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Abstract

We consider the problem of on-the-fly detection of temporal changes in the cognitive state
of human subjects due to varying levels of difficulty of performed tasks using real-time EEG
and EOG data. We construct the Cognitive State Indicator (CSI) as a function that projects the
multidimensional EEG/EOG signals onto the interval Œ0; 1� by maximizing the Kullback-Leibler
distance between distributions of the signals, and whose values change continuously with varia-
tions in cognitive load. During offline testing (i.e. when evolution in time is disregarded) it was
demonstrated that the CSI can serve as a statistically significant discriminator between states
of different cognitive loads. In the online setting, a trend detection heuristic (TDH) has been
proposed to detect real-time changes in the cognitive state by monitoring trends in the CSI. Our
results support the application of the CSI and the TDH in future closed-loop control systems
with human supervision.

Keywords: Cognitive state; psychophysiological data; EEG; EOG; Kullback-Leibler distance;
statistical analysis.

1 Introduction

The increasing complexity and sophistication of computing, sensing, and communication technolo-
gies paves the way for proliferation of unmanned autonomous systems and platforms, which will
replace and/or assist humans in hazardous or resource consuming missions. Yet, the common con-
sensus is that despite the ever growing need for increased autonomy of various unmanned systems
and vehicles, the human supervision of such systems is indispensable and critical for mission suc-
cess.

On the other hand, the large amounts of information produced by these complex systems can place
a high demand on a human operator’s cognitive load, potentially overwhelming him/her and lead-
ing to degraded performance. Thus, the ability of an automated control system to estimate the
�Corresponding author, krokhmal@engineering.uiowa.edu.
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current functional state of a human operator/supervisor and supply information that is conducive
to human decision-making at the given cognitive level is essential to robust and successful system
performance.

The objective of the present endeavor is to advance methods for real-time detection of changes in
human operator’s functional state that meet real-time or online requirements, and which can be
utilized in closed-loop autonomous control systems with human supervision. Generally, operator
functional state (OFS) can be defined as the momentary ability of an operator to meet task demands
with their cognitive and physiological resources. In the context of this work, the OFS is associated
with cognitive load experienced by the operator; with this caveat in mind, we will use both terms
interchangeably.

OFS is commonly measured indirectly, e.g., by using overt performance metrics on tasks; if perfor-
mance is declining, a subpar OFS is assumed. Another indirect measure is the subjective estimate
of mental workload, where an operator narrates his/her perceived functional state while performing
tasks (Wilson and Russell, 2007).

More direct estimation of OFS can be accomplished via psychophysiological measurements such
as electroencephalogram (EEG), electrocardiogram (ECG), and electrooculography (EOG). The re-
sponsiveness of psychophysiological signals to changes in operational conditions and, particularly,
cognitive load, as well as their capability of measuring OFS are well-known in the literature (see,
e.g., Byrne and Parasuraman, 1996; Gevins et al., 1998, 1997; Wilson and Fisher, 1991, 1995, and
references therein).

Reviews of methods for assessing OFS using psychophysiological signals can be found in, e.g.,
Wilson and Russell (2003a, 2007). Many of these methods employ various data mining and pattern
recognition techniques to classify mental workload into one of several discrete categories. For in-
stance, given an experiment with easy, medium, and difficult tasks, and assuming that tasks induce
varying degrees of mental workload, pattern recognition classifies which task is being performed by
the operator for each epoch of physiological data. The most common classifiers are artificial neu-
ral networks (ANN) and multivariate statistical techniques, such as stepwise discriminant analysis.
Artificial neural networks have proved especially effective at classifying OFS as they account for
the non-linear and higher order relationships often present in physiological data, and often achieve
classification accuracy greater than 80%. Also, data mining methods have been successfully em-
ployed for detecting changes in brain behavior during epileptic seizures (see, e.g., Pardalos et al.,
2004, and references therein).

In this paper, we pursue an approach to detection of temporal changes in operator’s cognitive state,
which does not rely on ANN techniques that can be relatively computationally expensive, and is
based on monitoring trends of the Cognitive State Indicator (CSI). The CSI is constructed as a func-
tion of the real-time psychophysiological data that maps the current cognitive state to a continuous
range, e.g. Œ0; 1�, and as such indicates the degree to which the operator is engaged. We show that
CSI can also serve as a classifier for discrete states (e.g., cognitive states corresponding to “low”,
“medium”, or “high” task load, etc.)

The indicator-based techniques have been used for assessment of OFS in a number of studies. One
such indicator, termed the Engagement Index (EI), has been studied extensively for its ability to
detect real-time changes in task engagement (Pope et al., 1995; Freeman et al., 1999; Prinzel et al.,
2000). Pope et al. (1995) introduced the EI via EEG wave bands alpha, beta, and theta as ˇ=.˛C�/
to be “maximally sensitive to changes in task demand”, and used the relative trending of the EI to
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detect change. Freeman et al. (1999) used the absolute value of EI, instead of its relative changes,
to estimate the OFS. By considering tasks with two different load levels (medium and high), Prinzel
et al. (2000) observed that the EI was not successful in discriminating OFS under the different task
loads. It can be argued that this may have been a result of the EI not accounting for between-subject
differences, for it is constructed using features that are sensitive for engagement on average across
all subjects.

