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Abstract 

This study introduces, a hybrid BCI system with a robust and secure activation mechanism between 
sessions is introduced, aiming to minimize the negative effects of visual stimulus-based Brain-
Computer Interface (BCI) systems on user eye health. The system is based on the integration of 
Electroencephalography (EEG) signals and Electrooculography (EOG) artefacts, and includes an LED 
stimulus operating at a frequency of 7Hz for safe activation and objects moving in different 
directions. While the LED functions as an activation switch that reduces visual fatigue caused by 
traditional visual stimuli, moving objects provide command generation depending on the user’s 
intention. In order to evaluate the stability of the system against physiological and psychological 
conditions, data were collected from 15 participants in two different sessions. Correlation Alignment 
(CORAL) method was applied to the data to reduce the variance between sessions and to increase 
stability. Bootstrap Aggregating algorithm was used in the classification processes and with the 
CORAL method, the system accuracy rate was increased from 81.54% to 94.29%. The results show 
that the proposed system offers a safe activation infrastructure that can effectively adapt to users’ 
changing cognitive states throughout the day by reducing visual fatigue, along with its high accuracy 
and stability. 

Keywords: brain-computer interface; machine learning; classification; cross-session; correlation 
alignment; Emotiv Flex 
 

1. Introduction 

Today, Brain-Computer Interface (BCI) systems are attracting intense attention due to their 
potential to help individuals with severe motor impairments by enabling control of peripheral 
devices through brain signals. BCI provides a communication or movement channel for individuals 
who have lost voluntary muscle control by translating brain signals into control commands. These 
systems aim to increase autonomy and quality of life by allowing individuals to perform tasks such 
as letter selection, device control or wheelchair use with their brain activities [1]. In 
Electroencephalography (EEG) based BCI studies, several widely adopted paradigms are employed 
during signal acquisition, including Visual Evoked Potentials (VEP) [2], Motor Imagery (MI) [3], and 
P300 [4] responses. The P300 paradigm is characterized by a positive peak in the EEG signal that 
occurs approximately 300 to 600 milliseconds following the presentation of a task-relevant stimulus, 
such as a flashing light, a sound, or a specific visual cue. This component is typically elicited when 
the user consciously recognizes a stimulus, and is easily detectable through non-invasive EEG 
recordings. In contrast, the MI paradigm relies on the mental rehearsal of motor actions rather than 
actual physical movement. When a person imagines a specific motion like moving a hand or foot 
distinct brainwave patterns are produced, which can be recorded and analyzed using EEG systems. 
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These imagined movements generate neural signals in motor-related cortical areas, making MI a 
powerful technique for voluntary control in BCIs [5]. The VEP approach, on the other hand, involves 
presenting users with rhythmic visual stimuli such as blinking lights or oscillating patterns at specific 
frequencies. These stimuli induce synchronized voltage changes in the visual cortex [6]. When the 
stimulation frequency exceeds approximately 6 Hz, the response transitions into a Steady-State 
Visual Evoked Potential (SSVEP), where the brain’s electrical activity synchronizes with the 
frequency of the stimulus. SSVEP allows for rapid and reliable classification of user intent based on 
frequency-locked neural responses [7]. All of these paradigms generate EEG data that must be further 
processed through signal processing algorithms, enabling the system to classify and interpret user 
intentions effectively. Each paradigm has unique advantages and is selected based on application 
context, user capability, and system requirements. The basic BCI schematic is shown in Figure 1. 

 

Figure 1. The basic scheme of BCI systems. 

Although BCI systems were developed to benefit people with motor impairments, the 
paradigms used in the systems create cognitive load on the user and may experience control lapses 
due to the variable nature of EEG signals and sensitivity to interference [8]. Hybrid BCI systems 
developed to overcome these limitations aim to increase performance, reliability and availability by 
combining multiple signal sources [9]. While EEG is powerful in detecting mental intention, 
Electrooculography (EOG) offers fast and precise control with its high signal-to-noise ratio. The 
combination of these two signals provides an interaction that is both voluntary and natural. It has 
been reported in the literature that hybrid systems offer higher accuracy and flexibility than single 
BCI systems [10,11]. In particular, integrating EOG into the system increases resistance to signal 
interruptions and provides intuitive use with minimal training [12]. Thus, EEG–EOG-based hybrid 
BCI systems are promising for real-world applications by providing faster, more accurate and more 
user-friendly solutions [13]. 

Visual stimulus-based BCI systems such as SSVEP and P300 have significant limitations in terms 
of usability, comfort and eye health. Since these systems require focusing on flickering Light Emitting 
Diodes (LED) for a long time, they can cause complaints such as eye fatigue, visual exhaustion and 
headaches [14,15]. High-contrast stimuli, especially in the 8–20Hz range, increase the risk of epileptic 
seizures in photosensitive individuals, and this calls into question the safety of the system for some 
user groups [16]. It has also been reported that repetitive stimuli cause dry eyes and loss of attention 
[17]. In traditional designs, emphasis is placed on system performance and Information Transfer Rate 
(ITR), while user experience remains in the background. In conclusion, although visual BCI systems 
based on vibratory stimuli are effective in principle, their long-term use may be uncomfortable or 
unhealthy for users [18]. This clearly demonstrates the need for more comfortable stimulus 
approaches. 

Another important challenge faced by BCI systems is that system performance varies between 
sessions. Factors such as the unstable nature of EEG signals, repositioning of electrodes, impedance 
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change, user fatigue or distraction change signal patterns between sessions. Therefore, a classifier 
trained on data obtained in one session may exhibit lower performance in subsequent sessions. This 
reduces the usability and reliability of the BCI system and, in practical terms, means that users must 
recalibrate before each use. Calibrate at each session is both laborious and makes continuous use 
difficult. From a user perspective, BCI behavior is unpredictable from one session to the next, 
harming trust and usability. It is not acceptable for independent use if a system that works very well 
early in the day works poorly when used again later in the day [19]. Addressing variability across 
sessions and even across individuals is critical to moving any designed BCI system from laboratory 
settings to everyday life. 

The BCI problems that this study focuses on are summarized as follows: 

• Flickering stimuli: Visual stimulus-based BCI systems may cause discomfort in the user such as 
eye fatigue, headache and risk of epilepsy due to flickering visual stimuli [14]. This limit long-
term use of the system, reduces the comfort level, and causes some users to be excluded for 
security reasons. 

• Intersession instability: Intersession variability that occurs due to the unstable nature of EEG 
signals negatively affects system performance and the need for recalibration at each session 
reduces the usability of the system [19]. This situation significantly limits the use of BCI systems 
in real life. 

• Reliability and accuracy: Single BCI systems are not reliable in terms of system security due to 
their dependence on EEG signals that vary frequently between sessions. EEG alone can 
experience control lapses due to its variable nature and sensitivity to interference [8]. This 
situation shows that there is a need for the existence of multi-source hybrid BCI systems. 

• System control and security: In BCI systems, activation is critical to prevent unintentional 
commands and safely initiate user control. Especially in real-world applications, it is important 
for user experience that not every signal is perceived as a command [13]. It is important to 
prevent random eye/muscle movements from being perceived as wrong commands in designed 
systems. 

