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Abstract

Electroencephalogram (EEG) signals in the field of Brain—Computer Interfaces (BCI) are increasingly being explored for
research purposes, intelligent device control, behavior recognition, and supporting users in contactless interactions. To
address the demands of BCI applications, this study proposes an eye-blink signal acquisition device based on EEG signals
with key characteristics including compact size, low cost, and high accuracy. In parallel, a deep learning model based on a
one-dimensional Convolutional Neural Network (ID-CNN) integrated with the proposed CBA-FusionNet architecture
combining a Convolutional Neural Network (CNN), a Bidirectional Long Short-Term Memory (BiLSTM) network, and an
Attention mechanism is developed to maximize the classification performance of eye-blink signals corresponding to four
specific behaviors: left-eye blink (L), right-eye blink (R), simultaneous blinking of both eyes (B), and the neutral state (N).
Specifically, the designed two-channel hardware platform demonstrates comfortable wearability and stable continuous
operation under practical conditions, reliably capturing blink signals that exhibit characteristic sharp peaks. The acquired
bio-signals were formulated into a dedicated dataset across the four eye-movement classes (L, R, B, and N) to validate the end-
to-end processing pipeline. Experimental evaluations demonstrate that the system achieves an average classification accuracy
0f 96% during training and maintains 90.5% in real-world testing environments. By integrating the signal acquisition hardware
with CNN-based signal processing software, the proposed system forms a complete framework with potential applications in

contactless control interfaces and user-assistive devices.
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1. Introduction

Today, neuroscience is a field attracting significant
interest due to its complexity and applications related to
life as well as smart devices [1]. Therefore,
electroencephalogram  (EEG) is the primary
technological tool used to capture signals for analyzing
brain electrical activity in a non-invasive manner, by
attaching electrodes to the scalp [2]. This approach
allows the system to record signals emitted by the
cerebral cortex during human processes such as
thinking, emotions, movement, or responses to the
environment. Furthermore, EEG is applied in the
diagnosis and detection of abnormal brain conditions
[3]. EEG not only plays a crucial role in diagnosing
neurological disorders but also serves as the foundation
for modern Brain—Computer Interface (BCI) research
[4]. This represents an advanced approach that enables
humans to interact with external devices using only brain
signals, particularly benefiting individuals who have lost
motor abilities but retain cognitive function.

EEG signals record the bioelectrical activity of the
brain and are widely used because of their non-invasive
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nature, relatively low cost, and ability to capture brain
activity in real time. However, EEG signals are highly
susceptible to noise from low-frequency power sources
and physiological activities of the body. Among these,
eye movements and eye blinks generate characteristic
electrical signals that often appear as artifacts in EEG
recordings, particularly in the frontal region. EEG
signals can also be used to evaluate eye activity for
disease detection or device control, such as controlling
electric wheelchairs [5]. Although traditionally treated
as noise and removed during signal processing, recent
studies indicate that eye blink signals contain distinctive
information that can be utilized for behavior recognition
and device control, especially through features such as
low-frequency oscillations and sharp artifacts associated
with eyelid movements [6, 7].

BCI systems commonly utilize EEG signals to
translate brain activity or related physiological
responses into control commands for external devices.
In BCI applications, EEG can encode cognitive states,
control intentions, or evoke responses such as P300 and
Steady-State Visually Evoked Potential (SSVEP),
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enabling users to interact with computers, robots, or
smart environments [8]. EEG-based BCI has been
widely applied in assistive technologies for people with
disabilities, as well as in smart homes, rehabilitation, and
entertainment systems [9, 10]. Current research also
focuses on developing low-cost and wearable EEG-BCI
systems with efficient signal processing methods,
making practical non-contact interaction and real-world
applications more accessible [11].

The development of deep learning has strongly
promoted the application of Convolutional Neural
Network (CNN) models and deep architectures in EEG
signal analysis for BCI [12]. Specifically, CNN models
have the ability to automatically extract spatio-temporal
features from raw EEG signals or transformed EEG
signals. Specifically, the results of the CNN model have
improved classification accuracy for all subjects by
2.37% to 28.28%. It is evident that the classification
performance is superior compared to traditional machine
learning methods based on manual feature extraction for
certain tasks such as motor imagery or cognitive state
recognition. In many recent studies, there is a trend of
shifting from classical methods to CNN architectures,
CNN - Long Short - Term Memory (LSTM), and other
deep learning variants to leverage the sequential
structure and complex nonlinearity of EEG signals in
modern BCI systems [13, 14].