A participant-, or subject-specific index of task loading that takes into account the specifics of each
subject’s response has been employed by Smith et al. (2001), who sought to establish an index that
varied consistently with task load, and whose performance was reliable even under unstructured,
complex task conditions. It was observed that the index increased consistently when the task load
increased, and its values differed significantly between the different task loads.

The present work advances the index-based methods for estimation of OFS using psychophysio-
logical data. Namely, we develop an online algorithm capable of detecting changes in the operator
cognitive load dynamically, or “on the fly”, by interpreting real-time EEG signals via the CSI mea-
sure, which is similar to the participant-specific index of Smith et al. (2001). By an online algorithm
we mean a computational procedure that may not necessarily meet the real-time requirements, in the
sense that its processing times exceed the system’s characteristic time unit, but the corresponding
time delay is relatively short so that the computational results retain their time value. In our specific
case, the proposed computational procedures are generally amenable to real-time implementation,
but the delays can be introduced by the need to stabilize the highly volatile EEG readings by ag-
gregating them over time windows of several (usually three to five) seconds. To achieve desired
detection accuracy, the classifier then needs to wait until newer data, which corresponds to the cog-
nitive state of interest, passes through the window and older data phases out. The effect of window
size on the system latency is discussed in Coyle et al. (2005) and Coyle (2009).

It is worth mentioning that the presented approach can find applications in the broad area of brain-
computer interfaces (BCI). For a review of BCI methods and applications, see, among others, Lotte
et al. (2007); Coyle (2009), and references therein.

The remainder of the paper is organized as follows. In section 2 we discuss the dataset and data
processing from which the CSI is formulated and evaluated. In section 3, the derivation of the CSI
is presented in detail. Next, in section 4 we present methods and results regarding CSI’s ability to
discriminate between task load levels offline, or on average. The results support the conclusion that
the CSI is a statistically significant indicator of task load, and thus can serve as an accurate measure
of cognitive load. In section 5, we present methods and results regarding CSI’s online detection of
changes in OFS. The results support the conclusion that the CSI is capable of detecting changes in
OFS, and furthermore, demonstrate that when coupled with the Trend Detection Heuristic (TDH),
the CSI could facilitate dynamic task allocation in future adaptive aiding systems.

2 The dataset and data preprocessing

The dataset used in this study originated from experiments conducted at Wright-Patterson AFB in
2007. Data was available for three subjects (A, E, and F), each of whom performed two 14-minute
trials, which consisted in supervising a simulated bombing mission that involved four unmanned
aerial vehicles. The simulation was designed to present the subjects with tasks of 3 levels of dif-

3



 

Figure 1: Locations of the EEG electrodes

ficulty: low (L0), medium (L1), and high (L2). The L0 was the baseline state and encompassed
most of each trial. During a trial, the tasks of medium and high difficulty (L1 and L2) were present
four times each, in a random order, each lasting approximately 20 seconds. Every trial began in the
L0, and each period of L1 or L2 was followed by L0, thus allowing time for the subject to recover.
The experimental design assumed that varying task loads induced corresponding levels of cognitive
load on the subject. It is important to emphasize that since the tasks involved monitoring four UAVs
executing a bombing mission, the tasks were very visual in nature and were expected to engage the
visual processing centers of the brain; see Wilson and Russell (2007) for the complete experimental
design and task details.

The psychophysiological data collected during each trial consisted of eight channels of ECG, EEG,
and EOG, all recorded at a sampling frequency of 200 Hz. The EEG channels came from five scalp
sites of the 10/20 International electrode system: F7, Fz, Pz, T5, and O2 (see Fig. 1). In previous
studies, these sites have been found to provide good discrimination between task levels in complex
cognitive tasks (Wilson and Russell, 2007). In particular, Smith et al. (2001) have found that theta
power measured from frontal-midline locations, e.g., Fz, increased with increasing cognitive load,
and alpha power measured from parietal locations, e.g., Pz, routinely decreased with increasing
cognitive load. Beta power was found to be strong in the parietal region of the brain, e.g., Pz and
T5, and the feature was weighted heavily in neural network methods (Gevins et al., 1998; Wilson
and Russell, 2003b). Vertical and horizontal EOG signals, termed VEOG and HEOG respectively,
were recorded for two purposes: as a measure of cognitive load, and for elimination of blink artifacts
in affected EEG signals. In the present analysis, only the EEG and EOG data were used.

The data was pre-processed by an online adaptive filter that eliminated blink artifacts affecting the
Fz electrode, whose close proximity to the eye rendered it most susceptible to contamination (see
Figs. 1 and 2). The adaptive filter incorporated the VEOG (sv

t ) and HEOG (sh
t ) signals as reference

inputs to de-contaminate the Fz signal, sfz
t , for every time moment t . The artifact-free signal, Osfz

t , is
obtained as

Osfz
t D s

fz
t � Os

v
t � Os

h
t ;

where Osv
t and Osh

t are the filtered VEOG and HEOG reference signals, respectively:

Osv
t D

MX
mD1

hv
ms

v
tC1�m; Osh

t D

MX
mD1

hh
ms

h
tC1�m;
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Figure 2: Unfiltered F7 signal with blink artifacts (top); VEOG signal (middle); filtered F7 signal
(bottom)

and the filter coefficients hv
m and hh

m are obtained by minimizing the weighted squares

min
nX

iDM

�n�i
�
Osfz
i

�2
;

where � is the “forgetting factor”. The filter coefficients are updated for each time instant n via a
recursive least-squares (RLS) algorithm; see He et al. (2007) for complete details.

