can alter EEG patterns
in ways that may mimic or amplify indicators of mental
fatigue.

Lastly, recent advancements in pupil diameter
dynamics have revealed their potential as indicators of
mental fatigue. Research indicates that while baseline
pupil size remains steady, task-evoked pupillary
responses (TERPs) decrease progressively with
increasing mental fatigue, signaling cognitive resource
depletion. However, it is crucial to acknowledge the
confounding influence of physical fatigue, which can
independently activate sympathetic responses and
further alter pupil dynamics, thereby obscuring accurate
indicators of cognitive fatigue [17].

While promising advancements have been made in
identifying objective measures of mental fatigue,
significant confounding factors, particularly those
arising from physical exertion, remain a crucial concern
in accurately assessing and interpreting these indicators.
The overlapping of physiological responses to cognitive
and physical stressors also complicates the
interpretation of individual signals. Therefore,
combining data from multiple sensors may provide a
more robust alternative, potentially improving the
accuracy and reliability of assessments in real-world
scenarios by providing a more comprehensive
physiological profile.

B. Methods for Inducing Mental and Physical
Fatigue

There are various established protocols for
inducing mental and physical fatigue. Physical fatigue
is commonly induced through sustained or repetitive
physical exertion, such as treadmill exercise, cycle
ergometry, or resistance exercises [18-25]. Mental
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Fig. 1 Experimental Procedure

fatigue, by contrast, is typically induced via prolonged
cognitive tasks that demand sustained attention,
working memory, or executive control. Common
paradigms include the Psychomotor Vigilance Task
(PVT), n-back tasks, and the Stroop Task [26-32]. The
Stroop Task is a well-validated method for imposing a
high cognitive load by creating cognitive conflict. In
this task, participants must name the ink color of a color
word while inhibiting the automatic tendency to read
the word itself (e.g., the word "RED" printed in blue
ink). This interference requires greater cognitive control
and attention, leading to mental fatigue, tiredness, and
poorer performance, including slower responses and
fewer correct answers [31, 32]. Compared with other
tasks, the Stroop Task imposes greater demands on
cognitive control and response inhibition, resulting in
more pronounced and persistent fatigue effects and
making it suitable for studies requiring robust mental
fatigue induction.

In this study, the combination of treadmill running
and the Stroop Task was selected to induce physical
and mental fatigue. Treadmill exercise provides a
controllable and reproducible means of inducing
physical fatigue while allowing concurrent cognitive
task performance. The Stroop Task was chosen for its
well-established ability to deplete cognitive resources
efficiently and for its compatibility with a physically
active setting. This dual-induction approach enables the
isolation and examination of physiological signals
under distinct fatigue states, physical, mental, and
combined, which is the aim of this study.
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III. PROPOSED METHOD

A. Experiment Design

The experiment was arranged into four different
sessions to investigate the effects of physical fatigue,
mental fatigue, and their combined impact on
physiological signals within the context of mental
fatigue, as illustrated in Fig. 1. In the neutral session,
participants focused on a screen while remaining
physically relaxed for five minutes, establishing a
baseline for low levels of both physical and mental
fatigue.

During the physical fatigue session, participants
engaged in 15 minutes of treadmill exercise at a
predetermined intensity, followed by a 15-minute rest
period. Physiological data from the first five minutes of
this rest period were analyzed, capturing what is
assumed to be the peak of physical fatigue while
minimizing movement artifacts, thereby representing a
state of high physical fatigue alongside low mental
fatigue.

The mental fatigue session involved a twenty-
minute digital Stroop Task designed to induce cognitive
load, followed by an additional twenty minutes of rest.
For analysis, data from the last five minutes of the
Stroop Task were used to represent high mental fatigue
with minimal physical fatigue, as this timeframe was
considered to reflect maximal cognitive strain.

In the combined fatigue session, participants
simultaneously performed treadmill exercise and Stroop
Task for 15 and 20 minutes, respectively. The treadmill
exercise stopped after fifteen minutes, while the
cognitive task continued. Physiological data from the
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Fig 2. Stroop Task

Fig 3. Mental Fatigue Session

final five minutes of the Stroop Task were analyzed to
assess the combined effects of high physical and mental
fatigue, thereby simulating real-world situations where
both types of fatigue occur concurrently.

