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An automation system for detecting the pilot's diversiﬁed mental states is an extremely
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important and essential technology, as it could prevent catastrophic accidents caused by the
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deteriorated cognitive state of pilots. Various types of biosignals have been employed to
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develop the system, since they accompany neurophysiological changes corresponding to
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the mental state transitions. In this study, we aimed to investigate the feasibility of a robust
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detection system of the pilot's mental states (i.e., distraction, workload, fatigue, and normal)
based on multimodal biosignals (i.e., electroencephalogram, electrocardiogram, respiration,
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and electrodermal activity) and a multimodal deep learning (MDL) network. To do this, ﬁrst,

MDL

we constructed an experimental environment using a ﬂight simulator in order to induce the

EEG

different mental states and to collect the biosignals. Second, we designed the MDL archi-

ECG

tecture – which consists of a convolutional neural network and long short-term memory

Respiration

models – to efﬁciently combine the information of the different biosignals. Our experimental

EDA

results successfully show that utilizing multimodal biosignals with the proposed MDL could

Pilot's mental states

signiﬁcantly enhance the detection accuracy of the pilot's mental states.
© 2019 Published by Elsevier B.V. on behalf of Nalecz Institute of Biocybernetics and
Biomedical Engineering of the Polish Academy of Sciences.

1.

Introduction

Many studies have demonstrated that pilot's cognitive
capabilities could affect ﬂight safety because aircraft control
requires high cognitive skills [1–3]. Indeed, more than 70% of

accidents in aviation are caused by human error, which is
directly attributed to failures in cognitive performance [4].
Lowered cognitive capabilities may occur in various mental
states, such as distraction, workload, and fatigue. Distraction
is the process of diverting the attention, which blocks or
diminishes the reception of desired information [5]. This state
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may appear when pilots divert their attention away from the
main ﬂight task. Workload refers to the cognitive and
psychological efforts required to complete given tasks [1,6].
This state is usually caused by excessive ﬂight missions.
Fatigue is deﬁned as a sensation of boredom and unwillingness to carry on a task, and may lead to reduced work
efﬁciency and increased possibility of accidents [2,3,6]. Such
state could occur after a lengthy time of monotonous ﬂight.
For preventing the accidents caused by deteriorated
cognitive states, several different approaches based on
biosignals have been used to explore three major aspects of
the subjects' cognitive states, i.e., sensor modality, types and
number of mental states, and machine learning method.
Regarding the sensor modality, a single sensor [5,7–14] and
multi-sensors [15–18] have been used for extracting information related to the subject's mental states. For example,
electroencephalogram (EEG), functional near-infrared spectroscopy (fNIRS), electrocardiogram (ECG), electromyogram
(EMG), electrodermal activity (EDA), and respiration have been
widely used for detecting mental states because the dynamics
of these signals are linked to the pilots' cognitive states.
A single sensor-based system could provide users with
comfortable interfaces, while multi-sensors could enhance the
system's performance by combining the various distinct
modalities [19]. Note that, in comparison with other sensors,
EEG appears to provide the most accurate information to
classify mental states [17]. It is the most essential physiological signal to analyze mental states because it directly reﬂects
cortical activities [20]. Moreover, compared with other brain
monitoring methods, EEG is more versatile, easy to setup,
comfortable, non-invasive, and safe [21–25]. Therefore, EEG
has been investigated in various domains in addition to
classiﬁcation of mental states [26–29]. Despite its advantages, a
signiﬁcant limitation of EEG is its signal-to-noise ratio, as
multiple kinds of noise may easily be induced by biological or
environmental sources [30]; indeed, the main artifacts in EEG
are caused by eye blinks, muscle contractions, and electronic
devices [31]. Furthermore, some characteristics of EEG might
vary from subject to subject [32]. To compensate for the
shortages of EEG, various researchers have adopted a multimodality approach by combining EEG with non-brain measures (i.e., peripheral physiological measures (PPMs)) such as
ECG, respiration, and EDA [1,16–18] for mental state assessment. For example, the combined features of EEG and ECG
show a higher accuracy for workload classiﬁcation than EEG
alone [18]. Further, EEG, fNIRS, and physiological measures
(ECG and respiration) provide better results than the EEGbased classiﬁcation [17].
Various types of mental states such as distraction,
workload, fatigue, drowsiness, and stress were selected to
develop the system. However, most research aimed to
distinguish each state from a normal state (i.e., two-class
problem) [5,7,8,11,13,14,16], or to divide a single state into three
or four levels in the single state [9,10,12,15,17,18]. To the best of
our knowledge, there have been no attempts to recognize
various mental states (i.e., multi-class classiﬁcation) simultaneously using only biosignals. From the point of view of
machine learning method, for the EEG research, various
classiﬁcation methods have been applied, including conventional machine learning techniques (e.g., linear discriminant
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analysis (LDA) [5,8,16,17], support vector machine (SVM)
[18,33], etc.) and deep learning techniques (e.g., convolutional
neural network (CNN) [13], Recurrent 3DCNN [11], autoencoder
[12], etc.). However, previous multi-modality studies have used
only conventional machine learning techniques (see details in
Section 2).
Here, our study aimed to investigate the feasibility of
detecting – with efﬁciency and robustness – various mental
states of the pilot by means of multimodal biosignals (i.e., EEG,
ECG, respiration, and EDA) and multimodal deep learning
(MDL). MDL offers the advantage that a hierarchical representation can be automatically learned for each modality.
Hence, the main contribution of this work is threefold: ﬁrst,
we used a ﬂight simulator to build an experimental environment that allows us to induce the four mental states in the
pilot and to collect multimodal biosignals. Second, we
acquired multimodal data from eight pilots who had ﬂight
experience. Finally, we designed the MDL architecture, which
consists of CNN and LSTM models, in order to fuse the various
neurophysiological signals efﬁciently. Our study successfully
shows that the combined use of various biosignals and the
MDL network could enhance the classiﬁcation accuracy of the
pilot's mental states.