Once eye blink artifacts were removed, the psychophysiological signals were transformed to fre-
quency domain using Fast Fourier Transform (FFT) for every epoch, usually three to five seconds,
and the powers of the standard alpha, beta, gamma, etc., wavebands were computed. The powers
of particular EEG/EOG wavebands are well known to correlate with changes in cognitive load: for
instance, alpha waveband power, 8–12 Hz, increases with relaxation, while theta waveband power,
5–8 Hz, generally decreases with relaxation (see, for instance, Smith et al., 2001, and others). The
powers of various wavebands computed from the EEG/EOG data are henceforth referred to as “fea-
tures”.

No single waveband (feature), however, has been found capable of serving as a robust indicator of a
subject’s cognitive load during the trials. Thus, the present endeavor is concerned with identifying
a subset of features, along with the corresponding functional form that would be able to detect
changes in the subject’s cognitive state in real time.

3 Cognitive State Indicator function

The presented approach to real-time change detection of operator cognitive state consists in con-
structing a scalar measure, or score that takes values within a prescribed range, e.g. Œ0; 1�, such that
its smaller values indicate a low cognitive load, and larger values indicate an increased cognitive
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load. Presuming that different levels of task difficulty induce the corresponding changes in the op-
erator cognitive state, it is required that the score assumes smallest values during L0 periods, and
largest values during L2 periods.

In effect, the sought measure of cognitive load should be a robust classifier for distinguishing the
L0 and L2 states; notice however, that this does not automatically imply an ability to discriminate
the intermediate L1 from the L2 or the L0. In reality, subjects must perform tasks on a continuum
of difficulty, thus, a robust index should not be tailored to a particular “intermediate” level task.
Rather, it is reasonable to define the CSI on the extremes of task load, and then assume that tasks of
intermediate difficulty, like the L1, will fall within the range of the score.

The Cognitive State Indicator function is constructed by selecting a subset of features that exhibit
the greatest statistical difference in the L0 and L2 states; then a projection of the corresponding
feature vector is obtained that further maximizes the difference between distributions of features in
the aforementioned states.

A candidate set of features used for selection of the corresponding subset, subsequently employed
for construction of the CSI, is shown in Table 1. The candidate set mainly contained sub-band
powers of theta, measured from the frontal lobe, and sub-band powers of alpha, measured from both
the frontal and parietal lobes; these features have been shown to vary with task load in many studies
(Gevins et al., 1997; Inouye et al., 1994; Ishii et al., 1999; Klimesch et al., 1993). In addition to these
traditional features, a measure of theta at VEOG was included in the candidate set. This feature has
been shown to vary with task load in similar UAV simulations, and has successfully been used in
OFS classifiers (Wilson and Russell, 2003b). Lastly, two beta features were included to further
augment the candidate set, as numerous studies have consistently demonstrated its sensitivity to
task load (Freeman et al., 1999; Wilson and Fisher, 1995; Wilson and Russell, 1999; Ginter et al.,
2005).

Table 1: Candidate feature set

Electrode Features
VEOG theta (5–8 Hz)

Fz theta (5–6, 6–7, 7–8 Hz), alpha (8–10, 10–12 Hz)
Pz theta (5–6, 6–7, 7–8 Hz), alpha (8–10, 10–12 Hz)
F7 theta (5–6, 6–7, 7–8 Hz), alpha (8–10, 10–12 Hz)
T5 alpha (8–10, 10–12 Hz), beta (14–30 Hz)
O2 alpha (8–10, 10–12 Hz), beta (14–30 Hz)

In this study, we used the traditional cross-validation technique in construction of the CSI, whereby
one of the two trials (“training trial”) of each subject was used to select a subset of features from
the candidate set, which were then optimized with respect to each subject. The derived CSI was
then tested using the data from the other trial (“testing trial”) for its ability to detect changes in the
cognitive state; the roles of the trials were then reversed.