Before the main experiment, participants
completed a brief treadmill trial to determine
individualized exercise intensities. They also underwent
a practice session for the Stroop Task to become
familiar with the response mappings. This methodology
facilitated the controlled isolation of various fatigue
states while minimizing confounding factors such as
learning effects or uneven levels of exertion.

B. Fatigue Induction

In this study, physical fatigue was induced through
two sessions of treadmill exercise, each lasting 15
minutes (referred to as the Physical Fatigue session and
the Combined Fatigue Session). The speed for each
participant was customized according to their limits.
Before the experiment, participants completed a brief
treadmill trial to establish their optimal exercise speed.
The lowest default speed set for all participants was 6
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Fig 5. Button Mapping

km/h, which was gradually increased until participants
indicated they could no longer sustain the exercise for
the full 15 minutes. This ensures maximum physical
exertion while allowing participants to fully engage in
the experimental sessions.

To induce mental fatigue, participants completed a
digital Stroop Task, shown in Fig. 2. In this task,
participants viewed color words (e.g., "RED,"
"GREEN," "BLUE," "YELLOW") printed in
incongruent ink colors. For instance, the word "RED"
may be displayed in blue ink. The primary instruction is
to name the ink color of the word while disregarding
the word itself. This creates a cognitive conflict, as
reading is an automatic process, making it challenging
to suppress the meaning of the word and concentrate
solely on the color. The task consists of two types of
trials: congruent trials, in which the word and ink color
match (e.g., "BLUE" in blue), and incongruent trials,
where they do not (e.g., "BLUE" in red).

Participants were required to complete the Stroop
Task during both the Mental Fatigue Session and the
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Table 1. Questionnaire Items used for Sensor Usability
Evaluation

It was comfortable to wear during physical
activity (Comfort)

St.rongly ) 3 4 5 Strongly
Disagree Agree
It interfered with my movements (Interfere)
Strongly Strongly
2 3 4 .
Agree Disagree

The sensor material (e.g., strap, cap) felt intrusive
(Intrusive)
Strongly Strongly
Agree Disagree
The weight of the sensor was unnoticeable
(Weight)
Strongly Strongly
Disagree Agree
I would be willing to wear this sensor for
extended periods (e.g., > 4 hours) (Extended)
St.rongly ) 3 4 5 Strongly
Disagree Agree
The sensor was easy to wear without assistance
(Easy)
Strongly
Disagree

2 3 4

2 3 4 5

Strongly
Agree

Combined Fatigue Session. The screen was positioned
in front of the participant, as illustrated in Figs. 3 and 4.
Participants responded by pressing a button, as shown
in Fig. 5.

C. Subjective Fatigue Ratings

To ensure accurate alignment between subjective
reports and physiological measures, the 5-minute
segments of physiological data from each experimental
session (i.e., neutral, physical fatigue, mental fatigue,
combined fatigue) were matched with their
corresponding subjective fatigue ratings. For the
physical fatigue condition, we aligned the first 5
minutes of post-exercise recovery data with the
immediately following subjective rating. In the mental
fatigue condition, physiological recordings from the last
5 minutes of the Stroop Task were paired with post-task
ratings. The combined fatigue session used the same
alignment method as the mental condition.

D. Comfort and Usability Questionnaire

Following the experiment, each participant was
asked to complete a questionnaire assessing the comfort
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and usability of each sensor. This post-experiment
assessment was intended to capture the participants’
subjective experiences and perceptions with the sensor
after extended use. For each sensor, the following six
practical considerations were assessed: comfort during
physical activity, interference with movement,
intrusiveness of the sensor material, perceived weight,
willingness to wear for extended periods (more than
four hours), and ease of wearing without assistance.
These criteria were chosen to reflect the physical
factors that may influence a user’s willingness to use
the wearable sensors in everyday settings. Participant
responses were recorded using a 5-point Likert scale (1
= strongly disagree, 5 = strongly agree), as shown in
Table 1.

E. Participants

A total of ten adult participants (all male, aged 22 to
27 years) were recruited for the experiment. Each
participant provided written informed consent after
receiving thorough explanations of the experiment
procedures and associated risks. To minimize
confounding physiological effects, participants were
instructed to refrain from consuming caffeine, alcohol,
and engaging in any activities that could impact their
performance before the testing sessions.

