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ABSTRACT

Pilot cognitive workload is a critical determinant of task performance, decision-making 
quality, and overall flight safety, rendering its objective and accurate assessment 
essential. However, current cognitive load assessment methods rely mainly on 
electroencephalography (EEG) signals that are easily disturbed, which limits their 
real-world use. Therefore, this study focuses on assessing pilot cognitive workload in 
realistic application scenarios, and proposed a multimodal assessment method of pilot 
cognitive workload base on electrocardiography (ECG) and eye-tracking signals, which 
their have high reliability and applicability. Firstly, flight tasks with graduated difficulty 
were designed in a simulated environment to induce three distinct levels of cognitive 
workload, and at the same time, the pilots are required to complete corresponding 
Overall Workload Scale (OWL) and the NASA Task Load Index (NASA-TLX) scale in 
different flight tasks. In the objective assessment, the multimodal signals of the pilot were 
collected based on ECG and eye-tracking signals for feature extraction. Then, effective 
feature indicators were selected using ANOVA, and redundant features were removed 
through Spearman correlation analysis. Finally, a multimodal pilot cognitive workload 
assessment model based on ECG and eye-tracking signals was built using a stacking 
ensemble learning framework with decision-level fusion. Results demonstrated the 
effectiveness of the workload task paradigm. Subjective ratings increased progressively 
with task difficulty, as confirmed by both NASA-TLX and OWL. Physiological analysis 
revealed distinct trends under increased workload. For ECG metrics, heart rate rose 
significantly, while heart rate variability indices—specifically Mean NN, RMSSD, LF, HF, 
TP, and Lempel-Ziv complexity—demonstrated significant decreases. Regarding ocular 
metrics, fixation duration, blink interval, and pupil diameter increased significantly, 
whereas saccade duration and blink frequency decreased. Following feature refinement 
via Spearman correlation analysis to remove redundancy (coefficient > 0.8), eleven key 
features were retained: six ECG features (Heart Rate, RMSSD, LF, HF, ApEn, and Lempel-
Ziv complexity) and five eye-tracking features (Fixation Duration, Saccade Duration, 
Blink Count, Blink Interval, and Pupil Diameter). Based on these refined features, 
the multimodal assessment model, built with a stacking ensemble framework using 
decision-level fusion and employing Random Forest and K-Nearest Neighbors as base 
classifiers for ECG and eye-tracking data, achieved an accuracy of 0.959. Collectively, 
these findings substantiate the validity and sensitivity of fusing ECG and ocular metrics, 
providing critical data and technical support for the advancement of pilot physiological 
monitoring and early-warning systems.
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INTRODUCTION

Cognitive workload refers to the mental resources required to meet task 
demands during perception, decision making, and control (Kosch et al., 2023). 
In flight operations and training, cognitive workload is critical because it 
directly constrains information processing and control performance (K et al., 
2020) and serves as a key state input for human-machine interface design 
and human-machine function allocation (Lim et al., 2018; Buerkle et al., 
2022; Pei et al., 2024).

Previous studies have shown that cognitive workload is associated with 
changes in performance, situational awareness, and decision quality during 
flight tasks (Nadri et al., 2024). Manipulations of task structure and control 
demands can induce variations in cognitive workload (Mohanavelu et al., 2022). 
However, in structured flight tasks, the reliability and sensitivity with which 
cognitive workload differences induced by task manipulations can be captured 
across task conditions remain insufficiently characterized, particularly when task 
difficulty levels are closely spaced and cognitive demands change dynamically 
(K et al., 2020). Under such conditions, task performance is often maintained, 
which further complicates the detection of subtle workload variations.

In this context, existing approaches to cognitive workload assessment in 
aviation mainly rely on subjective rating scales, task performance metrics, 
and physiological signals. Subjective measures provide direct insights 
into perceived workload but suffer from recall bias and limited temporal 
resolution (Nikolai von et al., 2022). Performance-based indicators reflect 
task outcomes but are often insensitive to internal cognitive state changes 
when performance is maintained (Nadri et al., 2024). As a result, physiological 
measures have been increasingly adopted because they enable continuous 
and objective observation of internal cognitive states during task execution 
(Boere et al., 2024; Das Chakladar and Roy, 2024). Existing studies in 
aviation and related domains have investigated workload-related changes 
using a range of physiological signals, including electroencephalograph 
(EEG), eye movement, and electrocardiography (ECG). EEG-based features, 
such as spectral power distributions and connectivity patterns, are sensitive 
to changes in cognitive workload (Taheri Gorji et al., 2023; Naseri et al., 
2025). In contrast, eye-tracking measures provide information about how 
attention is allocated and how visual scanning strategies change as task 
demands increase (Efetürk et al., 2022; Li et al., 2025). Workload-related 
changes in autonomic regulation have been examined using ECG, which 
reflects physiological responses associated with mental effort and stress 
(Bipro et al., 2023; Guo and Wu, 2025). Together, these findings suggest that 
physiological signals can reveal workload variations that may not be evident 
from performance measures alone, particularly when task performance 
remains stable.

