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A Visual Attention Monitor Based on
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Abstract—Attention detection is important for many applica-
tions. Automatic determination of users' visual attention state is
challenging because attention involves numerous complex and
internal human cognitive functions. Behavioral observations, such
as eye gaze or response to external stimuli, can provide clues for
users' visual attention state; however, users' cognitive state cannot
be easily known. Conventional electroencephalography-based
methods detect attention by observing the dynamic changes in the
frontal lobe of the brain, especially in the anterior cingulate cortex
(ACC). However, that area in the brain is associated with many
functions, some of which correlate with conscious experience but
are not directly related to attention. In this paper, we design an
attention monitoring system to detect whether the brain experi-
ences a visual stimulus consciously. Our experiments verified the
feasibility of our design, and the average classification rate ranged
from 72% to 82%.

Index Terms—Brain–computer interface (BCI), electroen-
cephalography (EEG), steady-state visual evoked potential
(SSVEP), visual attention.

I. INTRODUCTION

H UMAN cognitive functions, such as perception, atten-
tion, memory, and decision making are ever-present in

our daily activities. As the relative cost of personnel becomes
more critical in operating complex systems, human cognitive
limitations are becoming a crucial issue in human-computer
interactions, and are therefore increasingly an important deter-
minant of overall human performance. As attention is required
for executing many cognitive tasks, attention monitoring plays
a vital role in many applications, including education, driving
safety, advertising evaluation, and audience rating. However,
directly and objectively determining a user's attention state
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has long been a challenge, because attention involves complex
neural processes.
Attention can be classified as overt attention and covert at-

tention [1]. Overt attention is defined as the act of directing the
sense organs toward a stimulus. Covert attention refers to men-
tally focusing on one of several possible stimuli. For visual at-
tention, several studies have conducted a variety of experiments
and computational models to understand human visual mecha-
nisms. Itti et al. [2] proposed the saliency map to predict visual
overt attention, and it is widely used in robotics and computer
vision. Recently, Borji et al. [3] extended the saliency map from
modeling bottom-up to top-down overt attention. Prior work on
visual attention detection and visual saliency map usually ad-
dressed the overt attention [2], [3]. However, visual covert at-
tention detection is also an important issue; in some cases, users
can process the visual information without direct gaze. If users'
visual covert attention can be detected, intelligent agents would
be able to recognize when they should assist the users and which
important visual information the users probably overlook.
In this paper, we design a system to detect whether the brain is

consciously aware of a visual stimulus. Specifically, our system
monitors a user's visual covert attention by measuring the user's
steady-state visual evoked potential (SSVEP). SSVEP is a type
of neural activity that is enhanced when subjects pay attention
to a stimulus that oscillates at a specific frequency. It has been
shown that the amplitude of the SSVEP associated with a par-
ticular visual stimulus is enhanced when subjects pay attention
to the visual stimulus [4].

A. Background on Attention Detection

Existing approaches to attention detection mainly use
questionnaires, eye trackers [5], behaviors [6], [7], or elec-
troencephalography (EEG) [8]. Questionnaires are commonly
used after attention experiments. They are subject-dependent
self-reports that reveal the subject's covert attention levels
during the experiment. Questionnaire results can be described
as off-line monitoring, and may not be appropriate for some
safety-related applications, where on-line detection of covert
inattention is required. Individual differences among subjects'
memory capabilities may also interfere with the analysis of a
subject's attentive state.
1) Visual Overt Attention Detection: Numerous previous

studies on attention monitoring have focused on visual overt
attention detection by analyzing a user's behavioral patterns.
Lee et al. proposed a vision-based overt attention meter by
detecting a user's face [7]. Shell et al. introduced EyePliances,
which analyzed a user's behavior using cameras and integrated
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behavioral clues to evaluate the user's level of attentive en-
gagement [6]. Besides facial or body behaviors, eye trackers
have been used widely to analyze a user's visual overt atten-
tion, because they can unobtrusively track fovea fixation and
help researchers to visualize a user's gaze behaviors during
usability testing [5], [9]. Whereas eye trackers can provide
useful information about gaze activity, they cannot distinguish
whether a user is simply looking at a spot or actually engaged
in the activity being viewed [10]. In fact, previous studies have
reported Inattentional blindness, which is an important topic
in human perception. Inattentional blindness occurs when a
subject's covert attention is focused on a certain task such that
the subject cannot perceive an unexpected event appearing in
his or her visual field. Inattentional blindness was examined
in a well-known experiment involving gorillas [11], in which
approximately 50% of subjects did not notice the unexpected
event. Recently, Memmert [12] used an eye tracker to perform
a similar experiment and found that subjects who did not notice
an unexpected event had been unconsciously looking at the
event for approximately 1 s. This demonstrated that what our
eyes see is not necessarily equivalent to what our brain is aware
of.
2) Covert Attention Detection: EEG is a non-invasive tool