2.

Related works

As a single modality, EEG in particular, has been widely used in
combination with various machine learning methods. For
example, Lal et al. [34], Jap et al. [35], Kar et al. [36], and Trejo
et al. [37] analyzed the statistical changes of EEG that occurred
during a driver simulator task for fatigue detection. Sonnleitner et al. [5] used regularized LDA (rLDA) to investigate
whether the EEG could predict the subject's distraction on a
single trial analysis. Chaudhuri and Routray [7] focused on
classifying the normal and fatigue states in a simulation
environment using the source localization method and an
SVM classiﬁer. Dehais et al. [8] classiﬁed the mental workload
and normal states using the frequency features based on
shrinkage LDA (sLDA). However, these studies used handcrafted EEG features to build classiﬁers. Also, ECG has been
widely used in recognizing mental states. Rogado et al. [38] and
Jung et al. [39] designed an embedded ECG sensor on the
steering wheel for analyzing driver fatigue and drowsiness.
These studies did not classify between normal state and
fatigue state, but performed a statistical analysis of each state.
Recently, deep learning has been utilized, as it can learn
hierarchical features without any outside assistance. For
example, Patel et al. [14] applied a neural network using a
set of ECG data for detecting early onset of fatigue in drivers.
Bashivan et al. [9] proposed a deep recurrent convolutional
neural network (RCNN) to detect four workload states from
multi-channel EEG signals. Hajinoroozi et al. [40] proposed a
channel-wise convolutional neural network (CCNN) and a
CCNN variation that uses a restricted Boltzmann machine
(CCNN-R) to detect poor performance in the driver. Jiao et al.
[10] proposed a deep CNN method for detecting four mental
workload levels from the EEG data. Furthermore, they
introduced a pointwise gated Boltzmann machine (PGBM)based fusion strategy of two CNN models for different EEG
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inputs. Zhang et al. [11] utilized recurrent 3D CNN (R3DCNN) to
learn spatial-spectral-temporal EEG features for cross-task
mental workload assessment. Wu et al. [12] proposed a deep
stacked contractive autoencoder network (DCAEN) to learn the
fatigue-related features from raw EEG data in order to
recognize the pilot's fatigue status. Gao et al. [13] developed
an EEG-based spatial-temporal convolutional neural network
(ESTCNN) to detect the subject's state of fatigue with high
accuracy. However, these studies used the single modality
alone to detect the cognitive states.
Using multimodal sensors is an effective way to improve
the detection performance compared with a single sensorbased recognition. Also, various combinations of biosignal
modalities (e.g., EEG, ECG, photoplethysmogram, EOG, EDA,
respiration, and EMG) were used for analyzing the fatigue
states [41–46]. Hogervorst et al. [15] tested the combined
information of EEG, skin conductance, respiration, ECG, pupil
size, and eye blinks for mental workload estimation. Ahn et al.
[16] collected EEG, fNIRs, and ECG data simultaneously to
develop algorithms that allow researchers to explore the
neurophysiological correlates of subjects' state of fatigue. The
combination of LDA methods yielded substantial improvements in the ability to discriminate between well-rested (i.e.,
normal) state and sleep deprived (i.e., fatigue) state. Liu et al.
[17] integrated EEG, fNIRS, and physiological measures for the
classiﬁcation of three workload levels in an n-back working
memory task. They showed that the fusion of these modalities
could improve the classiﬁcation performance. Zhang et al. [18]
used EEG and ECG signals to validate the effectiveness of the
interactive mutual information modeling (IMIM), which is a
feature-weight-driven signal-fusion method based on mutual
information. However, to the extent of our knowledge,
multimodal biosignals have not been combined with MDL
methods (See the summary of related works in Table 1).
From these multi-modality studies, hand-crafted features
for each biosignal were extracted, and were then used to
classify the mental states. For example, in EEG signals, power
spectral density (PSD) features in speciﬁc frequency bands
including delta (1-4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta
(13–30 Hz), and gamma (30–40 Hz) were normally used [6,12]. In
ECG signals, time-domain features (e.g., mean heart rate (MHR)

