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Abstract— A reliable method for quantifying cognitive
workload in pilots could find uses in flight training and
scheduling, cockpit design, and improving flight safety. Many
proposed methods for monitoring cognitive workload in this
population rely on measuring physiological responses to
externally delivered probe stimuli and/or use traditional gel-based
electroencephalography (EEG) sensors. Here we develop passive,
probe-independent algorithms for classifying three levels of flight
task complexity based on 4-channel, gel-free EEG during
simulated flight. Using a library of 168 input features drawn from
different data science application domains, we evaluated 13
different classifiers, using a nested 10-fold cross-validation
procedure to estimate generalization performance. The best
subsets of features yielded a median classification accuracy of
90.17% across subjects, with perfect accuracy in 1 subject and
greater than 75% in 16 of 21 subjects. Though EEG line length
and linear discriminant analysis were generally among the most
effective features and classifiers, respectively, we find that to
maximize prediction accuracy, feature set-classifier combinations
should be individualized. No single channel proved more valuable
than another in predicting flight task complexity, but combining
EEG features across channels maintained or improved
performance in 81% of subjects.

Index Terms—Cognitive Workload, electroencephalography,
pilots, machine learning

I. INTRODUCTION

OGNITIVE workload can be characterized as a ratio

between task complexity and a person’s cognitive capacity
to meet task demands [1]. This description captures the
intuitive idea that cognitive workload depends both on external
factors such as the objective difficulty of required tasks and
individual factors such as a person’s skills and past
experiences. There is a vast and growing body of research
focused on developing quantitative methods to assess cognitive
workload for a variety of purposes, for example to study the
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cognitive resiliency of people in high stress environments.
Metrics derived from physiological signals such as heart and
respiration rate; brain activity; blood pressure; galvanic skin
response; pupil diameter; and eye-blink and gaze have been
investigated as biomarkers of cognitive workload (e.g., [2]-[5]
and many others). These signals have demonstrated
associations with cognitive workload and have in some cases
been used, either alone or in combination, to distinguish
cognitive workload levels with accuracies significantly better
than chance. Still, there remains a need to propose systems that
are sensitive enough for cognitive workload monitoring outside
of the laboratory while simultaneously being easy and
comfortable to use, portable, and durable. In that regard, with
recent improvements in the ease-of-use, reliability, and costs of
portable electroencephalography (EEG) systems, there is
increasing interest in using and optimizing brain signal-related
measurements of cognitive workload, potentially even with
consumer grade equipment [6]. It is reasonable to expect that
EEG offers a more direct assay of cognitive workload than
other physiological biomarkers because of the proximity of
EEG sensors to the neural substrates of cognitive stress [7].
Furthermore, previous work has shown better performance for
EEG than eye and peripheral measurements in a binary mental
workload classification task [8]. Particularly in space, cost, or
other resource-constrained scenarios where it may be
impractical to instrument a subject with multiple-modality
physiological sensors, EEG may be the preferred choice for
cognitive workload monitoring — especially as gel-free and
non-contact electrode systems capable of being embedded in
standard helmets or caps [9] become more widely available.

A recent study employed EEG to assess cognitive workload
in pilots while performing an aircraft flying task under three
different levels of challenge [10]. In contrast with previous
similar investigations, this study employed only few dry (i.e.,
no conductive gel) EEG electrodes to derive EEG power
combined with an event-related potential (ERP) component,
the P300 [11]. The P300 is a voltage deflection that is one
component of a well-studied brain response often referred to as
the oddball potential. It occurs approximately 300ms following
the introduction of a rare stimulus amidst a series of
higher-probability stimuli. In this particular experiment, the
P300 was elicited with a relatively new auditory probe
technique that confirmed and extended previous laboratory
work by revealing that P300 amplitude varies inversely with
task complexity [12].

Although this and similar techniques that measure ERPs
using auditory stimuli have been successful in evaluating
cognitive workload in controlled settings, this approach may be
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less practical when required cognitive tasks themselves involve
a strong auditory component and hence the introduction of
extraneous sounds could be disruptive. Therefore, an
EEG-based metric of cognitive workload that exploits
information from non-evoked “background” neural activity is
desired [13], [14].

The goal of this research was to develop a background
EEG-based algorithm to classify multiple levels of aircraft
pilot-related task complexity using a small number of dry
electrodes without relying on ERPs. We used flight simulator
tasks of varying complexity as our experimental paradigm
because we are predominantly concerned with understanding
the response of aircraft pilots to the cognitive demands imposed
by their missions. Furthermore, pilots are usually in constant
radio or intercom communications via headset during flight, a
scenario that is be particularly well suited to an index of
cognitive workload not based on ERPs.

Several studies have examined the relationship between
background EEG and cognitive workload in aviation
environments with a range of results [15]. For example,
Hankins and Wilson [2] found an increase in theta band EEG
power during segments of a flight-based task that required
mental calculations. Dussault and colleagues found that delta
band activity also increased with cognitive workload, while
beta and gamma band activity decreased [16], [17]. However,
beta and gamma activity have also been shown to have positive
relationships with cognitive workload [18], [19]. Research by
Berka and colleagues [20] utilized a cognitive workload metric
based upon a weighted linear combination of various spectral
bands gathered from a collection of bipolar EEG sites and
showed that the EEG-based metric had a positive relationship
with cognitive workload.