In this study, a two-stage hybrid BCI system was developed in which SSVEP and EOG artefacts 
were used together. The user is presented with a 7Hz frequency LED and objects moving in four 
different directions on a single screen. The system is structured in two stages to ensure conscious 
activation. In the first stage, it was detected whether the user produced an SSVEP response via the 
LED by looking at the screen. At this stage, the LED functioned as a “brain-controlled safety switch”. 
When the LED was detected, the second stage of the system was activated, thus greatly reducing the 
risk of incorrect commands. The 7Hz frequency was strategically chosen to reduce the risk of 
triggering in photosensitive individuals and ensure adequate SSVEP production. In the second stage 
of the system, the trajectory of the moving object that the user was looking at was determined using 
EOG artefacts evident in the frontal lobe. Thus, the activation intention was detected via EEG and the 
system output command intention was detected via EOG. In the first stage, in frequency domain 
proportioned trapezoidal features were extracted using Power Spectral Density (PSD). Feature data 
was classified by Random Forest (RF), Support Vector Machine (SVM) and Bootstrap Aggregating 
(Bagging) algorithms and accuracy rates of 98.67%, 98.63% and 99.12% were obtained, respectively. 
In the second classification stage, only samples with correct LED activation were evaluated; time 
domain-based power, energy and 20th degree polynomial features were extracted from these signals. 
The feature data obtained in the time domain was classified with RF, SVM and Bagging algorithms, 
and average accuracy rates of 79.87%, 76.31% and 81.54% were obtained, respectively. Then, the 
Correlation Alignment (CORAL) method was applied to the feature data in order to reduce the 
distribution differences between sessions. CORAL ensures statistical fit between source and target 
data by aligning covariance matrices [20]. As a result of the classification made with CORAL, the 
Bagging algorithm increased from 81.54% average accuracy rate to 94.29% accuracy rate, providing 
the best performance between sessions despite individual variations. 
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The main contributions that the designed hybrid BCI system aims to provide are presented 
below. 

• Visual comfort: The only vibrating stimulus used in the system is 7Hz LED, and this frequency 
value can be perceived by users with low levels of discomfort. All other stimulators in the system 
are motion-based and do not require additional vibration. This largely eliminates the visual 
fatigue problem caused by visual stimulus-based systems in users. 

• Intersession stability: In the designed system, the dataset was recorded in two different sessions. 
By applying the CORAL method to the recorded data, differences between sessions were 
minimized and the system was aimed to have a stable structure between sessions. 

• Reliability and accuracy: The designed BCI system benefits from the high signal clarity of EOG, 
as opposed to the unstable structure of EEG signals. By processing eye movements with high 
precision, complex orbits can be classified accurately by the system. The overall effect is a hybrid 
BCI system that is both user-friendly and reliable. 

• System security and activation: In the designed hybrid system, the fact that SSVEP and EOG 
require approval together via 7Hz LED provides a natural security control. Since the system 
switches to control mode only after the safe activation of the first stage has occurred, the user 
can freely look or blink while the LED is not active; There is no risk of making an unintentional 
choice. 

In this study, it was aimed to provide robustness against inter-session performance changes in 
order to increase the adaptability and generalizability of the previously proposed hybrid BCI system 
[21] to real-world conditions. The designed system was tested in two different time periods (morning 
and evening) and the CORAL-based domain adaptation method was used. In this context, the need 
for recalibration of the system was reduced and not only the instantaneous accuracy rates but also 
the time-varying cognitive and physiological states of the users were evaluated. In this respect, a 
system closer to real-world applications has been presented. In addition, consistent results obtained 
by increasing the number of participants in the study showed that the system can be adapted to 
different user profiles. Presenting all visual stimuli on a single screen facilitated the integration of the 
system into real life and increased user ergonomics. In addition, the system, which was tested using 
fewer features and data with the same number of channels, has been made suitable for portable 
applications with low resource requirements. All these elements have revealed that the system can 
maintain high performance, reliability and ease of use despite its simplified structure. 

2. Related Works 

In this section; a literature review was conducted on EEG-EOG based hybrid BCI systems, 
SSVEP based BCI systems, inter-session stability of BCI systems, EOG artefacts occurring in EEG 
signals, and the negative effects of visual stimuli on system users. 

Hybrid BCI systems aim to offer greater command capacity, performance and reliability than 
single BCI systems by combining multiple biological signals. For example, in one study [22], 
researchers used the EEG–EOG hybrid system for wheelchair control and added state change 
commands with eye blinks. In another study [23], researchers developed an asynchronous hybrid 
BCI combining SSVEP and EOG signals for six-degree-of-freedom robotic arm control. In this system, 
visual stimuli flashing at 15 different frequencies are obtained from EEG, while the SSVEP interface 
can be opened and closed by the user blinking three times in a row, thus preventing false triggers 
and reducing visual fatigue by stopping visual stimuli when not needed. In experiments with fifteen 
participants, the hybrid system provided an average accuracy of 92.1% and an ITR of 35.98 (bits/min). 
Similarly, researchers [12] proposed a hybrid BCI that uses EEG and EOG signals to control the 
integrated wheelchair and robotic arm system. Experiments with twenty-two volunteers have shown 
that the MI+EOG hybrid approach can provide sufficient accuracy to control multiple devices in an 
integrated manner. In another study [24], researchers used a combination of SSVEP, EOG, eye 
tracking and force feedback to control a virtual industrial robot arm. In this way, they achieved more 
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precise positioning and object alignment than was possible with EEG. In a different study [25], 
researchers adapted hybrid methods to the typing interface, developing a BCI that combines SSVEP 
with a paradigm of letter selection and subsequent eye movement confirmation. Using the hybrid 
printer system, they achieved an average accuracy rate of 94.8% and an ITR of 108.6 (bits/min) with 
ten healthy subjects. 

Although eye movement signals recorded with EEG are generally seen as artefacts, voluntarily 
produced EOG signals can be turned into a direct control tool thanks to their strong and repeatable 
structure. Eyeball movements and electrical potentials produced by the eyelid muscles, independent 
of the brain, can be easily measured with a few electrodes placed on the forehead and around the 
eyes. In a study [26], researchers controlled an assistive robotic arm using eye artefacts. In this study, 
eye blink an eye shift signals, which appear as noise in the EEG, were detected with special algorithms 
and converted into commands. With this method, tested with five participants, users successfully 
controlled a robot via the interface using only eye movements. In another study [27], researchers 
developed a wearable interface with 6 EOG electrodes to control a game in a virtual reality 
environment with eye movements. In this system, the user was able to perform seven different eye 
movement commands. The fact that EOG signals can be classified with such high discrimination 
reveals that eye movements are information-carrying signals, not noise. In a different study [28], 
researchers included EOG channels as auxiliary features when classifying EEG signals and achieved 
a significant performance increase compared to EEG alone. In the study, they achieved 83% accuracy 
with 3 EEG and 3 EOG channels, approaching the classical 22-channel EEG classification. This result 
demonstrates that eye signals traditionally considered artefacts are useful biomarkers if evaluated 
appropriately. 