and standard deviation of normal-to-normal intervals (SDNN))
and frequency-domain features (e.g., PSD from 0.04 to 0.15 Hz
frequency range for low frequency band (LF) and 0.15 to 0.40 Hz
range for high frequency band (HF), and that of the ratio (LFHF))
were employed [16,47–49]. In respiration signals, the standard
deviations of the amplitude from the abdomen and thorax
channels (i.e., SDAbd and SDThor, respectively) were used as
time-domain features [17]. Further, the PSD of the dominant
respiration frequency band from the abdomen and thorax
channels (i.e., DRFAbd and DRFThor, respectively) were
extracted as frequency-domain respiration features. For the
EDA signals, the mean amplitude of EDA (MEDA) and the
standard deviation of the amplitude (SDEDA) were used as
time-domain features. Also, the PSD extracted from the EDA
index of the frequency bands of the sympathetic nervous
system (EDASymp) was investigated for frequency-domain
features [15,50].

3.

Methods

3.1.

Experiment

3.1.1.

Participants

Eight healthy subjects (6 males and 2 females, age: 25.7  2.6)
underwent ﬂight experience for over 100 hours in the Taean
Flight Education Center. This study was reviewed and
approved by the Institutional Review Board at Korea University
[1040548-KU-IRB-18-92-A-2], and written informed consent
was obtained from all participants before the experiments. All
subjects had a normal or corrected-to-normal vision, normal
hearing, and no history of psychiatric or neurological diseases.
They were asked to refrain from alcohol and coffee and to
sleep (6–8 h) before the experiment. They were instructed to ﬁll
out the questionnaires for recording the subjects' status and
for evaluating our experimental paradigm.

3.1.2.

Experimental setup

We designed an experimental environment using a ﬂight
simulator system (Cessna 172, FRASCA International, Inc.) (see
Fig. 1). The cockpit consisted of the wide visual display

Table 1 – Summary of related works: N, D, W, and F indicate normal, distraction, workload, and fatigue, respectively.
Moreover, Wi and Fi indicate i levels of the corresponding mental states. Note that performance values are the
representative results of the referred studies. Performance could be different depending on the experimental conditions.
References
Sonnleitner et al. [5]
Chaudhuri et al. [7]
Dehais et al.[8]
Bashivan et al. [9]
Jiao et al. [10]
Zhang et al. [11]
Wu et al. [12]
Gao et al. [13]
Patel et al. [14]
Hogervorst et al. [15]
Ahn et al. [16]
Liu et al. [17]
Zhang et al. [18]

Modalities
EEG
EEG
EEG
EEG
EEG
EEG
EEG
EEG
ECG
EEG,
EEG,
EEG,
EEG,

eye-tracking measures
fNIRs, ECG
fNIRS, ECG, respiration
ECG

# of class (types)
2
2
2
4
4
2
3
2
2
2
2
3
3

(D/N)
(F/N)
(W/N)
(W1/W2/W3/W4)
(W1/W2/W3/W4)
(W/N)
(F1/F2/N)
(F/N)
(F/N)
(W1/W2)
(F/N)
(W1/W2/W3)
(W1/W2/W3)