A recent advanced research direction employs a
One-Dimensional CNN (1D-CNN) model integrated
within a hybrid Convolutional Block Attention
(CBA)-FusionNet architecture, combining CNN,
Bidirectional LSTM (BiLSTM), and Attention
mechanisms to maximize EEG signal classification
performance [15]. Specifically, hybrid models are used
for recognizing or classifying eye blink signals
according to specific behaviors. In similar hybrid
models, 1D-CNN handles local temporal feature
extraction, BILSTM captures bidirectional long-term
dependencies in EEG sequences, while Attention
highlights the most critical signal segments for the
classification task. With this model, accuracy and
generalization capability are significantly improved
[16]. Recent works on eye blink and blink-related EEG
classification  demonstrate  that CNN/BiLSTM/
Attention-based approaches can reliably distinguish
states such as no blink, single blink, consecutive blinks,
or intentional blinks, thereby suitable for encoding
multiple control commands in BCI [17].

When combining EEG acquisition hardware such as
wearable EEG devices with minimal electrode setups;
CNN-based processing and classification software; and
related deep learning architectures, a complete system
can be built for non-contact control interfaces and user
support devices [18]. Specifically, reviews of wearable
BCI devices indicate a trend toward tight integration
between signal acquisition hardware, real-time
processing pipelines, and deep learning modules on edge
devices or the cloud, enabling BCI deployment in
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everyday life contexts. Thanks to the scalability of both
hardware and deep learning models, EEG-CNN systems
can be customized for various applications [19]. Thus,
with this model type, several assistive systems for the
disabled and next-generation human-machine interfaces
can be created [20].

Thus, building a classification model for eye blink
signals according to specific behaviors-including left
eye blink (increased amplitude in the right channel),
right eye blink (increased amplitude in the left channel),
simultaneous blink of both eyes (bilateral symmetry),
and no-blink state (low baseline)-is entirely feasible. The
use of combined techniques such as Continuous Wavelet
Transform (CWT), 1D-CNN, or hybrid CNN-RNN to
achieve high accuracy (above 90%) in multi-class BCI
applications is entirely feasible [21, 22]. Specifically,
some authors have developed three machine learning
models such as XGBoost, Support Vector Machine
(SVM), and Neural Network using EEG eye blink
signals and achieved a maximum accuracy of §9.0%,
while the You Only Look Once (YOLO) model achieved
an accuracy of 95.39% [23]. The key issue is that
designing hardware combined with intelligent
techniques for low-cost EEG signal acquisition and
processing is highly meaningful.

Therefore, this study proposes the design and
development of an EEG-based blink detection device
using a two-channel configuration with five electrodes
positioned on the frontal region. This configuration is
suitable for mobile systems and is capable of achieving
blink detection accuracy of approximately 96%,
comparable to more complex multi-channel EEG/
Electrooculography (EOG) systems [24]. The device is
designed to acquire and record characteristic blink-
related EEG features, including high-amplitude peaks
appearing in the frontal region with durations of
approximately 200400 ms. In addition, the system
supports real-time storage of blink EEG data via SD card
or USB for further analysis and future applications [25].

2. Proposed Method

2.1. Electroencephalogram Signal Acquisition Circuit
Design

The hardware for acquiring, amplifying, and filtering
the eye-blink signal is presented in Fig. 1, which
illustrates the block diagram of the bio-signal acquisition
circuit. The signal is collected from electrodes attached
to the body, and the entire system is powered by a power
module. The circuit consists of two independent
measurement channels (Channel 1 and Channel 2). In
each channel, the differential signal is first amplified by
a differential amplifier to enhance the useful signal and
suppress common-mode noise. The signal then passes
through filtering and amplification stages to improve its
quality before being delivered to the corresponding
output.
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Fig. 1. The EEG acquisition circuit for eye blink activity
consisting of 2 channels and 5 electrodes

The diagram also integrates a Driven Right Leg
(DRL) circuit to improve measurement quality. This
circuit extracts the common-mode noise from the
amplifier inputs, inverts it, and feeds it back to the body.
This negative feedback mechanism stabilizes the
reference potential, reduces 50/60 Hz power-line
interference, improves the common-mode rejection ratio
(CMRR), and prevents amplifier saturation. As a result,
the output bio-signal achieves higher accuracy and
reliability, meeting the requirements of systems such as
Electrocardiogram (ECG), EEG, or Electromyography
(EMG).