Beyond showing an associative relationship between
cognitive workload and EEG or other physiological metrics,
several researchers have used machine-learning approaches to
predict or classify cognitive workload. For example, a k-NN
algorithm was employed to estimate cognitive workload on the
basis of the prefrontal blood oxygenation changes [21]. Other
studies have shown that either Artificial Neural Networks
(ANNs) [22] or Linear Discriminant Analysis (LDA) [23]
based classifiers can monitor workload from EEG power
spectra in real-time. In addition, some classification algorithms
such as ANNs [24] and ensemble methods [14] have been
applied to data sets combining psychophysiological measures
such as EEG, cardiovascular, and ocular signals to predict
pilots’ cognitive workload.

In this paper, we use machine-learning algorithms to classify
cognitive workload in a simulated flight environment. The
work builds on and is distinguished from other groups’ work on
cognitive workload in aviation environments in that it
simultaneously: 1) uses data from only a small number (four) of
EEG sensors; 2) uses dry (gel-free) electrodes; 3) requires only
non-evoked background EEG data; 4) analyses EEG segments
of durations amenable to real-time processing; and 5)
successfully classifies more than two levels of cognitive
workload. We believe that all five of these aspects are critical
steps toward realizing a practical cognitive workload
monitoring device for pilots in the cockpit. In a preliminary
study [13] using a subset of the subject pool examined here, we
reported the performance of a classifier that used only EEG
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spectral band power measurements as input features. Estimates
of the EEG power in discrete frequency ranges with known
clinical significance commonly appear as input features in the
brain-machine interface literature [15], [25]-[27], including
other work on cognitive workload measurement [8], [28]-[33],
as previously discussed.  Our results using only alpha (8-13
Hz), beta (13-30 Hz), and gamma (30-40 Hz) power as
classifier inputs were modest: sixty-eight percent (13 of 19) of
subjects had at least one EEG channel yielding classification
accuracy above 50%, with chance performance at 33%.

The present study extends the latter work in several
important ways. We demonstrate that cognitive workload
classification using background EEG collected from dry
sensors is substantially improved by expanding the set of input
features and supervised learning algorithms. We then
demonstrate further improvements by employing state-of-the
art feature subset selection and dimensionality reduction
techniques. Finally, we use subjects’ behavioral performance
data (i.e., measures of how adeptly they perform the
experimental flight tasks) to gain insight into the observed
relationship between background EEG and cognitive workload.
In particular, we provide evidence supporting the idea that
while increasing task complexity is associated with decreasing
behavioral performance, these two variables are not
interchangeable.  Cognitive workload increases that are
detectable by EEG monitoring but do not have concomitant
measureable behavioral performance decreases are particularly
important in that they may reflect an individual’s compromised
ability to mount a successful response to new, emergent tasks
which can arise while attending to a primary task.

II. METHOD

A. Data Acquisition

EEG data were collected from 21 United States Naval
Academy (Annapolis, MD, USA) midshipmen between the
ages of 19 and 23, all with basic flight training, while they
performed visuo-motor tasks in a flight simulator (Prepar3D®
v1.4, Lockheed Martin Corporation, Orlando, FL, USA) under
three levels of task complexity. The fact that subjects had
comparable previous flight experience served as a partial
control for individual differences in the ability to perform the
experimental tasks, and we therefore used task complexity as a
proxy for cognitive workload. The three flight tasks were
selected from predefined flight training exercises developed
with advice from experienced United States Navy pilots and
distinguished in challenge-level by differences in weather
intensity and mission requirements. Specifically, the three tasks
were: 1) Fasy: maintain the aircraft’s altitude (4000 ft), heading
(180°), and airspeed (180 kn). The weather was defined by no
clouds, precipitation, or wind, and unlimited visibility; 2)
Medium: maintain the aircraft’s heading (180°), airspeed (180
kn), and a “wings-level” attitude, while continuously making
altitude changes between 4000 and 3000 ft, with ascent and
descent rates of 1000 feet per minute (fpm). The sky was
completely overcast (1/16 mi of visibility), but there was no
precipitation and no wind; and 3) Hard: maintain the aircraft’s
airspeed (180 kn), while changing heading between 180° and
090° at a 15° angle of bank, ascending while turning right and
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descending while turning left at 1000 fpm. The sky was
completely overcast as in the Medium task, with no
precipitation, but with the presence of a moderate (16 kn)
easterly wind.

For each subject, one trial per task complexity was
conducted in random order, consisting of a 1-minute setup
period followed by a 10-minute flight segment. Additionally,
for use in a separate analysis, audible stimuli were administered
to participants via ear-bud speakers with random inter-stimulus
intervals between 6 and 30 seconds to evoke the P300 response.
Since the goal of this work was to analyze background EEG
only, data surrounding the auditory stimuli were excluded as
described below. Fig. 1 illustrates the experimental setup.

Medium

Fig. 1 a) Flight simulator setup: subjects operated a simulated T-6A Texan II
SP2 United States Navy aircraft using a control stick, throttle, and rudder
pedals; b) instrumentation and system status displays for the aircraft’s virtual
cockpit; c) visualization of the three experimental flight tasks: Easy - maintain
straight and level flight; Medium- repeatedly ascend and descend; and Hard -
ascend and descend while making left and right turns. All three plots have
identical axes, including scaling. (Adapted from [14]).