# of subjects
20
12
18
13
13
20
40
8
12
14
11
21
10

Methods
rLDA
Source feature, SVM
sLDA
RCNN
CNN, PGBM
R3DCNN
DCAEN
ESTCNN
Neural network
Logistic regression
LDA
LDA, Naive-Bayes
IMIM, SVM

Performance
92%
86.8%
70.8%
91.1%
92.4%
88.9%
91.7%
97.4%
90%
91%
75.9%
65.1%
89.9%
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Fig. 1 – Experimental environment. (a) External environment of the flight simulator. (b) Internal environment of the flight deck.
(c) Experimental setup in the flight simulator.

providing an angle view of 2108, a ﬂight yoke, an electric
control loading system, other control panels, etc. A wireless
keypad was attached on the yoke to record the pilot's
responses. We measured EEG signals using the EEG system
(BrainAmp, Brain Products GmbH). A total of 60 electrodes
were located on the scalp, according to the international 10–20
system, as shown in Fig. 2(a). Additionally, we acquired the
EOG signals using four electrodes simultaneously; two
electrodes were placed at the outer canthi to measure the
horizontal component and two electrodes, one above and the
other below the left eye, were used for the vertical component
[51]. The reference electrode was placed at the FCz, and the
ground was placed at the AFz. The sampling frequency of EEG
and EOG was 250 Hz. The peripheral physiological measures
(PPMs) (i.e., ECG, respiration, and EDA) were carried out using
the Flexcomp system with biograph Inﬁniti software (Thought
Technology Ltd.). Three ECG electrodes were attached to the
chest wall equidistant from the heart related to the speciﬁc
limb, such as left arm (LA), right arm (RA), and left leg (LL)
according to the standard 3-lead conﬁguration. A respiration
sensor was fastened around the thorax and abdomen. EDA
was measured at the index and ring ﬁngers of the left hand.
The sampling frequency of PPMs was 256 Hz. We developed
the proposed method using Python 3.7, based on the Pytorch
library.

3.1.3.

Experimental paradigm

We designed experimental paradigms to induce different
cognitive states in the pilots, including distraction, workload,
and fatigue (see Fig. 3) following a similar procedure as in
previous studies [5,13,52,53]. The data were collected during a
period of at least 3.5 h. After ﬁnishing each paradigm, subjects
were asked how difﬁcult it was to complete the task. Subjects
were allowed to rest if they wished to do so. Detailed descriptions
of each paradigm are provided in the following paragraphs.
Distraction paradigm: Distraction was induced by an
auditory cue that signaled the subject when it was time to
perform a secondary task provided in an air trafﬁc control
(ATC) message while performing a primary task, which
consisted of maintaining the aircraft under predeﬁned conditions. During the simulated ﬂight, subjects were asked to
maintain an altitude of 3000 feet and a heading of 08, while
prerecorded sentences of the ATC message were presented at
a regular time interval. The pilot was instructed to mentally
count the number of words of the ATC message. ATC messages
were divided into three levels based on the number of words
(Level 1: 4–9 words, Level 2: 10–14 words, Level 3: 15–22 words).
A beep sound signaled the pilot when it was time to type the
number using the keypad (see Fig. 4).
Workload paradigm: The pilots were instructed to perform
a monotonous ﬂight maintaining an altitude of 3000 feet and a
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Fig. 2 – Experimental setup. (a) Setup of EEG electrodes. (b) Recording setup of physiological sensors.

Fig. 3 – Timeline of the experiment.

Fig. 4 – Distraction paradigm: data for the distraction class were extracted, as indicated by a red box.

heading of 08. According to the complexity of the given task,
the instructions were divided into three levels (Level 1:
changing the altitude at a given speed, Level 2: changing the
altitude, heading, and speed, Level 3: steep turn at a given bank
angle, and roll-out with a given heading). After the execution
of the given tasks, the subject was asked to mark the endpoint
using the keypad. The success or failure of the tasks was
reported by the instructor. The time to complete each task
could vary among levels (see details in Fig. 5).

Fatigue paradigm: Subjects were instructed to take a
monotonous night ﬂight, and to maintain an altitude of
3000 feet and a heading of 08. The beep sound was presented
every 1 minute, and the subjects had to report a subjective
sleepiness score using the keypad. Score values were based on
the Karolinska sleepiness scale (KSS). Note that the KSS has a
9-point scale (e.g., 1 = extremely alert, 5 = neither alert nor
sleepy, and 9 = extremely sleepy, ﬁghting sleep). Fig. 6 shows
the fatigue experimental paradigm.

biocybernetics and biomedical engineering 40 (2019) 324–336

329

Fig. 5 – Workload paradigm: data for the workload class were extracted, as indicated by a red box.