2.1.1. Electrodes for electroencephalogram signal
acquisition

The electrodes used are from the Emotiv
EPOC+ system (see Fig. 2). They are circular
disc-shaped electrodes with a concave center

(cup electrodes). The gold-colored disc is gold-plated to
enhance conductivity and reduce noise, while the silver
wire is insulated with a plastic coating and long enough
to connect from the scalp to the EEG recording device.
These electrodes are suitable for brain activity research,
neurological diagnosis, and BCI applications due to their
high accuracy and reliability. After measurements, they
should be cleaned with antiseptic alcohol to prevent
oxidation. The concave center design allows conductive
gel to be added when necessary to improve signal
quality.

Fig. 2. Electrodes for EEG signal acquisition

2.1.2. Differential amplifier block

The measurement amplifier comprises a buffer
amplifier, a differential amplifier, and a power amplifier,
thereby significantly boosting the overall gain while
effectively suppressing common-mode noise through a
high CMRR. Fig. 3 illustrates the INAI28
instrumentation amplifier, whose gain can be easily
adjusted by changing the value of an external resistor.
By modifying the gain, the amplification level of the
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input EEG signal can be adjusted, making it easier to
observe and analyze.
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Fig. 3. INA128 schematic diagram

The gain of the INA128 is calculated using the
following formula:

50k

By selecting G = 12, the circuit amplifies the input
signal 12 times before passing it to the subsequent
stages. From (1), it can be derived that
R; is equal approximatly 4,55kf2. Here, two 2.2 kQ
resistors connected in series are selected for Rg.

In practice, the output voltage of the amplifier is
calculated using the following formula:

@)

where Ac, is the common-mode gain, and the CMRR
(dB) value is calculated using the following formula:

G)

Vo= (Vies - Vir)G + Aem (Vs - Vi)

_ G
CMRR = 10logiof——)

With a gain of 12 and an operating frequency around
100 Hz, the CMRR is approximately 105 dB.
Substituting this value into (3), the common-mode gain
Acm 1s obtained at about 8.5. Therefore, according to (2),
the expected actual output voltage of the INA128 is
approximately ¥, = 33 mV. To minimize the influence
of common-mode noise, achieving a high CMRR is
essential.

2.1.3. Sallen — key filter

Two low-pass and high-pass filters are designed
using the second-order Sallen—Key topology, as the
Sallen—Key filter is well suited for biomedical electronic
circuits. Fig. 4 shows the Sallen—Key low-pass filter,
with the formulas for calculating the gain K and the
cutoff frequency f, given as follows:

K=1+2 (4)
R3

f=——— 5

¢ 2T R1R2C1C2 ( )

K is chosen as 1 because the circuit does not provide
amplification. Therefore, resistors R; and R, are
omitted. In this study, a band-pass filter with a frequency
range of 0.4-106 Hz is required; hence, the cutoff
frequency of the Sallen—Key low-pass filter is set to
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Fig. 4. Sallen—Key low-pass filter circuit

Fig. 5. Sallen—Key high-pass filter circuit

Fig. 5 illustrates the Sallen—Key high-pass filter. In
this case, the cutoff frequency of the Sallen—Key
high-pass filter is set to 0.4 Hz. Based on (5), the selected
values are Ry = R, =3.9MQ and C; = C, = 0.1 uF.
Resistors R; and R, are also omitted.

2.1.4. Main amplifier circuit

After passing through the differential amplifier and
the filters, the input signal needs to be further amplified,
as it may have been attenuated. Fig. 6 illustrates the main
amplifier circuit, with the gain calculated as follows:

R
Ga=72+1 (6)

Caslpail

2

Fig. 6. Main amplifier circuit schematic

The main amplifier provides an approximate gain of
22 times. From (6), with Ry, = 100 kQ, it follows that
Ry, = 4.7 kQ.

In addition, after passing through the Sallen—-Key
band-pass filter, the signal is further amplified by
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approximately 11 times before entering the notch filter.
The gain is calculated similarly to that of the main
amplifier, and the selected components are shown in
Fig. 7.

