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ABSTRACT
This study investigates the relationship between mental workload (MWL) and full-body haptic haptic feedback dur-
ing an ADS-33 MTE-like precision hovering task involving fourteen participants. The task was conducted under
four conditions combining good and degraded visual environments (GVE/DVE) with or without haptic cues. Per-
ceived MWL was measured using the Bedford Workload Questionnaire (BWQ), while physiological signals, including
cardio-respiratory activity, brain activity (fNIRS), skin temperature, and electrodermal activity, were used as objective
indicators of cognitive load. Data were analyzed using univariate statistical tests and multivariate Generalized Linear
Mixed Models (GLMM). Results showed that haptic feedback significantly reduced perceived MWL, particularly in
degraded visual conditions. Physiological signals demonstrated sensitivity to workload variations, and the GLMM
explained up to 88% of the variance. Prediction performance peaked under the most demanding condition, suggesting
a stronger physiological response to increased cognitive load. These findings underscore the potential of haptic feed-
back to mitigate MWL in safety-critical operations and highlight physiological monitoring as a reliable approach for
future adaptive flight systems.

NOTATION

*

Acronyms

BWQ Bedford Workload Questionnaire

CLS China Lake Situational Awareness Scale

DVE Degraded Visual Condition

DVEH Degraded Visual Condition + Haptic

ECG Electrocardiography

EDA Electrodermal Activity

EMS Electrical Muscular Stimulation
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FAA Federal Aviation Administration

fNIRS functional Near-Infrared Spectroscopy

GLMM Generic Linearized Mixed Model

GVE Good Visual Condition

GVEH Good Visual Condition + Haptic

HF Human Factors

HMI Human-Machine Interaction

K-W Kruskal Wallis Test

LASSO Least Absolute Shrinkage and Selection Operator

MTE Mission Task Element

M-W Mann-Whitney U Test

MWL Mental Workload

NDI Nonlinear Dynamic Inversion

RCAH Rate Command/Attitude Hold

SA Situational Awareness

SPO Single Pilot Operation
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INTRODUCTION

Recent advances in neuroengineering have increased interest
in human-robot interaction, pushing the application of Human
Factors (HF) principles to Human-Machine Interaction (HMI)
systems. Users are more frequently required to interact with
autonomous platforms, demanding high standards of safety
and reliability. These interactions occur across both everyday
activities, such as driving, and safety-critical domains, includ-
ing air traffic control, aviation, space operations, and health-
care.

The aeronautical sector plays a key role in HF research due
to the forecasted transition toward Single Pilot Operations
(SPOs) and the continuous evolution of helicopter pilot train-
ing and flight operations. According to the Federal Aviation
Administration (FAA) (Ref. 1), helicopter missions rise sub-
stantial HF challenges due to their operational complexity and
demanding conditions. These environments contribute to el-
evated levels of physical and mental fatigue, increased stress,
and a higher risk of human error, all of which degrade com-
munication and decision-making performance. The U.S. Gov-
ernment Accountability Office (GAO) reports that approxi-
mately 90% of rotorcraft accidents are attributable to human
error (Ref. 2). Cognitive demands are particularly significant
during pilot training, where individuals often encounter un-
familiar scenarios without adequate experience. These chal-
lenges are further intensified by the high financial and tempo-
ral costs associated with training. In this context, reducing ex-
cessive mental workload (MWL) while enhancing situational
awareness (SA) is a central concern.

MWL is a complex, multidimensional construct that has been
extensively studied in the HF literature (Refs. 3–5). It relates
to attentional capacity, cognitive effort, and task performance,
varying according to task demands and individual capabili-
ties (Refs. 6–8). These cognitive processes are reflected in
physiological responses, with MWL being closely associated
with activity in the autonomic nervous system (Ref. 9). SA,
on the other hand, refers to the perception of environmen-
tal elements, their comprehension, and the projection of fu-
ture states relative to task objectives (Ref. 10). It is closely
linked to MWL, as increased cognitive demand can impair
SA (Ref. 11). Similarly, vigilance, the ability to sustain at-
tention over time, decreases with increasing workload, partic-
ularly in high-demand operational contexts (Ref. 12). Given
the sensitivity of both SA and vigilance to MWL, these con-
structs offer a unified framework for evaluating how multi-
modal cueing strategies can support cognitive performance in
complex environments.

Related Works

In aviation, HMI systems, where control and perception
are shared between a pilot and an intelligent agent, offer a
promising solution for managing complex vehicles such as
airplanes, helicopters, and drones (Refs. 13, 14). However,
current HMI models rely primarily on visual and vestibular
signals, often neglecting auditory and somatosensory inputs,

which can result in perceptual dissociation, particularly in
teleoperation scenarios, leading to reduced SA and increased
MWL (Refs. 15, 16).

