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Abstract: Excessive pilot workload is one of the significant causes of flight accidents. The detection
of flight workload can help optimize aircraft crew operation procedures, improve cockpit human–
machine interface (HMIs) design, and ultimately reduce the risk of flight accidents. However,
traditional detection methods often employ invasive or patch-based devices that can interfere with
the pilot’s control. In addition, they generally lack real-time capabilities, while the workload of
pilots actually varies continuously. Moreover, most models do not take individual physiological
differences into account, leading to the poor performance of new pilots. To address these issues,
this study developed a real-time pilot workload detection model based on low-interference devices,
including telemetry eye trackers and a pressure-sensing seat cushion. Specifically, the Adaptive
KNN-Ensemble Pilot Workload Detection (AKE-PWD) model is proposed, combining KNN in the
outer layer for identifying the physiological feature cluster with the ensemble classifier corresponding
to this cluster in the inner layer. The ensemble model employs random forest, gradient boosting
trees, and FCN–Transformer as base learners. It utilizes soft voting for predictions, integrating the
strengths of various networks and effectively extracting the sequential features from complex data.
Results show that the model achieves a detection accuracy of 82.6% on the cross-pilot testing set,
with a runtime of 0.1 s, surpassing most studies that use invasive or patch-based detection devices.
Additionally, the model demonstrates high accuracy across different individuals, indicating good
generalization. The results are expected to improve flight safety.

Keywords: pilot workload; low-interference detection; ensemble learning; soft voting

1. Introduction

A flight accident results in significant casualties and substantial financial losses [1].
Human factors contribute to approximately 75% of all accident causes [2]. Among these,
aviation maintenance errors account for about 12–15% [3] since maintenance workers
sometimes perform a variety of tasks within a limited timeframe with stress and fatigue [4].
However, a larger proportion is due to pilot operational issues [2].

The pilot operation issues that cause accidents mainly fall into two categories: One
is the failure to complete standard operating procedures (SOPs) within their allowable
operational time window (AOTW) [5]. Sometimes, the AOTW is simply too short for
the pilot to complete the SOPs. In other cases, high workload impedes the pilots’ ability
to complete them within the AOTW. The second category is because of pilot operation
errors [6]. A significant cause of these two types of situations is the high workload of
pilots, which can significantly slow a pilot’s reaction, hampering their ability to finish the
procedures within the prescribed time limits [7]. It can also increase the probability of pilots
making errors [8]. However, it is also worth noting that despite human errors often being
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blamed for many accidents, pilots frequently intervene in a timely manner to ensure flight
safety and do so far more often than they cause accidents under high workload [9].

If real-time detection of pilot workload is achievable, the data can be analyzed to
identify trends and patterns in pilot workload under various flight conditions [10]. By
examining data from periods of high workload, specific conditions and key causes of
elevated workload can be identified. These insights can then be leveraged to redesign
aircraft crew and maintenance operation procedures [11]. For example, this process can help
in avoiding cascading high workloads to reduce accidents. Moreover, the human–machine
interfaces (HMIs) in modern aircraft systems are increasingly digital and complex [12],
which increases the pilot workload and poses potential safety risks. Based on the real-time
detection of pilot workload, we can support modifications to cockpit HMIs to improve
their designs [13]. Additionally, we can provide comprehensive metrics to help aviation
regulatory bodies establish standards and guidelines, such as setting the requirements for
cockpit configuration and the minimum crew [14].

At present, the main methods for detecting workload can be categorized into three
types: subjective assessment, task performance measurement, and physiological measure-
ment. Both subjective assessment and task performance measurement are post-evaluation
methods [15] which cannot meet the real-time detection requirements for pilot workload.
Physiological measurement utilizes physiological parameters to assess the workload of
individuals while performing tasks. Studies [16–18] have shown that this method can effec-
tively monitor pilots’ mental health by tracking various physiological indicators, making it
relatively objective and capable of real-time detection.

However, the physiological devices commonly used in previous studies [17], such as
electrode-type electroencephalography (EEG), electrocardiography (ECG), and galvanic
skin response (GSR), are often equipped with invasive or patch-based components that
may interfere with participants’ performance. In contrast to these devices that cause
interference, there exists a category of detection devices, such as telemetry eye trackers [19],
in-ear EEG [20], and textile-based sensors [21]. These are characterized by low detection
interference with pilot operations, thus making the workload data collection more authentic.

In addition, in studies using physiological measurements for workload detection,
most experiments evaluate the average workload throughout the entire process based on
the overall task difficulty after the task is completed [22,23]. Actually, during flight, the
workload of pilots varies continuously, showing significant differences across different
flight phases [24]. Applying the same workload level label to the whole task overlooks the
continuous changes in workload during task performance, making the models developed
in these studies less suitable for actual flight scenarios.

Moreover, these studies often overlook the different relationship between workload
and human physiological characteristics among individuals. Physiological responses to
workload specifically denote the body’s automatic, measurable reactions to the demands
placed on an individual during tasks [25]. However, these responses vary not only across
different tasks but also across individuals due to factors such as genetics, physical condition,
and experience [26]. For instance, when different pilots face the same high-workload task,
some may not show noticeable differences in heart rate, while others may experience a
significant increase. Individual differences in how indicators like EEG, eye movement,
and heart rate variability respond to workload can be observed in existing studies [27–29].
These individual differences make many current models less effective and reliable when
applied to a broad number of pilots in practice.

To address these challenges, this study developed a novel real-time pilot workload
detection method using low-interference devices, called the Adaptive KNN-Ensemble Pilot
Workload Detection, abbreviated as AKE-PWD. The main contributions of this study are
as follows:

1. The proposed method utilizes low-interference detection metrics that hardly interfere
with flight operations, including the eye movement indicators from telemetry eye
trackers and the shifting rate center of gravity in the pressure-sensing seat cushion.



Appl. Sci. 2024, 14, 6521 3 of 27

2. The proposed method analyzes the relationship between multi-source data and work-
load by utilizing a 10 s time window, allowing it to detect continuous workload levels
within a single task in real time.

3. The proposed model integrates the strengths of three base learners and employs a
soft voting mechanism, achieving high prediction accuracy through refined structural
design. It incorporates a KNN module before the ensemble classifier to identify
the clusters of individual’s physiological feature–workload mapping pattern. By
differentiating the processing of each cluster of physiological features, it enhances the
model’s generalizability across different pilots.

The remainder of this paper is organized as follows: Section 2 reviews the relevant
studies; Section 3 introduces the proposed AKE-PWD methodology; Section 4 details the
experimental setup and evaluates the proposed methodology; Section 5 presents the results
and discussion; and Section 6 concludes the study.