GAN TN

Fig. 7. Final-stage amplifier circuit schematic

2.1.5. Notch filter

The notch filter circuit shown in Fig. 8 is used to
eliminate interference at a specific frequency, typically
50 Hz or 60 Hz from the power line. This filter helps
reduce power-line noise, thereby improving the clarity
and accuracy of the EEG signal. The notch frequency
and the gain of the notch filter are calculated using the
following formulas:

= 7
fer 4mRyCo (7
R
K=1+-2 ®)
o >
11 1 N
" " il

Fig. 8. Notch filter

Since the filter does not provide amplification, Rgq
and Ry, are not required. Because the power-line
frequency is 50 Hz, the notch (rejection) frequency of
the band-stop filter is set to f;,, = 50Hz. From (7), the
selected values are Ry = 68 kQl and Cy = 47 nF.

2.1.6. Driven right leg circuit

The Driven Right Leg (DRL) circuit is very
important in biomedical signal recording systems,
especially in EEG, because it helps reduce the
common-mode voltage between the subject’s body and
the amplifier circuit [26, 27]. By bringing the body to the
same reference potential as the amplifier, the DRL
improves noise rejection capability, enhances the quality
of the acquired signal, and minimizes the effects of
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leakage currents or interference from external sources.

ca RA

Fig. 9. Schematic of the DRL circuit

Fig. 9 shows the schematic of a DRL circuit
commonly used in biomedical signal measurement
systems such as EEG or ECG. The purpose of the DRL
circuit is to reduce common-mode noise and improve
signal quality. When the body is exposed to
environmental interference (e.g., 50 Hz or 60 Hz
power-line noise), these signals are sensed at both inputs
of the biomedical acquisition system. The DRL circuit

amplifies the common-mode noise and feeds an inverted
signal back to the body through the DRL electrode,
thereby reducing the common-mode components in the
measured signal. The DRL circuit plays a crucial role in
minimizing electrical interference and improving data
reliability during biomedical signal recording. As shown
in Fig. 9, the DRL circuit is designed with a gain of
21 and operates mainly in the frequency range below
70 Hz, making it suitable for suppressing high-frequency
noise without affecting important biological signals.

2.1.7. Schematic diagram

Fig. 10 illustrates an EEG acquisition and processing
system consisting of two independent channels

(CHI1 and CH2). Each channel includes a differential
amplifier, band-pass filter, additional gain stage, and a
Notch filter to ensure a clean and clear signal. The
low-amplitude EEG signal is fed through J3 (CH1) and
J4 (CH2), passes through a protection circuit against
overvoltage and high-frequency noise, and is then
amplified by the INA128 with a gain set by RG.

e

AMPLIFIER CIRCUIT

iAs

10
h
9

s

y
. -+
et 5
o i =
e J
™ "oy

Fig. 10. EEG signal acquisition circuit with two channels
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The signal is AC-coupled to remove the DC
component and then passed through a band-pass filter
(0.4-106 Hz) to retain the EEG frequency range of
interest. It is further amplified 11 times and processed by
a 50 Hz Notch filter to eliminate power-line interference.
Channel CHI1 integrates a DRL circuit to suppress
common-mode noise and stabilize body potential, while
CH2 shares the same DRL electrode. Finally, the
processed signals are output through OUT1 and OUT2
for transmission to a computer for analysis.

2.2. Classification Model of Electroencephalogram
Signals for Eye-Blink Activity

This study develops a 1D-CNN model to predict four
eye movements: left blink (L — Left), right blink
(R — Right), both-eye blink (B — Both), and no blink
(N — Neutral). Fig. 11 illustrates the blink signal
classification model in detail. During the training phase,
data are collected from the designed signal acquisition
circuit, then labeled, standardized, and preprocessed
before being used for model training.

Data
Calocion

Training Process

Arguing Nano
reads siand

Sigrad Acquisiton
Circat

Laplop

Fredcton Modal

Display
pradiction result

Classification Process

Fig. 11. Signal classification system block diagram

2.2.1. Data collection

The dataset used for training was self-collected using
a low-cost two-channel EEG signal acquisition device
designed by the research team. The dataset consists of
1000 signal samples corresponding to four eye
movements: L, R, B, and N, with each movement
containing 250 samples. Data were recorded at a
sampling frequency of 128 Hz through multiple
acquisition protocols, each lasting 65 seconds, as
illustrated in Fig. 12. To evaluate the effectiveness of the
proposed EEG device, four participants (2 males and
2 females aged between 20 and 22) were recruited for
the experiments. Before the data collection process, all
participants were fully informed about the experimental
stages and procedures.

