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Abstract—Electrooculography (EOG) signals can be used to control human–computer interface (HCI) systems, if properly classified. The ability to measure and process these signals may help
HCI users to overcome many of the physical limitations and inconveniences in daily life. However, there are currently no effective
multidirectional classification methods for monitoring eye movements. Here, we describe a classification method used in a wireless EOG-based HCI device for detecting eye movements in eight
directions. This device includes wireless EOG signal acquisition
components, wet electrodes and an EOG signal classification algorithm. The EOG classification algorithm is based on extracting
features from the electrical signals corresponding to eight directions of eye movement (up, down, left, right, up-left, down-left,
up-right, and down-right) and blinking. The recognition and processing of these eight different features were achieved in real-life
conditions, demonstrating that this device can reliably measure the
features of EOG signals. This system and its classification procedure provide an effective method for identifying eye movements.
Additionally, it may be applied to study eye functions in real-life
conditions in the near future.
Index Terms—Biosignal processing, classification methods,
electrooculography (EOG), eye movement detection, human–
computer interface (HCI).
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I. INTRODUCTION
OMMUNICATION with the outside world is essential for
the well-being of individuals with severe nervous system
injuries or disorders. To achieve this communication, it is often
necessary to process electrical signals that are obtained from
the intact segments of the nervous system via human–computer
interface (HCI) systems. For instance, amyotrophic lateral sclerosis (ALS) [1], [2] deprives patients of their ability to speak
and to move their extremities. However, their eye movement
functions remain relatively intact. Eye movements can be used
as signals, transferring information from users to HCI systems.
For example, in a feedback system, users can select a response
by fixing their gaze on it for a certain amount of time without
the need for a manual mouse or keyboard entry. This eye movement recognition ability reduces the time required to generate
a message or command and facilitates a more natural interaction for the user. Another example of the importance of eye
motion appears when humans communicate face to face. While
talking to each other, eye movements play an important role
in regulating the conversation. Therefore, integrating the analysis of eye movements into an HCI improves the ease of use
and the quality of communication for users [3]. There are already many HCI systems [4], [5] that utilize eye movements,
including systems of infrared oculography (IROG) [6], [7], dual
Purkinje image (DPI) [8], and search coils (SCs) [9], [10]. These
HCI systems are very useful for patients with severe disabilities. Unfortunately, most of the existing systems for processing eye movement signals are limited by their bulky designs,
which restrict the patient’s movement and are often too heavy to
transport.
The electrooculography (EOG)-based [11]–[13] HCI system
is one of the most useful systems for providing information
about human eye activity by detecting changes in eye position.
EOG signals are particularly useful for HCI systems because
they are easier to detect: they have relatively large potential differences (amplitudes range between 15 and 200 μV), and their
relationship to eye movements is linear (i.e., an angle of –30◦ to
+30◦ ). Considering these characteristics of EOG signals, it is
not surprising that EOG-based HCI systems have become more
popular in recent years [14]–[16]. An EOG-based system can
be used to control a television [17], a wheelchair [18], or a keyboard [19]. Such a system provides both convenience and communication for disabled users, particularly when there is some
physical restriction that prevents them from using other HCI
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systems. Several methods have been proposed to decode
the EOG signals resulting from eye movements [20]–[22].
Aungsakun et al. [23] used threshold analysis and time-domain
features (i.e., the mean value, peak duration and peak potential
value) to classify eye movements. These EOG features measure
the potentials of the eye signals and decode them using an algorithm that distinguishes the different types of eye movement. In
addition, spectral analysis has been a useful tool for categorizing
eye movement features [24], [25]. Both time- and frequencydomain features are typically used to classify eye movements in
analysis techniques such as the neural network [26] and support
vector machine (SVM) [27] methods.
However, computation times and implementation complexity
limit the use of algorithms that are based on pattern recognition,
particularly in microcontroller devices. In a study by Deng and
coworkers [28], a fuzzy distinction rule was used to classify
EOG features. Using the fuzzy distinction rules, they had significant results classifying eye movements for applications in
gaming control and eye tests. However, in the fuzzy distinction
method, it is difficult to decide the bases for the fuzzy rules.
This method also has wire limitations. Unfortunately, due to the
complexity of its system architecture and its physical inconvenience, the fuzzy distinction rule is not applicable to real-life
scenarios.
In this study, we describe a wireless EOG-based HCI device
for detecting eye movements in eight directions. This system
consists of wet electrodes, a wireless acquisition device, and
a simple algorithm to classify the EOG signals. The wet electrodes provide sufficient electrical conductivity to acquire EOG
signals. In comparison to other EOG-based HCI systems, our
system classifies eye movements with high accuracy. In addition, the simple system design and the short computation time
required for signal processing facilitates the implementation of
this EOG-based interface. The specifications of this proposed
system can be used to control a wheelchair, to direct a robotic
arm in carrying heavy weights, or to surf the internet without
a mouse or keyboard. Furthermore, wireless transmission is a
more convenient method of transmitting EOG data. Therefore,
our system incorporates wireless technology to make the system
more mobile, enabling the use of EOG technology in daily life.