that has beenwidely used in medical diagnosis and neurobiolog-
ical research in recent years. EEG directly reflects the dynamics
of the generating cell assemblies. Recent experiments demon-
strated that EEG is capable of identifying a subject's covert at-
tentional state in real-time [8]. EEG-based approaches deter-
mine a subject's covert attentional state by detecting changes in
a subject's alpha power activity (8–12 Hz) in the frontal lobe, es-
pecially in the anterior cingulate cortex (ACC) [13]. However,
the ACC area is associated with many functions related to con-
scious experience, some of which are not directly related to vi-
sual attention.
Several recent BCI systems have been used to detect users'

covert attention by analyzing their frontal EEG signals using
portable EEG devices. Liao et al. demonstrated monitoring of
users' focus levels in a gaming scenario [14]. Their algorithm
quantified the focus level based on power spectral patterns
within the alpha band. Szafir and Mutlu used Neurosky's
Mindset to monitor students' engagement levels in real-time [8].
They used the power spectral of alpha, beta, and theta waves
at the FP1 region of the cortex to monitor the user's covert
attention state (the frontal region is known for concentration
control). These EEG systems [8], [14] can indicate the user's
attention level based on the variation of wave power, but cannot
determine if the users' attention state is directly related to the
object of their gaze fixation. This limitation is opposite to the
limitation of eye trackers, mentioned above.

B. Background on SSVEP
1) Steady-State Visual Evoked Potential (SSVEP): Visual

evoked potential (VEP) is an evoked potential caused by a visual
stimulus, such as an alternating checkerboard pattern on a com-
puter screen. Many forms of VEP stimulations exist that can be
used to explain the visual information processing mechanism
in the brain. In electrophysiology, VEP harmonized with low
frequency stimuli is identified as transient VEP (TVEP), and

is independent of the VEP of a previous stimulus. In contrast,
steady-state visual evoked potential (SSVEP) is generated when
the visual stimulus repeats within an interval that is shorter than
the duration of a TVEP; therefore, the responses induced by the
stimuli overlap with one another [15]. The VEPs corresponding
to rapidly repetitive stimuli are therefore categorized as SSVEP
[16]. In SSVEP, the brain is considered as being in a steady state
of excitability. In other words, SSVEP is a brain activity pat-
tern elicited by a neural response to a cyclically repeating visual
stimulus, such as regularly flashing lights or symbols. The in-
duced oscillatory pattern has the same fundamental frequency
as that of the stimulus. Several EEG studies have shown that
SSVEP amplitudes increase when the relevant stimuli are pre-
sented. For instance, when the retina is stimulated by a visual
stimulus at frequencies ranging from 3.5 to 75 Hz [17], the brain
generates an electrical response at the frequency of the visual
stimulus. The observed SSVEP band-power is the strongest in
the visual cortex area [18].
2) Attention Modulation of SSVEP: Previous research has

found that SSVEP can be modulated by the human's visual
covert attention state in the EEG field [15]. Basic attention
research, which generally relies on paradigms that disallow eye
movements, has shown that the SSVEP is modulated by visual
covert attention [19]. Recent research revealed that attention
modulation of SSVEP is highly correlated with visual covert
attention shifts [20]–[22]. These studies provide the theoretical
foundation for our approach. However, the experimental set-
tings in these studies were not close to real world scenarios.
Random dot kinematograms (RDKs) or checkerboard patterns
were used as subjects' major attention task and the attention
state was defined as whether a subject saw dots of a specific
color or detected intensity or motion changes. In addition,
low-frequency SSVEP flicker was adopted in most experiments
[20] and only few studies have addressed whether SSVEP
modulation with visual covert attention can be clearly observed
in high-frequency SSVEP. Furthermore, it needs to develop a
classifier that can judge users' visual covert attentional states
based on their single-trial SSVEP. Therefore, to apply the
findings of previous studies to practical applications, we need
to further verify the results of those studies in paradigms that
are closer to real-world situations.

II. SSVEP PROTOCOL TO ATTENTION MONITORING

A. Experimental Goals

We attempt to answer the following questions that are critical
for applying SSVEP to attention1 monitoring in applications:
1) Does repeating visual stimuli for triggering SSVEP

distract users' attention from the original task? We
imagine the application scenario of our attention monitor
to be a user performing a visual task, such as watching
a video, browsing the Internet, or attending a lecture in a
classroom equipped with a projector. In these scenarios,
the screen and projector could be used to generate the
SSVEP stimuli and display the information of the visual

1Unless specified otherwise, attention refers to visual covert attention here-
after.
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TABLE I
VISUAL STIMULI AND GIVEN INSTRUCTIONS IN DIFFERENT

EXPERIMENTS. STIMULI: WORKING MEMORY (MEM.), SSVEP
FLICKER (FLICK.), DISTRACTION (DIST.); INSTRUCTIONS: PRIMARY
TASK (PRI.), SECONDARY TASK (SEC.), GAZE POSITION (GAZE).

EMPTY CELLS MEAN NO STIMULI OR TASK

task. It is necessary to verify that the SSVEP does not
distract the user's attention from the visual task.

2) How does users' SSVEP vary according to their atten-
tional state? In particular, it is necessary to verify that
SSVEP is a reliable indicator for the visual covert atten-
tional state under more realistic conditions. In addition, to
investigate whether the SSVEP modulation is stable at rel-
atively high frequencies, we tested two flicker frequencies
of SSVEP, 13 Hz and 30 Hz, in this experiment.