Four active, gel-free electrodes were used to measure scalp
EEG signals from sites along the frontal (Fz), fronto-central
(FCz), central (Cz), and parietal (Pz) midline, based on the
International 10-20 System [34]. The EEG cap was connected
to an amplifier with an online bandpass filter from 0.01 to 60

Hz (g USBamp®, gtec medical engineering GmbH,
Schiedlberg, Austria) through a driver-interface box
(g.SAHARAsys®, g.tec medical engineering GmbH,

Schiedlberg, Austria). Electrode impedances were maintained
below 5 kOhm during data acquisition. The right mastoid was
used as ground for the system and the left ear as the hardware
reference. Data were also collected from the right ear for later
re-referencing. EEG were sampled at a rate of 512 Hz,
re-referenced in an EEG analysis software (BrainVision
Analyzer 2, Brain Products GmbH, Munich, Germany) to an
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average-ear montage, and digitally lowpass filtered (in forward
and reverse to give zero phase response) with a Butterworth
filter with a cutoff frequency of 50 Hz and 48 dB/octave rolloff.

Prior to analysis, EEG data were visually inspected in the
time-domain for the presence of eye-blink, eye-movement,
muscle activity, cardiac, and respiratory artifacts, such as those
described in [35]. Any segments containing the patterns
associated with these artifacts or exhibiting a baseline drift of
greater than ~50uV were excluded from analysis (31.18% of all
data). In addition, data within a 600 ms window following the
onset of each auditory stimulus were excluded prior to analysis
in order to eliminate auditory-evoked responses.

B. Feature Extraction

The data set was segmented into 1-second (512-sample)
epochs for analysis, based primarily on a desire to have no more
than one second of lag in an envisioned online monitoring
system. Table I shows the number of Easy, Medium, and Hard
task EEG segments analyzed for each subject.

Table I. Raw data summary

8 (117,27,25)
9 (18,52,42)
(374,64,271)

1 (222,259,232)

(403,367,394)

( )

7)

347,354,252
164,220,269
307,339,366

1( ) 15 (321,26,291)
2 ( )
3 ( )
4 (174,226,215)
5 ( )
6 ( 9)
7( )

6 (160,255,192)
7 (310,279,264)
8 (355,418,360)
292,193,148 9 (1
251,168,15 0 (
337,368,330

00,126,56)
421,383,313)
1 (309,278,258)

268,322,290
14 (221,317,25

Number of EEG segments analyzed per subject (1-21) for each
level of task complexity (Fasy, Medium, Hard).

Any linear trends were removed from each segment by
subtracting the least squares line of best fit. Feature vectors
were then formed for each 1-second epoch by concatenating
various subsets (details in Section IIIB) of 672 EEG
measurements — 168 different measurements on each of 4
channels. The features collectively represent information
extracted from the time, frequency, and wavelet domains, as
well as parameters derived from information theory, nonlinear
dynamics, and fractal analysis. A detailed list of features and
their associated references are contained in the Appendix.

C. Supervised Learning

Thirteen different classifiers were trained to predict task
complexity based on EEG input features. Each individual
observation classified was a feature-vector describing a
1-second EEG segment recorded from an individual subject in
an Easy, Medium, or Hard simulated flight task. Broadly, the
classification techniques used were: 1) k-Nearest Neighbors
(kNN); 2) Discriminant Analysis; 3) Naive Bayes; 4) Decision
Trees (single, boosted, and Random Forests); and 5) Support
Vector Machines (SVM). Support Vector machine classifiers,
which are fundamentally binary, were made multi-way using
the one-versus-all method [36]. Section A in the Appendix lists
all classifiers and the values of their key properties and
parameters.

Test set error was estimated using 10-fold cross-validation,
with percent correct classification used as the performance
metric. ~ We compare classification performance on a
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per-channel basis using all 168 features (Section IIIA) to that
obtained after performing feature subset selection and
dimensionality reduction (Sections IIIB and IIIC), and by
combining features across EEG channels before performing
feature selection (Section IIID). Finally, in Section IV, we
examine the relationship between subjects’ behavioral task
performance (i.e., their degree of success in executing the Easy,
Medium, and Hard flight tasks) and our classification results.

III. CLASSIFICATION RESULTS

A. All-Features Analysis

Because we were interested in exploring a minimal set of
hardware requirements for reliable cognitive workload
classification — and in particular whether good accuracy could
be achieved using only a single electrode — our first analysis
examined performance on an individual channel basis. Fig. 2
(top plot) displays, for each channel, the distribution of
classification accuracies across all subjects for the best
performing classifier using all 168 features as inputs.
Accuracies above 50% (chance is 33%) were obtained for all
subjects on at least one channel. The lowest classification
accuracy was 45.91%, while the highest was 100%.
Differences in best classifier performance among channels
were not significant (p = 0.583, Friedman test). Of the 84 total
(21 subjexts x 4 channels) best classifiers found, the most
frquently occuring was LDA (33.3% of cases).

100 - e
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Fz FCz Cz Pz
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Fig. 2. Top: Each box-and-whisker plot represents the distribution of
classification accuracies across all subjects for the best performing classifier
using all 168 features. Red lines indicate the median of each distribution; the
blue boxes span the first to third quartiles; and the whiskers extend to the
extreme values. The single horizontal dotted line represents chance
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performance using a null model of equiprobable classes. Bottom: symmetric
matrices summarizing the results of statistical significance testing for
differences in classification accuracy between all 78 (13-choose-2) possible
pairs of classifiers tested. Data shown are from four randomly selected subjects
(clockwise from upper left: Subject 3, Subject 8, Subject 17, and Subject 20)
and a single representative channel (FCz). Green cells represent a statistically
significant difference in classification accuracy at the alpha level of 0.05 after
Bonferroni correction for multiple comparisons. The best performing classifier
for each of the four subject-channels shown is indicated with an asterisk.
Classifier abbreviations can be found in the Appendix.

