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Abstract— Investing long hours in a cognitively demanding
activity without adequate rest has been shown to lead to a
decline in cognitive capacity. For this reason, it is crucial to
know the moments in which the mental performance is low,
to disconnect and recover. This paper presents the design of
brain signal processing pipeline using electroencephalographic
(EEG) signals to detect cognitive performance drops during
sessions that require low physical activity, to determine when
users should pause the execution of their current task to
take a rest. The developed system is adaptable to any user
without requiring prior training. The evaluation considers
three mental states: attention, mental fatigue and stress as
the most representative; these mental states were re-referenced
using the first five minutes of each recording as a calibration
period, before applying a set of rules to determine cognitive
performance drops. The results showed that, for sixty-two
monotonous driving simulation sessions (78.5 ± 22.4 minutes),
the detection time occurred at 35.3 ± 18.9 minutes in 80.6%
of the sessions, and for three studying sessions (30, 20 and 30
minutes each) the detection time occurred at 11.9, 12.3 and 8.3
minutes, respectively.

I. INTRODUCTION

Investing long hours in cognitive demanding activities, like
studying or driving without adequate rest, has been shown
to lead to a decline in cognitive performance [1]. As a
consequence, people experience mental fatigue, are easily
distracted, feel anxiety or simply postpone the activities they
are performing. Depending on the type of activity, this can
cause them to be unproductive or even endanger their lives.

Cognitive psychology describes the state of mind as a
dynamic construction that can vary depending on the cir-
cumstances and be affected by cognitive, behavioural and
emotional factors [2]. Some of the most representative mental
states to understand the cognitive capacity of people are
attention, fatigue and stress [3]. Attention is related to the
ability to stay focused and process the information received
[4]. Mental fatigue manifests when the person reaches the
limit of their information processing capacity and the task
becomes a demanding process, and turns into a strenuous
activity [5]. Stress, is the body reaction to an stimulus,
affecting the way a person performs and perceives the task
[6].

For activities that demand a cognitive load, the mental
states mentioned above generally evolve in the following way
across subjects. At the beginning, people tend not be fully
engaged with the task at hand, as it takes approximately 20
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minutes for a person to completely focus in the activity they
are performing; mental fatigue will still be low, as it tends
to increase over time; and the body will be warned of the
situation and will provide the energy start handling it [5][7].
Moments later, the levels of attention will be optimal; mental
fatigue and stress will start to increase, because the subject
may have acquired a certain level of competence and will
be focused on the task, but at the same time will be making
an effort trying to adapt to the stimuli. In the final period,
boredom and monotony will lead to a state of hypovigilance
and poor perfomance, because the prolongued cognitive
activity causes a deterioration in the ability to process stimuli
and information, producing a feeling of drowsiness and lack
of motivation, and since energy levels cannot be maintained
for long periods of time, stress will manifest itself cognitively
and physically affecting the subject [6][8].

Researchers have used several methods to detect mental
states from eletrophysiological data. One of these methods
is the combination of the spectral power of frequency bands
to obtain neurophysiological indices that are capable of qual-
itatively represent mental states and generate representations
through trends. To represent the processes of attention, some
ratios like beta to alpha [9] or theta to alpha [10] can be used;
while for the state of fatigue, some of the used indices are
theta-plus-alpha to beta ratio [11] and theta to beta ratio [12].
When it comes to stress, some of the existing methods are
the frontal asymmetry of different channels and coherence of
signals [13][14]. Other relevant methods to detect these states
are statistical methods [15] or machine learning classifiers
[16]. However, these require a large number of recordings per
subject to train the data correctly and are subject-dependant,
which turns analyzing different users’ data into a more time-
consuming experimental protocol to adapt the system to an
specific user.

In this paper, a novel approach for the detection of the
early period of low cognitive performance, based on a
neurophysiological indices trend analysis during low physical
activitiy sessions (person sitting comfortably and not making
sudden movements), is proposed.

II. METHODS

Two datasets were considered for this work: the first one
was recorded by Cao et al. [17] to design and test the method,
and the second one was specifically recorded for validation
of the proposed method.

A. Dataset 1

Twenty-seven volunteers, ages 25±4.2, without visual
impairments and no record of sleep problems or drug abuse
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were recruited. The task involved keeping a vehicle in the
centre of the lane in a visually monotonous four-lane road en-
vironment with no traffic and random lane departure events.
Subjects were asked not to ingest alcohol, stimulants or do
strenuous exercise before participating in the experiment.

Sixty-two recordings sampled at 500 Hz were obtained
with a a 32-channel wired Ag/AgCl electrode Compumedical
NeuroScan Quik-Cap. Electrodes were placed according the
10/20 system for a 90-minute session.

B. Dataset 2

Two students, ages 22 and 23, from Pontificia Universidad
Católica del Perú (PUCP) participated voluntarily in three
sessions of the experiment in total, while studying for
their evaluations. They were asked not to have a record of
psychiatric or drug use disorders and not to ingest substances
such as caffeine, alcohol, tea or cigarettes or intense physical
activities (e.g. sports) 48 hours before the tests.