The training trial data was partitioned into three data sets containing the data corresponding to the
L2, L1, and L0 tasks, respectively (e.g., data with timestamps corresponding to the four L2 tasks
were consolidated into a single L2 training set, similarly for the L1 and L0 data). For each of the
three training subsets, the features from the candidate set were computed via FFT for every three to
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four seconds of EEG/EOG data. An illustration of a distribution of feature realizations is furnished
in Fig. 3, which displays the distribution of alpha powers of Fz and F7 signals for subject A.
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Figure 3: An example of the distribution of features Fz and F7 in the alpha band

Then, discrimination among cognitive states induced by task loads L0, L1, and L2 can be facilitated
when the distributions of the features are maximally different. As a measure of distance between
distributions, we used the Kullback-Leibler (KL) distance, also known as KL divergence. Let X D
.X1; : : : ; Xn/ be the vector of n EEG/EOG features, whose joint conditional distribution, given that
it corresponds to operator’s cognitive state !i 2 �, is equal to fi .x/ D fi .xj!i /; in our case, we
have � D fL2;L0g. Then, the (symmetric) KL distance between distributions f0 and f2 is defined
as (Kullback and Leibler, 1951; Kullback, 1968)

J02ŒX1; : : : ; Xn� D

Z
x
Œf0.x/ � f2.x/� ln

f0.x/
f2.x/

dx: (1)

Online computation of the KL distance J02 between the operator states f!i ; !j g D fL0;L2g can
be facilitated by assuming that the joint distributions fi .x/ are multivariate normal, N.�i ;†i /,
i 2 f0; 2g, in which case it can be shown that

J02ŒX1; : : : ; Xn� D
1

2
Tr
�
.†0 �†2/.†

�1
2 �†�10 /

�
C
1

2
Tr
h
.†�10 C†�12 /.�0 � �2/.�0 � �2/

>
i
;

(2)

where Tr A is the trace of a square matrix A.

The problem reduces, therefore, to identifying a subset of features fXi1 ; : : : ; Ximg from the can-
didate set, whose distributions in states L0 and L2 have the largest KL distances. Alternatively,
a simpler heuristic method can be employed for selection of such a subset, which is based on the
well-known property of the KL distance that in the case when the features X1; : : : ; Xn are mutually
independent, the distance function Jij ŒX1; : : : ; Xn� is additive (Kullback and Leibler, 1951):

Jij ŒX1; X2; : : : ; Xn� D

nX
kD1

Jij ŒXk�: (3)

Thus, by rank-ordering the features in the candidate set with respect to their individual KL diver-
gences in states L0 and L2:

J02ŒX.1/� � J02ŒX.2/� � : : : � J02ŒX.n/�; (4)
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and selecting the top several features one obtains a subset with the most discriminatory information
between the states L0 and L2 in the training data. Although the additivity property (3) does not
fully hold for the training data, since the features are not independent, it has been observed that the
subsets selected based on (4) led to superior results during testing of the constructed CSI. This may
be explained by the fact that feature selection based on maximization of J02ŒXi1 ; : : : ; Xik � results
in “overfitting” the training data, which leads to inferior results during the testing stage. In view
of this, the latter method was utilized to select the features for the CSI. For the dataset used in this
study, the best results have been achieved with the subset of selected features containing four or five
features, which is also consistent with earlier similar studies (Pope et al., 1995; Smith et al., 2001).

Once the vector of m features X D .Xi1 ; : : : ; Xim/ with the largest KL distances between states L0
and L2 has been identified from the candidate set in Table 1, the sought scalar measure of cognitive
load can be obtained as a projection of the vector X onto some hyperplane in Rm:

Y D a>X; (5)

where a 2 Rm is some constant vector. If the features are jointly normally distributed as described
above, it is easy to see that the projection Y of the vector X in states induced by L0 and L2 has
normal distributions N.�i ; �2i /, whose means and variances are given by

�i D a>�i ; �2i D a>†ia; i D 0; 2:

The KL distance between the L2 and L0 projections is then computed by

J02ŒY � D
1

2

 
�20

�22
C
�22

�20

!
C
1

2

 
1

�20
C

1

�22

!
.�0 � �2/

2
� 1: (6)

The vector a in (5) is selected so as to maximize the KL distance J02ŒY � in (6) between distributions
of the image Y in states L0 and L2 (see Fig. 3):

max
a2Rm

a>†0a
a>†2a

C
a>†2a
a>†0a

C
a>M a
a>†0a

C
a>M a
a>†2a

; (7)

where the matrix M D .�2 � �0/.�2 � �0/
> is positive semidefinite. Problem (7) is generally

non-convex, but it simplifies significantly if one assumes that †0 D †2 D †, in which case (7)
reduces to

max
a2Rm

a>M a
a>†a

: (8)

It is easy to see that the optimal objective value in (8) equals to the maximum eigenvalue of the
(positive semidefinite) matrix †�1M, and thus the optimal a� is given by the corresponding eigen-
vector. In our computational studies it was observed that such an optimal solution to (8) represents
a good quality solution to (7), and also produces comparably good results in the testing stage.

The exponentially weighted moving average (EWMA) was employed to smooth the projection Y
of the selected features X:

zYt D �Yt C .1 � �/ zYt�1; (9)
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where Yt represents the image (5) of Xt at time t , and zYt is the corresponding smoothed value;
the smoothing parameter � has been chosen at � D 0:35, and the initial smoothed value zY0 was
initialized to the mean EŒY � of the training data.