II. MATERIALS AND METHODS
The fundamental components of the proposed device are
shown in Fig. 1(a)–(d). These components include wet electrodes, a wireless EOG acquisition device, and locations for
electrode placement. The EOG signals are measured by wet
electrodes, shown in Fig. 1(a), which are connected to the EOG
acquisition device by wires. Then, the EOG signals are processed by a preamplifier, analog-to-digital converter (ADC),
and microcontroller unit, shown in Fig. 1(b). After their processing, the EOG signals are transmitted to a computer via
Bluetooth technology. The signal measurement and processing
methods are based on the placement of the electrodes, as shown
in Fig. 1(c) and (d).

Fig. 1. Proposed EOG acquisition devices are (a) conventional wet electrodes.
(b) Wireless EOG acquisition system contains a preamplifier, a filter, a microcontroller, and a wireless module. Each circuit board has a width of 32 mm.
(c) Placement of each electrode followed the diagram in (d).

A. EOG Acquisition Device
The amplitudes of the EOG signals range from 15 to
200 μV, and their essential frequencies range from 0 to 30 Hz.
Because EOG signals are often measured through electrodes
placed around the eyes, they suffer from high noise levels
that are indirectly related to eye activation. The signal artifacts in the recorded EOG are similar to those observed for
electromyography (EMG) [29], [30] and electroencephalography (EEG) [31], [32] and are unessential to the experiment. The
EOG acquisition device was designed to measure four channels of EOG signals, using the wet electrodes, and consists
of three major units: 1) a wireless unit, 2) a preamplifier and
filter unit, and 3) a microcontroller unit. The proposed wireless EOG signal acquisition device was approximately 45 ×
32 × 8 mm3 in size. A Bluetooth module was used to transmit
the EOG signals wirelessly. The Bluetooth module BM0203
provided a sufficient transfer band rate (115 200 b/s) and was
compliant with the computer’s Bluetooth v2.0 with enhanced
data rate (EDR) specification. Power was supplied by a lithium
battery with an output voltage of 3 V. A commercial 750 mA·h
Li-ion battery was also used to supply power to the EOG acquisition circuit, which could be continuously operated for over 12 h.
The EOG signals measured by the wet electrodes were first amplified by the preamplifier unit. The preamplifier amplifies the
voltage difference between the reference signals and those of the
EOG electrodes while simultaneously rejecting common-mode
noise (i.e., the power line noise). An instrumentation amplifier
(INA2126, Texas Instruments, Dallas, TX, USA) was used for
its extremely high input impedance and high common-mode
rejection ratio (CMRR) (∼90 dB) [33]. Instrumentation amplifiers have the ability to improve the CMRR and amplify the EOG
signals to a degree that minute voltage levels can be detected.
The gain of the preamplifier unit was set to 5.5 V/V. The cutoff
frequency was regulated at 0.1 Hz using a high-pass filter. The
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Fig. 2. Fundamental concepts for the wireless, multidirectional, EOG-based
HCI system design. EOG signals are recorded by the EOG acquisition device.
The signals are processed by the classification algorithm, and the results are
displayed on a screen for the user.

transfer function of this preamplifier circuit was as follows:
Gain = A0 +

Rinner
RG + C

(1)

Gain = A0 +

(sRinner /RG )
.
s + (1/RG C)

(2)