Fig. 6 – Fatigue paradigm: data for the fatigue class were extracted, as indicated by a red box.

3.2.

Data acquisition and preprocessing

3.2.1.

Data preprocessing

EEG signals were band-pass ﬁltered at 0.1–50 Hz to remove the
direct current voltage and high-frequency artifacts. We also
employed an independent component analysis (ICA) algorithm to remove eye-related artifacts of vertical and horizontal
components from four EOG channels [16]. ICA is widely used to
calibrate the noise sources for artifact removal [54]. For the
signals corresponding to the PPMs, we used a low-pass ﬁlter at
50 Hz, and the detrending algorithm to eliminate the linear
trend, which is the systematic increase or decrease in the PPM
data [17]. After that, the collected data from each experimental
paradigm were segmented into trials of 5 s with an overlap of
4 s, and we evaluated the performance based on the threefold
cross validation (see details in Section 3.4). Note that we totally
separated training data and test data preserving sequential
information, which means there are no any overlapping data
between training and test data. In this study, we obtained the
distraction data from every secondary task to the corresponding response in the distraction paradigm (red box in Fig. 4). We
analyzed the workload data from the every task execution of
each task in the workload paradigm (red box in Fig. 5). We
obtained the fatigue data during the rest period of the fatigue
paradigm (red box in Fig. 6); here we selected the data when the
score of the subjective evaluation was greater than or equal to
6 points. The normal state is obtained during the rest periods
in the distraction and workload paradigms. In the fatigue
paradigm, we selected the normal state data when the KSS

score was less than 5 points. Finally, we obtained a total of
approximately 6000 samples per subject. Note that a sample
indicates 5 s length of data from four modalities (i.e., EEG, ECG,
respiration and EDA) corresponding to four mental states.
Hence, 6000 samples per subject means that we acquired 1500
data samples from speciﬁc mental state from single subject.
For the EEG input data of the proposed method, we
transformed the preprocessed EEG data into three topographic
maps. First, we calculated the power spectrum density in ﬁve
frequency bands (i.e., delta, theta, alpha, beta, and gamma
bands) based on fast Fourier transform (FFT) [55,56]. Then, we
selected three discriminant frequency bands, with high
mutual information between class label and the corresponding frequency band power from the training data [18]. As
follows [9], we applied a polar projection to project electrode
locations on 2D surface. Also, we applied a Clough–Tocher
scheme for interpolating the scattered power measurements
over the scalp and for estimating the values in-between the
electrodes over a 32  32. The three maps were provided as an
input to the CNN model in the proposed method. The
preprocessed PPMs were provided to the LSTM models (see
details in Section 3.3). Thus, the dimension of each input of the
EEG was 3@32  32 and that from each PPM was 11280 (256
sampling rate  5 s).

3.3.

The proposed network

Different types of sensors have inherent representations and
statistical properties, which complicates the detection of com-
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Fig. 7 – Overview of the proposed MDL network.

mon features across modalities [57]. Hence, we designed the MDL
architecture to learn hierarchical features from the different types
of biosignals. We utilized a CNN model for EEG signals and three
LSTM models for PPMs. Further, the proposed network fused each
feature from the sub-networks in a fully connected layer (Fig. 7). It
is advantageous to reduce the inﬂuence of inherent properties of
each modality. Details are described as follows.

3.3.1.

CNN for EEG

We used a CNN architecture with three hidden layers (i.e., two
convolutional layers and a fully connected layer). The
convolutional layers used small receptive ﬁelds of size 3  3,
and a stride of 1 unit with a rectiﬁed linear (ReLU) activation
function. Each input of the convolutional layers was padded
with 1 unit to preserve the spatial resolution after the
convolution. Max pooling was performed over a 2  2 window
with 2 strides. The fully connected layer outputs 600 units (see
details in Table 2).

3.3.2.