The dataset contains 1280 columns, where the first
640 columns correspond to samples from Channel 1, and
the next 640 columns correspond to Channel 2. The
dataset is divided into two subsets: 80% for training and
20% for testing as in Table 1.
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Fig. 12. Data collection process

Table 1. Sample distribution in the dataset
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Activity Training set Test set
Left blink (L) 200 50
Right blink (R) 200 50
Double blink (B) 200 50
Neutral (N) 200 50
Total 800 200

2.2.2. Classification model

The training model is designed to classify blink
signals acquired from two channels, each with a length
of 640 samples. The objective is to identify four different
input signal states: L, R, B, and N. The data are
normalized, enhanced through feature processing, and
fed into a hybrid CBA-FusionNet model that integrates
CNN, BILSTM, and an Attention mechanism to
maximize classification performance.

The model follows a dual-input architecture. One
branch processes the raw signals through Conv1D layers
to extract temporal features, followed by a BiLSTM
layer and a custom Attention mechanism to capture
bidirectional dependencies and emphasize the most
informative signal segments. The other branch processes
high-level statistical features extracted from both
channels, using a Dense layer for feature learning and
dimensionality reduction. The outputs of the two
branches are then concatenated and fed into a final
Dense layer with a softmax activation function to
produce four-class classification results.

This architecture combines 1D-CNN, BiLSTM, and
an Attention mechanism to automatically extract
features from blink signals (Fig. 13). Three consecutive
1D-CNN blocks with increasing filters (64, 128, 256),
along with Batch Normalization, LeakyReLU,
MaxPooling1D, and Dropout, are used to capture local
temporal features and stabilize training. The extracted
features are then processed by a bidirectional BILSTM
(64 hidden units per direction) to learn temporal
dependencies, followed by a custom Attention layer that
emphasizes important time intervals and generates a
final 128-dimensional feature vector for the first branch.
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Fig. 13. First-branch network model for raw signal
processing

In the second branch (Fig. 14), a Dense layer
combined with Dropout is used to learn from manually
extracted statistical features of the blink signals. The
input is a (batch_size, 49) feature vector containing
metrics such as mean, standard deviation, energy, FFT,
ZCR, and inter-channel correlation. This input is passed
through a 64-unit Dense layer with ReLU activation to
model nonlinear relationships, followed by a Dropout
layer (rate is 0.3) to reduce overfitting. The branch
outputs a feature vector of size (batch_size, 64).

Dense layer
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Dense layer

Densa = 64
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Activation="relu’

Dropout=0.3
Fig. 14. Second-branch network model for feature
processing

The outputs of the two branches are concatenated
into a (batch_size, 192) vector, then passed through a
64-unit Dense layer with ReLU, followed by Dropout
(0.3) to reduce overfitting (Fig. 15). A final Dense layer
with 4 neurons and softmax activation produces a
(batch_size, 4) output representing the probabilities of
the four classes: L, R, B, and N.
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Fig. 15. Combined dual-branch network model

The model also applies EarlyStopping to prevent
overfitting by halting training when performance no
longer improves, and L2 regularization in Conv1D and
Dense layers to control weight values, smooth the
model, and enhance generalization.

3. Result and Discussion
3.1. Hardware Implementation Results

The EEG acquisition and processing circuit has a
size of 4cm x 4 cm, as shown in Fig. 16. Specifically,
the first circuit includes three electrodes: a signal
acquisition electrode, a reference electrode, and a DRL
electrode. The second circuit uses only two electrodes:
one signal acquisition electrode and one reference
electrode, while the DRL electrode is shared by both
circuits according to the previously presented design.

dada ddaa

Fig. 16. Front and back of circuit

As shown in Fig. 17, to acquire left-eye blink signals,
the first circuit uses three electrodes: Fpl (IN1) placed
above the left eyebrow, Al (IN2) placed on the left ear,
and a shared DRL electrode attached to either leg.
Similarly, for right-eye signal acquisition, the second
circuit uses Fp2 (IN1) above the right eyebrow and A2
(IN2) on the right ear, with the same DRL electrode
shared and attached to either leg.