Within each channel, we used Friedman’s test followed by
post-hoc Bonferroni-corrected multiple pairwise comparisons
to test whether observed performance differences among the
classifiers were significant at the 0.05 alpha level. While the
best classifier found was often statistically significantly
superior to a majority of the others tested, it was frequently the
case that a smaller subset of classifiers showed competitive
performance with the best classifier. Most commonly this
performance equivalence was among LDA and ensemble
methods, particularly Boosted Trees (BT), and Random Forests
(RF), as illustrated in Fig 2 (bottom plot).

Despite the improvement over the accuracies reported in [13]
that was achieved by increasing the size of the input feature set,
there remained considerable variability in classifier
performance across subjects: the mean (over channels)
interquartile range in fig. 2, for example, is 31.49.

B. Dimensionality Reduction

To mitigate overfitting, particularly in three subjects who had
a relatively small number of observations (i.e., subjects 8, 9,
and 19; see Table I), and to reduce the negative impacts on
classification accuracy of any features that might be redundant
or unrelated to cognitive workload, we separately performed
both feature subset selection and Principal Components
Analysis (PCA). For the former, since exhaustive search of the
2198 possible feature subsets to determine the optimal
classification model for each channel is intractable, we used
forward stepwise feature selection, which considers a much
smaller search space of candidate models (at most 1+p(p+1)/2,
with p the number of features; 14197 models for p = 168 in our
case).

Our forward stepwise feature selection procedure began with
a model containing no features and, on each iteration, added to
the model the single feature giving the greatest additional
improvement in performance, measured as 10-fold
cross-validated accuracy. The procedure halted when no
addition of a single feature would yield an improvement in the
performance criterion. Fig. 3 shows how the number of
features included in the model affected -classification
performance in one particular subject (subject 2) who had
relatively poor classification accuracy but a wide dynamic
range of accuracies over the set of models considered.
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Fig. 3. Example illustrating forward feature selection. The vertical dotted line
represents the number of features corresponding to the best performing subset
as described in the text. The plot shows how classification performance
evolves as the number of features increases to the maximum of 168 in this
subject (Subject 2) and channel (FCz). In practice, to ease the computational
burden we use the halting criterion described in the text, so the feature selection
algorithm stops at the vertical line.

In order to estimate and compare generalization
performance across different classifiers — each trained using its
own best feature subset determined by forward feature
selection — we used a nested 10-fold cross-validation procedure
[37] that ensured test samples used in the outer validation loop
were not previously seen in model selection. Cross-validation
was done on a per-subject basis using randomly generated folds
comprised of a mixture of Easy, Medium, and Hard 1-second
segments. To maintain computational tractability in the face of
the nested cross-validation procedure, the five classifiers with
the most computationally intensive implementations (SVML,
SVMP, RF, BT, and SDA; see Appendix for all classifier
abbreviations) were excluded from this feature selection
analysis. All computations were carried out on a MATLAB
(MathWorks, Natick, MA) compute cluster (96-worker job;
compute nodes with four 12-core AMD Opteron 6174
processors at 2.2 GHz).

With feature selection, Linear Discriminant Analysis was
again most frequently the best performing classifier,
representing 42.86% (36 of 84) of all best classifiers found
across subjects and channels. Performance among channels
was not significantly different with feature selection (p = 0.655,
Friedman test), similar to fig. 2. However, when comparing
classifier performance with and without feature selection by
channel, a significant performance improvement was seen with
feature selection on all channels except Cz after multiple
comparisons were accounted for (Wilcoxon Signed Rank test,
Bonferroni corrected p < 0.05 for channels Fz, FCz, and Pz).
Fig. 4 shows the distribution across subjects of best
classification accuracies with and without feature selection for
channel FCz.
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Fig. 4. Left: boxplot showing the distribution of best classification
accuracies across subjects using all features as the input vector; Right: boxplot
showing the distribution of best classification accuracies across subjects using
the highest-performing subset of features as the input vector. Both distributions
are for channel FCz. The dotted line represents chance performance using a
null model of equiprobable classes. The Wilcoxon Signed Rank test rejects the
null hypothesis that the difference between paired samples has zero median
(Bonferroni corrected p = 0.008), indicating a statistically significant
improvement in classifier performance by using a subset of features rather than
all features.

Forward feature selection performs a greedy, guided search
through the space of possible feature subsets and is inherently
vulnerable to finding a local rather than global maximum of the
classification accuracy objective. As a potential alternative to
forward feature selection for dimensionality reduction we
performed Principal Components Analysis [38] on the data,
after normalizing each feature by subtracting its mean and
dividing by its standard deviation. Principal Components
Analysis finds the directions in input space along which the
projected data are most variable, subject to the constraint that
each successive direction found is orthogonal to the preceding
one. The resultant projections onto these directions can be
viewed as new input features that are linear combinations of the
originals. To achieve dimensionality reduction, we retained the
number of components required to preserve 99.9% of the total
data variance, resulting in mean dimension reduction of 48.5%.
Median classification performance using PCA was inferior to
that of feature selection on all channels: the average median
classification accuracy was 5.39% lower for PCA. However,
this trend reached statistical significance on only one channel
(FCz; Wilcoxon Signed Rank test, Bonferroni corrected p =
0.039).

C. Feature Importance

Although the nested cross-validation procedure we used for
feature selection asymptotically yields an approximately
unbiased estimate of true test error [37], because feature
selection occurs in the inner loop, it does not in general identify
a single unique best subset for each classifier. Therefore, in
order to gain further insight into the relative importance of each
feature for predicting task complexity, we conducted two
separate, additional analyses.