Once smoothed, the projection Y was scaled to range from 0 (the lowest cognitive load) to 1 (the
highest cognitive load). The scaling was achieved through range restriction and normalization:

St D .Y
�
� Y�/

�1
�
Y� Cmaxf0; zYt � Y�g �maxf0; zYt � Y �g

�
; (10)

where St is the final expression for the Cognitive State Indicator (CSI) function, and Y �, Y� are the
upper and lower limits, respectively. We truncated the outliers by defining Y � and Y� that allow zY
to vary two standard deviations above the sample mean xY2 of the L2 training set, and two standard
deviations below the sample mean xY0 of the L0 training set; any Y that occurred beyond this range
was truncated:

Y� D xY0 �

q
2.�22 C �

2
0 /; Y � D xY2 C

q
2.�22 C �

2
0 /: (11)

Here, �22 and �20 are the sample variances of Y over the L2 and L0 training sets, accordingly.

It must be emphasized that the parameters of the normalization and range restriction were all defined
on a subject’s training data; these parameters did not change during testing.

4 Offline classification of cognitive load using CSI

The objective of this section is to demonstrate the ability of the CSI to discriminate between the
cognitive states of the operator under the corresponding task loads, L0, L1, and L2. Although the
following analysis has been conducted “a posteriori”, i.e., not in real time, it will be seen in section 5
that it possesses a substantial explanatory power to elucidate the performance of the CSI in detecting
changes in OFS in real time.

Since two sets of data based on two trials have been collected for each subject, we performed the
standard cross-validation by using one of the trials as the training dataset for construction of the
CSI, and the other for testing, and then reversing the roles of the trials. The CSI has been defined
completely, including the subset of EEG/EOG features which best discriminate between the L2 and
L0, the projection (5), and the scaling and smoothing parameters, on the training data. Once the
CSI was defined, its performance was evaluated on the test data; to this end, the test data was parsed
into three testing sets, corresponding to the task load (L2, L1, and L0), during which the data was
recorded.

The features which most frequently comprised the CSI across all trials were, in order, VEOG (5–8
Hz), O2 (14–30 Hz), O2 (10–12 Hz), and Pz (10–12 Hz). Notice that the alpha, beta, and theta wave
bands were represented by at least one of the top four features. Also recall that VEOG (5–8 Hz) and
O2 (14–30 Hz) were two of the features indigenous to our candidate set. Interestingly, they were
the most consistently divergent features. The VEOG (5–8 Hz) feature was especially prominent as
it was included in the CSI of every trial. This feature is primarily a measure of eye activity and its
importance is a reflection of the visual nature of the tasks performed by subjects in the trials; the
issue of utilizing EOG data for measuring of cognitive load in this study is further discussed below.

Table 2 displays the means of the CSI across the three task loads for each trial by subject. Greater
index scores correspond to higher cognitive loads while lower index scores indicate lower cognitive
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loads. Observe that the average CSI monotonically increased from the L0 to the L2 for Subjects A
and E, but not for Subject F.

Table 2: Mean values of the CSI across task loads

Subject Testing trial L2 L1 L0
A 1 0.807 0.683 0.265

2 0.725 0.462 0.185
E 1 0.762 0.407 0.150

2 0.901 0.482 0.247
F 1 0.626 0.634 0.591

2 0.546 0.639 0.319

To determine which results in Table 2, if any, were statistically significant, a mixed-effect model
was formulated for each subject as

S D Li C Tj C LiTj C �ij ; (12)

where S is the CSI function predicted by: the task load Li , the trial Tj , the interaction LiTj of task
load and trial, and finally, an error term, �ij . The sole fixed-effect, task load Li , was expected to ex-
plain the variability in the CSI. The remaining two terms, trial and the task load by trial interaction,
specify random effects assumed to be normally distributed with a zero mean and variance unique to
each term.

Table 3 contains the ANOVA results for each subject. For Subjects A and E, task load was a
significant predictor of the CSI, with p-values well below the .05 threshold. In contrast, there is no
evidence that Subject F’s CSI varied with task load.

Table 3: Type III test for task load L

Subject Numerator d.f. Denominator d.f. F p-value
A 2 2 53.36 0.0184
E 2 2 161.21 0.0062
F 2 2 1.85 0.3508

Next, it was of interest to examine whether the CSI can discriminate not only the “extreme” L0
and L2 tasks, but also the “intermediate” L1 task. Recall that L1 data has not been used at all for
constructing and training the CSI. To this end, post-hoc analyses were conducted to reveal for which
task loads the corresponding CSI means differed significantly from each other. Table 4 contains the
p-values to pair-wise tests for the difference of task load means with the type I error controlled by
the Bonferroni adjustment. For Subjects A and E, the tests comparing the L2 and L0 CSI means
were significant at the .05 threshold. Again, Subject F’s CSI was not distinguishable by task load.

These results support CSI’s ability to discriminate between the L2 and L0 for Subjects A and E. For
these subjects, the CSI also discriminated the L1 with significance or near significance in three of
the four pair-wise tests; this despite the index not being optimized to delineate intermediate level
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Table 4: Bonferroni-adjusted p-values in pair-wise tests for the difference of task load means

Subject L2 vs. L0 L2 vs. L1 L0 vs. L1
A 0.030 0.237 0.072
E 0.009 0.033 0.064
F 0.928 1.000 0.620

tasks. The next section will address whether these statistically significant results prove practically
significant in real-time OFS change detection. We expect the CSI, which discriminates between
task loads with significance, to be proficient in detecting real-time changes in OFS; in contrast, the
CSI, which discriminated task loads poorly, like that of Subject F, is expected to be incapable of
detecting changes in real-time.