2. Literature Review
2.1. Causes of Flight Accidents
2.1.1. Incomplete SOPs within the AOTW

The AOTW is a critical time window for completing essential procedures during
flight, and its length varies with the complexity of the flight environment and the tasks
involved [30]. When SOPs cannot be completed within the AOTW, it can lead to flight
accidents [5]. In some cases, the AOTW itself is too short to complete these procedures.
Another scenario is when the high-stress or complex flight environment increases the pilot’s
workload, affecting their performance and preventing them from completing the required
tasks within the AOTW [5]. High workload can lead to delays in procedure execution as
pilots are overwhelmed with multiple tasks simultaneously, stretching their cognitive and
physical resources [31].

Moreover, simulation studies [32] have found that the time distribution for pilots to
complete SOPs under different workload shows significant variance, further supporting
that AOTW settings should adapt to different workload levels and flight scenarios. Improv-
ing SOP design and adjusting AOTW settings can help pilots complete their tasks within
the prescribed time, reducing the risk of accidents due to insufficient time [33].

2.1.2. Pilot Operation Errors Due to Excessive Workload

High workload can increase the probability of pilots making errors [8]. Glaser et al. [34]
indicated that stress acts as an intervening variable between workload and performance.
Specifically, high workloads are associated with increased stress, which, in turn, can nega-
tively impact performance and cause pilots to make mistakes. Dehais [35] pointed out that
high workload can decrease visual and auditory attention, memory, and execution ability,
greatly increasing the probability of pilots making errors during flight tasks. According to
MacDonald [36], workload was proven to be a key determinant of stress and fatigue levels
among operators performing repetitive tasks.

2.2. Main Methods for Detecting Workload
2.2.1. Subjective Measurement of Workload

Subjective measurement techniques, initially introduced by Pass [37], provide a holistic
measure of workload. These measures typically assess the psychological workload induced
by tasks and their behavioral performance through structured self-report scales. This
method has become widely used by scholars in many studies [38,39], demonstrating good
psychometric properties. Popular subjective workload scales include the Cooper–Harper
single-factor rating scale [40], the NASA task load index (NASA-TLX) [41], and the subjec-
tive workload assessment technique (SWAT) [42], all known for their reliability. NASA-TLX
was originally designed to offer a comprehensive assessment of workload in tasks, es-
pecially in the aviation and aerospace sectors. The subsequent extensive research has
optimized the selection of its subscales and the weighted averaging approach. Over the
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past two decades, it has demonstrated both ease of use and consistent responsiveness to
key experimental manipulations [43].

The main advantages of subjective measurement techniques are their sensitivity and
simplicity. However, due to the simplicity and limited number of direct questions, they
only provide an overall measure of workload and cannot distinguish between different
types of workloads. This method is not a real-time measurement; rather it is conducted
after the operator’s task is completed. This subjective and offline approach, asynchronous
with the subject’s actual perception processes, can potentially lead to discrepancies between
the assessment results and the subject’s true condition [15].

2.2.2. Task Performance Measurement of Workload

Task performance measurement assesses workload based on the performance of
subjects in completing predetermined tasks. For instance, F. Paas and others [44] have
evaluated psychological effort and cognitive load levels through subjects’ reading and
vocabulary scores; and R. Brünken and others [45] found that the accuracy and response
times in tasks effectively reflect workload levels. However, current task performance
measurements are mainly used for reading or memory tasks and are not very suitable for
assessing pilots’ workload during flight tasks. Furthermore, according to the theory of
workload-task performance relationship proposed by De Waard [46], there is no absolute
negative correlation between them. Similarly, this type of performance evaluation is also a
post-evaluation, which cannot detect real-time workload during the process.

2.2.3. Physiological Measurement of Workload

Physiological measurement records the physiological signals of subjects to evaluate
their workload [37]. Due to its objectivity and capacity for immediate feedback, this
method effectively supports the ongoing assessment of pilot workload. However, most
physiological measurement devices, such as EEG, ECG, and GSR, are often equipped with
components that may interfere with participants’ performance. For instance, the patch-
based dry electrodes, although they do not use gel, could restrict participants’ movements
or distract their attention because of their tight attachment to the skin [47,48].

In recent years, several low-interference devices have been developed. For instance,
remote eye trackers can measure a subject’s eye movements from a distance [19]. The
advantage of this device is its non-intrusiveness and freedom. It can achieve high accuracy
and vast tracking robustness in eye movement detection while allowing users to barely
feel the presence of the device [49]. E-Textile is a kind of textile-based sensor, which
can measure various parameters [50,51]. Unlike sensors based on silicon or piezoelectric
materials, e-Textile is similar to conventional wearable fabrics in both cost and texture. As
a result, these sensors can be seamlessly incorporated into various textiles for unobtrusive
and low-interference detection [52,53]. Among them, textile-based pressure sensors in seat
cushions can provide valuable information for the recognition of sitting postures, which, in
turn, can be used to identify workload through body gesture recognition [54]. moreover,
Looney et al. [55] introduced a kind of in-ear EEG device that makes EEG measurement
portable and comfortable. Jeong et al. [56] use an echo state network (ESN) to discriminate
attention states on the basis of in-ear EEGs. Kuatsjah et al. [57] used features collected
by a two-channel in-ear EEG system and achieved an accuracy of 79.30% in classifying
workload during a visuomotor tracking task. This device relies on custom-made hearing
aid earplugs, which require a wax impression of the ears to ensure a tight fit with the ear
canal [20]. However, pilots already need to wear headsets for communication purposes,
such as maintaining contact with the ground. Although these in-ear devices cause low
interference to pilots, they may conflict with the communication headsets the pilots wear.
So, it is believed that the in-ear EEG sensor and associated signal processing methods
should be incorporated into the aviation headset when in practical use [58]. Since this study
does not have access to such integrated devices, these in-ear devices will not be considered.
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2.3. Physiological Indicators

EEG data record the brain’s electrical activity, which results from ion movement in
neurons during cognitive processes [59]. When neurons activate, the voltage across the
neuronal cells changes, leading to fluctuations [60]. The signal is typically divided into
several frequency bands based on the range of brainwave power, i.e., delta band, theta band,
alpha band, beta band, and gamma band, with each band representing different aspects
of brain activity [61]. Dolce and Waldeier [62] showed that delta wave power escalates
during complex endeavors. However, due to the low frequency of the delta band, the
clarity and reliability of the signal within this range can be easily affected by various types
of interference and artifacts. Pope et al. [63] used a task engagement index to develop the
first EEG-based adaptive system and identified the ratio beta/(alpha + theta) as the most
sensitive. Freeman et al. [64] later confirmed the effectiveness of this index. W. Lang [65]
and A. Mecklinger [66] found that alpha band power increases with increasing workload,
most prominently at the temporal and occipital lobes, but also at the frontal lobe during
complex tasks [67]. Naveen Kumar et al. [61] used the average power of the alpha band
measured from four EEG channels on the frontal lobes (AF3, AF4) and temporal lobes
(T7, T8) as an indicator of task workload. Their research validated that with an increase
in workload, the average power of the alpha band also increased. This method is less
challenging in terms of EEG signal processing and is more feasible.