In the first analysis, we used LDA as a prototype classifier to
determine a unique best feature subset using forward selection.
Linear Discriminant Analysis was used because it was the best
performing classifier in 33.3% of cases during testing with all
features and requires less computational time per iteration than
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other classifiers in our set. Since the final subset selected can
depend on the random partitions of the data made during
10-fold cross validation throughout the progression of the
feature selection algorithm, forward feature selection was
performed 250 times for each combination of subject and
channel, yielding 21x4x250 = 21,000 iterations. Table II lists
the top five features, ordered by the percentage of iterations on
which the feature was among the optimal subset selected.
Time-series line length and number of peaks were the two most
frequently selected features at 80.45% and 55.67%, of
iterations respectively, considerably higher rates than any other
features. This reflects both the relatively low effective
dimensionality of the input space and the heterogeneity across
subjects and channels with respect to which features have
predictive value.

Table II. Forward Feature Selection Statistics

Feature Selection Freq. Avg. Rank
Name (% of Iterates) in Subset
LTS 80.45 1.31
PTS 55.67 2.31
MTEF 15.02 2.38
HSD 14.00 3.70
MTEFZ 12.38 2.67

HSD: Hurst Exponent, Discrete Second-order Derivative; LTS: Line
Length, Time Series; MTEF: Mean, Teager Energy Signal, Frequency
Modulated Component; MTEFZ: Mean, Teager Energy Signal, Fre-
quency Modulated Component, Z-Score; PTS: Number of Peaks,
Time Series.

Fig. 5 displays the distribution of the size of the best subset of
features chosen. The average size of this feature subset across
all iterations was 5.56 features.
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Fig. 5. Bar graph representation of the distribution, across 21,000 iterations, of
subset sizes for the best feature subset and classifier combinations found during
forward feature selection.

In the second analysis, after discretizing each feature (by
assigning it an integer value corresponding to its quintile of the
empirical distribution as in [39]), we used three different
mutual information-based algorithms to produce an importance
ordering of features: 1) Conditional Mutual Information
(CMIM) [40]; 2) Double-Input Symmetrical Relevance (DISR)
[41]; and 3) Minimal Redundancy, Maximal Relevance with
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differencing (MRMR) [42]. A detailed discussion of the
criteria used by each of these algorithms to produce an ordered
selection of features can be found in [41]. Table III shows the
top five features as ordered by each algorithm. It should be
noted that the ranks in Table III, similar to those in Table II, do
not signify the predictive value of each feature considered
individually; rather, they reflect an implicit nesting, each being
contingent upon a specific set of higher-ranking features
selected previously by the algorithm.

Table III. Feature Ordering Statistics

CMIM DISR MRMR
Feature Avg. Feature Avg. Feature Avg.
Name Rank Name Rank Name Rank
STEF 2.75 LTS 2.51 LTS 3.17
MTEZ 11.99 SDWD4 6.37 PTS 10.22
ZCT 12.38 EWD4 7.08 SDWD4 14.84
KTZ 12.63 VWD4 8.11 HRR 15.32
ZCT7Z 18.09 MTE 9.21 MTE 21.17

CMIM: Conditional Mutual Information; DISR: Double-Input Sym-
metrical Relevance; MRMR: Minimal Redundancy, Maximal Rel-
evance. EWD4: Energy, Wavelet Decomposition Coefficients,
Daubechies 4, Gamma; HRR: Hurst Exponent, Rescaled Range;
KTZ: Kurtosis, Teager Energy Signal, Z-Score; MTE: Mean, Teager
Energy Signal; MTEZ: Mean, Teager Energy Signal, Z-Score; ZCT:
Number of Zero-Crossings, Time Series; ZCTZ: Number of Zero-
Crossings, Time Series, Z-Score; STEF: Skewness, Teager Energy
Signal, Frequency Modulated Component; SDWD4: Standard Devi-
ation, Wavelet Decomposition Coefficients, Daubechies 4, Gamma,
VTEFZ: Variance, VWD4: Variance, Wavelet Decomposition Coef-
ficients, Daubechies 4, Gamma. See Table II for remainder of feature
name abbreviations.

Results from cross-validated accuracy-based forward feature
selection (Table II) and mutual information-based feature
ordering (Table IIT) taken together indicate prominent roles for
Line-Length, Number of Peaks, Teager Energy, and
Wavelet-related features. Of note, all of these features are
sensitive to interactions between multiple parameters (e.g.,
amplitude, frequency, phase) of the components of the EEG
signal. This is in contrast to features such as the power in
selected frequency bands, for example those used in [13],
which depend only on the relative magnitudes of the
components in the bands.

D. Combined Channel Analysis

We hypothesized that combining the information from all
four channels in the input feature vector would improve
classifier performance. To test this, all 168 features from each
of the four channels were concatenated to form a single
672-clement feature vector before using the nested 10-fold
cross-validated forward feature selection procedure described
in Section I1IB.
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Fig. 6. Each bar represents classification accuracy for the best feature
subset-classifier combination for a given subject when features from all
channels were considered together in subset selection. Subjects are ordered
from lowest to highest accuracy. Error bars are + 1 standard error of the mean
performance over ten cross-validation folds.