IN2+ IN1+
= » IN1+: Left / right eye
E< * IN1-: Left / right ear
N
« IN2+: Ri I

IN2- W IN1- N2+: Right / left eye
\ + IN2-; Right / left ear

* DRL: Right / I
DRL —s DRL: Right / left leg

Fig. 17. Electrodes placement diagram

Cocling skots
Fower smitch Blectrode port
Adrino cable
Jack charge

Fig. 18. Side views of the device enclosure
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Fig. 19. Illustration of the device placement on the arm
and the electrode-integrated headband

The assembled acquisition device includes a voltage
divider circuit, battery, and Arduino integrated into a
3D-printed enclosure, as shown in Fig. 18. Fig. 19
illustrates the placement of the EEG acquisition device
on the user’s arm. The device is secured using two
adjustable elastic straps, ensuring stability during data
collection while maintaining user comfort and
preventing unwanted movement. Fig. 18 also shows the
headband with integrated electrodes. Gold-plated
Emotiv EPOC+ electrodes are used to ensure good
contact and high signal quality. The elastic headband is
designed to fit various head sizes while firmly securing
the electrodes during operation.

3.2. Electroencephalogram Signal Acquisition and
Processing Results

Blink signals typically have larger amplitudes than
other EEG signals due to the strong electrical potentials
generated by eye muscle activity. They often appear as
sharp peaks or spike-like waveforms. The following
figure shows the raw, unprocessed signal, including
noise components and original characteristics, as
acquired and visualized in MATLAB.

Raw frequency spectrum
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Fig. 20. Frequency spectrum of the signal before and
after 50 Hz filtering

Fig. 20 shows the EEG frequency spectrum before
and after applying a 50 Hz Notch filter. In the original
spectrum (top), most signal energy is concentrated
below 10 Hz, corresponding to important physiological

110

bands such as Delta, Theta, and Alpha. However, a clear
interference peak appears around 50 Hz due to
power-line noise.

After applying the 50 Hz Notch filter (bottom), this
interference component is effectively removed, as
indicated by the disappearance of the 50 Hz peak. The
low-frequency EEG components remain largely
preserved, demonstrating that the filter suppresses noise
without distorting the main signal. Removing the 50 Hz
interference improves the accuracy of EEG processing
tasks such as blink detection and brain state
classification.

Fig. 21 shows the 10-second blink signal recorded
without using the DRL electrode. The signal contains
significant background noise, with dense small
oscillations across the waveform. Blink events are
hardly distinguishable, and noise amplitudes exceed
400 mV, indicating strong power-line and external
interference. Without the DRL electrode, the system’s
ability to suppress common-mode noise is greatly
reduced. Since DRL stabilizes the reference voltage and
minimizes environmental interference, its absence
significantly degrades signal quality, making subsequent
processing and classification more difficult.

Blink signal without the DRI

ude |

Fig. 21. Blink signal without the DRL

Signal of left eye blink Signal of right aye blink

Double eye blink signal Relaxation signal of both eyes

Fig. 22. Acquired signals of left blink, right blink, both-
eye blink, and no-blink states
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Fig. 22 shows that the EEG signal becomes
significantly clearer when the DRL electrode is used
compared to when it is not. The blink signal amplitude
remains distinct, while background noise is substantially
reduced, making it easier to differentiate between the
actual signal and noise. This highlights the important
role of the DRL electrode in suppressing common-mode
noise, particularly 50 Hz power-line interference and
unwanted physiological noise.

3.3. Comparison with Other Electroencephalogram
Devices

The objective is to evaluate the signal quality of the
proposed Eye-Blink EEG (EB-EEG) system by
comparing it with signals acquired from the Emotiv
EPOC+, thereby assessing its accuracy and practical
suitability. For comparison, both signals are processed
using a 4th-order Butterworth low-pass filter (cutoff at 4
Hz) to remove high-frequency noise, then normalized
(mean removal) and amplitude-scaled for visual
consistency. Time-lag alignment is applied to
synchronize peak positions, and Signal-to-Noise Ratio
(SNR) is calculated to quantify noise levels.

As shown in Fig. 23, the EB-EEG (blue) and Emotiv
EPOC+ (red) signals exhibit strong synchronization at
the blink peak. Although their amplitudes differ
significantly (approximately 440 pV for Emotiv and
approximately 440 mV for EB-EEG) due to different
gain configurations, the post-peak waveform shapes are
highly similar, indicating accurate physiological signal
acquisition by the proposed system. Background
oscillations remain low in both cases, demonstrating
effective noise suppression. Overall, the EB-EEG
system reliably detects left blink events with clear signal
characteristics and minimal interference.