A challenge of our experiment design is that a subject's at-
tentional state must be manipulated so that sufficient samples of
EEG data under states of attention and inattention can be col-
lected. Specifically, a subject should stare at a point while not
being aware of it. This type of inattention is critical for vali-
dating the effectiveness of our attention monitoring system. To
achieve our experimental goals, we designed three experiments
(Table I). Experiment 1 verified whether the SSVEP flicker and
the EEG recording distracted the users' attention. Experiments
2 and 3 verified the correlation of SSVEP to visual covert at-
tention states. In the following section, we explain the details of
the tasks and procedures used in these experiments.

B. Equipment

The equipment used in our experiments included a monitor
(ASUS VG278H, 27 in, 1920 1080 pixels, 120 Hz refresh
rate), an EEG device (NeuroScan system, 32 channels, 500 Hz,
Ag-AgCl electrodes), and an eye-tracker (SMI RED 500,
250 Hz). To generate high-frequency SSVEP visual stimuli, we
used an Nvidia GTX 560 graphics card. The visual stimuli were
programmed using Presentation provided by Neurobehavioral
Systems, Inc. The EEG and eye tracker measurements were
synchronized, so that a subject's EEG and eye movements were
simultaneously recorded. The distance between a subject and
the monitor was 50–60 cm.

C. Participants

Thirteen healthy, right-handed volunteers (six females and
seven males) participated in the experiments. Their ages ranged
from 18 to 25 years, with an average age of 22.6 years. All
participants had normal or corrected-to-normal vision. None of
them were taking medication or had any history of gastroin-
testinal, cardiovascular or vestibular disorders, drug or alcohol
abuse, or brain disease. After completing the experiment (about
2.5 h), the participants were rewarded a small gratuity for par-
ticipating in the experiments.

Fig. 1. Visual stimuli used in our experiments. denotes the beginning of the
th trial. Blank screen shows a white square in the center of a black screen.

Fig. 2. Illustration of our working memory task, where the timing of the stimuli
in a 4-s interval for showing a memory image is shown in Fig. 3.

Fig. 3. Timings of the stimuli of the th trial (the period of showing a memory
image) in experiments 2 and 3. Target and non-target letters appeared in a
random order and intermittently. The timing of a complete batch is shown in
Fig. 2. Timings in experiment 1 were the same as those in experiments 2 and 3
except some stimuli were not used.

D. Tasks
Three kinds of visual stimuli were used in our experiments:

the working memory task (Mem.), the distraction task (Dist.),
and flickering visual stimuli (Flick.). The working memory task
and the distraction task were designed to manipulate subjects'
attention states; the flickering visual stimuli were used to induce
subjects' SSVEPs. The subjects were asked to perform various
tasks, depending on the experimental settings (Table I). Fig. 1
illustrates the various visual stimuli used in our experiments.
Fig. 2 illustrates the procedure used in Experiments 2 and 3,
where the timing of the stimuli in a 4-s interval for showing a
memory image is shown in Fig. 3.
1) Working Memory Task: To control the level of difficulty,

the n-back task, commonly used in working memory studies,
was modified and adopted as our working memory task [23]. In
the working memory task, a series of images were displayed one
by one in the center of a computer screen. The subjects had to
memorize the images in the correct order. After three consecu-
tive images were shown (denoted as memory images), an addi-
tional three images (denoted as question images) were displayed
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consecutively and the subjects were required to identify whether
each image had appeared previously. A successful recall was
defined as both the order and the content of a question image
matching those of the corresponding memory image (Fig. 2). In
this design, our memory task was similar to a 3-back task, but
subjects did not need to memorize question images (while an-
swering questions). This allowed the subjects a chance to reset
after each batch and thus reduced the influences of memory ca-
pability differences among subjects. In a conventional n-back
task, if subjects fail to recall an image, then the subjects might
also sometimes fail at the rest of the recall tests, because the
question images, which are also memory images for later recall
tests in the n-back task, are shown continuously.
The subjects' responses in the working memory task were

used as the ground truth to verify if a subject is covertly visually
attentive. We collected the subjects' response data for training
the classifiers. We kept the task as simple as possible so that the
subject was not placed under too much mental strain, but main-
tained the necessary level of difficulty to ensure that a subject
had to pay attention to complete the task. The images used in the
memory task were objects that are commonly found in daily life,
to ensure that all subjects could recognize them easily. Twenty
objects were included, such as toys, cups, and kettles (Fig. 2).
We also set the three images in the same batch as the same type
of object but with some differences (Fig. 2). This reduced the
possibility that participants might simply memorize the objects’
name without paying any attention to the memory task.
All of the memory and question images in the experiments

were taken from [24], for their familiarity and complexity. The
size of all images was 200 200 pixels (or 2.4 –2.6 in visual
angle), which allowed the subjects to recognize the content of
the images and fix their gazes easily. Each memory image was
shown in the center of the screen, with a black background, for
1 s, which is the duration usually used in the n-back task [23].
After showing three memory images (a batch), the screen dis-
played a message to prompt subjects to prepare to answer the
question image (Fig. 2). Each question image lasted for 2 s, with
a blank screen interval of 2 s between question images. A subject
could respond during the 2-s interval. The subject had to state
whether the question image had appeared before by pressing the
right control key for “yes” or the left control key for “no”.
2) Distraction Task: We designed a distraction task to ma-