With the inclusion of features from all channels in the
forward selection process, classification performance was
either maintained or improved for 81.0% (17 of 21) subjects.
Accuracy exceeded 75% for 16 of 21 subjects and was above
90% in 11 of 21 subjects, with 100% accuracy in one subject, as
shown in fig 6. Similar to the individual-channel case, PCA
was inferior to feature selection as a method of dimensionality
reduction for the combined-channel case (Wilcoxon Signed
Rank test, p=0.004). Fig. 7 summarizes the results from four
phases of algorithm testing: 1) three EEG power-only features
with 10 classifiers as in [13]; 2) augmented set of 168 total
features with 13 classifiers; 3) forward feature selection added;
and 4) features combined across channels with forward feature
selection. The highest performance was generally achieved
using feature selection with an expanded set of features
combined across channels (phase 4), though each subject
maximized performance with a different combination of
features and classifiers.
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Fig. 7. Line plots showing the general improvement, across the four phases of
testing described in the text, of cognitive workload classification performance.
Each point shows best classification performance for a given subject. Phase |
are results computed using the method in [13].
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IV. TASK PERFORMANCE ASSESSMENT

We were interested in the existence and strength of any
relationship between cognitive workload and task success. For
example, is increasing cognitive workload always accompanied
by decreasing task performance? To address this question,
behavioral performance data sampled at 2 Hz were analyzed for
each subject, including measurements of airspeed, heading,
altitude, vertical airspeed, and angle of bank. An index
characterizing behavioral performance in each flight task was
developed in consultation with professional pilots and flight
instructors. The first step was to set tolerances for each
performance target (e.g., “must stay within £200 ft of the
assigned altitude of 4000 ft.”; “must stay within, =10 kn of
assigned airspeed of 180 kn,” etc.; See Appendix C) in order to
establish a standard for acceptable performance. A curve
representing the deviation from the assigned target was then
generated for each performance target, bounded above and
below by these acceptable performance tolerances. For each
bounded curve, using one-minute windows, the ratio between
the curve area corresponding to acceptable performance and the
total bounded curve area was computed. Outliers were isolated
and removed using a cutoff of three standard deviations from
the mean over all one-minute windows, and the remaining data
points were averaged to generate a score for each performance
target.

A composite index representing overall task performance
(e.g., collectively accounting for altitude, heading, and bank
angle performance) was then computed as a normalized
weighted average of the performance target scores relevant to
each task (Easy, Medium, Hard). The composite index ranged
continuously from 0 (poor task performance) to 1 (good task
performance). We found a significant negative relationship
between cognitive workload (task complexity level) and this
composite task performance index: the Spearman’s rank
correlation coefficient, computed on max-normalized data
within subjects and without repeated measures to avoid
violating independence assumptions, was -0.76 (n = 21; p <
0.001, permutation test).

Relatedly, we hypothesized that subjects who did not display
a consistent decrease in behavioral performance as task
complexity increased might not be sufficiently cognitively
loaded and would thus not show strong EEG changes as task
complexity varied. Classifier performance would therefore be
expected to suffer in these subjects. To test this hypothesis, we
partitioned subjects into those displaying and those not
displaying a monotonic decrease in the composite performance
index as task complexity increased.

Fifteen of 21 subjects (71.4%) showed such a performance
decrement as task complexity increased. Fig. 8 shows
classification results when this binary behavioral performance
decrement variable is used to partition subjects. Notably, both
groups exhibited classification performance substantially better
than chance. Subjects exhibiting a decrement in behavioral
performance had higher classification rates as expected, though
the trend was not statistically signficant (Wilcoxon Rank Sum,
one-tailed test, p =0.185). This result taken together with the
significant but imperfect negative correlation between task
complexity and behavioral performance suggests that cognitive
workload can increase in way that is detectable by EEG
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monitoring but lacking a measureable impact on behavioral
performance. Such a scenario is of practical importance
because it could reflect — in the absence of any overt behavioral
clues — an individual’s compromised ability to mount a
successful response to new, emergent tasks that arise while
attending to a primary task.
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Fig. 8. Box plots showing the distribution of classification accuracies for
subjects with behavioral performance decrements (n = 15) and without
behavioral performance decrements (n = 6) as flight task complexity increased.
The Wilcoxon Rank Sum test fails to reject the null hypothesis that the two
distributions are identical (p = 0.185), though there is a trend toward higher
classification accuracies in the group showing behavioral performance
decrements. The dotted line represents chance performance using a null model
of equiprobable classes.

V. CONCLUSION

The purpose of this research was to train classifiers to predict
different levels of task complexity, and by extension, cognitive
workload, using features extracted from background EEG
collected from gel-free sensors during a flight simulator
experiment. The best subsets of features for each subject
yielded a median classification accuracy of 90.17%, with
perfect accuracy in one subject and greater than 75% in 16 of 21
subjects. The best-performing combination of feature subset
and classifier varied across subjects, suggesting that optimal
performance is achieved with individualized classifiers. We
did not investigate how performance would change if subject
data were pooled and a single best classifier learned, though the
inter-subject variability we observed suggests it would degrade.
Such a “universal” cognitive workload classifier, if feasible,
would have the practical advantage of eliminating a
subject-specific algorithm training phase, as it could rely on
data pre-recorded from a representative population of subjects.