Somatosensory feedback, including tactile and haptic cues,
has been shown to mitigate this dissociation by reinforcing
pilot awareness and engagement (Ref. 17). Multimodal cue-
ing, extensively studied in neuroscience and aviation, has
demonstrated benefits in SA, pilot training, and flight en-
velope protection (Refs. 18–21). Haptic interfaces, such
as force-feel sticks, support motor learning and task perfor-
mance (Refs. 22, 23), while full-body tactile systems and
Electrical Muscular Stimulation (EMS) improve perception
in Degraded Visual Environments (DVE) by encoding mo-
tion through continuous cueing strategies (Refs. 24–26). Sim-
ilarly, spatial audio cueing has shown potential in maintain-
ing Pilot-Vehicle System performance under sensory degra-
dation (Ref. 27). These findings highlight the promise of mul-
timodal feedback in enhancing pilot performance, though fur-
ther validation in real-world aviation operations is needed.

In this context, varying cueing modalities could significantly
affect MWL (Ref. 28), making its accurate estimation es-
sential for optimizing sensory cue combinations. MWL has
been commonly assessed through subjective questionnaires,
behavioral observations, and psychophysiological measure-
ments. However, the first two approaches lack real-time
feasibility and scalability in dynamic contexts, respectively
(Refs. 29, 30). Current biomedical sensing technologies al-
low real-time MWL estimation through physiological sig-
nals such as cardio-respiratory activity, electrodermal activ-
ity (EDA), skin temperature, eye movements, and brain activ-
ity (Refs. 31–35). Due to the complex and context-dependent
nature of MWL, no single physiological signal has proven
universally reliable. This complexity necessitates a multi-
modal approach, wherein multiple physiological signals with
demonstrated relevance to MWL are acquired, and a compre-
hensive analysis for identifying the most informative subset
for a specific application.

Motivation of work

Understanding the relationship between perceived MWL
and physiological responses is critical for designing reliable
human-machine interfaces in aviation. This study investigated
that relationship during a hover task based on the Mission
Task Element (MTE) described in the ADS-33E-PRF stan-
dard (Ref. 36), conducted using a motion-based VR simula-
tor, as introduced in (Ref. 37). Participants performed the
task under four cueing conditions, combining good and de-
graded visual environments with or without haptic feedback.
MWL was assessed using both subjective and physiologi-
cal metrics. Physiological signals included ECG, respiration,
functional near-infrared spectroscopy (fNIRS), electrodermal
activity (EDA), and skin temperature. These were selected
based on (i) prior evidence linking them to MWL, (ii) suitabil-
ity for integration into wearable systems for aviation use, and
(iii) compatibility with a unified, real-time acquisition plat-
form (Refs. 38,39). Subjective workload was measured using
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the Bedford Workload Questionnaire (BWQ) (Ref. 40), a val-
idated 10-level self-report scale commonly employed in avi-
ation research. The investigation was structured around three
hypotheses:

Hypothesis 1 (H1): Perceived workload (BWQ ratings) dif-
fers significantly between cueing modalities.

Hypothesis 2 (H2): Physiological responses vary meaning-
fully across cueing modalities when grouped by self-reported
MWL levels.

Hypothesis 3 (H3): A combined set of physiological fea-
tures can predict perceived MWL, with key predictors iden-
tifiable through multivariate modeling.

To evaluate H2, univariate analyses were used to examine the
sensitivity of each physiological metric to perceived work-
load levels. For H3, we implemented a multivariate frame-
work combining LASSO regularization with Generalized Lin-
ear Mixed Models (GLMM), enabling robust feature selec-
tion. This approach identified the most predictive physiologi-
cal markers and quantified their contributions to a multimodal
model of MWL.

This paper is structured as follows. The Materials and Meth-
ods section describes the test population, equipment, hover
test procedure, and data processing. The Results section out-
lines the analysis strategy to evaluate the relationship between
MWL and physiological responses. The Discussion interprets
the findings, and the Conclusions summarize the results and
suggest future directions.

MATERIALS AND METHODS

Overview

This study investigated the impact of multimodal cueing
strategies on pilot physiological signals and MWL during a
precision hover task, as illustrated in Fig. 1. The task setup
followed the MTE framework defined in the ADS-33E-PRF
standard (Ref. 36). Four experimental conditions were tested:

1. GVE (Good Visual Environment): Clear visibility with
no wind or external disturbances affecting the aircraft.

2. DVE (Degraded Visual Environment): Simulates dawn
or low-light daytime conditions, reducing visibility and
visual reference reliability.