ECG signals are sensitive to workload, especially within safety-critical dynamic sys-
tems like transportation [68]. Several studies have demonstrated a correlation between
ECG responses and workload levels [69–71]. The heart rate (HR) and heart rate vari-
ability (HRV) of ECG signals represents the natural fluctuations in the intervals between
heartbeats. The key time-domain metrics of HRV encompass the standard deviation of
NN intervals (SDNN), the percentage of successive RR intervals that vary by over 50 ms
(pNN50), heart rate (HR), and the root mean square of successive differences between
RR intervals (RMSSD) [72]. The frequency-domain includes the absolute power of the
ultra-low-frequency band (ULF), the very-low-frequency band (VLF), the low-frequency
band (LF), the high-frequency band (HF), and the LF-to-HF power ratio (LF/HF) [73]. Amir
Tjolleng et al. [70] collected six ECG measures in both the time and frequency domains
to classify drivers’ workload levels. P.G.A.M. Jorna [71] indicated that cardiovascular
measures are well suited to indexing the different mental states of pilots, as well as their
dynamic responses to variations in workload.

Existing research has demonstrated some significant correlation between certain eye
movement metrics and subjects’ workload. Velichkovsky et al.’s study [74] suggests that
upon immediate hazard detection, there is an increase in fixation duration and subsequent
adjustments in fixation frequency to accommodate changes in visual demand. Marquart [42]
and Van Orden et al. [75] also found that both fixation duration and frequency increase
under high workload. Moresi et al. [76] and Wierda et al. [77] demonstrated a close
relationship between pupil diameter and workload.

In addition, ergonomic and psychological studies have demonstrated that body pos-
ture can serve as one of the indicators for workload assessment [53]. Giakoumis et al. [78]
showed that behavioral features enhanced the performance of automatic stress detection
systems using physiological features. Valentina Nino et al. [79] demonstrated that body
postures assumed to perform an activity are negatively affected by workload perception.
Jonathan Aigrain [80] used body posture to build an SVM model to recognize workload
during task processes, where the amount of body movement was positively correlated with
the level of stress. Therefore, indicators related to body posture could potentially be used
to assess the workload of pilots during tasks.

Machine Learning Workload Detection Models

Halverson et al. [81] and W. L. Lim et al. [82] utilized SVM for workload modeling.
The former employs eye-tracking and the latter uses EEG data, both achieving satisfactory
predictive outcomes. Zhu et al. [83] developed an ANN model based on functional near-
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infrared spectroscopy (fNIRS) data and reached an accuracy of 70.02% in classifying the
workload of processing wayfinding information into three classes. Hamidur Rahman [84]
extracted heart rate variability from facial videos, combined with vehicle dynamics pa-
rameters, and studied four machine learning algorithms, namely, logistic regression (LR),
support vector machine (SVM), linear discriminant analysis (LDA), and neural network
(NN), for classifying driver workload; the results show that LR achieved the highest
accuracy, reaching 92% in binary classification.

Taheri Gorji, H. et al. [85] utilized recursive feature elimination (RFE), along with a
stacking ensemble machine learning algorithm composed of SVM, RF, and LR, achieving
91.67% accuracy in a three-class setting. Niall McGuire et al. [86] applied bagging and
stacking ensemble techniques to the STEW dataset, including a stacking BLSTM consisting
of eight learners, which achieved a classification accuracy of 97% in a three-class setting.
The results from this study underscore that ensemble networks can enhance the accuracy
beyond that of individual learners while reducing prediction variance.

However, these models did not account for individual physiological differences, and
the accuracy of the trained models was not validated on new individuals. To address
the issue of poor model generalization, some studies have optimized machine learning
methods to mine shared features among subjects. They have constructed cross-subject
workload detection models to mitigate the impact of inter-subject variability and non-
stationary characteristics on workload recognition results. Wang et al. [87] proposed a
cross-operator cognitive workload recognition method using frequency domain features
combined with an SVM classifier. Appriou et al. [88] compared the cross-operator perfor-
mance of different classifiers, demonstrating the superiority of CNNs in extracting shared
features. Yang et al. [89] demonstrated that normalization approaches relying on the choice
of appropriate baselines help compensate for the effects of temporal variation and indi-
vidual differences. Zhou Y. et al. [90] developed a workload classification model based on
CNN and adversarial domain generalization, incorporating an adversarial domain gen-
eralization module to enhance model robustness and generalization by extracting shared
features. Another line of research addresses individual differences by clustering individual
physiological characteristics to distinguish different physiological patterns. Chen et al. [26]
used K-means to cluster the data before classifying it with SVM. Yuna Noh [91] used the
fuzzy c-means clustering algorithm to differentiate the workload characteristics of different
drivers and created personalized driver workload profiles (PDWP) to reflect the unique
physiological responses of drivers, achieving good accuracy in workload classification.

3. Methods

The Adaptive KNN-Ensemble Pilot Workload Detection (AKE-PWD) model is pro-
posed. It adopts a strategy of soft voting ensemble learning, with random forest, gradient
boosting trees, and an FCN–Transformer model as the base learners. In order to solve the
problem of individual differences regarding physiological features, the K-nearest neighbors
(KNN) algorithm is introduced in the outer layer of the model.

During data preprocessing, all features were clustered into four distinct categories
using the spectral clustering technique. For the model construction, first, the KNN algo-
rithm identifies the physiological feature cluster to which a sample data belong. After
that, the corresponding ensemble model is then selected to perform feature extraction and
classification prediction for the identified cluster, thereby increasing the robustness and
cross-pilot generalization of the model. The model structure is shown in Figure 1.
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Figure 1. The architecture of the entire model.

3.1. Identify the Physiological Feature Cluster by KNN

To address the issue of individual physiological differences affecting the cross-pilot
accuracy of model, we employed a differentiated processing method for various patterns
of physiological features, processing different categories of features with models tuned to
specific parameters. All collected feature data are clustered into four classes using spectral
clustering. The KNN algorithm is then used to determine the cluster of the input features.
Based on model performance, K = 7 is set, meaning that the 7 nearest feature points to
the input data are selected. This nearest neighbor selection is based on Euclidean distance
calculations. Subsequently, the most frequent feature category (1–4) among these 7 points
is chosen as the cluster for the input data, and an appropriate ensemble learning model is
selected based on this category for further processing.