SSVEP-based BCI systems are widely investigated, especially due to their high ITR and short 
calibration time requirement. SSVEP is a continuous rhythmic EEG response created in the occipital 
cortex by visual stimuli that repeat at a certain frequency. The user can choose to focus on one of 
many targets flashing at different frequencies; thus, multiple command candidates can be presented 
at the same time. For example, in one study [25], researchers developed a high-speed virtual keyboard 
with 20 different SSVEP targets in a hybrid system. In another study [29], the recognition performance 
of the bandpass CCA approach proposed by the researchers was increased by subjecting the 
fundamental and harmonic frequency components of the SSVEP response to correlation analysis in 
separate sub-bands. This method has increased the reliability of SSVEP-based systems by providing 
more accurate detection, especially in noisy environments or high-frequency weak SSVEP signals. In 
the literature, ITRs over 100.0 (bits/min) have been reported to be achieved with SSVEP interfaces 
containing more than 40 targets [30]. 

Although flicker-based BCI systems such as SSVEP successful in terms of performance, they 
inadequate in terms of user comfort in long-term use. High-contrast and low-frequency flashing 
visual stimuli can cause eye fatigue, irritation, headaches and even epilepsy in users after a while. As 
a solution to these problems; Studies have been conducted on the perception of high-frequency 
stimuli as continuous light in the human eye. However, a study [31] reported that the use of high 
frequency negatively affects classification performance by reducing the SSVEP signal amplitude. In 
a hybrid BCI study conducted by researchers [23], the screen can completely turn off flicker stimuli 
when the user does not want them. In this way, the user is exposed to flashing stimuli only when he 
wants to give a command and has the opportunity to rest in between. Results showed that this on-
demand stimulation feature significantly reduced visual fatigue and prevented accidental 
commands. While some studies [31] show that the use of low-contrast flicker is promising, some 
studies [32] aim to achieve similar performance with motion-based paradigms that can completely 
replace flicker. 

As an alternative to flicker stimuli, BCI paradigms targeting the brain’s continuous visual 
tracking mechanisms have been developed using moving visual stimuli. The frequency of the 
stimulus creates a continuous potential in the visual areas of the brain, just like SSVEP. In a study 
[32], a system with 8 targets was designed using visual targets that move radially in growth and 
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contraction. Growing and shrinking moving stimuli were compared with classical flicker stimuli. The 
results showed that the radial motion paradigm achieved a very high performance with an average 
accuracy rate of 93.4% and an ITR of 42.5 (bits/min). Participants reported that following constantly 
growing and shrinking circles with their eyes was much less tiring than flashing lights. In another 
study [33], different types of moving stimuli were compared and observed that there were no 
significant differences between them in terms of comfort or performance. A different study [34] 
reported that classical flicker stimuli produced a stronger SSVEP response but lower visual comfort 
than pattern reversal stimuli. According to a review [35], several studies in the literature have 
achieved accuracies of 90.0% and above with combinations such as a rotating object flickering at the 
same time. Another approach to moving stimuli is eye tracking-based selection paradigms. 
Researchers [36] demonstrated this approach in the smart watch interface, providing a hands-free 
interaction that does not require calibration. The biggest advantage of these interfaces is that the 
system generates commands only when the user consciously follows a goal, and the system does not 
react to random glances. In addition, it is comfortable for many users as natural eye movement is 
sufficient with low cognitive load. In some hybrid BCIs, flicker-triggered SSVEP is combined and 
then confirmation with eye movement is used. Thus, a multi-stage selection was made using both 
brain and eye signals. 

Practical use of a BCI system depends on its consistent performance over multiple sessions. EEG 
signals vary between sessions for many reasons, such as electrode position changes, skin-resistance 
differences, and the mental/emotional state of the user. This situation creates the need for 
recalibration before each new use, making the use of BCI troublesome. In one study, researchers [37] 
discussed machine learning-based transfer learning methods and neurophysiological variability 
predictors, presenting a review to eliminate these variations that reduce performance in BCI systems. 
In their review, they stated that approaches that extract common features between datasets to reduce 
the need for calibration promise success. As a matter of fact, in another study [38], a transfer learning 
algorithm was developed that aims to shorten the training time at the beginning of each session. In 
the evaluation made with 18 sessions of data from 11 stroke patients, it was shown that training the 
model with the transfer of previous sessions provided an accuracy increase of over 4% compared to 
pure new session training. Especially in sessions where the performance was below 60% in the first 
calibration, this transfer method provided an additional 10% improvement, making it possible for 
more patients to benefit significantly from BCI. 

3. Materials and Methods 
3.1. EEG Device 

Studies show that Emotiv, Quik-Cap and MindWave EEG devices are frequently used, and 
among these, Emotiv is frequently preferred due to its low cost, sufficient number of channels and 
ease of use. The Emotiv Flex EEG device used in the study has 32 channels and 2 reference electrodes, 
and the electrode positions comply with the international 10/20 system. Offering approximately 9 
hours of uninterrupted use with its wireless structure and rechargeable battery, the device provides 
128–256Hz sampling rate and 16–32bit resolution values [39]. 

3.2. Participants 

The study was conducted with the participation of 15 healthy subjects (9 males, 6 females) 
between the ages of 20-30 (avg. 22.5) without any addiction or chronic disease. Participants were 
informed in detail about the study and were included in the study by filling out the informed consent 
form. The experiments were conducted with the approval of the ethics committee of Trabzon Kanuni 
Education and Research Hospital numbered 23618724. 
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3.3. Normalization 

Normalization is a fundamental pre-processing step that directly affects model performance by 
making data at different scales comparable [40]. In this study, Z-score normalization was used in 
order to reduce the amplitude and Signal-Noise Rate (SNR) differences that may occur between two 
sessions. Z-score is a standardization method that expresses the distance of each data point from the 
mean in its distribution in terms of standard deviation and is calculated with Equation (1). 𝑧 = 𝑥 − 𝜇𝜎   (1)

In Equation (1), 𝑥 represents the data point, 𝜇 represents the mean of the cluster, and 𝜎 represents 
the standard deviation [41]. 

3.4. Correlation Alignment (CORAL) 

Distribution differences between biological signals recorded in different sessions may negatively 
affect the generalization success of machine learning-based classifiers. In this study, the CORAL 
method was used to reduce this problem. Method provides statistical fit without the need for label 
information by aligning the covariance matrices of the source and target datasets. This method, which 
is based on whitening the source data and rescaling it according to the target distribution, improves 
transfer performance by increasing inter-session compatibility [20]. 

3.5. Power Spectral Density (PSD) 

In the first classification stage of the study, where 7Hz LED was detected using SSVEP, the PSD 
method was used to analyze the frequency components of EEG signals. With PSD, EEG data, which 
is difficult to analyze in the time domain, is made more meaningful by displaying the power 
distribution of the signal on the frequency axis. The Welch method was preferred because it provides 
low variance and stable results. The Welch method works by dividing the data into K sub-segments 
of equal length that partially overlap each other. The PSD estimate is expressed by Equation (2). 𝑃௪௘௟௖௛(𝑓) = ଵ௄.௅.௎෍ ቚ෌ 𝑥௜(𝑛).𝜔(𝑛)𝑒ି௝ଶగ௙୬௅ିଵ௡ୀ଴ ቚଶ௄ିଵ௜ୀ଴   (2)

In Equation (2), 𝐾 refers to how many segments the data is divided into, 𝐿 is the length of each 
divided segment, 𝜔(𝑛) is the window function, and 𝑥௜(𝑛) is the nth sample of the 𝑖. segment. 𝑈 
represents the strength of the windowing function [42]. 