LSTMs for PPMs

Three LSTM models were employed for three PPMs, each of
which is a single channel-based time series signal. LSTM has a
memory ability, and partially removes the risk of vanishing
gradients. LSTM is mainly comprised of three gates (a forget

Table 2 – CNN configurations in the proposed network.
Type
Input
Convolutional layer
Max pooling
Convolutional layer
Max pooling
Fully connected layer

Kernel/stride/padding

Output size

–
3  3/1/1
2  2/2/–
3  3/1/1
2  2/2/–
–

3@32  32
32@32  32
32@16  16
64@16  16
64@8  8
600

gate, an input gate and an output gate) and ﬁve parameters
(i.e., forget gate's activation vector, input/update gate's
activation vector, output gate's activation vector, hidden state
vector, and cell state vector). This structure enables the LSTM
unit to forget useless outdated information, and to update
itself based on the new input [58]. This study applied an LSTM
layer. After pre-processing, each PPMs raw signal (1  1280)
was used as the input in each LSTM model, which has a single
LSTM layer with 200 hidden units (see Table 3).

3.3.3.

Fully connected layers for classiﬁcation

To integrate the features of each modality, we concatenated
the features of PPMs. The concatenated features were trained
through a hidden fully connected layer consisting of 600 units.
Then, the outputs of the layer were merged with the EEG
features of 600 units into new 1200 units. The merged features
were trained through the fully connected layer of 1200 units.
Finally, the class was determined by the four output units,
using the softmax classiﬁer to indicate the normal, distraction,
workload, and fatigue states.

3.3.4.

Training

Training was carried out by optimizing the cross-entropy loss
function. ReLU and hyper-tangent were respectively used as
activation functions for CNN and LSTM. We used Adam as a
gradient descent optimizer with a learning rate of 0.001, and
the decay rate of the ﬁrst and second moments were 0.9 and
0.99, respectively. The batch size was set to 20. The dropout

Table 3 – LSTM configurations in the proposed network.
Type
Input
LSTM layer

Number of units

Output size

–
200

1280
200
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probability was set to 0.5 in all fully connected layers. Our
network parameters converged after 150 epochs; the iteration
was selected by monitoring the models' performance. We did
not use early stopping.

3.4.

Evaluation and baseline methods

To validate the performance of the proposed method, we
used a k-fold cross validation method, which is a resampling
procedure used to evaluate models on a limited data
sample. The advantage of cross validation is that it can
increase the statistical reliability of the categorizer performance measurement [59,60]. Note that a value of k = 10 is
commonly used. However, in general, k remains an unﬁxed
parameter. In our study, we selected threefold cross
validation. The reason is that we need to train deep learning
model with sufﬁcient data while increasing the statistical
reliability. However, larger k value could increase training
time of the proposed multimodal deep learning model. This
study benchmarked the proposed method with several
traditional machine learning methods and state-of the art
methods. We used the Scikit-learn library for k-NN, random
forest, logistic regression, support vector, and shrinkage
linear discriminant analysis. The Pytorch library was used
for LSTM and DCAEN. We compared the classiﬁcation
performances using EEG-alone, PPMs-alone and both EEG
and PPMs. Here, we brieﬂy present an explanation of the
baseline methods. Input features of each method are
summarized in Table 4.
k-nearest neighbor (k-NN): it classiﬁes a new data by the
majority of vote from its neighbors, with the object being
assigned to the k nearest class [61]. In our study, we selected
the number of neighbors in a cluster {1, 3, 5, 7, 10, 15} that
yielded the best accuracy in the training phase.
Random forest (RF): RF is an ensemble classiﬁcation
method of multiple decision trees that depends on the
random vector sampled independently and with the same
distribution [62]. In this study, each input and outputs of all
trees were computed. And the class with the majority of votes
was selected. We selected the number of estimators within {5,
10, 50, 100, 1000, 2000, 3000} that yielded the highest accuracy
in the training phase.
Logistic regression (LR): LR is a statistical technique to
predict and classify the likelihood of an event using a linear
combination of independent variables [63,64]. In our study, l2regularization was used to consider sparsity in the logistic
regression model. The regularization parameter was selected
within the range of [10 2, 102] in the training phase.
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SVM: SVM ﬁnds the boundary with the largest margin for
classiﬁcation [65,66]. In our study, regularization penalty
parameter C and inverse of RBF kernel's standard deviation
(g) were selected within parameter sets C = {0.01, 0.1, 1, 10, 100},
and g = {0.01, 0.1, 1, 2, . . ., 10}, respectively.
sLDA: LDA aims to ﬁnd a boundary that can distinguish the
categories after projecting the data on a speciﬁc axis [67]. The
LDA separates the mean values of the categories from each
other and reduces the variance. sLDA is designed to prevent a
covariance matrix from becoming singular due to the small
sample size for monitoring the pilot's mental workload using
spectral power [8]. An automatic shrinkage using the Ledoit–
Wolf lemma was adopted in this study.
LSTM: LSTM deals with the exploding and vanishing
gradient problems that can be encountered when training
traditional RNNs. A common LSTM model is composed of
units, an input gate, an output gate and a forget gate [58]. In
this study, we composed the network with a hidden LSTM
layer and 200 hidden units.
DCAEN: A deep stacked contractive autoencoder network
(DCAEN) with the softmax classiﬁer was proposed to learn the
EEG features that allow to recognize the mental fatigue status
of pilots [12]. It established the network with three hidden
layers. Following that study, the hidden layer nodes designed
in the study were 800-400–50, and the contractive coefﬁcient
parameter l was 0.3.