Now we would like to comment on utilization of the EOG data, along with the EEG data, in con-
struction of the CSI and evaluation of the cognitive load. Recall that the VEOG theta feature was
included in the CSI in all trials, due to its having the highest KL divergence between the states L0
and L2. This can be viewed as a direct consequence of the predominantly visual nature of the tasks
performed by the subjects in the course of the trials (monitoring of a simulated bombing mission
on a computer screen). Namely, in such a setup the subjects were unable to engage effectively in
tasks of elevated cognitive load without an increase in eye activity required for, e.g., target identi-
fication/tracking, etc. In view of that, it was of interest to investigate the effect of exclusion of the
VEOG feature from the candidate set during construction of the CSI. Tables 5–7 present the results
analogous to those reported in Tables 2–4, respectively, with the distinction that the VEOG feature
was not utilized.

As one can observe, exclusion of the VEOG theta feature leads to deterioration of the results, par-
ticularly, loss of significance for Subject A (although barely, see Table 6). This is of no surprise,
as the VEOG represents the most “valuable” feature in the context of the presented method, due to
its having the greatest KL divergence between states L0 and L2. The ability to discriminate with
significance among task loads L0, L1, and L2 for Subject A is also compromised (Table 7). Yet,
the results of online testing reported in the next section indicate that loss of statistical significance
for Subject A due to exclusion of the VEOG data does not translate into a markedly inferior perfor-
mance, as compared to Subject E. Moreover, it will be seen that online results for all subjects suffer
relatively mildly from the removal of the VEOG, which can be considered as an indication that the
CSI is relatively robust with respect to feature selection.

5 Online change detection in OFS using CSI

The ultimate objective of the presented endeavor was to devise a method for robust detection of
changes in operator’s functional (cognitive) state that are induced by varying levels of task difficulty,
using the real-time psychophysiological data provided by EEG and EOG sensors. The CSI measure
of cognitive load introduced in section 3 allows for reducing the problem of detecting “changes” in
the multidimensional time series as provided by the EEG/EOG data to same problem for univariate
time series, embodied by the CSI function St .
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Table 5: Mean values of the CSI function across task loads (VEOG excluded)

Subject Testing trial L2 L1 L0
A 1 0.773 0.678 0.382

2 0.715 0.311 0.150
E 1 0.684 0.248 0.228

2 0.860 0.394 0.272
F 1 0.600 0.557 0.460

2 0.566 0.575 0.378

Table 6: Type III test for task load L (VEOG excluded)

Subject Numerator d.f. Denominator d.f. F p-value
A 2 2 10.5 0.0869
E 2 2 55.11 0.0178
F 2 2 8.89 0.1011

The CSI has been construed so as to assume higher values when the task load elevates, and smaller
values when the task load reduces. Thus, periods of increased cognitive load can be identified with
“peaks” or “plateaus” in the graph of St as a function of time t , and, conversely, reduced levels of
cognitive load can be identified by “valleys” in St .

A well-known method of finding irregularities or anomalies in time series is the “double-window”
technique, where for any given epoch t the most recent 2k data points are partitioned into two se-
quences, or windows of length k: ´t�2kC1; : : : ; ´t�k and ´t�kC1; : : : ; ´t (the lengths of windows
need not be the same). Then, by computing an appropriate function of the data in each window,
h1.t/ D h.´t�kC1; : : : ; ´t / and h2.t/ D h.´t�2kC1; : : : ; ´t�k/, changes in time series ´t can be
detected by spikes in the value of �.t/ D jh1.t/ � h2.t/j.

This method works reasonably well on data exhibiting stable patterns, such as ECG, but the
EEG/EOG data used in the present study is rather poorly suited for the approaches based on double-
window idea since it does not exhibit regular patterns.

Instead, we exercise the idea that detection of elevated (reduced) levels of operator’s cognitive load
can be accomplished by identifying trends in the CSI St , i.e. by detecting periods of consistent
increase (decrease) in a series of observed values of St .

To this end, we present the Trend Detection Heuristic (TDH), which detects positive (negative)
trends in the CSI that are initiated with the onset (end) of task loads. The TDH has two main
components: an adaptive threshold and a trend detector. The adaptive threshold adjusts to the non-
stationary behavior occasionally exhibited by the CSI, where its magnitude during a task may be
very different for an identical task occurring later in time. The TDH’s second component, the trend
detector, identifies task-induced trends in the index. Detecting trends accomplishes two things: first,
coupled with information on the index’s magnitude, a trend helps discriminate between true task-
induced peaks and irregular transient spikes. Second, depending on the length of the trend, tasks
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Table 7: Bonferroni-adjusted p-values in pair-wise tests for the difference of task load means
(VEOG excluded)

Subject L2 vs. L0 L2 vs. L1 L0 vs. L1
A 0.133 0.439 0.480
E 0.028 0.050 0.897
F 0.204 1.000 0.249

occurring below the threshold can be identified and the threshold can be adapted accordingly.