By using the superposition theorem reported in previous studies [34], [35], the transfer function of this preamplifier circuit
can be described by (1). The values for the transfer function in
(2) were the following: Rinner = 80 kΩ, RG = 160 kΩ, the
default value of A0 = 5 V/V, and the equivalent impedance =
10 μF. Equation (2) can be organized for a high-pass filter by
having the resistance (RG ) and capacitance in series, with a cutoff frequency of 0.1 Hz. Therefore, the gain of the preamplifier
unit was 5.5 V/V [i.e., 5 + (80 × 103 /160 × 103 )]. In addition,
the gain of the filter stage was set to 1001 V/V. Therefore, the
total gain for the EOG signal acquisition device was 5505.5 V/V
(5.5 × 1001 V/V). A microcontroller unit (MSP430F1611,
Texas Instruments) was used to address the signal sampling rate,
signal magnification, and noise reduction. The microcontroller
program controlling the preamplifier and filter stage reduced
the 60 Hz noise in the EOG signals using a moving average.
In addition, a 12-bit resolution ADC was used to digitalize the
EOG signals. The microcontroller unit was also used to digitize
the EOG signals, with a sampling rate of 256 Hz. The sync filter
removed signals with frequencies higher than 62.5 Hz. After removing the noise and amplifying the EOG signals, the data were
transmitted to the computer interface via a wireless module.
B. Human–Computer Interface
Fig. 2 shows how the HCI communicates between the users
and the computer. Before using the proposed system, the user
must record their physiological parameters, which are then used
to adjust the threshold value of the classification algorithm.
Then, the user can begin using the eye movement detection system. First, the EOG acquisition device records the user’s EOG
signals. The electrode placement sites are shown in Fig. 1(c) and
(d). The EOG signals are then processed using the EOG classi-

Fig. 3. Flowchart of the proposed EOG signal classification method. Raw
EOG signals are processed into vertical and horizontal signals. After feature
extraction and classification, the eye movement results are shown on the screen.

fication algorithm. Next, the processed EOG signals are transformed into eye movement results and displayed on the computer screen. Finally, the user can view the results on the screen.
C. EOG Signal Classification Algorithm
The primary EOG signal analyzing method was built into the
operation platform. This algorithm was composed of three parts:
signal preprocessing, feature extraction, and classification (see
Fig. 3). Fig. 3 shows a flowchart of the EOG signal classification
method. EOG signals are processed and then separated into
vertical and horizontal signals. The features are extracted, and
the vertical and horizontal EOG signals are transformed into a
series of features, called a feature chain. Finally, the classifier
determines the eye movement indicated by the feature chain and
shows the results on the screen.
1) Normalization Factor Calibration: The wireless EOG acquisition device was used to measure the eye movement activity
of each user. Eye movement data were retrieved by the feature extraction function, and the eye movement activity was
divided into two parts. The variation caused by the user that
could change use to use corresponded to the intrasubject variation, and the eye usage habits of the user corresponded to the
intersubject variation. All of the EOG features differed between
each user. If the proposed system used only standard value for
the features, it might not be suitable for everyone. The classification results would be worse than with the proposed option
of individual calibration. The factor calibration measures the
biopotential of each user’s eyes, while the user makes eight
types of eye movements. According to the biopotential values
for those eight features, the threshold setting is optimized in
the program automatically. Therefore, the calibration function
was designed to resolve the intersubject variation problem. Calibration testing was composed of four trials, each of which was
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executed twice. At the beginning of the trial, a red dot appears
at the middle of the liquid crystal display (LCD) screen, and
the users are instructed to stare at that point and follow it with
their eyes. After 2 s, the red point moves to a new position
temporarily (either up, down, left, right, up-left, down-left, upright, or down-right). After 1 s, the red point returns to the
initial position at the center of the screen. Users are asked to
perform each type of movement twice. After the eight different
directional movements have been executed, the factor calibration algorithm computes the data characteristics, including the
mean and standard deviation values of the positive peak amplitude, the negative peak amplitude, the rise time, and the peak
level time. These calculated characteristics are then used to adjust the classification parameters. This normalization process
overcomes the intersubject variation problem so that suitable
classification parameters can be determined for each user.
2) EOG Signal Preprocessing: The EOG signals, which included both vertical and horizontal signals, were recorded by
the EOG acquisition device. Eye movements are always accompanied by EMG signals, which can be collected from observing
the face and used to compensate for common mode noise. We
assumed that EMG was the only source of noise and was constant across all electrodes. The noise caused by EMG signals
can be expressed as n(t), where t represents time (seconds).
Additionally, we assume that the noise is independent of the
electrodes and that the actual EOG signals can be expressed
as a vertical EOG signal (E1 (t)) and a horizontal EOG signal
(E2 (t)), which are continuous functions that change with time t
(seconds). The signals are recorded by the proposed acquisition
device and can be expressed as X1 (t) and X2 (t), where t represents time (seconds). These parameters can be related using
the following equations:
X1 (t) = E1 (t) + n (t)

(3)

X2 (t) = E2 (t) + n (t) .