However, current research predominantly relies on single-modality 
physiological signals, and multi-physiological workload assessment 
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approaches still largely depend on EEG as the primary information source 
(Aygun et al., 2022; Chen et al., 2025; Liu et al., 2025). Although EEG is 
sensitive to cognitive state changes, it is vulnerable to motion artifacts and 
environmental interference (Hossain et al., 2022), which limits its robustness 
in operational settings. These constraints pose challenges for practical 
deployment in real flight environments. Therefore, considering feasibility 
and applicability, the present study adopts a multi-physiological approach 
based on eye-tracking and ECG to assess cognitive workload in structured 
and dynamic flight tasks.

EXPERIMENTAL DESIGN

Material and Procedure

Flight simulation was conducted using the DCS World software (Eagle 
Dynamic SA) with the Su-27 fighter aircraft model. Three flight tasks of low, 
medium, and high difficulty were designed to elicit corresponding levels of 
cognitive workload.

Low difficulty: A 10 min daytime visual cruise flight under clear, windless 
conditions at 650 kt and 1,500 ft, passing four predefined waypoints.

Medium difficulty: A 10 min standard traffic pattern under daytime visual 
meteorological conditions at 270 kt and 1,500 ft (Liu et al., 2023).

High difficulty: A 10 min standard traffic pattern under instrument flight 
conditions in cloudy, windy weather, with a 22 kt crosswind and 1,500 ft 
visibility.

The experiment was structured into three stages, each containing low, 
medium, and high difficulty flight tasks. To minimize order effects, the three 
difficulty conditions within each stage were presented in a randomized 
sequence. Each difficulty level was completed once per stage, and participants 
filled out the Over Workload Scale (OWL) immediately after each task to 
report their perceived workload. After completing all stages, participants 
also completed the NASA-TLX scale to provide a comprehensive workload 
evaluation for each difficulty condition. The experimental procedure is 
shown in Figure 1.

Figure 1: Procedure of the experiment.
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During all flight tasks, physiological data were continuously recorded 
to assess cognitive workload. Eye-tracking data were collected using Tobii 
Pro Glasses 3 at a sampling rate of 100 Hz. The eye-tracking device was 
worn by participants throughout task execution to capture gaze behaviour 
during flight operations. ECG signals were recorded using a BIOPAC MP160 
system (BIOPAC Systems, Inc., Goleta, CA, USA) with an RSPEC-R amplifier 
module at a sampling rate of 500Hz. Both physiological data streams were 
recorded continuously across all experimental stages and were temporally 
aligned with the flight simulation timeline to ensure correspondence between 
task execution and physiological responses.

Participants

A total of 30 male pilot trainees participated in this study, with an average 
age of 23.0 years (SD = 2.26). All participants had normal or corrected-to-
normal vision, normal hearing, and no history of psychiatric or neurological 
disorders. They were instructed to avoid alcohol and caffeine before the 
experiment and to maintain at least eight hours of sleep.

Before data collection, all participants received training and signed 
informed consent forms to ensure familiarity with the flight simulator and a 
full understanding of the experimental tasks. The experiment was conducted 
at Beihang University and was approved by the Biological and Medical Ethics 
Committee of Beihang University.

EXPERIMENTAL RESULTS

Subjective Data 

For subjective data, reliability of the Overall Workload Scale (OWL) was 
verified using the intraclass correlation coefficient (ICC). ICC values across 
all difficulty levels exceeded 0.5 (low: 0.596; medium: 0.501; high: 0.730), 
confirming satisfactory repeatability. Averaged OWL scale scores, which 
followed a normal distribution (Shapiro–Wilk test), were analysed via 
one-way ANOVA and Tukey’s post hoc tests. Results revealed significant 
differences across the three task levels (p < 0.05), with distinct pairwise 
differences between all conditions (see Figure 2). 