3.6. Numerical Integration (Trapezoidal) 

The Trapezoidal Method, one of the numerical integration methods, was used to approximately 
calculate the area under the PSD values in the 4–10Hz and 6–8Hz frequency ranges for the detection 
of 7Hz LED. Trapezoidal calculates the area under the function by approximating the positive 
function f to be integrated with piecewise linear curves in the range [a, b]. The trapezoidal method is 
frequently preferred in power analysis of biological signals such as EEG/EOG due to its ease of 
application and low computational cost, as well as providing sufficient accuracy. Using the 
trapezoidal method, the area under a function curve is calculated with Equation (3). ׬ 𝑓(𝑥)𝑑𝑥 = ௛ଶ ሾ𝑓(𝑥଴) + 2∑ 𝑓(𝑥௜) + 𝑓(𝑥௡)௡ିଵ௜ୀଵ ሿ௕௔   (3)

In Equation (3), the parameters 𝑎  and 𝑏  represent the integration limits of the 𝑓  function, (𝑥଴, 𝑥ଵ, … , 𝑥௡)  represent the equal interval points where the integration limit is divided, and ℎ 
represents the width of the lower trapezoids [43,44]. 

3.7. Polynomial Curve Fitting Method 

In this study, Polynomial Curve Fitting Method was used to classify EOG artefacts in the time 
domain. This method is the process of creating a polynomial model based on the least square’s 
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method on the data set. The most appropriate polynomial coefficients are obtained by minimizing 
the total error between the start and end data points of the function and the model [45]. The 𝑦 =𝑃ଵ(𝑥) polynomial model fitted for 𝑦 = 𝑓(𝑥) with starting point 𝑥଴ and end point 𝑥ଵ is expressed by 
Equation (4). 𝑝(𝑥) =  𝑎଴𝑥௡ + 𝑎ଵ𝑥௡ିଵ + ⋯+ 𝑎௡ିଵ𝑥 + 𝑎௡  (4)

In Equation (4), 𝑛  represents the degree of the polynomial and 𝑎௜  represents the polynomial 
coefficients. In the study, the polyfit function was used to fit a polynomial curve to certain data points. 

3.8. Data Acquisition 

In the data acquisition, an Emotiv Flex EEG device, a laptop with an Intel Core i7–12650 
processor and a 31.5-inch LCD screen with a 260Hz refresh rate were used as hardware infrastructure. 
For visual stimulation, an LED flashing at a frequency of 7Hz was placed at the upper middle point 
of the screen, and the subject was positioned on a chair approximately 90cm away from the screen. 
The procedure was explained to each subject in detail before the experiment and their consent was 
obtained. The orbital task order that the subjects were asked to follow is shown in Figure 2. 

 

Figure 2. Task order of movement trajectories. 

The subjects were fitted with an EEG cap using saline water. The contact level of the electrodes 
was verified via EmotivBCI software, aiming for at least 98% signal accuracy. Electrode placement 
was made in accordance with the international 10–20 system, and contact quality was optimized with 
saline solution before each session. In the study, only four EEG channels (Fp1, F7, F8, Fp2) in the 
frontal lobe region were actively used. This channel selection was made to both reduce system 
complexity and target regions where artefacts associated with eye movements can be obtained at the 
highest level [46]. Data recording in the study was carried out in two sessions. 

3.8.1. Session 1 - Morning Trials 

The first session was held to record the cognitive performance differences of users in the 
morning hours (08:00-10:00). The session started with activating the 7Hz LED. The experiment was 
started with a 3-second initial warning sound. Moving balls were activated and they were first asked 
to follow the left-cross motion trajectory moving in the upper left corner of the screen for 10 seconds. 
The experiment ended with a 3-second final warning sound. The visual of the data recording stage is 
shown in Figure 3. 
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Figure 3. Signal recording phase. 

A total of 16 seconds of data were recorded while the subjects watched the target with their eyes. 
The same protocol was repeated for other movement trajectories and 10 repetitions were performed 
for each class. After the LED was turned off, recordings were taken for the passive viewing class 
representing random eye movements. Subjects were asked to perform random gazes without 
focusing on any target. A total of 50 records were obtained from each subject with 10 repetitions for 
5 different classes. The average value graphs of the movement trajectory data of the first session 
obtained from a randomly selected subject (Subject-2) are shown in Figure 4. 

 

Figure 4. Average value graphs of Session 1: (a) left-cross movement trajectory; (b) right-cross movement 
trajectory; (c) the right-left movement trajectory; (d) up and down movement trajectory. 

3.8.2. Session 2 - Evening Trials 

The second session was held in the evening (16:00–18:00) in order to evaluate the stability of the 
system against the individuals’ cognitive and neurophysiological changes during the day. The EEG 
head was repositioned, preserving the channel placements and impedance levels used in the first 
session, and the electrodes were contacted with saline (salt) water again. To avoid signal differences 
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between sessions, special care was taken to place the EEG electrodes in exactly the same positions. 
The data collection procedure was repeated, remaining exactly the same as the first session, and 50 
records were obtained with 10 repetitions for 5 different classes. The average value graphs of the 
movement trajectory data of the second session obtained from a randomly selected subject (Subject-
2) are shown in Figure 5. 

 

Figure 5. Average value graphs of Session 2: (a) left-cross movement trajectory; (b) right-cross movement 
trajectory; (c) the right-left movement trajectory; (d) up and down movement trajectory. 

The signals obtained in each session were recorded with a sampling frequency of 256Hz and the 
raw data was stored in “.csv” format. A total of 1500 record were obtained from all subjects. Data 
were transferred to Matlab (R2023b) environment for signal processing stages. 

4. Results 

The data set created using the proposed approach consists of five classes. Four of these classes 
were recorded while users followed visually guided moving object trajectories while the LED 
flickering at a frequency of 7Hz was active; The fifth class was obtained when the LED was off and 
the user performed random eye movements. This structure enabled the system to be constructed in 
a two-stage classification structure. The scheme of the designed hybrid BCI system is shown in Figure 
6. 

 

Figure 6. Scheme of the designed hybrid BCI system. 
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In the first stage, LED on (SSVEP present) and LED off (SSVEP absent) states were distinguished. 
In the second stage, the data of four different moving trajectories recorded only when the LED was 
on were classified. The stability of the system between sessions was tested by using all the data 
collected in the morning session as training data and all the data in the evening session as test data. 
In each session, a total of 16 seconds of data (4096 samples × 4 channels) were recorded, with three-
second audio warnings at the beginning and end. In order to prevent the system from being affected 
by the beginning and ending warning sounds, these sections were removed from the signal and only 
signals of 10 seconds (2560 samples × 4 channels) were evaluated. Then, these raw signals were 
divided into 3-second segments with 1-second overlap, and five 3-second signals (768 samples × 4 
channels) were obtained from each trial. Signals were passed through a 5th order Butterworth 
bandpass filter in the range of 1–15Hz via the Matlab function filtfilt command. Butterworth filters 
are frequently preferred in EEG processing applications because they provide a flat frequency 
response in the passband and preserve the amplitude components of the signal [47]. Filters of 
different orders were tested and the optimal performance was achieved in the 5th order filter, 
considering the balance between passband sharpness and signal distortion. An example signals of 
the Fp1 channel before (a) and after (b) filtering is shown in Figure 7. 