3. GVE + H (Good Visual Environment with Haptic Feed-
back): Same as GVE, with the addition of haptic cues.

4. DVE + H (Degraded Visual Environment with Haptic
Feedback): Same as DVE, augmented by haptic feed-
back.

Precision Hover Task Participants were instructed to main-
tain a stable hover within specified tolerance limits for posi-
tion (longitudinal, lateral, and vertical) and heading. Desir-
able performance required staying within ±3 ft laterally and
longitudinally, ±2 ft in altitude, and ±5◦ in heading. Ade-
quate performance thresholds were defined as ±6 ft, ±4 ft,
and ±10◦, respectively. Each trial involved sustaining the
hover for 60 s, with participants completing 5 trials in total.
During the experiment, primary outcome measures included
positional deviation in the x, y, and z axes of the North-East-
Down (NED) coordinate frame, and heading error in degrees.
Additionally, pilot control input time histories were recorded
for further analysis.

Equipment

A full-body haptic system composed of the bHaptics
TactSuit X40 and Tactosy for Arms was used to
deliver vibrotactile feedback. The TactSuit included 40 ac-
tuators across the chest and back, while each arm sleeve con-
tained 6 actuators. Both components were wireless and com-
mercial devices. Participants used a motion-based VR sim-
ulator (Brunner NovaSim VR/MR), equipped with pro-
grammable rotorcraft inceptors, a 6-DOF motion platform
(±30◦, 2 rad/s), vibration seat cueing, and Varjo Aero VR
goggles for immersive visual feedback.

Physiological signals, including ECG, respiration, EDA, skin
temperature, and fNIRS, were recorded using biosignalsplux
Professional Kit and OpenSignals software at 1000 Hz. Sen-
sor placement was as follows:

• ECG Sensor: Measured heart activity (ECG); placed on
the thorax.

• Inductive RIP Sensor: Measured respiration via tho-
racic expansion; placed on the thorax.

• fNIRS Sensor: Captured hemodynamic response; posi-
tioned on the forehead (prefrontal cortex, PFC).

• EDA Sensor: Recorded electrodermal activity (EDA);
placed on the index and middle fingers.

• Temperature Sensor: Measured skin temperature;
placed on the ring fingertip.

Population

Fourteen pilots (13 males and 1 female) participated in the ex-
periments, with a mean age of 35 years (M = 35, SD = 15).
Among them, three held rotorcraft licenses, and three were li-
censed fixed-wing civilian pilots. The remaining participants
were unlicensed but had varying degrees of fixed-wing or ro-
torcraft flight experience. Only one participant had no prior
flight experience but was adequately trained to meet the per-
formance requirements of the tasks.
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Figure 1: Hover MTE scheme (Ref. 36).

Experimental Procedure

The experimental procedure, illustrated in Fig. 2, began with a
briefing session in which participants received detailed infor-
mation regarding the task objectives, procedures, and safety
considerations. Each session was conducted in a climate-
controlled room, maintained at a temperature of 71 ◦F and rel-
ative humidity of 50 %. After providing informed consent,
participants were equipped with the bHaptics suit and PLUX
physiological sensors.

A setup and calibration phase followed, lasting approximately
15 min, during which the haptic system was individually cal-
ibrated to determine personalized vibration intensity coeffi-
cients based on each participant’s tactile sensitivity. Once cal-
ibration was complete, participants underwent a 30 min in-
struction and practice session. This phase provided structured
guidance on the hover task and allowed participants to com-
plete practice trials under all cueing conditions to ensure fa-
miliarity and competency. Unlicensed participants received
prior training sessions on separate days to achieve the required
proficiency before the experimental session.

After training, participants were instructed to rest while base-
line physiological data were collected across the five moni-
tored signals (ECG, respiration, EDA, skin temperature, and
fNIRS).

Each participant completed the hover task under four cueing
conditions: GVE, GVE + H, DVE, and DVE + H. Each condi-
tion was repeated 5 times in a randomized order, with the con-
dition order counterbalanced across participants. Each trial
lasted 60 s, followed by a 30 s rest period. A longer rest of
approximately 5 min was provided between different cueing
conditions to minimize fatigue.

The full hover task session lasted approximately 1.5 h. In-
cluding consent, calibration, testing, rest breaks, and post-test

procedures, the total experimental duration was up to 2.5 h per
participant.

Following each cueing condition, participants completed two
subjective assessments: the BWQ for mental workload and
the China Lake Situational Awareness Scale (CLS) for SA
(Ref. 41). At the conclusion of the session, a 15 min debrief
and cleanup period was conducted, during which participants
removed the equipment, the haptic suits were sanitized, and
qualitative feedback was collected.

Simulation and Control Architecture

Flight Simulation Model The simulation and control frame-
work used in this study was based on the high-fidelity in-
frastructure described in Morcos et al. (Ref. 37). The ro-
torcraft flight dynamics were modeled using an in-house
MATLAB®/Simulink framework developed at the University
of Maryland. The software supported flexible configurations
of multi-rotor and fixed-wing systems, with aerodynamic in-
teractions between rotors and wings modeled through dy-
namic inflow, lifting-line theory, and Biot-Savart circulation-
based formulations. The fuselage was treated as a rigid body,
and rotor-on-rotor and rotor-wing aerodynamic effects were
explicitly accounted for. The flight simulation model had been
validated against flight test data and supports integration with
real-time human-in-the-loop simulation.