Three recordings were obtained using a 32 dry electrode
g.Nautilus. Electrodes were placed according to the 10/20
system and recorded the subject’s brain activity at 500 Hz.

C. Mental states representations

The Fast Fourier transform (FFT) was applied over time
windows with a length of three seconds and 50% overlap.
Then, the average absolute power PXi

(f) in the frequency
bands of interest [fL, fH ] was calculated at each time point
over a subset of n channels X. The frequency ranges for each
band are as follows: theta (θ) ∈ [4,8] Hz, alpha (α) ∈ [8,13]
Hz and beta (β) ∈ [13,30] Hz. This function I, is displayed
in equation 1.

If∈[fL,fH ](X) =

n∑
i=1

fH∑
f=fL

2 ∗ |FFT (Xi)|2︸ ︷︷ ︸
PXi

(f)

(1)

Some attention processes are related to the changes in the
spectral power of OZ and PZ [18][19][20]. Specifically,
changes in the beta and alpha bands provide valuable infor-
mation about the activity affinity [10]. The attention index
(AI), is calculated using the beta to alpha ratio over the
aforementioned channels, as observed in equation 2.

AI =
Iβ(OZ,PZ)

Iα(OZ,PZ)
(2)

Mental fatigue is associated with an increment in the spectral
power of theta and alpha bands in the temporal and occipital
lobes [11], and the reduction of the spectral power of beta
band in the parietal and temporal lobes [21]. The fatigue
index (FI), was calculated with equation 3, using T7, T8,
TP7, TP8, PZ, OZ, T3, PZ, and T4 channels.

FI =
Iα(TP7, T3, TP8, T4, OZ) + Iθ(TP7, T3, TP8, T4, OZ)

Iβ(T3, PZ, T4)
(3)

The frontal cortex is related to stress and other emotional
processes [14]. Prior studies evidenced that, in the presence
of stress, the spectral power in right frontal channels increase
while in the left channels decreases [13][22]. The stress index

(SI) was calculated through the frontal asymmetry of F7 and
F8 channels, as presented in equation 4.

SI = log(Iα(F8))− log(Iα(F7)) (4)

D. Detection of low cognitive performance

The data was preprocessed and analyzed using MATLAB
R2019b and Simulink, using a 0.5-50 Hz finite impulse
response bandpass filter. To smooth and remove outliers for
each mental state values during the calibration and evaluation
period, represented by Sc and Se, respectively, there was
applied a moving median filter.

Througout the calibration period, represented by c ∈ [0, 5[
min,

#»

S c, the mean µ(
#»

S c) and the standard deviation σ(
#»

S c)
were calculated and used as baseline values. Then, the z-
score was applied for the following data Se, where e ∈ [5,
∞[ is the evaluation period, to obtain each of the re-reference
said mental states S′

e as presented in equation 5.

S′
e =

Se − µ(
#»

S c)

σ(
#»

S c)
(5)

Considering tf , ts and ta as the representation of the time
values in which the increasing trend of fatigue, stress and
attention is mantained, respectively; a performance drop can
be identified if either of the following conditions is true:
tf >= Tf and ta <= Ta, ts >= Ts and ta <= Ta, tf >=
Tf and ts >= Ts. Tf , Ts and Ta are the max time limit
values for each mental state. Figure 1 shows an example
of the processing of the mental states for a subject from
dataset 1, over a 72-minute session, for which the cognitive
performance drop happens at approximately 41 minutes.
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Fig. 1: Detection of the moment before low cognitive performance for
subject 1 in the dataset 3 of Cao’s experiment. Top: Representation of the

mental states and the detection moment. The orange line represents the
moment before poor cognitive performance levels, after criteria is met.

The condition that has been met for detection is that both the mental state
of fatigue and stress have remained with increasing trends over the time

thresholds allowed: Tf and Te and attention presented a decreasing trend.
Bottom: Analysis of the mental state trends. These graphs represent the
increasing moments of the mental states, where the values are constant

when the signals have an increasing behavior or stay at zero in other cases.

III. RESULTS

This section presents the analysis of the tendencies of the
mental states of the subjects when carrying out the cognitive
activities. The average duration for dataset 1 sessions was
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78.5 ± 22.4 minutes, while dataset 2 sessions lasted 30, 20,
and 30 minutes, respectively. Figure 2 displays the mental
state representations for both datasets.

A. Dataset 1

The attention index displayed a decreasing trend during
the first 5 minutes after calculating the baseline for all the
users. In the next 12 minutes, this mental state presented a
constant trend. For the rest of the duration of the recordings,
it showed an increasing trend until reaching a peak, from
which it decreases.

The fatigue index presented a positive slope during the
first 10 minutes after calculating the baseline and remained
constant for 5 minutes. In the following 15 minutes, it had
a tendency to decrease until it reached a valley. For the final
minutes, this mental state presented a growth trend.