Left blink signal
500 T T

EB-EEG
Emotiv EPOC+

400 [
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Fig. 23. Left blink signal of the EB-EEG compared with
the left blink signal of the Emotiv EPOC+

As shown in Fig. 24, the blink peak (~380 uV) is
accurately detected and well aligned in time between the
two systems. However, the Emotiv EPOC+ signal
exhibits more low-frequency background oscillations,
particularly in the 0-5 s and 6-9 s intervals. In contrast,
the EB-EEG signal shows lower baseline amplitude and
fewer fluctuations, indicating stronger noise

suppression, though potentially at the cost of attenuating
low-amplitude background brain waves.
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Fig. 24. Right blink signal of the EB-EEG compared
with the left blink signal of the Emotiv EPOC+

Table 2 presents the quantitative SNR comparison
between the EB-EEG device and Emotiv EPOC+. The
average SNR of EB-EEG is slightly higher than that of
Emotiv EPOC+ (+0.06 dB) [28], indicating good noise
filtering capability. However, some samples show large
variations across measurements, reflecting the influence
of electrode placement or external noise.

Table 2. Quantitative Evaluation Statistics between the
EB-EEG Device and Emotiv EPOC+

Metric EB - EEG Emotiv
EPOC+

Average SNR 9.59 dB 9.53dB
Highest SNR 10.33 dB 10.46 dB
Lowest SNR 8.95 dB 7.96 dB

Fig. 25 illustrates the SNR values across samples,
where the horizontal axis represents the sample index
and the vertical axis shows the SNR. The results indicate
that both devices achieve SNR values in the range of
9-10.5 dB. However, EB-EEG demonstrates greater
stability with smaller fluctuations across samples,
whereas Emotiv EPOC+ exhibits larger variations, with
some samples dropping to nearly 8 dB.

- SNR comparison between EB - EEG and Emotly

= FNET G
— 4 Eratye

Sampie

Fig. 25. SNR Comparison between EB-EEG and Emotiv
EPOC+
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EB-EEG demonstrates relatively good EEG
acquisition performance, with a high and stable average
SNR. However, its sensitivity in detecting all blink events
is lower compared to Emotiv EPOC+. Therefore, EB-EEG
is more suitable for applications requiring clear and strong
signal detection (such as device control via intentional
blinks), whereas Emotiv EPOC+ is better suited for tasks
demanding higher sensitivity, such as mental state analysis
or emotion recognition.

(b)
Fig. 26. Comparison of blink signals: (a) EEG signal
acquired using the Neurosky Mindwave device, sampling
rate 512 Hz, bandpass filtered from 0.5-100 Hz; (b) EEG
signal acquired from the EB-EEG device, sampling rate
128 Hz, digitally bandpass filtered from 0.4—106 Hz

100 s
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(b)
Fig. 27. Comparison of single-blink signals:
(a) A single-blink signal used for machine learning
training in the HMI system, acquired by the Neurosky
Mindwave device; (b) A single-blink signal acquired from
the EB-EEG device
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From Fig. 26, both the Neurosky Mindwave [29, 30]
and the EB-EEG devices capture characteristic blink
patterns such as short, long, and double blinks. However,
although the EB-EEG signal shows relatively clear
amplitudes, it contains more background noise
compared to the Neurosky device, likely due to the more
optimized filtering and noise-reduction system of the
commercial device.

Fig. 27 shows that the single-blink waveform of the
EB-EEG is relatively similar to the reference signal from
the Neurosky Mindwave [31]. The peak and the return
to baseline are clearly observed, demonstrating that the
EB-EEG can reliably capture blink characteristics,
although the signal appears slightly rougher.

3.4. Results of Electroencephalogram Signal
Classification for Blink Activities

After developing and training the deep learning
model for blink signal classification, the system
achieved promising results on the test dataset. The
CBA-FusionNet model combines 1D-CNN for feature
extraction, BILSTM  for capturing temporal
dependencies, and an Attention mechanism to
emphasize important signal segments. Additionally, two
auxiliary branches process statistical and inter-channel
features to enhance generalization capability. The model
was trained using the configuration parameters shown in
Table 3.