Algorithm 1 illustrates the TDH on the particular case of identifying positive trends in the CSI,
which are expected to indicate an increase in the cognitive load. Namely, the TDH judges the value
St of CSI at time t against two criteria: its magnitude relative to an adaptive threshold and how
well the previous points, St�1; St�2; : : : ; St�n, have trended. Trends are identified by tracking
the positive “slopes” between consecutive points over a period of time. The slopes need not be
consecutive since noise may cause temporary “reversals” in the trend; reversals will only dissolve
a trend if, after a period Rlim of time, no point falls above the trend’s last highest point. If Rlim
is not exceeded at some point, tracking of positive slopes and the trend detection continues until a
predefined number K� of positive slopes has been observed in the current trend.

Now that an emerging trend is identified, an elevated level of CSI is signaled if its current observa-
tion exceeds the adaptive threshold Z, to determine if a task-induced cognitive load has occurred.
If St > Z, the trend is classified as task-induced. If St < Z, the emerging trend remains unclassi-
fied but continues to be monitored until � > K�, where K� is a newly defined limit. In summary,
the second phase of the algorithm classifies trends in one of two ways: the first is when the trend
outright breaches Zt , and the second, is when the trend is occurring below Zt , but is sustained long
enough to be regarded as being task-induced. K� quantifies “long enough” by accounting for the
distance St falls below Zt ; the further below Z, the longer trending must continue in order to be
classified. The motivation here is to account for non-stationarity while preventing the classification
of trends not associated with a task load. If a task-induced trend is classified below the current
Zt , the threshold is updated using exponentially weighed moving average that weights the mag-
nitudes of previously classified trends with the most recent trend, through a smoothing parameter
�. This mechanism adapts the threshold so it can detect task-induced trends occurring at different
magnitudes in the future.

As usual, the parameters of the TDH were calibrated through training and subsequently used during
testing. Particularly, the value of K� ranged between 4 and 6, ˛ ranged in Œ0:0; 0:35�, and ˇ ranged
in Œ5; 6�; the values of � and Rlim were chosen at 0:3 and 5, respectively. Again, cross-validation
was performed, producing two sets of results per subject by swapping training and testing trials.

The metric used to evaluate the performance of TDH as applied to CSI was the percentage of tasks
identified correctly by the TDH. Tasks were considered as identified successfully when the TDH
signaled a task-induced trend directly following a task’s onset. Occasionally, the TDH signaled a
trend when there was no associated task load; such instances were classified as false alarms and
were tabulated as another metric of performance.

Figures 4 and 5 illustrate the performance of the TDH method on trials of subjects A and F, respec-
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Algorithm 1 Trend detection heuristic (TDH)
1: Input: Testing data fS1; : : : ; Stg, K�, Rlim, �, ˛, ˇ
2: Initialize: � WD 0, � WD 0, K� D1, Smax WD �test, Z D �test C ˛�test, V D ;, I D ;

3: repeat
4: t WD t C 1

5: if St > St�1 then
6: Smax WD St , � WD � C 1, � WD 0
7: else
8: � WD � C 1

9: end if
10: until � � Rlim or � � K� or t D T
11: if � � Rlim then /* Case 1: trend dissolves due to a sustained reversal in the trend */
12: � WD 0, Lmax WD St
13: else /* Case 2: trend is sufficiently long and/or is above the adaptive threshold */
14: if St � Z or � � K� then
15: V WD V [ St , I WD I [ t , � WD 0, � WD 0, Tup WD 1, Smax WD �test,

Z WD minfZ; .1 � �/Z C �Smaxg

16: else /* Case 3: trend exists but does not yet meet Case 2 conditions */
17: if � D K� then
18: K� WD

l
Z�St

�test
ˇ
m
CK� C 1, � WD � C 1

19: end if
20: end if
21: end if
22: if t < T then
23: go to step 3
24: end if
25: Output: set V of trends and set I of trend detection time epochs
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Figure 4: Results of the Trend Detection Heuristic applied to CSI of Subject A, testing trial 2

tively. The vertical lines denote the onsets of the L2, L1, and L0 tasks, and the cross-hair markers
identify the points where the TDH has detected an increase in the cognitive load. The horizontal
dotted line illustrates the adaptive thresholdZ; recall that the initial value ofZ is determined during
the training trial, and can be adjusted during testing. An instance of threshold adjustment can be
seen in Fig. 4, where the first detection was made prior to the CSI exceeding the current threshold
value Z, because a positive slope of sufficient duration was observed. Due to this fact, the adaptive
threshold was lowered, and, after the subsequent detection occurred well above the threshold value,
it was increased.