For the stress index, during the first 15 minutes after
the calibration procedure, it was observed that the graph
presented a decreasing behaviour in the slope. For the next
5 minutes it started to grow until reaching a temporary peak
and by the end, this mental state tended to grow.

B. Dataset 2

A very similar behaviour was observed in these sessions
for each of the mental states when compared to the previous
dataset during the first minutes. For the attention index,
during the first 7 minutes after calculating the baseline, it
showed a tendency to decrease until it reached a valley, from
which it began to grow towards the end of the session.

For fatigue index, in the first 4 minutes of the session after
the baseline, the signal presented a decreasing slope, and in
the next minutes, it began to have a crescent shape before
reaching a peak where it began to decrease again.

The stress index presented a decreasing trend, that was
observed for the first 5 minutes after the calibration period,
followed by minimal growth and decrease in trend until the
end.

C. Detection of low cognitive performance periods

For dataset 1, the average detection of the moment before
low cognitive performance happened at 35.3 ± 18.9 minutes
and was detected in 80.6% of the sessions. For dataset 2,
the detection times happened at 11.9, 12.3 and 8.3 minutes,
respectively. These results are presented in Table I.

TABLE I: Summary of the low cognitive performance detection results

Dataset 1 Dataset 2

Number of sessions 62 3
Number of subjects 27 2
Session length (min) 78.5 ± 22.4 30, 20, 30
Detection time (min) 35.3 ± 18.9 11.9, 12.3, 8.3

Low performance detections (%) 80.6 100

IV. DISCUSSION

In this study, a new method for detecting the previous
moment of low cognitive performance is assessed based on
the analysis of neurophysiological indices tendencies.

The results for the average detection time obtained for
dataset 1 are consistent with those from previous studies,
which could indicate that the average time a person can stay
focused on a task they are familiar with is approximately 20
minutes. After this detection time, the person will not be able
to continue with the activity and may need to take a break
to recover. For dataset 2, the early detections could indicate
subjects were not comfortable with the performed activity.

Regarding trends of the mental states, the analysis suggests
the following: for attention index, the decreasing levels dur-
ing the first minutes show that the person is not involved and
motivated with the activity yet because the person is starting
to focus. In the next minutes, the increase in the levels of
attention evidence that the person begins to feel familiar and
getting more involved. Subjects develop a greater affinity
with the task and can perform optimally when they acquire a
certain level of competence. However, it should be clarified
that, although levels of attention may be high during this
period, the manifestation of fatigue and stress may lead to
believe that the person is making a greater cognitive effort to
stay in tune with the task, and as a consequence affecting the
overall performance. The signs of exhaustion accompanied
by a decrease in the levels of attention suggest that prolonged
cognitive activities carried out for long periods lead to a
decrease in the performance of the task at hand.

For the fatigue index, the progressive increase at the
beginning was expected, as subjects are not overloaded with
information or exhausted initially or during a moment of
engagement, but after some minutes it starts to increase due
to the nature of these cognitive activities, supporting studies
that have shown that fatigue tends to increase over time. The
decrease during the middle and final period is related to the
person feeling energized and perceiving the task as an easy
activity, which is related to the increase in engagement and
motivation.

For the stress index, the decreasing trend showed during
the first minutes of the sessions may correspond to the person
feeling relaxed and not motivated with the activity yet. This
may correspond to the alarm phase, in which the person is
warned of the situation but is not mentally exhausted yet.
Throughout the middle stage, the increasing trend leads to
believe that the person is motivated and focused on the task at
hand, which may suggest that the stress levels are optimal. In
the following moments, the appearance of stress at a medium
level across subjects might suggest that the mind and body
have run out of energy to cope with the task causing the
subject to feel cognitively and physically affected. This fits
the theory that, as the activity progresses, the performance
is reduced, due to anxiety, fatigue and burnout.

FUTURE WORK

Future work involves evaluating more subjects to validate
the detected trends for each of the mental states using
the proposed neurophysiological indices and compare these
results with post-session feedback. Different tasks’ perfor-
mance could also be analyzed using the proposed indices to
determine whether the detection is possible.
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(a) (b)

Fig. 2: Mental state average signals for the datasets evaluated. (a) Average mental state signal of the sixty-two sessions of Cao’s experiment for the
twenty-seven subjects. (b) Average mental state signal of the three sessions of the experiment with the g.Nautilus equipment for the two subjects.

CONCLUSION

In this paper, an approach to detect the early periods of low
cognitive performance in sessions that require low physical
activity based on the analysis of trends in neurophysiological
indices, that characterize mental states, is proposed. The
developed method stands out for its adaptability, as it can be
used to evaluate different subjects without requiring training
data, and understand the user’s cognitive performance along
the session. The neurophysiological indices and selected
EEG channels to represent the mental states allow for reliable
detection in most cases, which could evidence said indices’
usefulness on understanding how mental states behave during
this type of tasks and what conditions must be met to warn
the subject about a moment of low cognitive performance.
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