(4)

TABLE I
DATABASE OF CODED DIGITAL SIGNALS FOR THE EIGHT
EYE MOVEMENT DIRECTIONS

Common-mode noise [36] was removed by subtracting (4)
from (3), yielding the following equations:
X1 (t) − X2 (t) = E1 (t) + n (t) − E2 (t) − n (t)

(5)

X1 (t) − X2 (t) = E1 (t) − E2 (t) .

(6)

Equation (6) describes the EOG signals after removing the
EMG noise. A moving average was also used to remove redundant signals. The recorded signals are easily interfered with by
60 Hz noise, particularly when the acquisition circuit is close to
electric appliances. We found that filtering using a moving average with a five-point moving window could effectively remove
power-line noise.
3) Feature Extraction: After preprocessing, the eye movement features were extracted from the EOG signals. First, the
preprocessed EOG signals were downsampled from 256 to
51.2 Hz to reduce the computational complexity. The signals
were then individually encoded with a value sequence ranging
from –2 to +2. These values were determined from the signal
voltage of the EOG feature. Calibration values were used with
a standard database to define four voltage thresholds, ±Th1 and
±Th2, which are used to digitalize the potential voltage. When

Fig. 4. EOG signal features are classified into vertical and horizontal feature
chains. These chains are processed separately by different condition detection
units, including vertical and horizontal eye movement detection, blink detection,
and a final classification of the EOG feature.

the measured potential voltage is higher than Th2, it would be
set to a digital value of 2. Potential voltages in ranges of Th1
to Th2, Th1 to –Th1, –Th1 to –Th2, and lower than –Th2 are
coded to digital values of 1, 0, –1, and –2, respectively. Using the
voltage parameters, the EOG signals would be converted into a
sequence of values and compared to the EOG feature database
(see Table I). Finally, the EOG feature sequence was transferred
to the classifier to classify the eye movement.
4) EOG Signal Classifiers: The EOG signal features contain
vertical and horizontal feature chains [26]. These chains were
processed separately with different condition detection units, as
shown in Fig. 4. Briefly, the program searches the database to
conform target eye movement patterns to the feature chain. The
database that we used was compiled from numerous experiments
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Experimental trial for the task of eye movement detection shows the initial condition and the classification feedback.

and contained the eight eye movement features (up, down, left,
right, up-left, down-left, up-right, and down-right). The coded
EOG sequence was compared to the database. If the condition detection unit recognized the target pattern (i.e., vertical or
horizontal eye movement) in the feature chain, it outputted a
value of true to the final classification unit. The EOG encoding sequence was then compared to the EOG feature database,
shown in Table I, and the eye movement direction that was read
by the HCI was shown on the screen. If there were no patterns found in the database to match the detected sequence, the
condition detection unit would output null signals and pass the
feature chain to the next unit until the final classification unit
was reached. By encoding the EOG signals, the eye movement
characteristics can be analyzed easily.
III. RESULTS AND DISCUSSION
Eight male users, aged 22–25 years, took part in the EOG
signal measurement experiment. All of them are neurologically
healthy and have corrected to normal vision. Before the experiment, the users were asked to fill out an informed consent form.
Users were seated comfortably in front of a monitor and the
task was explained to the participants by written instructions
on the screen. Five wet electrodes were used (four channels to
record the EOG signals and one for reference) to measure their
EOG signals. The eye movement experiment consisted of three
parts. The first was a pretest used to calibrate the classification
parameters of the proposed measurement system according to
each user, with the aim of identifying each user’s eye movement
features. The second part was a training segment on the EOG
measurement system. Each of the eight directions was tested
ten times. In each training trial, a red dot in the center of the
screen was the starting point. After 2 s, the users were instructed
to look towards a new red dot that appeared (looking in either
a normal or an oblique direction). After another 2 s, both dots
disappeared, and a new trial began. Last was the actual experiment, also with ten trials per direction (looking up, down, left,
right, up-left, down-left, up-right, and down-right). When the
dot moved to another position, users were instructed to look in
the direction of the dot. The wireless EOG acquisition device
was used during EOG signal measurements.