NASA-TLX scale scores were calculated using a weighted pairwise 
comparison of its six dimensions. Following a Shapiro–Wilk test, a one-way 
ANOVA and Tukey’s post hoc tests revealed highly significant differences in 
overall workload across the three difficulty levels (p < 0.0001) , as shown 
in Figure 3. Furthermore, because cognitive workload is conceptually tied 
to the “mental demand” dimension, this sub-scale was analysed separately. 
As mental demand scores were non-normally distributed, non-parametric 
tests were employed, revealing highly significant variations (p < 0.0001) that 
were more pronounced than other dimensions. These findings indicate that 
while both overall workload and mental demand scaled with task difficulty, 
mental demand served as a more sensitive indicator of the cognitive load 
shifts induced by the experimental design. These results demonstrate that 
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the experimental tasks effectively induced the intended cognitive workload 
levels, validating the sensitivity and rationality of the task design.
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Figure 2: Relationship between OWL scale scores and task difficulty.

Figure 3: Overall NASA-TLX scale scores and mental demand scores across different 
task difficulty levels.

ECG Data 

To enhance signal stability and R-wave detection accuracy, raw ECG data 
were processed using a 0.5 Hz high-pass filter to eliminate respiratory and 
motion-induced baseline drift, followed by a 50 Hz notch filter to remove 
power-line interference. A 20 Hz low-pass filter was then applied to suppress 
high-frequency noise. Post-preprocessing, 11 ECG-derived features were 
extracted using a 1-minute sliding window with a 30 s step size, including 
time-domain (HR, MeanNN, SDNN, RMSSD)(Chen et al., 2025), frequency-
domain (LF, HF, TP, LF/HF), and nonlinear metrics (ApEn, FuzzyEn, LZC)
(Germán-Salló, 2019).

One-way ANOVA was performed to analyze the ECG-derived indices 
across low, medium, and high workload conditions, and the results are 
shown in Figure 4 below. As could be seen from Figure 4, increasing task 
difficulty induced significant modulation of the autonomic nervous system. 

Specifically, under high-load conditions, the significant increase in HR 
(p < 0.05) alongside the reduction in MeanNN (p < 0.05) and RMSSD 
indicated heightened sympathetic activation and attenuated parasympathetic 
regulation. In the frequency domain, a general decline in LF, HF, and TP, 
combined with an elevated LF/HF ratio, reflected a suppression of total 
autonomic activity and a distinct shift toward sympathetic dominance. 
Furthermore, the increase in ApEn suggested greater short-term irregularity 
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in heart rate sequences under stress, whereas the decrease in other nonlinear 
metrics pointed to a reduction in overall signal complexity.

To ensure the quality of the final feature set, metrics were filtered based 
on statistical significance and redundancy. Regarding the ECG data, non-
significant features were excluded based on the preceding significance 
analysis. A Spearman correlation analysis was then performed on the 
remaining features to identify and eliminate redundancy, with a correlation 
coefficient threshold of 0.8. As illustrated in the Figure 5, six features were 
ultimately retained: HR, RMSSD, LF, HF, ApEn, and LZC.

Figure 4: Differences in ECG indicators across cognitive workload levels.

Figure 5: Results of correlation analysis of ECG indicators.

Eye-Tracking Data

Eye-tracking data were initially imported into the Tobii Pro Lab software, 
where valid segments were isolated based on the onset and completion times 
of the experimental tasks. Following standardized preprocessing, including 
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filtering and smoothing to ensure data integrity, seven representative metrics 
were extracted using a 1-minute sliding window (see Table 1)(Chen et al., 
2025).

To evaluate the sensitivity of these metrics, a one-way ANOVA was 
performed across the three conditions. The results are shown in Figure 6 
below. As could be seen from Figure 6, all eye-tracking metrics exhibited 
significant differences across varying cognitive workload levels (p < 0.05). 
These findings demonstrate that the selected eye-tracking indices effectively 
characterize shifts in cognitive demand, validating their utility as objective 
measures of task-induced workload.

Building upon these significant results, a correlation analysis was 
subsequently conducted to address collinearity, as illustrated in the figure 
below. After removing redundant variables, five features were preserved: 
Fixation duration, Scanning duration, Blink frequency, Blink interval, and 
Pupil diameter.

Table 1: Eye-tracking metrics.