3.2. Ensemble Learning

This study tested more than ten common models for workload classification and
adopted an ensemble learning strategy to derive the final classifier. The application of
ensemble learning through a soft voting mechanism can mitigate the issues of high variance
and overfitting that often plague individual models [92]. While a single model may exhibit
overfitting on distinct data subsets, the ensemble approach using soft voting systematically
diminishes these effects, thereby enhancing the stability and accuracy of the overall model
on unseen data.

In selecting the base learners for the ensemble, the choice was made by considering
both the enhancement of overall model accuracy and the management of complexity, as
well as the characteristics of the base learners themselves. Our dataset contains sequential
data from physiological signals, which means that capturing temporal dependencies and
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intricate patterns is crucial. Additionally, the data exhibit non-linear relationships and high
dimensionality. Based on these characteristics, three models—random forest (RF), gradient
boosting trees (GBT), and FCN–Transformer—were selected as base learners.

3.2.1. Random Forest

Random forest (RF) improves the accuracy and stability of predictions by construct-
ing multiple decision trees and using average prediction values. It has advantages in
processing non-linear data and automatic feature selection and performs well in han-
dling high-dimensional data and preventing overfitting [93]. It is particularly suitable for
processing datasets with complex structures in this study.

First, RF performs self-sampling by randomly selecting multiple samples from the
original dataset to construct multiple sub-datasets, with duplicate sampling allowed. The
number of samples extracted is a hyperparameter, usually set to the square root of the
size of the original dataset. Next, it constructs a decision tree and trains one decision tree
for each sub-dataset. During the node splitting process, a subset of features is randomly
selected to determine the optimal split point. The number of features selected is also
a hyperparameter, typically set to the logarithm base 2 of the total number of features.
Finally, the prediction results are obtained using a voting method, with the specific formula
as follows:

Y =
1
N ∑N

i=1 yi,

where N is the number of decision trees, and yi represents the result of the ith tree.

3.2.2. Gradient Boosting Trees

Gradient boosting trees (GBT) enhance prediction accuracy by incrementally adding
decision trees to correct errors from the previous model. Each new tree is constructed
to reduce residuals, transforming weak learners into a strong learner over the course of
training [94]. GBT is particularly effective at handling datasets with strong and complex
interactions between variables, offering detailed optimization suitable for capturing subtle
patterns within the data.

First, the model is initialized to a constant value:

f0(x) = arg minγ ∑n
i=1 l(yi, γ).

For iterations t = 1 to T (the total number of trees), first, we compute the residuals rit;
the, we construct a tree to predict rit, resulting in leaf node regions Rjt and corresponding
scores γjt. Finally, the model is updated:

f (x) = f0(x) + ∑T
J=1 γjt I

(
x ∈ Rjt

)
.

Finally, the following model is obtained:

f (x) = f0(x) + ∑T
t=1 ft(x).

3.2.3. FCN–Transformer

The FCN–Transformer model serves as a pivotal base learner, incorporating a self-
attention mechanism to conduct an in-depth analysis of inputs. It combines the advantages
of fully connected networks (FCN) and Transformers, effectively extracting sequential
features from complex data and particularly excelling at capturing long-range dependencies
and intricate patterns within sequence data. In practice, feature data are continuously input
in 10 s time windows, embodying certain time-series characteristics, which leverages the
strengths of the Transformer model to enhance prediction accuracy.

• Input Linear Transformation Layer



Appl. Sci. 2024, 14, 6521 9 of 27

The input first passes through a linear transformation layer, denoted as fc1. The
purpose of this layer is to transform the dimensions of the input data from the original
feature space to an intermediate representation space. The linear transformation is defined
by the following formula:

x′ = ReLU(W1x + b1),

where x′ represents the input feature vector, and W1 and b1 are the weights and biases of
the linear layer, respectively. ReLU is applied to introduce non-linearity, aiding the model
in learning more complex features.

• Transformer Encoder Layer

A multi-head self-attention mechanism is at the core of the Transformer architecture,
aimed at enabling the model to capture information from different representation subspaces
simultaneously. The input sequence X first undergoes three sets of linear transformations
to generate the query (Q), key (K), and value (V) matrices:

Q = XWQ, K = XWK, V = XWV ,

where WQ, WK, and WV are learnable weight matrices.
We utilize the dot-product attention function to calculate the similarity between

queries and all keys, followed by normalization through the softmax function to compute
the attention scores:

Attention(Q, K, V) = so f tmax
(

QKT
√

dk

)
V,

where dk denotes the dimensionality of the key vectors, which serves to stabilize gradients.
The softmax function ensures that all attention scores are positive and add up to 1.

In order to enhance the expressive power of the model, the aforementioned process
is executed in parallel across multiple heads, with each head corresponding to a differ-
ent weight matrix. The output is then integrated through a linear transformation after
concatenating the results from all heads.

MultiHead(Q, K, V) = Concat(head1, . . . , headn)WO,

where each headi is an independent self-attention operation result. Through iterative
parameter tuning, this study employs an 8-head self-attention mechanism. WO represents
another learnable weight matrix.

The Transformer model adopts residual connections to help alleviate the gradient
vanishing problem in deep networks. The output of each sublayer, whether it be a self-
attention layer or a feed-forward network, is added to the input of that sublayer and then
normalized within the layer:

LayerNorm(x + Sublayer(x)),

where Sublayer(x) represents the output of the sublayer itself. This design enhances the
stability and efficiency of the training process.

Each encoder layer also incorporates a feed-forward network, which independently
applies the same operation to the output at each position. This network consists of two
linear transformations and a ReLU activation function:

FFN(x) = max(0, xW1 + b1)W2 + b2.

Here, W1, W2, b1, and b2 are network parameters. The feed-forward network further
enhances the model’s ability to handle non-linear problems.

• Output Linear Transformation Layer
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After being processed by the Transformer encoder layer, the output y is then passed
through another linear transformation layer. The purpose of this layer is to map the output
of the encoder layer to the final class space. The formula for this step is as follows:

z = W2y + b2,

where W2 and b2 denote the weights and biases of this layer. The final output z represents
scores for different categories, which can be utilized for classification tasks.

3.2.4. Soft Voting Ensemble

The model employs a soft voting method to integrate the above three base learners.
By averaging their predictions to make the final decision, this approach effectively inte-
grates the predictive capabilities of multiple models. The soft voting ensemble strategy is
defined as follows: assuming there are M base learners, each model provides a probability
distribution pm(i) as the predicted output for sample i, representing the probabilities of the
sample belonging to each class. The prediction p(i) of the ensemble model is calculated as
the arithmetic average of predictions from all individual models:

p(i) =
1
M∑M

m=1 pm(i),

where pk(i) represents the probability distribution predicted by model m for sample i, and
M is the total number of models (M = 3).