Flight Control Design The control architecture was based
on nonlinear dynamic inversion (NDI) (Refs. 42–55), pro-
viding a model-based approach to feedback linearization and
tracking of a desired reference model. The inner-loop design
supported Rate Command/Attitude Hold (RCAH) laws for
roll, pitch, and yaw, and altitude hold for the heave axis. An
outer-loop control law was implemented to track position and
velocity commands in the inertial frame using a reduced-order
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Figure 2: Overview of the experimental setup, including the procedure, test equipment, and configuration. The four modalities
were randomly assigned to each subject among: GVE, GVE+H, DVE, and DVE+H. The control system’s block diagram is

also reported.

Figure 3: Schematic of the closed-loop rotorcraft
dynamics (Ref. 37).

dynamic model. The outer-loop controller used PID compen-
sation with feedforward acceleration commands to ensure tra-
jectory tracking while maintaining sufficient frequency sepa-
ration from the inner loop to avoid pilot-induced oscillations.
Gains were selected to satisfy Level 1 handling qualities and
performance requirements as defined in ADS-33. The closed-
loop rotorcraft dynamics is reported in Fig. 3.

Haptic Feedback Cueing Strategy Haptic cues were as-
signed to the control deviations in roll, pitch, and yaw, and
were generated by a cueing algorithm that translated attitude

commands into actuator activation patterns. The haptic sys-
tem enabled intuitive, multi-axis guidance during position and
velocity tracking tasks. In hover tasks, the haptic feedback
directed the pilot toward a fixed point in space. The output
provided to the pilot through the bHaptics and the activation
of the tactors for pitch, roll, and yaw controls is reported in
Figure 2.

Software Architecture The full system was compiled into
C++ code using Simulink Coder and executed in a real-time
simulation loop. The simulation architecture comprised mod-
ules for vehicle dynamics, flight control, haptic cueing, and
visual rendering. A wrapper code synchronized data logging
and module communication. The pilot interacted with the sys-
tem through a VR-based motion simulator using Lockheed
Martin’s Prepar3D® with a VR plugin, ensuring full immer-
sion and accurate representation of cockpit dynamics. The
result was a robust, modular platform for investigating pilot
behavior, human-machine interaction, and haptic feedback ef-
ficacy in complex rotorcraft tasks.

Physiological Signal Processing

The signal processing of the five selected physiological sig-
nals (ECG, EDA, respiration, skin temperature, and fNIRS)
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followed the pipeline and the features extracted reported in
(Refs. 38, 39). A total of 81 features were extracted per trial:
11 from heart rate (HR) and heart rate variability (HRV), 8
from EDA including skin conductance level (SCL) and skin
conductance response (SCR), 10 from skin temperature, 14
from respiration (breath rate-related), and 38 from fNIRS
(temporal, statistical, and spectral domains).

Data Analysis

BWQ Scores Analysis To evaluate Hypothesis 1 (H1), per-
ceived MWL was assessed using the BWQ (Ref. 40), a 10-
level scale where 1 indicates minimal workload and 10 indi-
cates maximal workload. The BWQ was administered after
each cueing condition. To determine whether MWL scores
differed significantly across the four experimental modali-
ties, a Kruskal–Wallis (K–W) test was conducted. This non-
parametric test was chosen following preliminary checks for
normality (Shapiro–Wilk test) and homogeneity of variances
(Levene’s test). The significance threshold for all analyses
was set at p = .05.

Univariate Analysis of Physiological Features To test Hy-
pothesis 2 (H2), we performed univariate analyses to investi-
gate whether individual physiological features varied signifi-
cantly across perceived MWL levels. The analysis included
three phases: data preprocessing, workload classification, and
statistical testing.

Preprocessing. To account for inter-individual variability,
each physiological feature was baseline-corrected using the
percentage change from the subject’s resting baseline, as de-
fined in Equation 1:

Xcorr =
Xraw −Xbaseline

Xbaseline
(1)

After baseline correction, feature-level outliers were iden-
tified and removed on a per-participant basis using the in-
terquartile range (IQR) method, thereby minimizing noise
within each condition. Finally, all features were standardized
using z-score normalization for each subject individually, en-
suring scale consistency while preserving within-subject vari-
ability.

Workload Classification. Due to the limited sample size
(N = 14) and the fine granularity of the BWQ, we grouped the
scores into three broader workload levels: Relax, Low MWL,
and High MWL. Grouping was guided by distributional met-
rics (e.g., normality, skewness, kurtosis). The baseline condi-
tion was retained as a reference class.