nipulate subjects' covert attention. In the distraction task, sub-
jects had to wait for the appearance of a specific letter, which
was given before each experiment. We called this specific letter
the target letter. We asked the subject that once they saw the
target letter, they had to press the right control key as soon as
possible. The target letter might appear multiple times each time
a memory image was shown (Figs. 1 and 3). They continued to
perform the original tasks after pressing the control key. Eight
upper-case English letters were randomly chosen as the source
of distraction. The task lasted for 4 s (Fig. 3). Each letter ap-
peared on the screen for 250 ms; therefore, only one letter was
shown on the screen at one time (because of persistence of vi-
sion, subjects may have felt that multiple letters were flashing
on the screen). The letters appeared randomly around the edges
of a circle centered in the center of the screen and with a cir-
cumference of 450 pixels (5.4 to 5.9 ). The circumference was

obtained from a pilot study in which we presented a sequence
of English letters at various distances from the center of each
picture. The ideal distance was determined when the subjects
could recognize the letters while fixing their gaze on the center
of the screen. This ensured that all the letters were shown within
the subjects' visual field.
3) SSVEPFlicker: To elicit the SSVEP of subjects, theywere

shown a flashing pattern, flickering at a stable frequency. We
selected two frequencies, 13 Hz and 30 Hz, to investigate the
effects of low- and high-frequency flickering patterns on sub-
jects' SSVEPs and user comfort. The flashing pattern appeared
on the screen during the working memory task. In the 3-s pe-
riod , the SSVEP flicker was generated in two
ways: at the first second , a memory image and
a black square of the same size alternatively appeared at the
center of the screen in an equal interval, i.e., each alternatively
appeared for 38.5 ms or 16.7 ms

. Namely, a black square of the same
size masked the memory image every 77 ms (13 Hz) or 33.4 ms
(30 Hz), respectively; at the remaining 2 s , a white
square appeared at the center of the screen and lasted for 38.5
ms every 77 ms ( 13 Hz) or lasted for 16.7 ms every 33.3 ms
( 30 Hz). In this way, SSVEP flicker of 13 Hz or 30 Hz were
generated stably. Each memory image appeared on the screen
for 1 s. The SSVEP flicker appeared at the same time but lasted
for 3 s. Before the next image appeared, a blank screen (a white
square on a black screen) was shown for 1 s (Fig. 1).

E. Procedure

We designed three experiments to verify whether the covert
attentional state can be determined by the SSVEP power. Table I
summarizes the settings in these experiments. The subjects were
given instructions about the priority of tasks and where they
should focus their gaze. If multiple tasks were given, the sub-
jects had to complete the primary task first, and only performed
the secondary task when they were capable of handling both
tasks simultaneously. Both experiments consisted of two ses-
sions, 1-1 and 1-2 for Experiment 1, and 2-1 and 2-2 for Ex-
periment 2. The procedures for Experiments 1-1 and 1-2 were
the same except that the SSVEP flicker only appeared in Exper-
iment 1-2. Fig. 2 illustrates the procedure used in Experiments
2 and 3, where the timing of the stimuli in the 4-s interval for
showing a question image is shown in Fig. 3. An eye-tracker
was used in all experiments to observe subjects' gaze fixations,
for comparison. The details and purposes of each experiment
design are described as follows:
In Experiment 1-1, only the working memory task was

shown on the screen. The subjects were required to perform
the memory task and were instructed to gaze at the center of
screen whenever possible. No secondary task was given in
this experiment. The experiment was mainly used to examine
how the SSVEP flicker affected a subject's performance by
comparing the same subject's performance with Experiment
1-2.
In Experiment 1-2, all settings and instructions were the

same as Experiment 1-1, except that SSVEP flicker was added
when the subjects performed the memory task.
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In Experiments 2-1, 2-2, and 3, the visual stimuli were the
same: visual stimuli for the working memory task, distraction
task, and SSVEP flicker were all used. The instructions given to
the subjects were different, as listed in Table I. The subjects were
asked to complete the primary task at the first priority while the
secondary task was performed only when they were available.
Specifically, they were informed that if they felt they cannot
perform both primary and secondary tasks simultaneously, they
should just focus on the primary task. If they were capable of
performing both tasks at the same time, they were encouraged to
do so. Moreover, the subjects were required to keep their gazes
at the center position in Experiments 2-1 and 2-2. We expected
to observemore attention behaviors in Experiment 2-1 andmore
inattention behaviors in Experiment 2-2. Our attention classifier
was trained and tested on data collected during Experiments 2-1
and 2-2.
In Experiment 3, we hoped to observe subjects' attention and

inattention behaviors when their gaze was allowed to move
freely. Moreover, all EEG data recorded in Experiment 3 were
used as an additional testing set, but was not used for training
the attention classifier. This further verified the generalization
capability of our classifiers.
Before conducting each experiment, participants were re-