F. Sensor Setup

Multimodal wearable sensors were used to capture
physiological signals:

ECG: Cardiac activity was monitored using the
MyBeat WHS-3 single-lead ECG sensor, a lightweight,
chest-worn device that recorded the heart's electrical
signals. This sensor was designed to accurately detect
R-peaks even during physical movement, facilitating
reliable heart rate variability (HRV) analysis across
various experimental conditions. Data was transmitted
wirelessly, allowing participants full mobility during
both stationary cognitive tasks and treadmill exercises.
The system provided a wide range of HRV metrics,
including time-domain parameters (R-R intervals) and
frequency-domain components (LF, HF, and LF/HF
ratio), which served as indicators of autonomic nervous
system modulation in various states of fatigue. With the
capability of continuous operation for an extended
period, the sensor ensured uninterrupted monitoring
throughout long testing sessions without the need for
battery changes. The ECG data were synchronized with
other sensors using timestamp alignment, ensuring
temporal precision in the assessment of fatigue.
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Fig 6. EEG Electrode Placement

PPG: The Ring O- PPG sensor was used to monitor
peripheral oxygen saturation (SpO-) levels. Participants
wore this ring-shaped sensor on the index finger of their
non-dominant hand to enhance comfort and minimize
interference with task performance. The sensor
continuously recorded SpO: levels and provided
averaged readings every two seconds.

The ring design offered distinct advantages over
traditional finger-clip PPG sensors, particularly in
reducing motion artifacts associated with hand
movements during physical activities. With an extended
battery life, the sensor enabled uninterrupted
monitoring throughout all experimental sessions
without the need for charging breaks.

EEG: EEG signals were recorded using an OpenBCI
system equipped with saltwater electrodes and a Cyton
8-channel amplifier, operating at a sampling rate of 250
Hz. The system targeted several electrode positions,
including frontal (F3, Fz, F4), central (Cz), parietal (Pz),
and occipital (O1, O2) regions, as shown in Fig. 6, to
capture neural activity patterns related to mental fatigue.
Before the experiment, the quality of electrode contact
was verified using OpenBCI GUI v6.0.0, ensuring that
impedance remained below 300 kQ to facilitate optimal
signal acquisition. The design of the saltwater
electrodes offered several advantages for studying
fatigue, notably enhancing participant comfort during
prolonged wear. This system was capable of detecting
subtle neural changes relevant to mental fatigue
assessment, especially within the theta (4-7 Hz), alpha
(8-12 Hz), and beta (13-30 Hz) frequency bands. Under
physical activity conditions, the saltwater solution
helped maintain electrode-scalp contact despite
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EEG Sensor
Eye Tracker

' ECG Sensor

Fig. 7 Sensor Setup

participant movement, all while preserving comfort.
Moreover, the wireless configuration allowed for
natural head movements throughout the experiment,
making this system particularly well-suited for the
study.

Eye Tracker: The Tobii Pro Glasses 3 eye tracker
was used to record binocular pupillometry and gaze
behavior at a frequency of 100 Hz, providing accurate
measurements of pupil diameter dynamics and visual
attention patterns. To ensure the wvalidity of
pupillometry data, all experiments were conducted in a
controlled environment with constant ambient lighting.
External light sources were minimized, and the
brightness of the stimulus screen was standardized
across all participants and sessions to avoid variations
in pupil diameter that were not related to mental fatigue.
This device features an integrated scene camera that
captures the participant's field of view, enabling
accurate tracking of gaze behavior in relation to
experimental stimuli, such as the Stroop Task display.
The lightweight frame of the glasses minimizes
additional fatigue during extended wear, while a small
carrying bag for the central hub enhances comfort and
positioning.

Automatic calibration ensures precise gaze tracking
without the need for extensive manual setup.
Synchronization with other sensors is achieved by
aligning timestamps across all recording devices. The
eye tracker provides continuous measurements of pupil
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Table 2. Performance Metrics for Individual Sensors

Sensor Acz(l)z )a &y MAE
ECG 56.29 0.99
PPG 69.52 091

Eye Tracker 71.54 0.95
EEG 74.27 0.79

diameter for both the left and right eyes, which is
particularly beneficial for estimating mental fatigue
levels.

Although the system delivers excellent data quality,
two practical challenges need to be addressed, including
limited battery life and significant heat generation
during prolonged use. To mitigate these issues,
scheduled maintenance breaks were implemented
during rest periods. During these intervals, the device
was powered down to allow for cooling, and spare
batteries were swapped in to ensure uninterrupted data
collection throughout the complete session duration.
The overall sensor setup and placement are illustrated
in Fig. 7. For clarity, the ECG sensor is shown outside
the shirt. The EEG circuit board was placed behind the
participants' heads.