Statistical Testing. A one-way Kruskal–Wallis test was used
to assess whether each physiological feature differed sig-
nificantly across workload classes. For features showing
significant main effects (p < .05), we conducted pairwise

Mann–Whitney U tests for post hoc comparisons, applying
Benjamini–Hochberg correction to control the false discovery
rate (α = .05).

Multivariate Analysis To test Hypothesis 3 (H3), we ap-
plied a multivariate regression approach to evaluate whether
combinations of physiological features could predict BWQ
scores. The model design accounted for repeated measures
and individual variability using mixed-effects modeling. Un-
like the univariate analysis, this approach used raw (non-
averaged) trial data and preserved the original 10-point BWQ
scale.

Preprocessing. As in the univariate case, features were
baseline-corrected using Equation 1, but individual trial-level
data were retained. Z-score standardization was again applied
per subject. Because the BWQ was scored at the condition
level, the same BWQ value was assigned to all five trials of
each modality per participant.

Modeling Pipeline. The multivariate framework consisted
of two main stages:

1. Feature Selection (LASSO): To reduce dimensionality
and avoid multicollinearity, we applied L1-regularized
linear regression (LASSO), selecting only features with
non-zero coefficients:

β̂ = argmin
β

{
1
2n

∥y−Xβ∥2
2 +λ∥β∥1

}
(2)

The optimal regularization parameter λ was determined
via 10-fold cross-validation.

2. Generalized Linear Mixed Model (GLMM): Selected
features were then used in a GLMM where subject iden-
tity was modeled as a random intercept:

BWQi = Xiβ +bs(i)+ εi (3)

• Xi is the vector of physiological features for trial i,

• β are fixed-effect coefficients,

• bs(i) ∼ N (0,σ2
b ) is the random effect for subject s,

• εi ∼ N (0,σ2) is the residual error.

The dataset per modality included five trials and one
baseline per subject, leading to:

nmodality = (5+1)×14×81 = 6804

Two evaluation strategies were used:
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• Global Fit: The overall model performance was quanti-
fied using marginal R2 (fixed effects) and conditional R2

(fixed + random effects), as described by Nakagawa and
Schielzeth (Ref. 56). We also reported AIC, BIC, and
log-likelihood metrics.

• Leave-One-Subject-Out (LOSO): To assess generaliz-
ability, a LOSO cross-validation was conducted. For
each modality, we reported the average R2

LOPO, RMSE,
and visual comparisons between true and predicted
BWQ scores.

RESULTS

This section reports the Data Analysis results in three parts: (i)
subjective MWL ratings from the BWQ, (ii) univariate anal-
ysis of physiological features clustered by MWL levels, and
(iii) multivariate analysis using feature selection and mixed-
effects modeling.

BWQ Perceived MWL

The subjective MWL perceived by participants, as measured
by the BWQ, is illustrated in Figure 4. Specifically, Figure 4a
presents boxplot distributions for each cueing modality, while
Figure 4b shows the overall distribution across all modalities.

Table 1 summarizes the results of the normality and homo-
geneity of variance tests. As the GVEH and DVE condi-
tions violated the normality assumption (p < .05), the non-
parametric K-W test was used to evaluate H1. The anal-
ysis revealed a significant main effect of cueing modality,
H(3) = 9.69, p = .02, indicating that perceived MWL dif-
fered significantly across conditions.

Furthermore, the overall distribution shown in Figure 4b ex-
hibited a significant deviation from normality (p < .001, W =
0.90), though the distribution remained approximately sym-
metrical, as indicated by a low skewness value of 0.275. De-
spite the departure from normality, the distribution was con-
sidered roughly centered around the median (median = 4), jus-
tifying the use of non-parametric analysis as a first approxima-
tion.

CLS results related to SA subjective perception for each
modality are reported in the Appendix.

Table 1: Shapiro–Wilk test for normality and Levene’s test
for homogeneity of variance for each BWQ distribution

across cueing modalities.

Modality Normality Test Homogeneity of Variance

p W F(3,52) p

GVE .106 .898

0.239 .8685GVEH .025 .854
DVE .021 .849
DVEH .351 .934

Table 2: Frequency counts of encoded BWQ ratings (0 = low,
1 = medium, 2 = high) per cueing modality in the Bedford

dataset.

Modality Relax Low MWL High MWL

DVE 0 10 57
DVEH 0 32 35
GVE 0 45 25
GVEH 0 55 14
Baseline 14 0 0

One-way analysis

To assess H2, BWQ scores were discretized into three cog-
nitive states based on their symmetrical distribution: Relax
(baseline), Low MWL (BWQ ≤ 4), and High MWL (BWQ
> 4). This classification led to an unbalanced number of ob-
servations across modalities and workload levels, as shown
in Table 2. The variation in counts per condition reflects the
removal of outliers discussed in the previous section.