Metrics Description
Fixation duration (s) The cumulative duration of all fixation behaviours within a 

1-minute window

Fixation frequency The number of fixations within a 1-minute window

Scanning duration (s) The cumulative duration of scanning within 1-minute

Scanning frequency The frequency at which eye movement rapidly jumps from one 
fixation point to another within 1 minute

Blink frequency The number of blinks within 1-minute

Blink interval (s) The average time interval between two consecutive blinks

Pupil diameter (mm) The average pupil size within 1-minute

Figure 6: Differences in Eye-tracking metrics across cognitive workload levels.
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Figure 7: Results of correlation analysis of Eye-tracking metrics.

COGNITIVE LOAD ASSESSMENT MODEL

To avoid redundancy and noise propagation caused by direct feature 
concatenation, and to preserve the independence and complementarity of 
each modality, a Stacking-based multimodal fusion approach was employed 
for decision-level integration of eye-tracking and ECG data(Wang et al., 
2025).

Initially, cognitive workload was modelled for individual modalities using 
five machine learning methods: logistic regression (LR), k-nearest neighbours 
(KNN), support vector machine (SVM), random forest (RF), and adaptive 
boosting (AdaBoost). Comprehensive evaluations indicated that RF achieved 
the highest standalone performance across both modalities, as shown in 
Table 2 and Table 3. 

Table 2: Performance of ECG-based models for cognitive workload classification.

Algorithm Precision Accuracy Recall F1 Score

LR 0.378 0.408 0.363 0.316

KNN 0.707 0.708 0.705 0.706

SVM 0.473 0.499 0.465 0.456

RF 0.881 0.889 0.879 0.881

AdaBoost 0.803 0.803 0.802 0.802

Table 3: Performance of eye-tracking-based models for cognitive workload 
classification.

Algorithm Precision Accuracy Recall F1 Score

LR 0.511 0.496 0.497 0.483

KNN 0.667 0.664 0.660 0.659

SVM 0.609 0.604 0.602 0.602

RF 0.710 0.707 0.705 0.705

AdaBoost 0.567 0.560 0.560 0.560

However, to enhance model diversity within the Stacking framework, 
RF was selected for the ECG modality, while KNN was chosen for the eye-
tracking modality. Despite RF’s superior standalone accuracy for eye-tracking, 
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integrating a distance-based learner (KNN) with a tree-based ensemble 
learner (RF) creates a heterogeneous ensemble. This configuration leverages 
complementary decision logics to capture distinct feature patterns, thereby 
reducing the correlation of prediction errors and minimizing generalization 
risk. For the meta-learner, Logistic Regression (LR) was employed to integrate 
the outputs from the base learners. This fusion approach yielded superior 
performance, achieving an accuracy of 0.9599, precision of 0.9598, recall of 
0.9589, and an F1-score of 0.9593. 

These results demonstrate that decision-level multimodal fusion can 
effectively exploit the complementary characteristics of eye-tracking and ECG 
signals, leading to more robust and reliable cognitive workload classification 
than single-modality models.

CONCLUSION

This study demonstrates that both electrocardiographic and ocular 
physiological signals provide effective representations of cognitive workload 
transitions during structured flight tasks. Increased workload was consistently 
associated with elevated heart rate and pronounced reductions in heart rate 
variability indices, including MeanNN, RMSSD, and frequency-domain 
parameters. In parallel, eye-tracking measures exhibited longer fixation 
durations, larger pupil diameters, and extended blink intervals, accompanied 
by reduced saccade duration and blink frequency. Together, these convergent 
physiological responses confirm the discriminative capability of both ECG 
and eye-tracking modalities for cognitive workload assessment.

Among the five evaluated machine learning methods, Random Forest 
(RF) achieved the highest classification accuracy for both ECG- and eye-
tracking-based single-modality models. The ensemble tree architecture of 
RF proved particularly effective in capturing non-linear relationships and 
complex statistical patterns within physiological data streams, indicating its 
suitability for standalone cognitive workload modelling.

Building upon these single-modality results, the proposed Stacking-
based decision-level fusion framework further improved classification 
robustness and generalization performance. By integrating heterogeneous 
base learners—RF for ECG and KNN for eye-tracking—with a Logistic 
Regression meta-learner, the fusion strategy leveraged complementary 
decision mechanisms while reducing error correlation and overfitting risk. 
As a result, the multimodal fusion approach achieved superior overall 
performance compared to individual modalities, highlighting its effectiveness 
for reliable cognitive workload recognition in dynamic and structured task 
environments.
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