G. Data Processing and Feature Extraction

ECG and PPG: MyBeat WHS-3 ECG and Ring O:
PPG provided precomputed features (e.g., R-R intervals,
SpO2), omitting raw signal preprocessing. Statistical
features (i.e., mean, median, variance, skewness,
kurtosis) were derived directly from these outputs for
each experimental session.

EEG: The raw EEG data was processed through a
three-stage pipeline: (1) Detrending: Trends were
removed in segments of 250 samples (1 second each);
(2) Filtering: High-pass (4 Hz), band-stop (59-61 Hz),
and band-pass (4-30 Hz) filters were applied to isolate
the theta, alpha, and beta frequency bands; (3) Quality
Control: Sessions or channels that showed artifacts (e.g.,
disconnected electrodes) were excluded from analysis.
The features extracted included channel-wise relative
band power (theta: 4—7 Hz, alpha: 8—12 Hz, beta: 13-30
Hz) utilizing sliding windows with 50% overlap, global
average power, and various statistical features (i.e.,
mean, median, variance, skewness, and kurtosis).

Eye-Tracker: The pupillometry data collected
during the experiment underwent preprocessing to
enhance data quality and reliability. This process
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included the identification and removal of blink
artifacts, which can introduce significant noise into
pupil diameter measurements. After artifact removal,
statistical features were extracted from the cleaned
dataset.

H. Post Processing

All features were first balanced using the Synthetic
Minority Oversampling Technique (SMOTE). Features
were then normalized using the z-score method for each
sensor. For the EEG data, the relative power, average
power, and statistical features were normalized
separately. The dataset was then divided into 80% for
training and 20% for testing in a 5-fold cross-validation
approach while maintaining the order of the data. Top
features were selected based on their importance in
scoring for evaluation.

I. Evaluation

The performance of the sensors was assessed using
a Random Forest classifier, focusing on two key
metrics (i.e., accuracy (overall prediction correctness)
and mean absolute error (MAE)). The model was
trained to predict the ground truth of subjective fatigue
ratings, which consisted of a 10-class ordinal scale
ranging from 1 ("none") to 10 ("very exhausted"). The
dataset was divided into five sequential segments, with
each segment used as the test set (20%) in turn, while
the remaining data (80%) served as the training set for
the following iterations. The evaluation process was
carried out in two phases: (1) assessing each sensor
(EEG, ECG, PPG, and eye-tracking), and (2) evaluating
combinations of sensors.

IV. RESULTS

In this study, the effectiveness of several wearable
sensors, including ECG, PPG, EEG, and an eye-tracker,
was evaluated for their performance to estimate mental
fatigue levels under physical fatigue. The experimental
procedures were designed to capture data across
different fatigue conditions. The results are presented in
three subsections: (A) Individual Sensor Performance,
(B) Sensor Combination Performance, and (C) Sensor
Comfort and Usability Evaluation, which considers the
practical implications for long-term or real-world
deployment. Model performance was assessed using a
Random Forest classifier with 5-fold cross-validation,
maintaining the temporal sequence of the data to ensure
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Table 3. Performance Metrics for Sensor

Combinations
Accuracy

Sensor (%) MAE
ECG-PPG 72.09 0.77
PPG-EEG 72.87 0.80
ECG-PPG-
EEG 74.11 0.68
ECG-EEG 74.18 0.66
EEG-Eye
Tracker 75.85 0.73
PPG-Eye
Tracker 76.23 0.74
ECG-EEG-
Eye Tracker 76.48 0.61
PPG-EEG-
Eye 77.40 0.68
Tracker-
All Sensors 78.74 0.61
ECG-Eye
Tracker 79.16 0.52
ECG-PPG-
Eye Tracker 79.67 0.62

a robust, generalizable evaluation of the model’s
predictive capabilities.