quired to perform several practice trials to ensure that they
understood the tasks. In all experiments except Experiment
3, the subjects were asked to fixate their eyes at the center of
screen. The subjects took approximately 4.5 min to finish an
experiment, and a break of at least 2 min was provided between
two consecutive experiments. In total, each experiment con-
tained 30 memory images (3 memory images 10 batches).
We used two SSVEP frequencies: 13 Hz and 30 Hz. Each sub-
ject performed Experiments 1 and 3 once for each frequency.
To roughly balance the number of attention and inattention
trials, the subjects performed Experiments 2-1 and 2-2 twice
for each SSVEP frequency. Thus, all subjects participated in 14
experiments in total (13 Hz: [Exp. 1-1, 1-2, 3] [Exp. 2-1, 2-2]
2; 30 Hz: [Exp. 1-1, 1-2, 3] [Exp. 2-1, 2-2] 2). To ensure

that every subject was comfortable and maintained a favorable
cognitive status, a break of at least 5 min was provided when a
subject had finished 5 experiments.

III. ANALYSIS METHODS

A. Behavioral Data

Based on the subjects' responses in the working memory task
and distraction task, we identified their cognitive state as at-
tentive or inattentive. If a subject correctly recalled a memory
image but failed to detect a target letter, then the corresponding
EEG trial was labeled as attention. If a subject succeeded in de-
tecting a target letter in the distraction task and failed to recall
the memory task, the corresponding EEG trial was labeled as
inattention. Finally, if a subject succeeded in or failed to both
tasks, the corresponding EEG trial was labeled as unknown.

B. EEG Data Acquisition and Preprocessing

The EEG activity was recorded using 32 electrode positions
in a standard 10–20 montage and at a 500 Hz sampling rate.

An electrooculogram (EOG) was also recorded below a sub-
ject's eyes. The recorded EEG and EOG data were imported
into Matlab using the EEGLAB2 toolbox. The data were dig-
itally band-pass filtered (0.5–50 Hz) to remove interference sig-
nals from direct current and muscle activity. After filtering, data
were epoched for a 3-s period after the onset of
each trial.
At the beginning of each experiment, each subject's EEG

signal was recorded for 5 s during a rest state, when the sub-
ject did not perform any tasks. The EEG signal recorded in this
period was defined as the baseline for each channel. The base-
line value was subtracted from EEG signals recorded during the
tasks. Furthermore, we used the built-in functions, “Rejecting
artifacts in epoched data”, in EEGLAB to detect poor channels
and remove artifacts as follows: 1) If the signal in each epoch (at
channels O1 and O2) exceeded 95 , the epoch was rejected;
2) The recorded EOG data were used to observe the behavior of
each subject, which helped us discard epochs containing noise
from abnormal eye movements. The epochs remaining after this
rejection process were retained for further analysis.
Based on each subject's behavioral data in the memory and

distraction tasks, we classified the remaining epochs into three
types: attention, inattention and unknown. The average number
of epochs was 75 9 per subject for 30 Hz stimuli and 78 8
per subject for 13 Hz stimuli in Experiments 2-1 and 2-2, respec-
tively. The average number of remaining epochs for 13 Hz and
30Hz in Experiment 3was approximately 23 3 and 23 5, re-
spectively. Power spectral density (PSD) with a frequency range
from 1 to 50 Hz was obtained by applying time-frequency FFT-
based transformations to individual epochs. The SSVEP power
was obtained by calculating the area under a PSD curve bounded
by effective frequencies, which were 8–15 Hz for 13 Hz SSVEP
flicker and 27 Hz to 33 Hz for 30 Hz SSVEP flicker. The SSVEP
power was calculated for each epoch and each subject.

IV. ATTENTION CLASSIFIER DESIGN

We designed an attention classifier to detect users' covert at-
tentional state based on their SSVEPs. To handle SSVEP differ-
ences in individual subjects and differences in flicker frequency,
our classifier was user- and flicker-dependent. Our method ap-
plied classification algorithms to the preprocessed EEG data to
determine the relationship between SSVEP data and attention,
as well as to provide a better understanding of the SSVEP in
the context of system design. To develop a real-time attention
monitoring system, a classifier should be able to determine sub-
jects' attention state in single trial EEG. We tested three clas-
sifiers that are widely used in EEG classification [25]: 1) the
k-nearest-neighbor classifier (KNN), 2) the Bayesian network,
and 3) the logistic regression classifier.
KNN is a simple classification method. Although it is sen-

sitive to the curse-of-dimensionality, previous work indicated
that KNN is efficient with low-dimensional feature vectors
[25]. Based on these characteristics, we tested the performance
of the KNN classifier in this work; Bayesian classifier com-
bines directed acyclic graphs with Bayesian probability. Rezaei
et al. [26] mentioned that the Bayesian network has better

2Available online: http://sccn.ucsd.edu/eeglab/.
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accuracy and more consistent classification on their EEG data
sets than neural network, Fisher linear classifier, and hidden
Markov model; The logistic regression classifier is one of the
most widely used classification methods. It can be easily im-
plemented and has good performance on a variety of problems.
Tomioka et al. [27] also provided a framework to improve the
single trial EEG classification of logistic regression. Hence, we
also tested performance of the logistic regression classifier.
We collected training and testing data from the EEG data in