The final class selection is made based on the averaged probability distribution,
whereby each sample is classified into the category with the highest average probabil-
ity, denoted as follows:

c(i) = arg maxk pk(i),

where pk(i) denotes the average probability of sample i belonging to category k.
The ensemble integrates the unique capabilities of random forest (RF), gradient boost-

ing trees (GBT), and FCN–Transformer models. The RF model contributes through its
multi-tree structure, offering robust classification stability and effectively handling the
complexity and high dimensionality of the data. The GBT progressively corrects errors
from previous predictions and optimizes its accuracy over iterations, and it is particularly
good at capturing non-linear relationships. Meanwhile, the FCN–Transformer excels in
processing time-series data, capturing long-term dependencies and intricate patterns inher-
ent in the dataset. This synergy allows the ensemble model to outperform any single model
by leveraging their combined strengths to effectively manage the complex interactions and
non-linear patterns present in the dataset.

4. Experimental Setup
4.1. Experimental Design

To elicit different levels of pilot workload among participants, this study designed
three categories of simulated flight tasks, labeled A, B, and C, with increasing levels of
difficulty. Task A is to pilot a single-engine light aircraft to take off and ascend to an
altitude of 1500 m under the guidance of the tutorial. Task B is to pilot a Boeing 737 aircraft
to approach from 3 nautical miles away and 3 km in the air under favorable weather
conditions and land on a designated runway. Task C is similar to Task B but is conducted
under adverse weather conditions. Weather conditions not only affect visual circumstances
but also affect the piloting through the settings of dynamic parameters, thereby significantly
increasing the pilot’s workload. The specific details are shown in Table 1.
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Table 1. The specific settings for three types of tasks.

Task Weather and
Dynamics Simulation Screen Display Experimental

Difficulty
Overall Workload Level

Expectation

A
Noon;

Cloudless;
No Turbulence
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4.2. Experiment Procedure

This study utilized the joysticks, rudder pedals, and throttle controls jointly developed
by Thrustmaster and Boeing to emulate the flight dynamics controlling experience of real
pilots. Flight scenarios were constructed using the X-Plane11 software. It incorporates
28,000 aerodynamic models to deliver realistic physical simulations and has been certified
by the FAA, placing it among the most advanced flight simulation software available [95].
This experimental setup is widely used in scientific research and engineering experiments
in the field of simulated flight [96,97].

Before starting the experiment, participants were required to undergo unified training
to ensure they had mastered the basic skills necessary for simulated flight. During this
process, their individual flight ability was also assessed.

The specific experimental steps are as follows:
First, we introduce the participants to the experimental procedures, connect the par-

ticipants to the ECG and ECG electrodes, and adjust the eye-tracking equipment with the
participant’s cooperation. Then, we start the flight simulation program, as well as the
data recording of the eye-tracking device, ECG, EEG, and pressure-sensing seat cushion
simultaneously. We the sequentially guide the participant to complete tasks A, B, and C.
Throughout the formal experiment, various physiological data of the participants were
synchronously collected, and the detection equipment used is shown in Table 2. After com-
pleting each type of task, participants need to fill out the NASA-TLX scale to subjectively
evaluate their workload.

The experimental scenario is shown in Figure 2. Throughout the experiment, the
environmental variables, such as noise and temperature, were consistently controlled at
the same level.
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Table 2. Experimental device.

Detection Object Equipment Introduction Appearance

Eye Movement SmarteyePro
Telemetry Eye Tracker

Equipped with systems including
SmarteyePro (a remote eye-tracking
system, version 9.3), pylon viewer

(Camera Setup Software,
version 7.3.0), and HRT (human

factors research system);
achieves telemetry through computer
image processing technology and is

completely non-interfering
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Figure 2. The experimental scenario.

4.3. Participants

A total of 20 participants from the local community and university were recruited for
this experiment, and their average age was 22.3. Their heights and weights met the criteria
for civil flight pilots in China, with heights ranging from 164 to 185 cm and weights ranging
between 80% and 130% of their standard weight (standard weight = height − 110). All
participants had visual acuity (including corrected vision) of 0.8 or higher. The experimental
protocol for this study was approved by the Institutional Ethics Committee of Tongji
University, Shanghai, China. All participants provided informed consent in accordance
with human research ethics guidelines.
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4.4. Indicator Extraction
4.4.1. NASA-TLX

The NASA task load index (NASA-TLX) exhibits low inter-subject variability and
is one of the most widely used subjective workload assessment tools [41]. It consists
of six subscales: mental demand, physical demand, temporal demand, performance, ef-
fort, and frustration. The total workload score for each participant is determined by the
weighted average of the scores across these dimensions, with higher scores indicating
greater workload.

The specific calculation formula is as follows:

F = ∑6
i=1 Mi ×

Pi
15

,

where F indicates the total score for workload assessment; Mi is the score selected by the
participant of the ith dimension; and Pi is the number of times the ith item was selected in
15 pairs.

4.4.2. Seat Pressure

Considering that the original pressure magnitude is significantly influenced by in-
dividual weight and aircraft ascent and descent, the indicator ultimately extracted from
the pressure sensor is the center of gravity shifting rate, which reduces the impact of
irrelevant factors.

The raw data provided by the pressure-sensing seat cushion is a 32 × 32 matrix,
representing the pressure distribution for each frame, with a sampling rate of 20 Hz. From
the pressure distribution matrix, the center of gravity position at each moment can be
determined.

x =
∑32

i=1 ∑32
j=1 j · Pij

∑32
i=1 ∑32

j=1 Pij
, y =

∑32
i=1 ∑32

j=1 i · Pij

∑32
i=1 ∑32

j=1 Pij
(1)

varg =
1

10 fs
∑N

t=1 fs

√
(xt+1 − xt)

2 + (yt+1 − yt)
2 (2)

Through Formula (1), the center of gravity shifting rate can be calculated, and the
average value of this rate over every 10 s is computed using Formula (2). This indicator can
measure the tension level of participants’ posture changes. Statistical results demonstrate
that it has a certain correlation with the subjective scales calculated through NASA-TLX
(r > 0.75).

4.4.3. Eye Tracking Data

The device’s sampling rate is 60 Hz. It can output information such as timestamps,
blinks, eyelid opening sizes, pupil diameters, and gaze coordinates. Over a time interval
of more than 100 ms, if the Euclidean distance between gaze coordinates at adjacent
timestamps is less than 50, it is considered one fixation. Since there is no browsing behavior
in this experiment, eye movements during non-fixation periods are considered saccades.
The saccade amplitude is the Euclidean distance between the centers of two fixation points.

The video screen from the rear camera is divided into area of interest A (AOI A), area
of interest B (AOI B), and non-interest area, as shown in Figure 3, to obtain eye movement
indicators within specific areas of interest. Eye movement indicators are calculated in 10 s
windows. Table 3 shows the definitions of each indicator.
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Table 3. Eye movement indicators and their explanations.