A. Individual Sensor Performance

The accuracy and Mean Absolute Error (MAE) for
each sensor are outlined in Table 2. The findings
indicate an order in the predictive capabilities of each
sensor. While a Kruskal-Wallis test revealed no
statistically ~ significant main effect of sensor
configuration on accuracy (p = 0.991) or MAE (p =
0.813), analysis of effect sizes (Cohen's d) revealed
some differences. The EEG sensor appeared as the most
effective single sensor, achieving the highest accuracy
of 74.27% and the lowest mean absolute error (MAE)
of 0.79. Effect size analysis confirmed its advantage,
showing a large improvement over ECG (Accuracy d =
1.07; MAE d 0.40) and a small-to-medium
improvement over PPG (Accuracy d = 0.24; MAE d =
0.18). This suggests that the physiological data obtained
from the EEG suit as direct and robust biomarkers of

644

mental fatigue. Additionally, these data showed greater
resilience against interference from the physiological
noise associated with physical fatigue compared to
other sensors.

The Eye Tracker also showed excellent performance,
achieving an accuracy of 71.54% and an MAE of 0.95.
This indicates that pupil diameter variability can serve
as a sensitive secondary indicator of cognitive load and
fatigue. However, it is important to note that while the
Eye Tracker's performance was robust, it did not exceed
EEG in accuracy or MAE.

In contrast, the cardiovascular Sensors
(ECG and PPG) showed lower effectiveness, especially
ECG. The relatively poor accuracy (56.29%) and higher
MAE value (0.99) highlights a limitation where
autonomic nervous system (ANS) activity, as measured
by heart rate variability (HRV), is overwhelmed by the
body's response to physical fatigue. This confound was
explicitly pronounced in this study, as the physical
fatigue induction method directly engaged the
cardiovascular system. This strong cardiovascular noise
might have masked the more subtle ANS variations that
are related to purely mental fatigue. This result shows
that cardiovascular data are insufficient as standalone
measures for mental fatigue level estimation in some
specific cases. The data is indistinguishably correlated
to the physical fatigue, making it difficult to separate
the two fatigue sources based on cardiovascular data
alone.

B. Sensor Combination Performance

The combination of multiple sensors has resulted in
an improvement of model performance, as shown in
Table 3. Although the Kruskal-Wallis test was not
significant, the effect sizes demonstrated a benefit of
sensor combination. Although EEG independently
proved to be the most powerful predictor, the model's
performance was improved with sensor combination.
Additionally, more effective outcomes can be achieved
through combinations that exclude EEG, providing a
practical alternative for real-world situations where
wearing an EEG may be difficult.

The best performance achieved was with the
combination of ECG, PPG, and Eye Tracker, achieving
an accuracy of 79.67% and an MAE of 0.62. This was
closely followed by the pairing of ECG and Eye
Tracker, which achieved an accuracy of 79.16% and an
MAE of 0.52. Notably, the effect size for the difference
between these two combinations was negligible for
both accuracy (d = 0.03) and MAE (d = 0.16). These
results show that the model is capable of learning
complex and non-linear relationships between the
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Table 4. Average Comfort and Usability Ratings for Each Sensor

Sensor Comfort | Interfere* | Intrusive* | Weight | Extended | Easy | Overall (mean + SD)
ECG 3.8 4.0 3.7 34 2.9 33 3.5+1.0
PPG 3.7 4.0 4.0 3.0 3.7 4.0 3.7+£0.7
EEG 23 2.5 2.8 2.6 1.8 1.4 22+0.7
Eye Tracker 2.5 2.6 2.7 3.2 1.9 3.7 2.8+0.8

body's autonomic responses as measured by ECG and
PPG, and the behavioral outputs captured by the eye
tracker. This combined system produces a more robust
and complete model of mental fatigue levels, providing
better insights than just looking at brain activity alone.

While the combination of ECG, PPG, and eye
tracking showed the best accuracy compared to other
combinations, the results support the pairing of ECG
and eye tracking as the most advantageous combination
for practical implementation and long-term settings.
This suggestion is based on the balance between how
well they work and how easy they are to wear. The data
shows that the performance difference between the two
combinations is slight, with a difference in accuracy of
0.51%. This negligible difference, confirmed by effect
size analysis, may not be meaningful in many contexts,
but it may influence user convenience. The PPG sensor
can be uncomfortable and may affect the user
experience. It can interfere with small hand tasks and
cause discomfort when used for long periods. Therefore,
for any scenario that prioritizes long-term uses,
convenience, and minimal disturbance to daily
activities, the combination of ECG and Eye Tracker
appears as the optimal suggestion. This pairing not only
provides a robust estimation of mental fatigue with an
accuracy of 79.16%, but it also greatly enhances the
possibility that users will frequently use the system.
The small compromise in absolute accuracy is a
beneficial trade-off for considerably enhanced
practicality and user experience, placing it as a tolerable
solution for real-world applications.