4.

Results and discussion

4.1.

Physiological signals analysis

In Fig. 8, we present the box plots for the features of PPMs
(described in Table 4) of all trials corresponding to the mental
states. From the top of the box plots, each row represents EEG,
ECG, respiration, and EDA respectively. The central mark in
each box represents the median, and the bottom and top edges
of the box represent the ﬁrst and a third of quartile (Q1 and Q3)
for the range. The interquartile range (IQR) is calculated as
Q3 Q1. Note that the box-plots were averaged from all trials of
all subjects. A more detailed investigation is needed to
consider individual variation. In the EEG features, we
calculated an averaged power from the six mid-line channels
(Fz, FCz, Cz, CPz, Pz, and Oz) for each frequency band (delta,
theta, alpha, beta, and gamma). For the delta and theta
activity, the increase in the IQR of the distraction was
observed. In all frequency bands, we commonly found the
decreased median values in the workload state. Such a

Table 4 – Summary of input features and dimensions used in the baseline methods. The methods which are not mentioned
used same input features with the proposed method.
Method
K-NN, RF, LR, SVM, sLDA

LSTM
DCAEN

Modality
EEG
ECG
Respiration
EDA
EEG
EEG

Input features
PSD of 60 channels at three bands
MHR, SDNN, LF, HF, LFHF
SDAbd, SDThor, DRFAbd, DRFThor
MEDA, SDEDA, EDASymp
Single trial of 60 channels (channel  sample)
Flattened input image (3@32  32)

Dimension
60  3
15
14
13
60  250
3072
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Fig. 8 – Effect of various mental states on the biosignals using the box-plot for all participants' trials. The center mark in each
box represents the median, and the bottom and top edges of the box represent the 25th and the 75th percentile.

decrease had also been reported in the previous study [17]. We
also found an increase in the median values of the theta and
alpha and a decrease in the median value of the beta in the
fatigue state; it is a similar result to [16]. In the gamma activity,
the median values in all states tend to be decreased compared
to the normal state. In the ECG features, we observed a
decreased IQR of the SDNN in the workload state. However, in
overall, we could not observe the evident changes according to
transitions of mental states. In the respiration, the median
values and IQR in the distraction and workload states were
decreased in the SDAbd and SDThor. In the EDA features, the
IQR of the MEDA and EDASymp in distraction state was
increased in comparison with the others.

4.2.

Classiﬁcation performance with baseline methods

Table 5 shows the averaged classiﬁcation accuracy of the
proposed and baseline methods in the three conditions (based
on EEG-alone, based on PPMs-alone, and based on both EEG
and PPMs) with the threefold cross validation. Classiﬁcation
results based on EEG-alone were higher than on PPMs-alone in
all methods. When using EEG-alone, the sLDA classiﬁer
showed the highest performance (78.2  5.7%). When using
PPMs-alone, the proposed and the LSTM methods showed the
highest accuracy of 72.5  8.4%; they have same LSTM network
for PPMs. We conjecture that the high performance was
because it can integrate and learn each PPM feature simulta-

Table 5 – Classification performance of the pilots' four mental states with baseline methods based on EEG-alone, PPMsalone, and both EEG and PPMs with a threefold cross validation.
Methods

k-NN
RF
LR
SVM
LSTM
sLDA [8]
DCAEN [12]
Proposed method

Modalities
EEG-alone (Acc.)

PPMs-alone (Acc.)

Both EEG and PPMs (Acc.)