Eye Movement Indicators Explanation

Average Fixation Duration The mean duration of each fixation within a time
window (seconds).

Number of
Fixations/Saccades/Blinks

The number of fixations, saccades, and blinks within a
time window.

Average Saccade Amplitude The mean Euclidean distance between the start and
end coordinates of each saccade within a time window.

Left (Right) Pupil Diameter The average diameter of the left (right) pupil at each
timestamp within a time window (meters).

Fixation Duration
in Area of Interest A (B)

The average duration of each fixation within area of
interest A (B) in a time window (seconds).

Number of Fixations
in Area of Interest A (B)

The number of fixations within area of interest A (B) in
a time window.

4.4.4. ECG Data

The ECG signal processing workflow is illustrated in Figure 4. After preprocessing to
remove noise, the process begins with a first-order difference using Formula I to identify
all inflection points of the ECG signal. Then, a second-order difference is applied using
Formula II to calculate all the peaks of the ECG signal. Finally, the peak threshold is
determined using Formula III to identify the peak points of the R-waves. Thus, the RR
intervals are obtained, allowing for the calculation of the average heart rate every 10 s.
Statistical results indicate that the average heart rate (denoted as HR) of each group has a
strong positive correlation with the scores of subjective scales (r > 0.8), suggesting that it
can effectively indicate the magnitude of workload in flight tasks.
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4.4.5. EEG Data

The raw EEG signals were preprocessed using the EEGLAB toolbox in MATLAB. The
specific workflow is illustrated in Figure 5.
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Following the approach of Kumar et al. [61], this study used the average power of the
alpha band every 10 s from four EEG channels—FP1 and FP2 in the frontal lobe and T7
and T8 in the temporal lobe—as the characteristic indicators of workload. To eliminate
variations between individuals, these values were normalized within each participant. The
EEG workload characteristic value for the ith participant during the jth task is denoted as
Eij. Statistical tests demonstrated that Eij can significantly distinguish between the levels
of workload across different flight task difficulties (p < 0.05), and it showed a Pearson
correlation coefficient greater than 0.85 with subjective scales of NASA-TLX, indicating
a strong positive correlation. Therefore, it may be concluded that Eij can represent the
magnitude of workload.

4.4.6. Workload Labels

From the above analysis, it is evident that both ECG and EEG indicators can effectively
represent the magnitude of workload in flight tasks. The EEG indicator is denoted as E, and
heart rate as HR. We then draw an E-HR scatter plot, as shown in Figure 6a, which shows
a clear positive correlation between them within each participant. Principal component
analysis (PCA) performed on the dataset composed of E and HR shows that the first
principal component accounts for the vast majority of the variance, as seen in Figure 6b.
Calculating its loadings, the results show that both E and HR have the same loading of
0.7071 on the first principal component, indicating that the main features of the dataset
are distributed along the y = x direction. Therefore, using K-means, the data points are
clustered into three categories along the characteristic direction based on the values of E
and HR, as illustrated in Figure 6c. It can be observed in Figure that both E and HR increase
with the increment of workload labels, as shown in Figure 6d,e. Thus, each sample point is
labeled with one of the three categories: low, medium, and high.
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Figure 6. The process of statistical analysis for a dataset composed of the indicators HR and E: (a) an
E−HR scatter plot (only partial data are included to make the image clearer); (b) the PCA of the
dataset; (c) clustering results along the main feature direction; (d) the distribution of HR in three
types of workload labels; (e) the distribution of E in three types of workload labels.
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Ultimately, the dataset consists of 11 low-interference detection metrics, i.e., 10 remote
eye-tracking indicators, 1 seat cushion pressure indicator, and the workload label.

4.5. Spectral Clustering of Physiological Features

Individuals exhibit differences in their physiological responses even when faced
with the same situation [91,98,99]. This study employs spectral clustering to separate
features with significant differences, laying the groundwork for subsequent differentiated
model training.

The spectral clustering module is characterized by constructing a similarity graph
and utilizing its eigendecomposition to identify and differentiate individual physiological
variations effectively, which provides a foundation for personalized driver workload
assessment. The basic framework of spectral clustering can be described as follows:

First, a weighted undirected graph is established as follows:

G = (v, ε, ω),

where
v is the node set, representing the set of data points for individual physiological

characteristics;
ε is the edge set, representing the similarity between data points;
ω is the similarity matrix, where each element ωij denotes the similarity between

nodes i and j.
The similarity matrix ω is constructed using the radial basis function (RBF) kernel to

measure the similarity between two nodes, with an expression as follows:

ωij = exp

(
−
∥∥xi − xj

∥∥2

2σ2

)
,

involving σ, a predetermined scale parameter that controls the rate of similarity decay.
Based on the similarity matrix W, we further construct the graph Laplacian matrix

L. Dimensionality reduction is achieved by solving for the eigenvalues and eigenvectors
of L. Subsequently, clustering is performed using the K-means algorithm in the reduced-
dimensional space. Utilizing the aforementioned methods, spectral clustering algorithms
can effectively cluster the physiological characteristics data of pilots.

The number of clusters is determined based on the Calinski–Harabasz index, with
the optimal ratio of inter-cluster separation to intra-cluster compactness achieved with
four categories, as shown in Figure 7. In this way, all physiological characteristic data
are clustered into four categories. Subsequently, distinct soft voting ensemble learning
classifiers will be trained based on these four categories of features.
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4.6. Data Augmentation Using CTGAN

As the FCN–Transformer model is a type of deep learning architecture, there exists a
risk of overfitting when applied to small-sample datasets, especially with complex neural
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networks. To mitigate this problem, the study employs the conditional generative adver-
sarial network for tabular data (CTGAN) algorithm to augment the original dataset of
1050 entries to a dataset containing 6000 entries.

The operational principle of CTGAN is based on the framework of generative ad-
versarial networks (GANs), which includes two main components: a generator (G) and a
discriminator (D). The goal of the generator is to produce data realistic enough to deceive
the discriminator, while the discriminator aims to differentiate between generated and real
data. Throughout the training process, these two components compete against each other,
with the generator eventually learning to produce data indistinguishable from real data.
The interaction between the generator G and the discriminator D can be described by the
following optimization problem:

min
G

max
D

V(D, G) = Ex∼pdata(x) [log D(x)] + Ez∼pz(z)[log(1 − D(G(z)))].