The PPG sensor can also be uncomfortable and may
affect the user experience. It can interfere with small
hand tasks and cause discomfort when used for long
periods. Therefore, for any scenario that prioritizes
long-term uses, convenience, and minimal disturbance
to daily activities, the combination of ECG and Eye
Tracker appears as the optimal suggestion. This pairing
not only provides a robust estimation of mental fatigue
with an accuracy of 79.16%, but it also greatly

enhances the possibility that users will frequently use
the system. The small compromise in absolute accuracy
is a beneficial trade-off for considerably enhanced
practicality and user experience, placing it as a tolerable
solution for real-world applications.

C. Sensor Comfort and Usability Evaluation

As described in the earlier section, a post-
experiment questionnaire was administered to evaluate
the comfort and usability of each sensor. The average
scores for each point and the overall comfort score
(mean of all six points) are presented in Table 4. Higher
scores indicate better comfort/usability. See Table 1 for
a detailed overview of the questionnaire items and
definitions.

The overall comfort scores were highest for PPG
(3.7) and ECG (3.5), followed by Eye Tracker (2.8) and
EEG (2.2). Participants noted that the ECG chest strap
was generally comfortable, though some found the
weight noticeable. The PPG ring was considered
comfortable and easy to wear, but it interfered with
hand movements during tasks. The EEG headset was
rated least comfortable, with frequent comments about
its intrusiveness, weight, and reluctance to wear for
extended periods. The Eye Tracker, while relatively
easy to wear (3.7), received low scores for comfort
(2.5) and extended wear (1.9).

V. DISCUSSION

A. Sensor Performance and Combination Benefits

This study evaluated the performance of various
sensors both in isolation and in combination. While the
Kruskal-Wallis test did not yield significant p-values,
the patterns observed in the effect sizes (Cohen's d) for
both accuracy and MAE provide evidence for the
reported performance and the benefits of sensor
combination.
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EEG has proved itself as the gold standard, showing
the highest performance among single sensors. Its
superiority derives from its ability to directly capture
neural oscillatory changes, which serve as some of the
most specific biomarkers for mental fatigue [20]. Our
findings show that these neural signatures remain
detectable, even when masked by the physiological
noise associated with physical fatigue. This was
evidenced by its superior mean accuracy (74.27%) and
MAE (0.79), supported by medium to large effect sizes
over other single sensors.

The robust standalone performance of eye-tracking
is quite noteworthy. While physical fatigue may
influence  pupil response, pupillometry has
demonstrated itself to be a reliable method for assessing
mental fatigue. This indicates that pupillometry
maintains its effectiveness, even in complex situations
where fatigue states overlap.

In contrast, cardiovascular measures (i.e., ECG and
PPG) were less effective on their own, mostly because
their signals were greatly overwhelmed by the body's
response to physical fatigue. This confounding factor
greatly limits their usefulness as standalone indicators
for purely mental fatigue in active scenarios. This was
reflected in the very large effect sizes when comparing
ECG to most other sensors.

However, there was a considerable improvement in
accuracy achieved through the combination of sensors.
The effect size analysis confirms this, showing, for
example, a massive improvement (d > 1.3 for accuracy,
d < 0.6 for MAE) when moving from ECG alone to the
top combinations. This suggests that, despite its noise,
cardiovascular data offers valuable complementary
information. This allows the combined model to
overcome the limitations of each sensor, creating a
more robust and accurate assessment system than a
single sensor can achieve.

When considering practical implementation, our
results support the pairing of ECG and eye tracking as
the most advantageous combination. Although the
combination of ECG, PPG, and eye tracking achieved
the highest accuracy (79.67%), the marginal
improvement over the ECG-eye tracker pair (79.16%)
is negligible (a difference of 0.51%, Cohen's d = 0.03
for accuracy, d = 0.16 for MAE) when weighed against
the practical drawbacks of the PPG sensor, which can
cause discomfort during extended wear and may hinder
manual tasks. Therefore, in scenarios that prioritize
long-term use, convenience, and minimal disturbance to
daily activities, the combination of ECG and Eye
Tracker emerges as the optimal choice. This pairing
offers a reliable estimation of mental fatigue levels
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while increasing the likelihood of user adherence. The
small compromise in absolute accuracy is a beneficial
trade-off for considerably improved practicality and
user experience, making this combination an effective
solution for real-world applications.