 

Figure 7. Acquired from the fp1 channel: (a) unfiltered signal; (b) signal filtered with a 1–15hz 5th-order 
Butterworth bandpass filter. 

Filtered signals were converted from time domain to frequency domain using the Welch PSD 
method [42]. Using the Hamming window, windowing was made with a length of 640 samples and 
an overlap of 639 samples. Hamming windowing parameters used in PSD analysis were determined 
by experimental methods in accordance with the data structure. It is stated in the literature that 
correct selection of window length and overlap ratio plays an important role in establishing a balance 
between frequency resolution and temporal sensitivity [48,49]. Frequency ranges of 4–10Hz and 6–
8Hz were determined on the spectrum obtained from PSD, and the areas of these two frequency 
bands were calculated with the trapezoidal integration method [50], which is frequently used in the 
literature to calculate the band power. The calculated values are compared to each other. Using the 
obtained proportional trapezoidal features, it was aimed to detect the SSVEP activity generated using 
7Hz LED. The SSVEP created when the LED is on is represented in Figure 8. 

 

Figure 8. SSVEP potentials occurring in the LED on position. 
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In Figure 8, while the L1 length represents the SSVEP response occurring in the 4–10Hz range, 
the L2 length represents the SSVEP response occurring in the 6–8Hz range. By proportioning these 
two lengths to each other, a proportional trapezoidal feature was obtained. Z-score normalization 
was applied to the obtained feature data in order to balance inter-individual and inter-session 
amplitude changes, making the mean 0 and the standard deviation 1 [51]. Normalized feature data 
was classified using RF, SVM and Bagging algorithms. The SVM algorithm was configured using the 
fitcecoc function in the Matlab environment. With the Bagging algorithm implemented through the 
fitcensemble function, it aimed to increase classification performance by training more than one weak 
learner on data subsets. The RF algorithm was implemented using the Matlab function TreeBagger. 
The classification accuracy rates obtained are presented in Table 1. In the table, Class-1 represents the 
moving trajectory data recorded in the LED active position and Class-2 represents the random gaze 
data recorded in the LED off position. 

Table 1. Accuracy rates of the first classification stage (LED activation). 

Classifiers RF  SVM Bagging 
Classes Class-1 Class-2 Acc. Class-1 Class-2 Acc. Class-1 Class-2 Acc. 
Sub-1 99.00 92.00 97.60 99.05 92.00 97.64 99.80 96.60 99.16 
Sub-2 99.55 97.60 99.16 99.15 92.00 97.72 99.90 97.80 99.48 
Sub-3 99.20 92.00 97.76 99.65 96.80 99.08 99.70 97.80 99.32 
Sub-4 99.85 97.40 99.36 99.60 97.80 99.24 99.75 97.20 99.24 
Sub-5 99.70 97.80 99.32 99.50 97.60 99.12 99.85 97.40 99.36 
Sub-6 99.85 96.60 99.20 99.15 92.00 97.72 99.85 96.80 99.24 
Sub-7 99.10 92.00 97.68 99.70 97.00 99.16 99.50 95.20 98.64 
Sub-8 99.05 92.00 97.64 99.00 92.00 97.60 100.0 95.80 99.16 
Sub-9 99.00 92.00 97.60 99.35 98.00 99.08 99.90 97.60 99.44 
Sub-10 99.75 98.00 99.40 99.15 92.00 99.72 99.50 97.80 99.16 
Sub-11 99.80 97.80 99.40 99.70 97.40 99.24 100.0 95.60 99.12 
Sub-12 99.80 96.60 99.16 99.00 92.00 97.60 99.05 92.00 97.64 
Sub-13 99.30 97.40 98.92 99.95 98.80 99.72 100.0 95.60 99.12 
Sub-14 99.50 95.20 98.64 99.15 92.00 97.72 99.70 97.00 99.70 
Sub-15 99.70 97.80 99.32 99.70 97.00 99.16 99.80 96.60 99.16 
Avg. (%) 99.47 95.48 98.67 99.38 94.96 98.63 99.75 96.45 99.12 

When Table 1 is examined, it is seen that the Bagging learning algorithm exhibits the best 
performance for the first classification stage with an accuracy rate of 99.12%. The second classification 
stage was carried out on the dataset created using the raw forms of the data correctly classified by 
the algorithms in the first stage. At this stage, a 4th degree Butterworth filter, which has the ability to 
filter the signals without distorting the amplitude components of the signal thanks to its flat 
frequency response in the pass band [47], was applied to the signals in the range of 0.5–32Hz. After 
the filtering process, signal power, signal energy and polynomial fitting feature extraction methods 
based on time domains were used. The polynomial fitting method was extended to the 20th degree 
and all obtained polynomial coefficients were included in the feature vector. Higher order 
polynomials are effective in improving classification performance by representing the structural 
trends of the signal in more detail [45]. Figure 9 shows the curve created using the right-cross motion 
trajectory and fitted using the 20th degree polynomial for the signal of the Fp1 channel. 
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Figure 9. Polynomial curve fitted using 20th degree polynomial for the signal of Fp1 channel. 

The obtained feature data was applied to RF algorithm was implemented via the TreeBagger 
function and 50 decision trees were used in the model. The number of trees was fixed at the point 
where the accuracy performance remained stable within the confidence interval (95%) in the 
preliminary tests. The feature subsets for each tree were randomly selected, which aimed to reduce 
the risk of over-learning of the model. The obtained feature data were classified with a multi-class 
SVM model using the fitcecoc function in the Matlab environment. The SVM hyperparameters were 
automatically adjusted with the Bayesian optimization method and the combination that provided 
the best cross-validation performance was selected. The Bagging algorithm was structured as an 
ensemble model consisting of 100 decision trees, each with a maximum depth of 15, using the 
fitcensemble function. The number and depth of trees were determined in the preliminary tests to 
provide the optimum balance between model complexity and processing time. The average accuracy 
rates of classifications performed over 10 independent repetitions are given in Figure 10. 

 

Figure 10. Average accuracy rates of the second classification stage. 

Figure 10 shows the average accuracy rates of the second classification stage. Average accuracy 
rates of 79.87%, 76.31% and 81.54% were obtained for the RF, SVM and Bagging algorithms, 
respectively. It has been observed that the Bagging algorithm provides better performance than other 
algorithms. In order to reduce the statistical distribution differences between the two sessions in the 
study, the CORAL method was applied to the feature data of the second classification stage. CORAL 
provides cross-domain statistical agreement by aligning the covariance matrices of source (training) 
and target (test) datasets. Within the scope of this method, the covariance matrix of the normalized 
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training data was whitened and then recolored according to the covariance structure of the test data, 
making the source data statistically compatible with the target distribution. Thus, the generalization 
ability of the model across sessions is increased [20]. In order to see the distribution of the obtained 
features, a scatter plot of the randomly selected FP2 channel is given in Figure 11. In the figure, Class-
1 represents the left-cross movement trajectory, Class-2 represents the right-cross movement 
trajectory, Class-3 represents the right-left movement trajectory, and Class-4 represents the up and 
down movement trajectory. 