A. Experimental Procedure
The experimental procedure for monitoring eye movements
is detailed in Fig. 5. Two sets of measurements were taken: one
for training and one for the eight-direction eye movement experiment. Each set of measurements contained 80 trials. Before
the test begins, the experimental procedure is illustrated on the
screen for the user. Once the experiment starts, there is nothing
on the screen. After 1 s, a red dot appears at the center of the
screen. The user is instructed to stare at this dot. Two seconds
later, another red dot appears on the screen, which at which the
user has been instructed to look. The position of the new dot is
determined by the eye movement task being tested (up, down,
left, right, etc.). The order of each event type is randomized.
Both the dots disappear after another 2 s, and a new trial begins.
B. Performance of the Eye Movement Features and Movement
Classification
According to the experimental results for eye movement, the
EOG acquisition device can successfully measure EOG signals
from five wet electrodes. We tested eight different types of EOG
signals, as shown in Figs. 6 and 7. Each of the EOG signals was
divided into vertical and horizontal signals. The experimental
results demonstrate that the action of looking up or down corresponds to vertical movement; therefore, the vertical signals for
these actions are more pronounced than the horizontal signals.
The action of looking up initially generates a positive peak (i.e.,
direction 2), which is then accompanied by a negative peak (i.e.,
direction 1). The negative peak corresponds to the eye returning
to the center of the screen. The action of looking down initially
generates a negative peak (i.e., direction 1), which is then accompanied by a positive peak (i.e., direction 2). The actions
of looking left or right correspond to horizontal movements;
therefore, the horizontal signals for these actions are more obvious than the vertical signals. The actions of looking left and
right displayed similar results as did looking up and down, in
terms of peak values. Fig. 7 displays the other four types of
EOG signals, each divided into vertical and horizontal signals.
These include signals for looking up-left, up-right, down-left,
and down-right. These EOG signals include both horizontal and
vertical components because the diagonal eye movements are
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Fig. 6. Eight-direction EOG-based HCI system used wet electrodes to measure the EOG signals near the eyes. From the aforementioned experimental data,
the up, down, left, and right eye motion EOG signals were effectively measured
by the proposed EOG HCI system. Each EOG signal contains horizontal and
vertical signals. Direction 1 represents the negative peak, and direction 2 represents the positive peak. The two signal characteristics are generated by looking
in the specified direction and then returning to the center of the screen. Different eye movements have different signal characteristics (i.e., direction 1 and
direction 2).

a combination of horizontal and vertical eye directions. The
signals for these oblique movements had both positive (i.e.,
direction 2) and negative peaks (i.e., direction 1) in the horizontal
and vertical directions. The action of looking up-left contains
left and up movements; therefore, the horizontal EOG signal for
looking up-left is similar to the left EOG signal, and the vertical
signal is similar to the up EOG signal. Similarly, the action
of looking down-left contains left and down eye movements;
therefore, the horizontal EOG signal for looking down-left is
similar to the left EOG signal, and the vertical signal is similar
to the down EOG signal. The action of looking up-right contains
right and up movements; therefore, the horizontal EOG signal
for looking up-right is similar to the right EOG signal, and the
vertical signal is similar to the up EOG signal. Finally, the action
of looking down-right contains right and down eye movements;
therefore, the horizontal EOG signal for looking down-right is
similar to the looking right EOG signal, and the vertical signal
is similar to the down EOG signal.
The experimental results and the accuracy of the eye movement direction classification procedure are presented in Tables II
and III. Table II shows the classification accuracy of the eightdirection task. From Table II, it can be seen that some, but not
all, users have difficulty with oblique directions and can be inaccurate. In addition, the standard deviations in Table II support

Fig. 7. Proposed multidirectional EOG-based HCI system used wet electrodes to measure the EOG signals near the eyes. From the aforementioned
experimental data, the up-left, down-left, up-right, and down-right EOG signals
were effectively measured by the system. Each EOG signal contains horizontal
and vertical signals. Direction 1 represents the negative peak characteristic, and
direction 2 represents the positive peak characteristic. The two signal characteristics are generated by looking in the specified direction and then returning to
the center of the screen. Different eye movements have different signal characteristics (i.e., direction 1 and direction 2).
TABLE II
CLASSIFICATION ACCURACIES FOR THE EIGHT TESTED EYE MOVEMENT
DIRECTIONS FROM EIGHT USERS

the conclusion that the detection of normal directions is more
stable than the detection of oblique directions. The highest level
of accuracy obtained was 86.25%, and the average classification
accuracy among the eight users was 88.59%. The most accurate
type of eye movement was looking up. The system obtained a
slightly higher level of accuracy when the users were looking
right versus left.