B. MAE Value

The notably low mean absolute error (MAE) value
of 0.52 obtained from the pairing of ECG and eye
tracker is arguably as important as the high accuracy
achieved by this pairing. In practical and real-world
applications, especially those in high-demanding
environments, it is not only important to achieve high
accuracy, but also to reduce the degree of error in
estimating mental fatigue levels. A system that
consistently misclassifies a "highly fatigued" state (e.g.,
level 8) as "moderately fatigued" (e.g., level 6) is far
more helpful and safer than one that sometimes
misclassifies it as "low fatigued" (e.g., level 2). The
MAE shows that our model's estimations are, on
average, very close to the actual subjective ratings. This
makes it notably well-suited for reliable fatigue
assessment in critical settings.

C. Sensor Comfort

The post-experiment comfort and usability
evaluation revealed practical considerations for real-
world deployment. Although the EEG sensor was the
most accurate, its low comfort score (2.2) means people
may not want to use it for long periods. Conversely, the
combination of electrocardiogram (ECG) and eye-
tracking shows a reasonable compromise in terms of
wearability. The ECG sensor attained a relatively high
comfort score (3.5), and the eye tracker, despite its
lower overall comfort score (2.8), was rated as easy to
wear (3.7). However, the low willingness to wear the
eye tracker for extended periods (1.9) indicates that
other combinations can be considered for long-term use.
These findings reinforce the recommendation to pair
the ECG with the eye tracker, as this configuration
offers an optimal balance between technical
performance and user acceptability.

It should be noted that the comfort and usability
ratings presented in this paper are specific to the sensor
models and wearing configurations used in this study
(MyBeat WHS-3 ECG, Ring O PPG, OpenBCI EEG
with saltwater electrodes, and Tobii Pro Glasses 3 eye
tracker). Different models or wearing positions may
yield different comfort profiles, though the relative
trends observed here are expected to inform future
wearable systems.
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D. Limitation

Several limitations need to be acknowledged in this
study. First, although the experimental setup was
intended to replicate real-world conditions, it may not
fully capture their complexity. In addition, the
homogeneity of the participant sample (only young
adult males) limits the generalizability of the findings to
broader populations, including females and individuals
from other age groups. A further limitation concerns
participants with visual impairments. The eye tracker
utilized in this study did not address these issues, which
may have influenced the progression of mental fatigue
throughout the experimental procedure. Moreover,
while we have outlined the subjective fatigue ratings,
there may still be subjectivity in the ratings used as the
ground truth in this study. Finally, although
environmental factors such as lighting and screen
brightness were strictly controlled to minimize
confounding effects on pupillometry, the specific
cognitive task used in this study may influence eye-
tracking metrics. This task involves visual conflict,
response inhibition, and sustained gaze fixation, and is
likely to elicit pupil and gaze responses that are
particularly sensitive to mental fatigue. If a different
cognitive task were employed, the eye tracker's
performance in estimating mental fatigue level might
differ. Consequently, the reported eye-tracking
performance should be interpreted in the context of the
specific experimental task.

VI. CONCLUSION AND FUTURE WORKS

A. Conclusion

In conclusion, this study shows that although
wearables can moderately estimate mental fatigue
levels in the context of physical fatigue using a single
sensor, a multi-sensor approach is necessary to achieve
higher accuracy and reliability. By combining ECG
data with eye tracking, a model can be developed that
achieves an accuracy of 79.16% and a mean absolute
error of only 0.52 on a 10-point scale. This study shows
that the combination of ECG and eye-tracker offers a
practical and accurate method for assessing mental
fatigue during physical fatigue. This leads to the
development of reliable fatigue monitoring systems in
critical domains, such as occupational safety and
athletic training. This study provides an empirical basis
for designing usable fatigue monitoring systems
capable of handling the complex interactions between
mental and physical fatigue.
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B. Future Works

Future work should test the sensor combinations on
other cognitive tasks (e.g., working memory, sustained
attention). This would indicate whether the findings
from this study are applicable not just to the Stroop task,
and help determine whether the sensors, especially the
eye tracker, perform well across different situations.
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