Given the large number of statistical comparisons (81 features
across 4 modalities), the results are summarized visually. Fig-
ure 5b shows, for each modality, the number of features as
percentage respect to the initial number that reached signifi-
cance at successive stages of the analysis: (i) Kruskal–Wallis
(K-W) test, (ii) one, (iii) two, or (iv) all three Mann–Whitney
(M-W) post hoc comparisons (with Benjamini–Hochberg cor-
rection).

Figure 5c to 5f further presents these results by physiological
signal, ECG, EDA, temperature (T), respiration (RESP), and
fNIRS, highlighting the contribution of each signal to statisti-
cal significance in all modalities.

Over 30% of features reached significance in the K-W test,
and over 20% in at least two post hoc comparisons. How-
ever, all modalities showed less than four features consistently
significant across all MWL levels. Notably, DVE showed
no fully significant features. Cardio-respiratory, tempera-
ture, and fNIRS signals demonstrated the highest sensitivity
to MWL variation, while EDA remained the least informative,
highlighting its limited sensitivity in workload classification
within this experimental context, in accordance with previous
studies reported in (Ref. 26).

Multivariate Analysis

The results of the multivariate analysis using the LASSO +
GLMM pipeline are summarized in Table 3. Overall, the total
variance explained by each model, as indicated by the condi-
tional R2 (R2

cond), reached 85-88% across all modalities. The
variance explained by the fixed effects alone (R2

marg), driven
by the physiological features, was substantial in each case,
and particularly high in the most cognitively demanding con-
dition, DVE. This is further supported by the ∆R2 (the differ-
ence between conditional and marginal R2), which reaches its
minimum in the DVE condition, indicating a lower relative
contribution from subject-specific random effects.
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(a) BWQ rating per modality. (b) Overall BWQ rating.

Figure 4: BWQ ratings output. Figure 4b shows the questionnaire results grouped by modality, while Figure 4b reports its
overall distribution, highlighting the median value.

Table 3: Model performance metrics for each modality using LASSO feature selection followed by GLMM with LOSO
cross-validation.

Modality Features λ R2
LOSO RMSE R2

marg R2
cond ∆R2 AIC BIC logLik

GVE 17 0.249 0.13 2.24 0.47 0.88 0.42 292.0 340.0 -126.0
GVEH 25 0.079 0.01 2.06 0.50 0.85 0.35 298.0 366.0 -121.0
DVE 15 0.238 0.40 2.12 0.62 0.87 0.25 304.0 347.0 -134.0
DVEH 16 0.189 0.30 1.85 0.49 0.86 0.36 284.0 329.0 -123.0

Model fit indices (AIC, BIC, and log-likelihood) reported
comparable values across modalities, suggesting similar
model adequacy. Variations in the LASSO regularization pa-
rameter λ highlight differences in model sparsity. Specifi-
cally, a lower λ value in the GVE condition resulted in a
denser model with a greater number of selected features.

Regarding generalization performance, the LOSO cross-
validated R2 (R2

LOSO) remained below 40% across all modali-
ties. This outcome reflects the limited number of participants
relative to the complexity of the cognitive model under in-
vestigation, and the necessity of incorporating a substantial
number of physiological features. Despite this, the results are
informative: the DVE condition, associated with the highest
workload, led the best predictive performance with R2

LOSO =
0.40, suggesting strong potential for future development. In
contrast, the lowest-performing model was observed in the
GVEH condition, which corresponded to the least cognitively
demanding task and exhibited near-zero cross-validated pre-
dictive ability.

Figure 6 shows the mean standardized regression coefficients
for each physiological signal across the four cueing modal-
ities. These values reflect the relative contribution of each

signal to the GLMM prediction of perceived MWL, based
on the features selected through LASSO regularization. Con-
sistent with findings reported in (Ref. 26), cardio-respiratory
(ECG, RESP) and neural (fNIRS) signals exhibit the highest
importance across all conditions. Temperature (T) shows in-
termediate influence, while electrodermal activity (EDA) con-
sistently contributes the least to the model, indicating a lower
predictive value relative to the other physiological variables.
The regression prediction results are reported in the Appendix,
confirming a trend of higher predictive performance in the
more cognitively demanding conditions (DVE and DVEH),
and lower performance in less demanding scenarios such as
GVE and GVEH.

DISCUSSION

The purpose of this research was to study the relationship be-
tween perceived MWL and the response of physiological sig-
nals during a hover task in a motion-based VR immersive sim-
ulation environment. The hypotheses H1 to H3 were proposed
to address each aspect of this relationship (subjective percep-
tion, univariate and multivariate physiological characteristics
responses). Since each hypothesis addressed a different aspect
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Figure 5: This Figure reports for each modality and physiological signal the percentage of significant features for each
statistical analysis step.

of this relationship, the following section is structured around
them to highlight and discuss key findings and their impact on
HF research.