Table 8 displays the results of evaluating the CSI via the TDH for each trial by subject. The CSI of
Subjects A and E performed with an average task detection rate of 81.25%. The CSI of subject F
proved rather ineffective at detecting task-induced changes in cognitive load. Potential reasons for
this failure are considered below. If the results of subject F are included, the average task detection
rate of the CSI was 58.33%, with less than one false alarm per trial on average. With the results
of Subject F excluded, it took on average 9.67 seconds to detect a change in the cognitive load;
recall that elevated-load tasks, L1 and L2, lasted for about 20 seconds. This delay is due to the TDH
algorithm, which needs the CSI to maintain a trend over a certain number of epochs to register a
change in cognitive state, as well as due to the size of the moving window. Since shorter windows
lead to more volatility in the CSI values and thus jeopardize robust detection, the window size was
selected in this study so as to achieve a balance between detection accuracy and detection latency.
In addition, statistical significance of the CSI as a discriminator of cognitive load makes it amenable
to online classification of the cognitive state, once a change has been detected. Namely, for L1 and
L2 tasks, whose onset was correctly identified by the TDH, only one misclassification has occurred
across trials of Subjects A and E.

Table 9 reports the correponding results in the case when the VEOG signal is excluded from consid-
eration. In comparison to the results in Table 8, exclusion of the VEOG feature leads to deteriora-
tion of detection rates for Subjects A and E, while the detection rates for Subject F remain similarly
poor. Considering that the VEOG feature had the highest KL divergence between states L0 and L2,
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Figure 5: Results of the Trend Detection Heuristic applied to CSI of Subject F, testing trial 1

Table 8: Change detection rates due to TDH applied to the CSI

Subject Trial Detection # of false Online classification
rate (%) alarms accuracy (%)

A 1 75.0 1 100.0
2 87.5 0 100.0

E 1 75.0 0 100.0
2 87.5 2 85.71

F 1 0.0 1 0.0
2 25.0 1 0.0
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Table 9: Change detection rates due to TDH applied to the CSI (VEOG excluded)

Subject Trial Detection # of false Online classification
rate (%) alarms accuracy (%)

A 1 75.0 2 83.33
2 62.5 0 100.00

E 1 62.5 0 100.00
2 75.0 2 83.33

F 1 25.0 3 50.00
2 0.0 2 0.00

whereby it was the most “valuable” feature with respect to construction of the CSI function (see
section 3), it can be concluded that the reduction in detection rates due to exclusion of the VEOG
feature is relatively mild for Subjects A and E. This can also be regarded as an indication that the
proposed technique is relatively robust with respect to selection of features.

The specific features of the dataset used in our study have placed certain limitations on the procedure
of testing the TDH heuristic. For instance, due to the relatively short durations of the periods of
elevated task load (20 seconds), TDH was used to detect only positive trends in the CSI (recall that
the EEG data was processed in 3 to 5 second windows). Thus, the return of a subject to the baseline
L0 state was assumed when the CSI St dropped below the level S�t� at which the last elevated state
was detected.

Also, it is of interest to note that the positive trends associated with increase of task loads in the
trials of subjects A and E had sometimes originated before the actual start of L2 or L1 tasks (see
Fig. 4). This can be explained as artifacts of the smoothing filter applied to CSI; another possibility
is that due to the cyclical structure of the trials, the subjects may have “anticipated” the onset of
the next task of elevated difficulty towards the end of baseline period L0. Such an interpretation is
indirectly supported by the fact that the transitions between L1 or L2 periods and the baseline (L0)
periods coincide very well with sharp dropoffs in CSI values.

With regard to Subjects A and E, it can be claimed that the CSI can accurately detect real-time
changes in OFS. However, this is not the case for Subject F, whose CSI failed to respond consistently
to changing task load. The results of online analysis are in accord with the offline analysis presented
in section 4, where it was demonstrated that CSI can discriminate between L0 and L2 conditions
with statistical significance for Subjects A and E, but not for Subject F. Thus, it can be conjectured
that the efficiency of CSI in detecting real-time changes in cognitive state is predicated on it being
a statistically significant discriminator of load levels on average.

Several explanations can be offered with regard to poor performance of the CSI for Subject F.
Instances when certain OFS measures exhibit markedly inferior results on a particular subject have
been observed in the literature (see, e.g., Smith et al., 2001), and are usually attributed to individual
differences. It is also possible that a subject may have been unwilling to exert the effort necessary in
the L2 condition, or that the difficulty of L2 tasks was not high enough induce the desired cognitive
load state. In general, if the implicit assumption that subjects increased their effort proportional to
task demands is violated, any attempt to correlate task load to cognitive load is futile.
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The TDH algorithm was also accountable for a portion of the inaccuracy attributed to the CSI. On
several occasions, the CSI clearly signaled a change in task load, but since it did not trend “long
enough”, the TDH did not classify the changes as task-induced. An example of this can be seen in
Fig. 4, where the CSI clearly increases during the first task, but the TDH fails to indentify it.

6 Conclusions

In this paper, we presented an approach for online detection of temporal changes in operator cogni-
tive state based on psychophysiological data. The introduced cognitive load indicator function (CSI)
is capable of accurately measuring the cognitive load and facilitates the detection of its changes in
real-time by means of the trend detection heuristic (TDH). When trained to discriminate between
cognitive states resulting from low and high difficulty tasks, the CSI has been shown to perform
this with statistical significance for two out of three subjects; moreover, for the same subjects the
CSI demonstrated near significant results in discriminating the intermediate load tasks as well. The
statistical significance of offline discrimination has been demonstrated to translate into robust per-
formance in online change detection, when coupled with the TDH.
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