Channels O1 and O2 in Experiments 2-1 and 2-2, because these
channels were most related to the SSVEP (visual area) of the
brain. To avoid bias in the performance evaluation, each sub-
ject's EEG data from Experiments 2-1 and 2-2 were divided into
a training set and a testing set. All EEG data from Experiment
3 were used as an independent testing set. All EEG data were
preprocessed and the area power of the PSD of the SSVEP was
calculated using the same procedures described in the previous
section. Each subject in Experiment 2 had an average 42 atten-
tion epochs and 30 inattention epochs, where an epoch is the
valid EEG data in a period extracted from the raw data of an
EEG trial.
The training and testing epochs were selected randomly. We

avoided selecting a training epoch and a testing epoch from con-
secutive EEG trials, to prevent the over-fitting problem and in-
crease the generalizability of the trained classifier. The data set
was divided into 10 subsets. Each time, one of the 10 subsets
was used as the test set and the other nine subsets were put to-
gether to form a training set. Then the average error across all 10
times was computed. That is, division of data into a training set
(90% data) and a test set (10% data) was performed ten times.
At each time, training and testing processes were executed. The
evaluation of the classification performance was more reliable
as the classification rate was obtained from the average of ten
times of training and test. Note that the data in Experiment 3
were never used in the 10-fold cross validation and thus were
an independent test set, which was used to validate the general-
ization capability of classifiers.

V. RESULTS

A. Feasibility Analysis
1) Influence of SSVEP Stimuli on Subject's Performance: To

verify if the flicker stimuli for inducing the SSVEP distracted
subjects' attention significantly, we compared their performance
on the working memory task with and without SSVEP visual
stimuli. By analyzing the subject's behavioral data in Experi-
ments 1-1 and 1-2, we found that the subjects' performances did
not drop much when the SSVEP visual stimuli were applied.
The average number of successful trials among 30 memory im-
ages across subjects was 29.1 0.95 per subject in experi-
ment 1, and 28.9 0.95 (13 Hz) and 28.9 0.73 (30 Hz) per
subject in experiment 2. The correct rates were 96.9%, 96.2%,
and 96.4% accordingly. Specifically, the RM-ANOVA indicated
that no statistically significant difference in the subjects' cor-
rect-answer rates in the two experiments existed (

, ) among the three groups of no-flicker, 13 Hz
flicker, and 30 Hz flicker). In addition, we interviewed subjects

about their experiences of the SSVEP visual stimuli after the ex-
periments. Neither the 13 Hz nor the 30 Hz flicker caused dis-
comfort. However, all subjects reported that the 30 Hz flicker
appeared to be smoother than the 13 Hz flicker.
2) Feasibility of SSVEP-Based Attention Detection: We ver-

ified the feasibility of SSVEP-based attention detection by an-
alyzing the correlation between the SSVEP power and the at-
tention state of the subjects. Fig. 4 shows the average SSVEP
power of the attention and inattention trials from Channel O1
in Experiments 2-1 and 2-2. It can be seen that most subjects'
SSVEP power decreased when inattention occurred. Fig. 4 was
compared on a subject-by-subject basis because there were in-
dividual differences among subjects' SSVEP baseline power as
observed in our experiments. We used a -test analysis to verify
if a statistically significant difference existed between the mean
power of the attention and inattention groups. We calculated the
-value between the attention and inattention groups of the same
subject. Of all the subjects, only two subjects, s5 ( ,

) and s10 ( , ) in 13 Hz, and three
subjects, s4 ( , ), s8 ( , ),
and s13 ( , ) in 30 Hz, did not have statisti-
cally significant differences in the -test analysis.
In Experiment 3, we asked the subjects to focus on the distrac-

tion task while their gazes moved freely. We were able to col-
lect EEG trials with more diversified gaze behaviors. We com-
pared the performance of the SSVEP-based approach with eye
tracking on attention monitoring. In the comparison, we calcu-
lated the average SSVEP power of the attention and inattention
trials. We categorized the inattention EEG trials into fixation
trials and non-fixation trials. A fixation trial was defined as one
in which the subject's time-averaged fixation in the trial was in-
side a circle with a radius of 150 pixels from the center of the
screen, and a non-fixation trial was defined as a trial in which
the time-averaged fixation was outside the circle.
Fig. 5(d) shows the average normalized SSVEP power of

three cases: 1) attention, 2) inattention and fixation, and 3) inat-
tention and non-fixation. In experiment 2, the average number
of trials per subject in case 1, case 2, and case 3 was 38.9
3.9, 37.8 4.8, and 1.8 1.0, respectively for 13 Hz flicker,
and 36.8 4.1, 35.8 4.5, and 1.8 1.3 for 30 Hz flicker. In
experiment 3, the average number of trials per subject in case
1, case 2, and case 3 was 4.9 1.3, 8.8 2.1, and 10.3 1.5,
respectively for 13 Hz flicker, and 7.5 2.0, 8.4 1.6, and 7.5
1.3 for 30 Hz flicker. The average normalized SSVEP power

was calculated as follows. For each subject, we calculated the
standard deviation of the SSVEP power of the trials in all three
cases. The SSVEP power of each trial was then normalized by
dividing the calculated standard deviation. We calculated the
average of the normalized SSVEP power across subjects and
trials for each case. Fig. 5(d) shows that the average normal-
ized SSVEP power of Case 1 was much larger than the other
two cases, indicating that our approach could correctly identify
attention trials. Case 2 show that the subjects were in an inat-
tentive state, but eye tracking showed that their eye gazes re-
mained on the center image, indicating that the subjects would
be incorrectly classified as attentive if only the eye tracker were
used. Case 3 was an inattentive state when the subjects did not
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Fig. 4. These two plots verify that average SSVEP power attenuates as inat-
tention occurs. Top: Average SSVEP power with 13 Hz flash stimuli. Bottom:
Average SSVEP power with 30 Hz flash stimuli.