69.7  7.7%
71.7  8.2%
76.7  7.2%
77.6  6.1%
65.9  8.2%
78.2  5.7%
67.5  8.2%
77.7  6.1%

69.0  8.4%
70.8  8.8%
70.4  8.4%
70.2  7.6%
72.5  8.4%
71.1  10.1%
54.7  8.2%
72.5  8.4%

76.1  6.4%
81.0  7.8%
80.0  5.6%
80.5  5.0%
76.5  7.2%
81.4  4.5%
55.6  6.5%
85.2  4.3%
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Fig. 9 – Overall performance of the proposed method.

the classiﬁcation accuracy of the proposed model and that
of the baseline methods, respectively. The statistical
analysis showed that the accuracy of the proposed methods
was the signiﬁcantly increased compared with other
methods ( p < 0.05). Moreover, the proposed method was
stably effective for all subjects except subject 2 and 8, as
evidenced by the small standard deviations. Our framework
can capture the information robustly and effectively from
the multimodal biosignals, due to its ability to fuse the
spatial-spectral features from EEG and temporal features
from PPMs. Fig. 9 shows the average individual performances of the proposed method of threefold cross validation for eight subjects. The average accuracy achieved 85.2
 4.3%. The best performing subject (S6) accomplished an
accuracy of 90.6  5.1%, while subject (S8) recorded the
lowest accuracy (78.5  6.7%).

4.3.

neously through the shared layer. Furthermore, the classiﬁcation results using both EEG and PPMs showed higher
performance than that of using EEG-alone or PPMs-alone in
most methods except DCAEN in EEG-alone. These results
suggest that the use of multimodal biosignals could be
effective in improving the performance of pilots' mental state
classiﬁcation. However, the conventional machine learning
methods did not seem to increase the classiﬁcation accuracy
signiﬁcantly, while the accuracies of deep learning models
were largely increased including the proposed method. These
results imply that the deep learning method is suitable for
multimodal learning because it's ability to extract the highlevel representation.
We found that the accuracy accomplished by our model
based on multimodal biosignals (85.2  4.3%) was higher
than that of other models. A t-test was performed between
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Confusion matrix

We also evaluated the degree of confusion in the different
classiﬁers. The confusion matrix for 3-fold cross validation
results using the k-NN classiﬁer is shown in Fig. 10(a); the RF
classiﬁer was used in (b), LR in (c), SVM in (d), LSTM in (e), sLDA
in (f), DCAEN in (g), and the proposed method in (h). The values
of the diagonal elements represent the proportion of correctly
predicted classes. Compared to the distraction and the
normal states, the fatigue and the workload states were
identiﬁed with a relatively higher accuracy in all methods. In
addition, for the normal state, the models' accuracy did not
surpass 65%; the highest accuracy for the normal state was
reached with the proposed method (62.8%). On average, the
proposed method outperforms others. We conjecture that the
low accuracies in the identiﬁcation of the normal state are
because we did not determine the normal state by an
independent procedure. Note that we merged the data
corresponding to the normal state data from each paradigm.

Fig. 10 – Confusion matrices for the accuracy with the baseline method and the proposed method.
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Conclusion
[2]

In this study, we investigated the feasibility of classiﬁcation of
the pilot's various mental states (i.e., distraction, workload,
fatigue, and normal) based on multimodal sensors (EEG, ECG,
respiration, and EDA) and the proposed MDL method. We
collected data corresponding to the four mental states from
subjects in a simulated ﬂight environment. And the proposed
MDL network successfully enhanced the decoding accuracy
compared with several existing methods by fusing the information extracted from the different biosignals. We also showed the
changes of physiological measures inﬂuenced by the pilot's
diversiﬁed mental states.
Although our experimental paradigm for data acquisition is
similar to that of a previous study [53], future work should
consider acquiring the randomized sequence of each mental
state. Also, as it is not easy for the human nervous system to
switch to different mental states quickly, and consequently, more
sophisticated experimental protocols are should be designed. In
this study, we focused a subject-dependent classiﬁcation
problem. To increase the convenience, usefulness, and general
purpose of the BCI system, comprehensive investigation of the
inter and intra-subject variability is needed to obtain more
insight, which is required to design transfer-learning frameworks.
For this reason, building an optimal transfer model is an
important issue and needs to be further investigated. In addition,
the optimization of the architecture of the MDL should be
investigated. Further, investigation is warranted to test the
proposed method in the actual ﬂight environment.
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