Here, x represents real data; z is a noise vector drawn from a prior distribution;
G(z) denotes the data generated by the generator; D(x) is the discriminator’s assessment
of the real data; and D(G(z)) is the discriminator’s assessment of the generated data.
CTGAN modifies this foundational architecture to handle tabular data more efficiently. For
categorical variables, CTGAN implements a training-by-sampling strategy, introducing
conditional vectors and a generator loss function to address issues of category imbalance. In
CTGAN, the generator is conditionally trained, meaning that for each category, it generates
data based on a conditional vector that guides the generation process [100]. The conditional
vectors specify the generation conditions, while categorical variables are represented
as multi-dimensional one-hot vectors. During training, the conditional generator can
produce any combination of one-hot vectors. For numerical variables, CTGAN utilizes
a variational Gaussian mixture model (VGM) and employs the Wasserstein GAN loss
function for gradient penalty, enhancing the stability and effectiveness of the training
process. Overall, CTGAN, with these technological enhancements, is better equipped to
handle the imbalance of categories in tabular data and generate synthetic data that more
closely mirror the distribution of real data.

The Jensen–Shannon divergence (JSD) is a common method of measuring the similarity
between two probability distributions [101]. The definition is as follows:

JSD = H(M)− 1
2
(H(P) + H(Q)),

where:
M = 1

2 (P + Q) is a mixture distribution of P and Q;
H(P) is the Shannon entropy for distribution P, H(P) = −∑

x
P(x) logP(x).

The similarity between the distributions is greater when the Jensen–Shannon distance
is closer to zero [102]. The JS divergence of the data before and after augmentation using
CTGAN is shown in Table 4, where the left column lists the features, and the right column
displays the JSD of each feature distribution before and after augmentation. Results
demonstrate the effective data augmentation performance of CTGAN.

Table 4. The JS divergence of features.

Feature JS Divergence Feature JS Divergence

Fixation duration 0.023 Right pupil diameter 0.079
Fixation frequency 0.017 Fixation duration in AOI A 0.055
Saccade frequency 0.010 Fixation frequency in AOI A 0.005

Blink frequency 0.018 Fixation duration in AOI B 0.014
Saccade distance 0.008 Fixation frequency in AOI B 0.042

Left pupil diameter 0.121 Workload label 0.019
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4.7. Model Training and Testing

After data cleaning and indicator extraction, the dataset contains a total of 1073 entries.
By applying data augmentation based on CTGAN, it is effectively expanded to 6000 entries
structured into 12 dimensions, including 10 eye movement indicators, 1 seat cushion
indicator, and 1 workload-level label.

To assess the reliability of the model, the leave-one-subject-out cross-validation method
is used to divide the training and test sets. For the data of 20 subjects, the data from
19 subjects are used as the training set, and the remaining one is used as the testing set
each time. In this way, the model’s accuracy on new individuals is tested, ensuring the
model’s generalizability.

In the training process, the RF model utilizes 110 decision trees, and the GBT model
employs 120 weak learners and uses a multi-class error rate as the evaluation metric. The
FCN–Transformer model is set with a learning rate of 0.002, runs for 20 epochs, and pro-
cesses data in batches of 32, utilizing the Adam optimizer for adjustments during training.

4.8. Ablation Experiment

To further demonstrate the structural efficacy of the proposed AKE-PWD model, three
ablation experiments were conducted:

1. Three classifier models (RF/GBT/FCN–Transformer): This experiment evaluated each
base learner independently, testing their performance when predicting separately.

2. Soft Voting Ensemble Learning model (RF + GBT + FCN–Transformer): The en-
semble learning strategy employed a soft voting mechanism, integrating RF, GBT,
and FCN–Transformer. This experiment analyzed the improvements in prediction
accuracy offered by the ensemble approach compared to the individual models,
i.e., RF/GBT/FCN–Transformer.

3. Adaptive KNN-Ensemble model (KNN + Soft Voting Ensemble (RF + GBT +
FCN–Transformer)): Utilizing the KNN algorithm, this model identified the cluster
of physiological features relevant to the input data. Based on these clusters, corre-
sponding ensemble models were selected for feature processing. This approach was
tested to evaluate its effectiveness in enhancing model generalizability and accuracy
by considering individual physiological differences.

5. Results and Discussion
5.1. Model Performance

By employing KNN to identify the physiological feature clusters for appropriate
ensemble learning methods, the proposed model demonstrates superior accuracy, real-
time performance, and cross-driver generalizability in workload recognition. The model
achieves an accuracy of 82.6% on the testing set, with a runtime of only 0.1 s, and maintains
a standard deviation of less than 2% across validation sets, indicating high stability.

From Figure 8, it is shown that the AKE-PLD achieves higher prediction accuracy on
new individuals compared to other models. The introduction of the ensemble strategy
has improved the model accuracy by about 11% compared to the single-model approach.
Moreover, utilizing KNN to identify physiological features and selecting the appropriate
ensemble model has further enhanced model accuracy by 21% compared to the original
ensemble learner. This demonstrates the accuracy and generalizability of the model,
proving the effectiveness of the proposed model’s structure.

The classification performance was evaluated using accuracy, precision, recall, and F1
score, which are defined by the following formulae:

precision =
TP

TP + FP
,

recall =
TP

TP + FN
,
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F1 =
2 × precision × recall

precision + recall
.

Among them,
TP (true positives): the number of correctly predicted positive samples;
TN (true negatives): the number of correctly predicted negative samples;
FP (false positives): the number of negative samples incorrectly predicted as positive;
FN (false negatives): the number of positive samples incorrectly predicted as negative.
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Table 5 details the model performance on three workload levels (Level 1 = low; Level
2 = moderate; and Level 3 = high). Level 1 exhibits excellent performance across all three
metrics. Metrics of Level 2 show consistency, but are slightly lower compared to Level 1,
suggesting that the model’s recognition ability for moderate workload is somewhat inferior.
Level 3 has high precision but a lower recall rate, meaning that some of the samples with
high workload were not identified by the model.

Table 5. The performance of the three labels in terms of precision, recall, and F1 score.

Workload Level Precision Recall F1-Score

Level 1 0.8557 0.9431 0.8973
Level 2 0.7863 0.7931 0.7897
Level 3 0.8493 0.7470 0.7949

Macro Average 0.8304 0.8278 0.8273
Weighted Average 0.8258 0.8258 0.8242

Figure 9 displays the model’s confusion matrix. Label 1 shows excellent predictive
accuracy at 94%. Labels 2 and 3 have lower recall rates of 79% and 75%, each exhibiting some
degree of confusion with adjacent labels, suggesting potential areas for improvement.

Figure 10 shows the ROC curves generated individually for the three workload levels
by treating each one as the positive class while considering the remaining classes as
negatives. The overall curves are close to the upper left corner, with the areas under the
curve (AUC) for the three classes being 0.94, 0.82, and 0.85, respectively. Level 1 still
demonstrates excellent discriminative ability, while Levels 2 and 3 are slightly inferior, with
Level 3 performing marginally better than Level 2.