fix their gaze in the center. Both the eye-tracking and SSVEP
approaches would recognize this case.

B. Attention Monitoring Results

Table II shows the performance of various classifiers for Ex-
periment 2 (left) and Experiment 3 (right). All classification
rates in Table II were related to the testing phase. The classi-
fication rates in Experiment 2 were the average of 10 times of
testing obtained in the 10-fold cross validation. We tested the
classifiers trained using Experiment 2 data (10-fold cross val-
idation) on Experiment 3 data, which were never used in the
training phase. The classification rates in Experiment 3 vali-
dated the generalization capability of the classifiers.
In Experiment 2, for 30 Hz, we achieved the highest classi-

fication rate of 97% for subject s7 with the logistic regression
classifier, and for 13 Hz, 94% for subject s13 with the Bayesian
network achieved the highest classification rate. The average
classification rates across subjects for the three types of classi-
fiers were all greater than 77%.

Fig. 5. (a)–(c) Fixation examples of case 1, 2, and 3; (d) The average normal-
ized SSVEP power for attention trails (case 1), inattention and fixation trials
(case 2), and inattention and non-fixation trials (case 3). Case 2 are those trials
in which subjects were inattention but their eyes had fixations on the memory
images. This implies that our SSVEP-based approach can successfully detect
subjects who were inattention while an eye tracker cannot in this case.

In Experiment 3, the average classification rates across sub-
jects for the three types of classifiers were from 72% to 80%
for 13 Hz flickers and from 76% to 82% for 30 Hz flickers. The
Bayesian network and the logistic regression had higher clas-
sification rates (approximately 80%) than kNN classifier. Ex-
cept for the kNN classifier in the 13 Hz flicker group, the av-
erage classification rates across subjects between 13 Hz and 30
Hz were close. This indicated that high-frequency SSVEP (30
Hz) can be used to monitor visual attention state. Besides, the
average classification rate of different classifiers did not vary
much. This suggests that SSVEP is a reliable feature such that
the choice of classifier is not a major issue.
Table III lists the sensitivity and specificity of the logistic re-

gression method. The sensitivity and specificity are the true pos-
itive and true negative rates, respectively, where we define at-
tention as positive and inattention as negative. In Experiment
2, the average sensitivities (specificities) for 13 Hz were 84%
(67%) and for 30 Hz were 84% (73%), respectively. In Exper-
iment 3, the average sensitivities (specificities) for 13 Hz were
79% (81%), and for 30 Hz were 80% (79%), respectively.
Comparison with Eye-Tracking. We also analyzed the clas-

sification rates solely based on eye-tracking data in Experiments
2 and 3. In Table II, the “Eye tracker” classified a subject's state
as attention if the subject's time-averaged fixation in an EEG
trial was inside a circle with a radius of 150 pixels from the
center of the screen (center of a memory image) and inattention
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TABLE II
CLASSIFICATION RESULTS RUN THROUGH ALL CLASSIFIERS, INCLUDING BAYESIAN NETWORK (BAY), KNNC AS (NNC),
AND LOGISTIC REGRESSION (LOG). EYE TRACKER (EYE) IS THE CLASSIFICATION RATE SOLELY BASED ON EYE TRACKING DATA

TABLE III
AVERAGE SENSITIVITY AND SPECIFICITY OBTAINED USING LOGISTIC REGRESSION

otherwise. Thus, two conditions were considered as correct clas-
sification: attention trials with fixation at the center, and inatten-
tion trials with fixation not at the center. In Experiment 2, the
subjects were required to fix their gazes on the center of screen.
As shown in Table II (left), the average classification rate of
the eye tracker was approximately 52%. However, the partici-
pants were able to freely move their eye gaze in Experiment 3,
and it can be seen that the average classification rate of the eye
tracker increased to 64%. In addition, we observed that the av-
erage classification rate of SSVEP increased by approximately
27.5% compared with the eye tracker in Experiment 2, and by
approximately 14% in Experiment 3.