Of note, classifiers in this study were configured using
typical but untuned parameters. Optimizing parameters could
yield higher classification accuracies than already achieved.
Generally, the two best performing features were time-series
line length and number of peaks, and the best performing
classifier was LDA. Linear Discriminant Analysis often works
well in practice due to its low variance, and particularly when
the optimal class boundaries are linear and the class-conditional
probability density functions are well described by multivariate
Gaussians with a common covariance matrix, per the model’s
assumptions [43]. In this work, ensemble methods such as
Boosted Trees and Random Forests, which are capable of
learning highly nonlinear class boundaries, were often
competitive with LDA, but given the relative model simplicity
and computational speed of LDA we find no compelling reason
to adopt a nonlinear classifier in this specific application.
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No single channel proved consistently better than another for
classification. However, combining all channels into a single
feature vector, followed by subset selection, maintained or
improved performance for 81.0% of subjects. Practical online
implementation of a classifier for cognitive workload
predictions may be feasible given that we used EEG
measurements in 1-second historical windows, but the impacts
of classifier training and testing time, as well as feature
computation time, need to be further studied. In addition,
achieving similar results in field-deployment will likely depend
on demonstrating the robustness of classification methods to
common scalp EEG artifacts excluded in this study by visual
inspection, or on reliable methods for automatically rejecting
them [35], [44]. We hypothesize that incorporating non-EEG
features, such as eye-tracking information, skin conductance,
and heart rate variability may further improve classification
performance. That non-EEG measures such as heart rate
variability and behavioral performance have been shown to
augment the predictive power of ERP and other EEG-based
classifiers supports this hypothesis [14].

We anticipate that the results of this study will guide the
future implementation of cognitive workload monitoring in
aviation environments. Different from prior work in this area,
the present study simultaneously: 1) uses data from only a small
number (four) of EEG sensors; 2) uses dry (gel-free) electrodes;
3) requires only non-evoked background EEG data; 4) analyses
EEG segments of durations amenable to real-time processing;
and 5) successfully classifies more than two levels of cognitive
workload. We believe that all five of these aspects are critical
steps toward realizing a practical cognitive workload
monitoring device for pilots in the cockpit: one that is
convenient to apply and comfortable to wear; computationally
efficient; non-disruptive to normal operating procedures; and
can predict cognitive workload levels with good resolution and
accuracy. Given the high classification accuracies we achieved
under these practical constraints, we believe the methods
presented here will be useful in developing optimal equipment
and training techniques to minimize cognitive workload in the
cockpit, and to monitor the cognitive state of pilots over the
course of a flight.

VI. APPENDIX

AN

. Classifier Details and Abbreviations

1-Nearest Neighbor - Euclidean distance (KNN1)

k-Nearest Neighbor - Euclidean distance; k € {3, 5,...,

51}, chosen based on cross-validation (KNNC)

Linear Discriminant Analysis (LDA)

Quadratic Discriminant Analysis (QDA)

Naive Bayes - Normal distribution assumed (NB)

Decision Tree (Unpruned) - Split criterion: Gini’s

Diversity Index (DTNP)

7. Decision Tree (Pruned) - Split Criterion: Gini’s Diversity
Index; Prune Criterion: Test set error (DTP)

8. Support Vector Machine - Kernel: Radial Basis Function;
One vs. all (SVMR)

9. Support Vector Machine - Kernel: Linear; One vs. all
(SVML)

10. Support Vector Machine - Kernel: Polynomial, order 2 or

3 chosen using cross-validation; One vs. all (SVMP)

N —

AN
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11. Random Forest (RF)
12. Boosted Decision Tree (AdaBoost.M2 algorithm) (BT)
13. Subspace Linear Discriminant Analysis (SDA)

B. Feature Descriptions

This section gives mathematical expressions for the two
features most frequently chosen by forward stepwise selection,
followed by a comprehensive listing, in compact form, of all
168 computational features used in this work. The former, as
indicated in Table II are time-series line length and number of
peaks. Line length, L, is the sum of the absolute values of the
differences between successive samples in a given N-sample
EEG segment, x[n]:

-2

L= le[n+1]—x[n]| D

=0

The line length feature tends to be sensitive to signal
amplitude and frequency variation, and was originally
developed for use in detecting the onset of epileptic seizures
[45]. The number of peaks, P, counts the number of times the
first-order hold, x(t), of a given N-sample EEG segment
changes from positive to negative slope:

_ 10T (d[sgn(x ()]

with T the sampling period and {-}~ the negative-part operator.

Below we provide a compact listing of all features used in this
work followed by a glossary of terms that helps interpret the
descriptions and gives references to the literature.

1. Average power with/without Z-scoring (delta, theta, alpha,
beta, and gamma bands): 10 features

2. Power spectral density with/without Z-scoring (mean,
standard deviation, variance, skewness, kurtosis): 10
features

3. Number of zero-crossings (time-series) with/without
Z-scoring: 2 features

4. Number of peaks (time-series) with/without Z-scoring: 2
features

5. Teager energy signal & Teager energy signal frequency
modulated component with/without Z-scoring (mean,
standard deviation, variance, skewness, kurtosis): 20

features

6. Line length (time-series) with/without Z-scoring: 2
features

7. Hurst exponent with/without Z-scoring (discrete
second-order  derivative, wavelet-based adaptation,
rescaled range): 6 features

8. Wavelet decomposition-based features. Coefficients

(Daubechies 4 wavelet) for delta, theta, alpha, beta, gamma
bands with/without Z-scoring (maximum, minimum,
mean, standard deviation, variance, skewness, kurtosis,
energy, Recoursing Energy Efficiency (REE), Logarithmic
REE, Absolute Logarithmic REE): 110 features

9

9. Correlation dimension using Grassberger-Procaccia
Algorithm with/without Z-scoring: 2 features

10. Entropy (time-series) with/without Z-scoring: 2 features

11. Optimum minimum time-delay from phase-space
reconstruction (time-series) with/without Z-scoring: 2
features

Absolute Logarithmic Recoursing Energy Efficiency: Absolute
value of the Logarithmic Recoursing Energy Efficiency [28]

Alpha band: Frequencies in the range 8 — 13 Hz
Beta band: Frequencies in the range 13 — 30 Hz

Correlation dimension: The dimension of an attractor in the
phase space of a dynamical system, estimated from a sample
of points on the attractor [46]

Delta band: Frequencies in the range 1 — 4 Hz.