Table 3. Model training parameters

Parameters Value
Total epochs 100
Batch size 32
Optimizer Adam
Loss function Local Loss

Callback EarlyStopping (patience=10),

ReduceLROnPlateau

The results indicate that the model performs very
well in recognizing blink gestures from EEG signals,
achieving an accuracy of 0.96, with Precision, Recall,
and F1-score all ranging from 0.95 to 0.97 across the
four classes, as detailed in Table 4. This suggests that the
model not only classifies most samples correctly but also
maintains a strong balance between correct detection
and class discrimination. In particular, class R achieves
the highest recall, showing that the model identifies this
signal especially well, while class N has slightly lower
precision, indicating that some samples are still being
misclassified into this class. Overall, the results are
highly promising and demonstrate stable gesture
recognition with strong potential for EEG-based control
applications.
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Table 4. Training results

Class Precision Recall F1-score
L 0.98 0.94 0.96
R 0.96 0.98 0.97
B 0.96 0.96 0.96
N 0.94 0.96 0.95

In Fig. 28, both training and validation accuracy
increase rapidly during the first 15 epochs and stabilize
around 96-98%, indicating effective learning without
overfitting. Meanwhile, the training and validation loss
decrease sharply within the first 10 epochs and gradually
converge to a low value (approximately 0.05),
demonstrating  efficient optimization and good
generalization performance.

Fig. 28. Accuracy and loss curves of the training and
validation sets

Fig. 29 presents the confusion matrix of the model
evaluated on the test set with four classes: L, R, B, and
N, illustrating correct and misclassified samples across
classes. Specifically, class L achieved 47/50 correct

predictions (94%), class R 49/50 (98%), class
B 48/50 (96%), and class N 48/50 (96%).
0 ; :
ol (94.00%) BCRLE 10.,00%) (6.00%)
o 49 1 0
2 0 yo.00%) EECECUENE (2.00%) 10,00%)
3
u
g 0 2 a8 0
= (o.00%) (4.00%) NLLILENE (0.00%)
1 o i an
(2.00%) (0,00%) (2.00%) BCLRLCES
L " 2] N
Predicted Label
Fig. 29. Confusion matrix
Table 5. Experimental Results
Class Number of Number of  Accuracy
correct incorrect
predictions predictions
L 27 3 0.9
R 25 5 0.83
B 28 2 0.93
N 29 1 0.96
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In addition, the model was deployed in an
experimental setup to evaluate its real-world
performance. Specifically, data were collected and
predictions were generated every 5 seconds. The
participant sat steadily on a chair; the first 5 seconds
were used for relaxation to record baseline signals,
followed by performing each type of blink movement,
with 30 repetitions per type to collect data for further
analysis and prediction. The results are presented in
Table 5. From Table 5, the model demonstrates good
experimental performance across four classes (30
samples per class). Class N achieved the highest
accuracy (96%), followed by B (93%) and L (90%),
while R obtained the lowest accuracy (83%). The overall
average accuracy of the model reached 90.5%,
indicating that the system operates stably and effectively
under real-world conditions, although class R still
exhibits a relatively higher misclassification rate
compared to the other classes.

4. Conclusion and Future Work

This study successfully designed and developed a
low-cost two-channel EEG acquisition device for
detecting blink activities, which can be comfortably
worn and operates stably under real-world conditions.
The recorded blink signals clearly exhibited
characteristic sharp peaks and could be stored for further
processing and analysis. The collected dataset was used
to train a CNN-based classification model for
recognizing four eye-movement labels (L, R, B, and N),
achieving high classification accuracy. Experimental
results showed that the proposed system achieved an
average accuracy of 96% during training and 90.5% in
real-world testing, confirming the feasibility of the
system for non-contact control applications as well as
serving as an initial step toward Brain—Computer
Interface (BCI) development.

Although promising results were achieved, the
proposed system still presents several limitations in both
hardware design and signal acquisition protocol. The
collected dataset and the number of participants were
relatively limited, which may not fully represent the
diversity of EEG signals in real-world scenarios. In
addition, the current study only evaluated a
CBA-FusionNet architecture without comparison to
other CNN or deep learning models. Future work will
focus on miniaturizing the device, selecting components
that support multi-channel expansion, and designing a
dedicated headband to provide more stable electrode
placement. Furthermore, digital filtering techniques
need to be improved to better distinguish intentional and
involuntary blink activities, enhance recognition
accuracy, and optimize the signal acquisition protocol.
Expanding the dataset, increasing the number of
participants, and investigating more advanced deep
learning architectures will also be considered to improve
the robustness and generalization capability of the
proposed EEG classification system.
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