VI. DISCUSSION

To respond to the first issue in the experimental goals, we
designed a working memory task as a visual task and com-
pared the subjects' behavioral performance with and without
SSVEP stimuli. The results of Experiments 1-1 and 1-2 veri-
fied that SSVEP flicker did not distract the subjects' attention. It
may be of concern that the flicker stimuli required for inducing
an SSVEP response may cause discomfort. The discomfort is
greatly reduced when the flicker frequency is high [28], [29].
In fact, subjects participating in our experiments reported that
the discomfort was minor when the flicker frequency was 30
Hz [29]. Moreover, as rapid progress is made in SSVEP re-
search, an increasing number of studies are becoming avail-
able on adjusting the flickering stimuli to reduce users' dis-
comfort levels. For example, high-frequency SSVEP was re-
ported in [30], which made the flickering almost unnoticeable.
Lee et al. also found that by increasing the duty-cycle of the
flickering pattern, the user discomfort could be reduced [31].
Note that SSVEP flicker could be integrated into interface de-
sign as it is very flexible. In high-frequency SSVEP, the flick-
ering is barely detectable and resembles a watermark or icon.

Chien et al. [28] recently proposed a new approach for gen-
erating high-frequency and comfortable SSVEP stimuli. They
expected to integrate their approach with LCD. Regarding the
second issue in the experimental goals, our results suggest that
the modulation of SSVEP power and covert attentional states
could be classified at high frequency SSVEP flicker (30 Hz),
which enables comfortable viewing [28].
SSVEP has been widely studied and applied in the field of

BCI [32], which has emerged as an innovative intermedia to as-
sist human computer interaction in recent years. BCI extracts
human brain signals and converts them into control commands
for computer systems. Several recent studies [33]–[35] have ap-
plied BCI technology to not only directly control computers, but
also detect a user's mental state. Zander et al. [32] categorized
BCI into three types: active BCI, reactive BCI, and passive BCI.
Active and reactive BCIs allow a user to voluntarily control an
application. In contrast, a passive BCI only records human cog-
nitive state activity without the purpose of voluntary control.
Using these three types of BCIs, BCI technology can provide
appropriate assistance to a user when necessary [8], [32], [35].
SSVEP was categorized as reactive BCI [32]. It is popularly

used in BCI applications as a tool to decode users commands ac-
cording to their neural responses to stimuli [15]. SSVEP-based
BCIs have drawn great interest in real-time control [36] for their
superior temporal accuracy, high information transfer rates, and
easy trainability [29]. Middendorf et al. [37] used VEPs to dis-
tinguish gaze direction. They demonstrated that EEG can pro-
vide accurate information about concurrent control outputs and
proved the feasibility of using EEG in assessing gaze direction.
In this study, we utilize SSVEP in a substantially different way.
Instead of controlling a system through the users' SSVEP, we
measured the users' SSVEP to continuously monitor their vi-
sual cover attention state.
In this study, the attention state was defined as a subject seeing

the content of a picture in a simplified n-back working memory
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task (the mental load was reduced to avoid memory capability
interfering with visual attention). That is, our working memory
task tested if a subject's brain detects and memorizes visual in-
formation. This is a stronger confirmation of the subject's visual
attention state. We believe that this visual covert attention state
is probably closer to the real-world scenarios and better meets
the needs of applications.
We also used the eye tracker and EEG device to help us in-

vestigate the relationship between subjects' gaze fixation and vi-
sual attention state. The classification rate of the eye tracker was
lower in Experiment 2 than in Experiment 3, because the sub-
jects were required to fix their gaze on the center of screen. How-
ever, we observed that the performance of the eye tracker in-
creased by approximately 13% when the subjects were allowed
to gaze freely, in Experiment 3. Although the result was received
under our experimental scenario, our results demonstrated that
users' gaze behavior was not necessarily equivalent to their cur-
rent visual attentional state.
A limitation of this study is that the rejection rate is high

(about 35%–38% in experiment 2 and 23% in experiment 3).
This is because wemanipulated the subjects' attention to acquire
more reliable covert inattention trails in experiment 2 and the
subjects may feel unnatural to keep their gazes at the center.
The condition in experiment 3 is closer to the real scenario, in
which the subjects' gazes can move freely. The rejection rate is
much lower. This suggests that our approach is promising, but
further improvement on lowering the rejection rate is needed.
Besides, the SSVEP stimuli were generated using a timer-based
approach and their frequency might not be precise. The frame-
based approach proposed by Wang et al., which can accurately
control the frequency of SSVEP stimuli, could be employed to
realize SSVEP stimuli in the future.

VII. CONCLUSION

In this work, we present a new approach to monitor human's
visual covert attention. In particular, we exploit the neuro-
science finding that attention modulates the SSVEP power to
detect the user's attentional state. Our results demonstrated that
SSVEP power is a reliable feature for attention monitoring and
the average classification rate is about 72%–82%.
Compared with previous SSVEP research, the contributions

of this study are: 1) achieving plausible classification of atten-
tion state based on single-trial EEG data, 2) determining that
the O1 and O2 channels are effective features for SSVEP-based
visual attention detection, and 3) verifying that covert attention
could be detected in high-frequency SSVEP. These findings are
critical for applying SSVEP-based visual covert attention de-
tection to practical applications because they indicate that im-
plementing our approach on portable EEG devices with very
few channels is feasible. We believe that our approach could
also benefit the eye-tracking system by determining if users con-
sciously pay attention to their fixation points. In addition to de-
termining covert attention at fixations, it may be valuable to
combine eye-tracking and SSVEP to investigate peripheral vi-
sion and construct computational models of covert attention.
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