 

Figure 11. 3D scatter plot of power, energy and polynomial curve fitting features of the FP2 channel. 

As can be inferred from Figure 11, it can be seen that the features can be clearly distinguished. 
Then, the feature data was classified using RF, SVM and Bagging machine learning algorithms, as in 
the first classification stage. All of the data recorded in the first session (early in the day), scaled using 
the CORAL adaptation method, was used as training data, and all of the data recorded in the second 
session (late in the day) was used as test data. The RF model was constructed using the TreeBagger 
function in the Matlab environment and implemented to include a total of 50 decision trees. This 
number was determined according to typical values suggested in the literature [52,53] and the 
accuracy-stability balance provided in preliminary experiments. Each tree was trained on randomly 
selected feature subsets. Model outputs were evaluated by converting from cellular format to 
numerical form in order to make them suitable for numerical analysis of class labels. The SVM 
algorithm was constructed with a one-vs-one strategy using the fitcecoc function. Hyperparameter 
optimization was performed with the Bayesian optimization algorithm. In this process, 
KernelFunction, KernelScale and BoxConstraint parameters were optimized; the best model was 
determined as a result of 30 iterations of the experiment. The bagging algorithm was implemented 
using the fitcensemble function and a model consisting of 100 decision trees, each with a maximum 
split depth of 15, was constructed in order to reduce the risk of overfitting and increase the 
generalizability of the model. These parameters were determined by examining previous similar 
studies [12,54] and experimental accuracy analyses. All classification processes were carried out over 
10 independent repetitions and the average accuracy rates, ITR, Precision, Recall and F1-Measure 
values obtained are given in Table 2. 
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Table 2. Accuracy, ITR, Precision, Recall and F1-Measure values of the data to which the CORAL adaptation method was applied. 

Classifier Classes Sub-1 Sub -2 Sub -3 Sub -4 Sub -5 Sub -6 Sub -7 Sub -8 Sub -9 Sub -10 Sub -11 Sub -12 Sub -13 Sub -14 Sub -15 Avg. (%) 

RF  

Class 1 82.20 97.60 91.60 93.40 86.80 98.20 76.80 85.20 90.80 93.40 80.40 89.80 93.20 92.40 91.80 89.57 
Class 2 93.80 94.80 96.00 95.80 91.60 99.00 95.20 96.80 95.80 99.80 93.40 95.80 95.40 97.20 95.20 95.70 
Class 3 82.80 96.60 94.60 93.00 96.20 100.0 92.00 91.80 96.40 95.60 92.00 90.80 94.40 91.80 92.60 93.37 
Class 4 98.00 98.00 96.60 96.00 96.20 99.60 94.60 98.80 96.00 97.80 94.60 95.80 95.80 95.60 94.60 96.53 

Acc. 89.20 96.75 94.70 94.55 92.70 99.20 89.65 93.15 94.75 96.65 90.10 93.05 94.70 94.25 93.55 93.80 
ITR 32.33 41.06 38.45 38.20 36.09 45.56 32.68 36.60 38.42 40.76 33.17 36.44 38.42 37.90 37.00 37.54 

Precision 89.45 96.78 94.97 94.76 93.18 99.23 90.10 93.35 94.87 97.01 90.59 93.37 94.90 94.59 93.90 94.07 
Recall 89.20 96.75 94.70 94.55 92.70 99.20 89.65 93.15 94.75 96.65 90.10 93.05 94.70 94.25 93.55 93.80 

F1-Measure 89.32 96.76 94.83 94.65 92.94 99.21 89.87 93.25 94.81 96.83 90.34 93.21 94.80 94.42 93.72 93.93 

SVM 

Class 1 77.20 97.80 86.20 88.20 88.60 98.80 82.60 82.60 88.40 86.20 81.20 87.80 86.80 87.00 88.40 87.18 
Class 2 94.20 92.20 95.20 97.40 86.20 96.40 95.60 98.40 94.60 94.60 93.80 92.00 90.80 96.00 95.00 94.16 
Class 3 81.60 89.40 89.40 84.80 85.20 97.80 81.20 90.40 89.20 91.40 81.00 89.20 90.40 92.40 87.60 88.06 
Class 4 99.40 97.00 100.0 99.80 99.60 98.80 98.40 98.00 98.80 100.0 99.00 99.80 100.0 93.40 98.00 98.66 

Acc. 88.10 94.10 92.70 92.55 89.90 97.95 89.45 92.35 92.75 93.05 88.75 92.20 92.00 92.20 92.25 92.02 
ITR 31.16 37.53 36.05 35.90 33.10 42.77 32.49 35.78 36.06 36.47 32.01 35.41 35.20 35.42 35.48 35.38 

Precision 88.30 94.53 93.01 92.75 91.45 98.01 90.21 92.61 93.18 93.42 89.60 92.70 92.90 96.71 92.96 92.82 
Recall 88.10 94.10 92.70 92.55 89.90 97.95 89.45 92.35 92.75 93.05 88.75 92.20 92.00 92.20 92.25 92.02 

F1-Measure 88.20 94.31 92.85 92.65 90.67 97.98 89.83 92.48 92.96 93.23 89.17 92.45 92.45 94.40 92.60 92.41 

Bagging 

Class 1 82.80 98.00 93.40 92.40 84.80 99.80 77.20 83.00 94.20 92.40 78.00 94.00 93.00 93.00 94.00 90.01 
Class 2 96.60 95.20 98.20 98.20 91.00 100.0 95.60 95.20 98.00 97.60 95.40 97.80 98.20 98.20 97.40 96.84 
Class 3 83.60 97.60 96.80 97.00 94.80 100.0 93.20 86.90 97.40 97.20 95.00 96.40 96.00 96.20 97.00 95.00 
Class 4 94.20 98.00 94.00 94.80 95.00 100.0 94.00 99.90 94.20 94.80 94.00 94.60 94.40 94.00 94.20 95.34 

Acc. 89.30 97.20 95.60 95.60 91.40 99.95 90.00 91.25 95.95 95.50 90.60 95.70 95.40 95.35 95.65 94.29 
ITR 32.46 41.75 39.48 39.52 34.54 49.53 33.06 34.38 39.93 39.35 33.71 39.63 39.23 39.17 39.56 38.35 

Precision 89.67 97.21 95.89 95.85 91.81 99.95 90.39 91.55 96.20 95.77 90.90 95.96 95.67 95.61 95.89 94.55 
Recall 89.30 97.20 95.60 95.60 91.40 99.95 90.00 91.25 95.95 95.50 90.60 95.70 95.40 95.35 95.65 94.29 