WU† et al.: CONTROLLING A HUMAN–COMPUTER INTERFACE SYSTEM WITH A NOVEL CLASSIFICATION METHOD

TABLE III
CLASSIFICATION ACCURACY FOR EYE MOVEMENTS IS SHOWN IN THE
CONFUSION MATRIX

The measurements of noise and the user’s eye movements
are mitigated by using several noise removal techniques and by
calibrating the experiment before measuring. The noise removal
techniques used in the paper, such as high-pass filters, low-pass
filters, and thresholds, were included to reduce electromagnetic
interference and EMG signals. In addition, the influence of an
individual user’s eye movement has been solved by the calibration technique and proposed classification algorithm. Therefore,
the potential influence of noise is relatively small.
1) Error of Movements in Oblique Directions: Table I show
that the accuracy of oblique eye movement detection is generally lower than that of normal (i.e., up, down, left, and right)
direction detection. Table III shows the accuracy obtained by
users performing the eight-direction eye movement tasks. There
are several possible reasons why oblique eye movements have
higher levels of classification error. First, the eye movement
signals resemble horizontal and vertical signals. Some of these
signals are due to user mistakes during the experiments; users
are tasked to perform an oblique eye movement task, but some of
the users are not capable of achieving the correct eye movement.
For instance, users prompted to look in the up-right direction
may move their eyes up and then right, or vice versa. These
user errors may be caused by personal habits or fatigue. Our
results indicate that the main source of error is from the users.
For example, in Table III, an up-right movement has a 13.3%
chance of being classified as a looking-up action. Furthermore,
a down-right eye movement has a 10% and 8.3% chance of
being classified as either the looking-right or the looking-down
movement, respectively. These results were obtained from the
difference between the target eye movements and their classification results.
Although there is no specific error analysis in this paper, the
classification results were affected by the error observed in the
experiment. While examining the eye movements, unexpected
motions sometimes showed up during the experiment. Misclassification typically occurred because looking up-right, looking
up-left, and blinking affected the performance. Another possible
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reason for misclassification is a misunderstanding by the user
during the calibration experiment, causing the user to perform
nonstandard eye movements during the measurements.
2) Eye Movements in the Vertical Direction: Due to natural
eye movement action, the measured EOG signals always include
EMG signals. For vertical EOG signals, the blink EMG signals
and the EOG signals generated by vertical eye movements are
sometimes almost identical. Thus, in eye movement detection
research, it is an important to reduce the influence of blinks.
From the experimental results shown in Table II, the classification accuracy for vertical eye movements (up and down) was
96.25%, on average, because the HCI system can set a precise
threshold for eye movement classification, thereby nullifying
the impact of blinks on vertical EOG signals.
The EOG signal classification results shown in Table II indicate that an average classification accuracy of over 80% was
obtained. Thus, the proposed eyes movement classification system resists problems associated with intersubject variation and
provides a good classification method.
IV. CONCLUSION
In this study, we described a wireless EOG-based HCI for detecting eyes movements in eight directions. This system is capable of transferring EOG signals wirelessly to a computer, where
the signals were processed and classified before the results were
displayed to the users. The experimental results demonstrated
that the proposed EOG acquisition device is able to discriminate
between various movement types (looking up, looking down,
etc.) and the signal characteristics associated with them. Compared with other eye movement detection methods, including
IROG, video-based eye trackers, and SC, the proposed device
can measure EOG signals using wet electrodes and classify eight
different directions of eye movement relatively easily. The use
of wet electrodes ensures that the electrodes remain securely in
place on the skin. Our experimental results demonstrate good
classification performance, indicating that eye movement detection can be performed reliably. Thus, this EOG-based HCI,
designed to detect eight directions of eye movement, will be
useful in real-life applications.
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