BWQ perceived mental workload

Hypothesis H1 proposed that perceived workload, as mea-
sured by the BWQ, would significantly differ across cueing
modalities. This hypothesis was supported by the results
shown in Figure 4a and confirmed by the non-parametric K-W
statistical analysis. In particular, modalities involving haptic
feedback, both in good visual environments (GVEH) and de-
graded visual environments (DVEH), showed a clear and sig-
nificant reduction in perceived MWL compared to conditions
without haptic cues. This difference was especially evident
under degraded visual conditions.

These findings are consistent with previous studies (Refs. 26,
37), reinforcing the idea that haptic feedback can help mitigate
cognitive load even in high-fidelity simulation environments.
This effect is particularly relevant in demanding operational
scenarios, such as hovering tasks, where reducing MWL is
critical for maintaining safety.

The results support the hypothesis that when a primary sen-
sory modality, such as vision, is impaired due to external
factors (e.g., degraded visual conditions), the introduction
or enhancement of alternative sensory channels (e.g., hap-
tics), which are not typically relied upon, can compensate

for this deficit. This multisensory integration may restore the
perceived cognitive effort to a level comparable to less de-
manding situations, such as those with good visual conditions
(GVE). In particular, the similarity in perceived workload dis-
tributions between the GVE and DVEH conditions reports
empirical support for this interpretation.

One-Way Analysis of Physiological Features

Hypothesis H2 aimed to investigate the effect of varying
workload levels on individual features extracted from five
physiological signals. Given the limited sample size, the orig-
inal ten-point BWQ ratings were grouped into a three-level
scale to ensure more robust and reliable statistical compar-
isons.

As illustrated in Figure 5b, each cueing modality reported
over 30% of the initially extracted 81 features as statistically
significant. Significance was determined based on the pres-
ence of at least one statistically meaningful difference in the
three post-hoc Mann–Whitney comparisons. As discussed
in prior studies (Refs. 38, 39), this result suggests that many
physiological features are effective at distinguishing between
a relaxed (baseline) state and a cognitively engaged state.
However, fewer features are sensitive enough to differentiate
reliably across all three workload levels.

Figure 4a further contextualizes this by showing that, despite
variability in the perceived MWL distributions across modal-
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Figure 6: Physiological signals importance in multivariate model regression per modality.

ities, the absolute median BWQ ratings typically fall within a
narrow range of approximately 3.5. This indicates that while
differences in perceived workload exist between conditions,
they are relatively subtle. As a result, clustered analysis may
not capture fine-grained distinctions in feature responsiveness,
even though it remains effective in identifying general trends.

Nonetheless, consistent patterns were observed. Features de-
rived from cardiorespiratory activity, skin temperature, and
brain signals showed the highest number of significant effects
across conditions. Conversely, EDA showed the fewest sig-
nificant features, likely because EDA is more responsive to
acute stress responses (e.g., ”fight-or-flight” response) than to
the more sustained cognitive demands emphasized in this ex-
perimental task.

Multivariate Analysis

Since Hypothesis H2 aimed to explore general relationships
between physiological signals and MWL, a multivariate ap-
proach was necessary to capture the complexity of this multi-
factorial construct.

To this end, a LASSO + GLMM model was applied with two
main goals: (i) to evaluate the model’s ability to explain vari-
ance in the dataset, and (ii) to identify which physiological
signals contributed most significantly to the regression.

Table 3 presents the model results. Despite relatively subtle
variations in MWL, the model explained up to 60% of the
variance (R2

marg), particularly in the most demanding condi-
tion (DVE). The gap between marginal and conditional R2

values (∆R2) highlights the importance of inter-subject vari-
ability, reinforcing the idea that MWL is highly dependent on
both individual and contextual factors. By modeling subject-
specific effects as random factors, the conditional R2 (R2

cond)
increased to values between 0.85 and 0.88, indicating that a
physiologically-based model accounting for subjectivity can
explain the majority of the variance. As expected, the lim-
ited sample size resulted in moderate predictive performance.
RMSE remained around 2, and LOSO cross-validation R2

(R2
LOSO) peaked at 0.4 in the DVE condition. Nevertheless,

these values are promising considering the dataset size and
suggest that larger datasets could lead to substantially im-
proved predictive accuracy. Notably, the best prediction per-
formance occurred in the highest workload condition, in line
with previous findings (Ref. 26) showing that more demand-
ing tasks produced more reliable physiological responses for
MWL estimation.

Figure 6 shows the mean standardized coefficients of the fea-
tures selected through LASSO regularization, quantifying the
contribution of each signal type to the regression. Consis-
tent with the one-way analysis, EDA was the least influen-
tial across all modalities. In contrast, signals more strongly
linked to autonomic activation in response to external work-
load demands, such as cardiorespiratory features and fNIRS,
provided the highest contributions. These effects were most
pronounced in the DVE condition, followed by DVEH and
GVE, with the lowest contributions observed in GVEH. In-
terestingly, this trend contrasts with the subjective MWL lev-
els reported via the BWQ in Figure 4a, suggesting a possible
divergence between perceived workload and physiological in-
dicators in specific cueing conditions.