F1-Measure 89.48 97.20 95.74 95.72 91.60 99.95 90.19 91.40 96.07 95.63 90.75 95.83 95.53 95.48 95.77 94.42 
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When Table 2 is examined, it is seen that the RF algorithm performs well with an average 
accuracy rate of 93.80%, an ITR value of 37.54 (bits/min) and a precision of 94.07%. The algorithm 
stands out with its 96.53% accuracy rate, especially in Class 4. The SVM algorithm showed a 
performance close to RF, with an average accuracy rate of 92.02%, ITR value of 35.38 (bits/min) and 
precision of 92.82%. While a high accuracy rate of 98.66% was achieved in Class 4, a lower 
performance was achieved compared to other algorithms with an accuracy rate of 87.18% in Class 1. 
The bagging method showed the highest overall performance with an average accuracy 94.29%, ITR 
of 38.35 (bits/min) and precision of 94.55%. The algorithm stands out with accuracy rates of 96.84% 
and 95.00%, especially in Class 2 and Class 3, respectively. Overall, the Bagging algorithm exhibited 
the best performance with high accuracy rate and ITR. While the RF algorithm showed performance 
close to Bagging, SVM fell behind the other two algorithms despite achieving high accuracy rates in 
some classes. The results obtained for this study revealed that the CORAL method is an effective 
domain adaptation method in classifying EOG artefakt signals found in EEG signals. In addition, the 
performance of the Bagging algorithm showed that ensemble learning methods were effective for the 
current study. 

5. Discussion and Future Work 

Studies in the literature have revealed that hybrid BCI systems created with the integrated use 
of EEG and EOG signals offer significant advantages in terms of accuracy and flexibility [9]. SSVEP-
based systems stand out with their high ITR rates; however, it has limiting factors such as user 
comfort, individual differences, and inter-session variability [14,19]. At this point, properly processed 
EOG signals have attracted attention as a low-cost and fast-reacting alternative control interface [12]. 
Domain adaptation methods, especially for eliminating statistical differences between sessions, have 
come to the fore in the literature. In addition, it has been observed that systems developed with a low 
number of channels provide significant advantages to the user in terms of portability, ease of use and 
hardware simplicity [28]. 

In this study, a hybrid BCI system that uses EEG signals and EOG artefacts is proposed to 
overcome the problems of session variability, visual stimulus-induced disturbances, reliability and 
involuntary system activation encountered in traditional EEG-based systems. With the proposed 
system, a structure that is resistant to the physiological and psychological fluctuations of the users 
during the day is aimed; Accordingly, data recordings were carried out in two different sessions, 
morning and evening. All moving objects in the designed interface are presented to the user 
simultaneously, aiming to ensure that the system is suitable for use in real life conditions. The 
designed system has a two-stage classification structure. In the first stage, by extracting the average 
trapezoidal features in the frequency domain, SSVEP activation corresponding to 7Hz LED was 
detected as a safe trigger mechanism. In the second stage, using raw EOG artefacts in EEG signals, 
power, energy, 20th degree polynomial coefficients and time domain features were extracted in order 
to classify four different movement trajectories. Models were trained using bagging, SVM and RF 
algorithms. The second session data was used to test the models. The results revealed that the 
Bagging algorithm achieved the highest success with 99.12% accuracy in the first classification stage 
and the reliability of the ensemble learning approach for the detection of low-frequency visual evoked 
potentials. In the second stage, the data was first classified without applying any adaptation method. 
Then, the classification process was repeated by applying the CORAL adaptation method and the 
results were compared. The bagging algorithm achieved the best performance across sessions, 
reaching an accuracy rate of 94.29% from an average accuracy rate of 81.54%, despite individual 
variations. Basic information about similar studies conducted in the field is given in Table 3. 
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Table 3. Comparison of the current study with previous studies. 

Reference Number of 
Participants 

Device Signal Type Feature 
Extraction 

Classifier/Algorithm Performance 
Metrics 

[25] 10 

8-ch 
custom 

EEG 
amplifier 

EEG (SSVEP) 
+ EOG 

CCA & FBCCA 
for SSVEP; raw 
EOG waveform 

CCA/FBCCA + 
decision fusion 

Acc. 94.75%; 
ITR 108.63 
(bits/min) 

[55] 12 
8-ch EEG 

+ EOG 
electrodes 

EEG (SSVEP) 
+ EOG 

Task-prior 
probability 

(SSVEP); saccade 
detection (EOG) 

Bayesian update of 
target dist. 

Acc. 81.67% 

[56] 10 

8-ch EEG 
+ EOG 
(IIT-

Madras 
setup) 

EEG (SSVEP) 
+ EOG 

Two-stage: Eye 
gestures 

(blinks/winks) for 
group; PSD for 
SSVEP targets 

Threshold detection 
+ CCA 

Acc. 94.16%; 
ITR 70.99 
(bits/min) 

[23] 15 
9-

electrode 
EEG 

EEG (SSVEP) 
+ EOG 

Bandpass 0.1–15 
Hz; diff. features 

(EOG); Filter-
Bank CCA (EEG) 

Multi-threshold 
EOG; CCA/FBCCA 

Cue-based 
Acc. 92.09%; 

ITR 35.98 
(bits/min) 

[12] 22 

9-
electrode 

EEG + 
EOG 

EEG (MI) + 
EOG 

(blinks/brow) 

CSP + adaptive 
thresholds (EEG); 
blink waveform 
features (EOG) 

LDA-based MI 
classifier; threshold 

(EOG) 

5 subjects 
achieved 
>80% MI 

Acc. 

[57] 12 

21-ch EEG 
cap 

(visual 
cortex) 

EEG (SSVEP) 
Bandpass 3–40 

Hz; CCA & MSI 
(no training) 

CCA (with MSI 
comparison) 

Screen: Acc. 
90.7%, ITR 

33.8 
(bits/min), 
Goggles: 

Acc. 98.8%, 
ITR 44.1 

(bits/min). 

[58] 7 1-ch EEG 
(forehead) 

EEG (SSVEP) 
Time-domain 

samples (0.5–2 s 
epochs) 

CNN and LSTM 
(deep learning) 

Acc. 90.0% 

[21] 10 4-ch dry 
EEG 

SSVEP + EOG PSD RF 
Acc. 97.89%; 

ITR 36.75 
(bits/min) 

[24] 5 

4-ch EOG 
+ eye-

tracker + 
force fb. 

EEG (SSVEP) 
+ EOG + 
others 

Threshold 
triggers (EOG 

blinks); eye gaze 
tracking; force 
feedback loop 

Threshold logic + 
manual control Acc. 93.0% 

Our Work 15 4-ch EEG 
EEG(SSVEP) + 
EOG artefact 

PSD for SSVEP; 
energy, power 

and polynomial 
curve fitting for 

EOG 

RF, SVM, Bagging 
Acc. 94.29%, 

ITR 38.35 
(bits/min) 

In the study combining SSVEP and eye movements, researchers [55] reported 81.67% accuracy 
with their proposed approach. This rate is below the accuracy level of the proposed study and can be 
attributed to the fact that the Bayesian update mechanism used is not robust enough to individual 
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differences. In another study, researchers [12] presented a system that provides over 80% accuracy 
by combining MI and EOG, but this system has limitations in practical applications due to both the 
training requirement and low ITR. Compared to these studies, the proposed system combines the 
high ITR advantage of SSVEP with the fast and involuntary responses of EOG and offers an intuitive 
control infrastructure that does not require training. In addition, the double-stage control (SSVEP + 
EOG approval) offered by our system in terms of security eliminates the risk of users issuing 
unintentional commands, increasing the level of reliability for real-world applications. With these 
aspects, the proposed system offers a hybrid BCI approach that prioritizes both user comfort and 
technical accuracy, and is relatively more balanced, safe and applicable compared to existing studies 
in the literature. 