Based on the above results, it can be seen that the predictive performance of the model
across the three categories of workload is generally excellent. There is still room for further
improvement at higher levels of workload. This may be due to the increased noise in
signal collection caused by more intense driving maneuvers under high workload, as well
as the greater variability in physiological responses among different individuals at high
workload levels.
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5.2. Comparison with Other Studies

In addressing physiological differences between individuals, some studies [88–90]
have optimized machine learning to uncover shared features to mitigate the impact of
inter-subject variability on workload recognition outcomes. Inspired by their algorithmic
ideas, this study also experimented with a workload detection model based on a fully
connected network and adversarial domain generalization (FCN-DG), incorporating an
adversarial domain generalization module to enhance robustness and generalizability by
extracting common features, as shown in Figure 11.
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However, the shared features extracted through confrontation were suboptimal for
classification purposes, achieving only 65% accuracy via this model, while it costs more
time training the adversarial generalization models. And the highest accuracy of other
scholars’ adversarial generalization models only reached 69%. This may be due to the
following factors: (1) the association between the shared physiological features identified
and workload is derived from group-level analyses, representing the commonality of all
individuals, which are not strong enough to assess an individual’s workload at a specific
moment accurately; (2) physiological responses that are consistent within some individuals
may vary across single individuals such that some variables that are non-responsive to
pilot workload at the group level may be valuable for assessing workload at the individual
level [26].

Therefore, the proposed model proves more advantageous in terms of both efficiency,
accuracy, and generalizability.

Table 6 lists several other studies from recent years that have also used machine
learning models for workload detection. It is evident that although categorizing into
the same three classes, the proposed model surpasses most models built on traditional
physiological measurement techniques in terms of accuracy through its low-interference
detection approach.

Table 6. Comparison between the method proposed in this study and existing methods.

Authors (or
Model Name) Year Physiological

Signal
Feature

Selection
Classification

Model
Number of
Categories

Whether Device
Interferes with

Operation

Can Be
Achieved in
Real Time

ACC

D. He et al.
[103] 2022 ECG, GSR None K-NN 3 Yes No 72%

S. Barua et al.
[104] 2017 ECG, GSR SFFS, MDA K-NN 3 Yes No 78%

L. Zheng et al.
[105] 2021 HRV, GSR Pearson-r ANN 3 Yes No 73%

Li et al.
[106] 2023 EEG,

Eye tracking LDA LR 2 Yes No 82.7%

Q. Zhu et al.
[83] 2021 fNIRS, ECG None LDA 3 Yes No 68%

Lim et al.
[82] 2018 EEG None SVM 3 Yes No 69%

FCN-DG 2024 Eye tracking,
Seat pressure DG-FCN FCN 3 No Yes 65%

AKE-PWD 2024 Eye tracking,
Seat pressure None ensemble

learning 3 No Yes 82.6%

5.3. The Role of Human Factors in Predicting Workload

This study mainly focuses on low-interference detection metrics for workload as-
sessment. However, other metrics, such as the ones related to human factors, may also
contribute to the model prediction. To explore and validate this idea, we incorporated age,
gender, and flight ability assessment scores from the pre-experiment for each subject into
the dataset.
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The results showed that adding age and gender did not improve the model’s perfor-
mance. This may be due to the relatively concentrated age distribution of the recruited
pilots and the predominantly male composition (to reflect the gender ratio in the pilot
population). As a result, these variables did not provide sufficient variability to enhance
the model’s predictive performance; thus, they were not included in the model.

However, incorporating the flight ability assessment scores increased the model’s pre-
diction accuracy by approximately 2%. Specifically, as shown in Table 7, for the prediction
of high workload level, the inclusion of the flight ability metric resulted in improvements
in precision, recall, and F1-score. This finding indicates that human factor data related
to the subject’s baseline abilities can indeed enhance the model’s predictive performance
of pilot workload. This flight ability is subjectively judged through simulated flight tests.
However, given that there might be various ways to evaluate the flight ability, its reference
value for broader application can be demonstrated further.

Table 7. Model performance of level 3 workload before and after incorporating flight ability.

Precision Recall F1-Score

Before 0.8493 0.7470 0.7949
After 0.8497 0.7936 0.8172

5.4. Limitations and Future Works

This study has several limitations that need to be addressed:
The relationship between workload and human physiological characteristics varies

significantly between individuals, yet the model categorizes them into just four classes.
Expanding the dataset with more participants would improve the spectral clustering
algorithm, allowing the model to detect more-precise physiological patterns and refine
its predictive accuracy. Additionally, conducting experiments with different aircraft and
simulators under various flight conditions can help collect diverse data and enhance the
model’s generalizability across different flying environments.

This study did not consider the potential impact of environmental factors such as
temperature, humidity, and noise on pilot workload as these variables were controlled at
consistent levels throughout the experiment. Future work will include further investigation
into environmental factors on workload to enhance the applicability of the model.

Moreover, the experiments in this study were conducted using flight simulation de-
vices. Although these advanced devices are officially certified, they cannot fully replicate
all the detailed behaviors of real flight. For example, real aircraft maneuvers involve move-
ments of rolling and yawing, which causes the gravitational force and the pressure exerted
on the pilot to not be aligned. This may affect the measurement of pressure distribution.

6. Conclusions

High pilot workload is a major contributing factor to aviation accidents, and workload
detection can help reduce the incidence of such accidents. To address the issues in existing
workload detection models, such as interference with pilot operations and the lack of
real-time applicability, and to enhance the model’s prediction accuracy and generalizability,
this paper proposed the Adaptive KNN-Ensemble Pilot Workload Detection (AKE-PWD)
model. By harnessing low-interference detection metrics, i.e., using the telemetry-based
eye-tracking metrics and seat pressure metrics as model inputs, the approach achieves a
streamlined detection process without being perceived by the subjects at all. By gathering
continuous data from flight simulation experiments and employing 10 s time windows as
sampling points, it ensures real-time detection capabilities. By constructing the Adaptive
KNN-Ensemble model, which includes an outer KNN and an inner ensemble classifier
composed of RF, GBT, and FCN–Transformer, we can identify the cluster of physiological
features relevant to the input data and subsequently select the corresponding ensemble
model which integrates the strengths of the three base learners. In this way, detection gen-
eralizability across different pilots is facilitated. The real-time workload detection across
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different pilots achieved an accuracy of 82.6%, surpassing baseline workload detection
methods. Additionally, it operates with a running time of less than 0.1 s and can detect
the workload every 10 s, ensuring real-time capability. The research findings have broad
application prospects. For instance, specific conditions and causes of elevated workload
can be identified from the real-time detection data. The findings can guide the design and
improvement of the cockpit HMIs and the aircraft crew operation procedures. Additionally,
it can provide comprehensive metrics to help aviation regulatory bodies establish stan-
dards and guidelines. This provides new insights into the workload of human–machine
interaction and has significant potential for the safe, intelligent, and efficient development
of future aviation traffic systems.
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