Limitations and Future Directions

This study has several limitations, primarily the small sam-
ple size, which reduces the generalizability of the findings, as
shown by the modest LOSO cross-validation performance in
the multivariate regression. However, the main goal was to
provide foundations for future experimental campaigns that
can build on these results and re-evaluate the proposed hy-
potheses with a larger and more diverse participant pool. As
noted earlier, the hovering task stimulated varying MWL lev-
els, but the granularity of these differences was limited. Fu-
ture studies should incorporate more distinct workload con-
ditions, for example, through external disturbances or sec-
ondary tasks, to produce stronger physiological responses and
better validate the observed trends. To address these limita-
tions, future work should increase the number of participants
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and improve task difficulty differentiation. Additionally, inte-
grating behavioral and performance metrics could strengthen
model predictions and support the development of a hybrid
behavioral-physiological framework for MWL estimation.

CONCLUSION

This study explored the relationship between physiological
signals and MWL in a motion-based VR helicopter hover task,
using a high-fidelity flight model (Ref. 37). The experiment
involved four cueing modalities based on the ADS-33 MTE
hover task (Ref. 36), combining visual conditions (good and
degraded) with or without haptic feedback. ECG, EDA, res-
piration, fNIRS, and skin temperature were recorded and an-
alyzed in relation to perceived MWL. Key findings include:

1. Full-body haptic feedback significantly reduced per-
ceived MWL in both visual conditions, with the DVEH
condition lowering workload levels to those comparable
with GVE. This confirms the benefit of multimodal cue-
ing in challenging flight scenarios.

2. Physiological signals, particularly those reflecting au-
tonomic activity (cardio-respiratory and brain-related),
were sensitive to changes in MWL, supporting their rel-
evance for cognitive state monitoring in realistic opera-
tional contexts (Ref. 26).

3. The multivariate LASSO + GLMM model explained up
to 88% of the variance when accounting for individ-
ual differences, though limited generalizability was ob-
served due to the small sample size.

4. Prediction performance was highest under the most de-
manding condition (DVE), indicating stronger physio-
logical responses under higher cognitive load.

Overall, the results highlight the potential of haptic feedback
to reduce MWL in safety-critical scenarios like helicopter
hovering. Physiological monitoring proved to be a reliable
approach for assessing MWL, and future work should explore
hybrid behavioral-physiological models to enhance prediction
accuracy and support integration into next-generation flight
systems.
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APPENDIX

CLS Perceived SA

As discussed in the Introduction, situational awareness (SA)
and mental workload (MWL) are closely related cognitive
constructs. While the primary focus of this study was on
cognitive load, subjective SA was also evaluated to align
with literature suggesting that increasing the number of sen-
sory channels, particularly under high-demand conditions,
can enhance SA. To assess this, the China Lake Situational
Awareness scale (CLS) (Ref. 41) was employed. This 5-point
scale ranges from 1 (very good SA) to 5 (extremely poor SA
perception).

Figure 7 presents the SA scores reported by the 14 partici-
pants across the different conditions. Consistent with trends
observed in MWL assessments and prior studies, haptic
feedback led to improved SA, particularly under degraded
visual conditions. Specifically, the median difference be-
tween the GVE and GVEH conditions was small (0.5),
whereas a more pronounced difference (1.5) and distinct
distribution patterns were observed between the DVE and
DVEH conditions, reinforcing the positive impact of haptic
feedback on SA in challenging environments.

Figure 7: CLS ratings output.

Multivariate Regression Prediction Results

The results of the multivariate regression analysis are pre-
sented in the following figures. These results were obtained
using Leave-One-Subject-Out (LOSO) cross-validation. Fig-
ures 9 to 12 show the predicted versus actual MWL (BWQ)
scores for each participant across the four experimental con-
ditions. Each data point represents a single trial, with par-
ticipants distinguished by color, as indicated in the legend
(Figure 8). This visualization highlights the model’s ability
to generalize across individuals and conditions.

Participant
1 2 3 4 5 6 7
8 9 10 11 12 13 14

Figure 8: Legend for true vs. predicted MWL (BWQ) plots.
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Figure 9: True vs. predicted MWL (BWQ) in GVE.

14

https://www.rotorcraft-forum.eu/
https://www.rotorcraft-forum.eu/


0.0

2.5

5.0

0 2 4 6 8
Workload BWQ (real) [−]

W
or

kl
oa

d 
B

W
Q

 (
pr

ed
ic

te
d)

 [−
]

Figure 10: True vs. predicted MWL (BWQ) in GVEH.
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Figure 11: True vs. predicted MWL (BWQ) in DVE.
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Figure 12: True vs. predicted MWL (BWQ) in DVEH.
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