Entropy: A measure of the uncertainty in a random variable.
For a discrete random variable X with alphabet X’ and
probability mass function px(x), the Entropy, H(X), is defined
as: H(X) = —Xyex’ Px(x)logapx(x) [47], [48]

Frequency modulated component of Teager energy signal:
Nonlinear combinations of instantaneous Teager energy
signal outputs to extract the frequency-modulated
component [49][50] of the signal; originally used in speech
processing

Gamma band: Frequencies in the range 30 — 40 Hz.

Grassberger-Procaccia algorithm: Method for estimating the
correlation dimension [46]

Hurst exponent: Measure of the smoothness of the fractal
dimension of a time-series. The fractal dimension quantifies
the complexity of a signal [51]

Kurtosis: The fourth standardized moment of a random
variable; a measure of the “tailedness” of the distribution

Logarithmic Recoursing Energy Efficiency: Base-10 logarithm
of the REE [52]

Optimum minimum time-delay: Optimal time delay to use for
phase-space reconstruction [53]

Phase-space reconstruction: Using time-delayed versions of a
signal to generate coordinates for a phase-space
representation of a system in order to study its dynamics [53]

Power spectral density: The Fourier transform (when it exists)
of the autocorrelation function of a stationary random
process; quantifies how the power of a signal is distributed
across a range of frequencies [54]

Recoursing Energy Efficiency: Measures the percentage of
energy calculated from the wavelet decomposition
coefficients of a signal within a sub-band [52]

Skewness: The third standardized moment of a of a random
variable; measures the asymmetry of the distribution about
the mean [55]

Teager Energy: A measure developed to approximate the
energy required to generate a signal by mechanical analogy
[56].

Theta band: Frequencies in the range 4 — 8 Hz

Wavelet decomposition _ coefficients: The coefficients
calculated from the decomposition of signal into a series of
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“Brain biomarkers based assessment of cognitive workload in pilots
under various task demands,” Conf. Proc. ... Annu. Int. Conf. IEEE
Eng. Med. Biol. Soc. IEEE Eng. Med. Biol. Soc. Annu. Conf., vol.
2014, pp. 5860-5863, 2014.

W. S. Pritchard, “Psychophysiology of P300,” Psychol. Bull., vol. 89,
no. 3, pp. 506540, 1981.

[12] M. W. Miller, J. C. Rietschel, C. G. McDonald, and B. D. Hatfield,
“A novel approach to the physiological measurement of mental
workload.,” Int. J. Psychophysiol., vol. 80, no. 1, pp. 75-8, Apr.
2011.

M. K. Johnson, J. A. Blanco, R. J. Gentili, K. J. Jaquess, H. Oh, and
D. Hatfield, “Probe-Independent EEG Assessment of Mental
Workload in Pilots,” 7th Annu. Int. IEEE EMBS Conf. Neural Eng.,
pp. 2224, 2015.

H. Oh, B. D. Hatfield, K. J. Jaquess, L. Lo, Y. Ying, M. C. Prevost, J.
M. Mohler, H. Postlethwaite, C. Rietschel, M. W. Miller, J. A.
Blanco, S. Chen, and R. J. Gentili, “A Composite Cognitive
Workload Assessment System in Pilots Under Various Task
Demands using Ensemble Learning,” in Foundations of Augmented
Cognition, Lecture Notes in Computer Science, 2015, pp. 91-100.
G. Borghini, L. Astolfi, G. Vecchiato, D. Mattia, and F. Babiloni,
“Measuring neurophysiological signals in aircraft pilots and car
drivers for the assessment of mental workload, fatigue and
drowsiness.,” Neurosci. Biobehav. Rev., pp. 1-18, Oct. 2012.

C. Dussault, J. C. Jouanin, and C. Y. Guezennec, “EEG and ECG
changes during selected flight sequences,” Aviat. Sp. Environ. Med.,
vol. 75, no. 10, pp. 889-897, 2004.

[17] C. Dussault, J. C. Jouanin, M. Philippe, and C. Y. Guezennec, “EEG

basis functions called wavelets [57]; these coefficients
represent dilations, contractions, and shifts of a prototype
signal (mother wavelet)

Z-scoring: Standardizing a data set by subtracting the sample  [11]
mean from each point and dividing by the sample standard
deviation

C. Acceptable Performance Criteria

This section describes the criteria used to define acceptable  [13]
performance on each of the three flight tasks.

1. Easy: no more than: £200 ft from assigned altitude, £10 kn  [14]
from assigned airspeed, +5° from assigned heading, and
+5 ° from assigned bank angle.

2. Medium: no more than: £200 ft from assigned altitude, 10
kn from assigned airspeed, £5° from assigned heading, £5°
from assigned bank angle, and +500 fpm from assigned  [1]
ascent and descent rates, respectively.

3. Hard: no more than: £200 ft from assigned altitude, +£10 kn
of assigned airspeed, £5 ° from assigned heading, £5° from  [16]
assigned bank angle, and £500 fpm from assigned ascent
and descent rates, respectively.
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