Again, when Table 3 is examined, it is seen that high accuracy rates and ITR values are obtained 
in the developed systems [23,25]. However, these systems require complex processing steps due to 
the high number of channels and are not sufficient in terms of comfort. In the proposed study, a 
similar accuracy rate (94.29%) was achieved by using only 4 channels (FP1, F7, F8, FP2), and a speed 
sufficient for practical applications was achieved with an ITR of 38.35 (bits/min). Another notable 
example is the 21-channel EEG-based system developed by researchers [57], which achieved 98.8% 
accuracy and 44.1 (bits/min) ITR. However, the equipment that such systems must carry is quite 
complex and costly. In this context, obtaining high accuracy and sufficient ITR with only 4 channels 
and minimal hardware in the proposed study is an important advantage in terms of hardware cost 
and user ergonomics. 

In our study, we aimed to increase the adaptability and generalizability of the hybrid BCI system 
previously presented by researchers [21] to real-world applications. Proposed BCI system stands out 
with its resilience to performance losses that occur between sessions. In order to test the stability of 
the proposed system in real-world usage conditions, data were collected in two separate sessions, 
morning and evening, and the CORAL-based domain adaptation method was applied to reduce the 
distribution differences between sessions. Thus, the distribution differences that occurred between 
sessions were statistically balanced and the need for recalibration of the system was eliminated. In 
this context, an approach closer to real-world applications is presented by evaluating the time-
varying cognitive and physiological states of system users. In addition, by increasing the number of 
participants, it was shown that the developed system can exhibit similar performance on different 
individuals, which significantly strengthened the generalizability of the system. When the participant 
diversity was evaluated together with the consistent results obtained despite biological and cognitive 
variations, it was revealed that the system is applicable not only for certain individuals but also for 
wider user groups. In addition, by showing all moving object trajectories to the user on a single screen 
during the data recording phase, it was aimed to integrate the system more easily into daily life. This 
holistic stimulus presentation both increased user ergonomics and simplified the system installation 
process, providing suitability for practical applications. Another particularly striking point is that, 
while the same number of channels (4) were used in the classification process; the system was tested 
by using fewer features (4) and recording less data. This situation is advantageous especially for low-
resource portable systems and made the system applicable even under hardware limitations. 

Despite the promising results of the designed system, there are some limitations to the study. 
For example, in the designed system, the electrode positions were positioned to be exactly the same 
in both sessions in order to minimize the distribution differences between sessions during the data 
recording phase. To eliminate the impedance difference, the electrodes were wetted with salt water 
in each session. Additionally, the system provides inter-session stability for a single user. Existing 
trained models provided high accuracy and ITR rate for the same person. However, the model 
trained for one user was not examined in the study given by the other user. Additionally, if there is 
deviation in electrode positions, system performance may be negatively affected. Another problem 
is that the system has not been tested in real time. The system, which is intended to provide maximum 
suitability for real-time applications, must be tested in real time. The problem observed during the 
data recording phase is that the Emotiv Flex EEG headset used creates a feeling of pain in the users 
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due to pressure in the following minutes. Additionally, the device cannot be adjusted according to 
head size. In the study that aimed to highlight the concept of comfort, it was seen that the EEG headset 
caused problems, especially for people with large head sizes. In the study, 3 different machine 
learning algorithms were used in the classification stage and the results were compared. However, 
testing the study with deep learning methods can increase system performance. Moreover, although 
studies have suggested that movement trajectories are intuitive and comfortable, more studies are 
needed to evaluate the cognitive workload and fatigue caused by these tasks. Thanks to the 
improvements identified and proposed solutions, the designed hybrid BCI system has the potential 
to turn into a more comfortable, real-life and comfortable system. 

5. Conclusions 

In this study, in order to overcome the basic limitations of EEG-based systems in user comfort, 
intersession instability, reliability and system activation, a two-stage hybrid BCI system in which 
SSVEP and EOG signals are used sequentially and both time and frequency domain attributes is 
proposed. In the system, the user can safely activate the system with a single low-frequency (7Hz) 
LED stimulus; Then, four-way object tracking was performed using eye movements obtained from 
EOG signals. This structure provides both a security layer that prevents involuntary commands and 
the opportunity to interact with low cognitive load. The data was collected in two separate sessions 
and the stability of the system was tested at the inter-session level. The CORAL method applied 
within the scope of domain adaptation reduced the statistical differences between sessions and 
enabled the system to operate without the need for recalibration. In the first classification stage of the 
study, the signals were filtered in the range of 1–15Hz, and then proportional trapezoidal features 
were extracted by performing PSD analysis. Feature data was classified by Bagging, SVM and RF 
algorithms and accuracy rates of 99.12%, 98.63% and 98.67% were obtained, respectively. In the 
second classification stage, power, energy and curve fitting (20th degree) features were extracted 
from the data of movement trajectories. The extracted features were classified with RF, Bagging and 
SVM algorithms and average accuracy rates of 79.87%, 81.54% and 76.31% were obtained, 
respectively. The classification process was then repeated by applying the CORAL method to the 
data. An average accuracy rate of 93.80%, 37.54 (bits/min) ITR value and 94.07% precision was 
obtained for the RF algorithm, and an average accuracy rate of 92.02%, 35.38 (bits/min) ITR value and 
92.82% precision was obtained for the SVM algorithm. The bagging algorithm showed the highest 
performance with 94.29% accuracy, 38.35 (bits/min) ITR, 94.55% precision and 94.42% F1-Measure. 
Bagging algorithm with CORAL domain adaptation method achieved the best performance between 
sessions, reaching an accuracy rate of 94.29% from an average accuracy rate of 81.54%, despite 
individual variations. In addition, the comfort-oriented selection of visual stimuli used in the system 
and the establishment of a careful movement-based structure during the direction determination 
phase have provided an effective solution for problems such as visual fatigue and epilepsy risk. 
Although user experience remains in the background in traditional systems, the proposed system 
offers a holistic approach that prioritizes both technical success and user ergonomics. As a result, the 
proposed hybrid BCI system with low channel count, inter-session stability, security structure that 
prevents unintentional commands and relatively high classification performance; It is promising in 
the transition from the laboratory environment to real-world applications. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

Acc Accuracy 
Avg Average 
Bagging Bootstrap Aggregating 
BCI Brain-Computer Interface 
CCA Canonical Correlation Analysis 
CORAL Correlation Alignment 
EEG Electroencephalography 
EOG Electrooculography 
FBCCA Filter-Bank Canonical Correlation Analysis 
ITR Information Transfer Rate 
LDA Linear Discriminant Analysis 
LED Light Emitting Diodes 
MI Motor Imagery 
PSD Power Spectral Density 
RF Random Forest 
SSVEP Steady-State Visual Evoked Potential 
Sub Subject 
SVM Support Vector Machine 
VEP Visual Evoked Potentials 
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