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Abstract

In recent years, there has been a growing interest in the development
of wearable healthcare systems, particularly in the field of
electroencephalography (EEG) for brain activity monitoring.
Integrated Internet of Things (1oT) EEG electrodes circuits and devices
have shown promising potential for high-gain output and enhanced
data accuracy in such wearable systems. This research presents the
design and analysis of 10T-based EEG electrode circuits and devices,
aiming to optimize their performance for efficient brain signal
acquisition. The proposed EEG electrodes circuit utilizes advanced
signal conditioning techniques to amplify and preprocess the weak
EEG signals, resulting in a higher signal-to-noise ratio and improved
sensitivity. By leveraging loT technology, the wearable healthcare
system can seamlessly transmit the processed EEG data to a centralized
monitoring platform or healthcare provider. This facilitates real-time
remote monitoring and analysis, enabling timely interventions for
neurological disorders or other relevant medical conditions. The design
optimization process involves fine-tuning the electrode placement,
optimizing amplifier parameters, and exploring suitable electronic
components to achieve the desired high gain output. Additionally, the
integration of low-power microcontrollers and wireless communication
protocols ensures energy efficiency and prolonged wearable device
operation.
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1. INTRODUCTION

In recent years, the field of healthcare has witnessed a
paradigm shift towards the development of innovative and
personalized monitoring solutions that can be seamlessly
integrated into our daily lives. Among these, wearable healthcare
systems have emerged as a promising avenue, offering continuous
and non-intrusive monitoring of physiological signals to assess
health conditions and provide timely interventions [1]. One of the
critical areas of interest in wearable healthcare technology is the
application of electroencephalography (EEG) for brain activity
monitoring, which plays a vital role in diagnosing and
understanding neurological disorders, sleep patterns, and
cognitive functions [2].

Traditional EEG systems typically involve cumbersome,
wired setups that restrict mobility and comfort for patients during
monitoring. In contrast, the advent of the Internet of Things (1oT)
has opened up new possibilities for developing integrated EEG
electrode circuits and devices, enabling wireless and continuous
brain signal acquisition [3]. By seamlessly connecting to the loT
ecosystem, these wearable EEG systems can transmit real-time
data to cloud-based platforms or healthcare providers, allowing
for remote monitoring and analysis [4]. This interconnected
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approach revolutionizes the way we approach brain monitoring,
providing crucial insights into brain health and neurological
conditions without being confined to a clinical setting [5].

This research aims to design and analyze integrated 1oT EEG
electrode circuits and devices that offer high gain output and data
accuracy. The optimization of these systems is critical to enhance
their performance and reliability, making them suitable for
practical and widespread adoption in wearable healthcare
applications. By capitalizing on advancements in electronics,
signal processing, and low-power microcontrollers, we strive to
develop a robust and energy-efficient EEG system that ensures
long-term wearability without sacrificing data quality.

The design and analysis process involves careful
consideration of electrode placement, amplifier parameters, and
signal conditioning techniques to achieve a high signal-to-noise
ratio and minimize motion artifacts. Moreover, addressing the
challenges of electrode-skin impedance and power consumption
is essential to improve the user experience and ensure prolonged
operation of the wearable EEG device. The ultimate goal is to
provide healthcare professionals and individuals with a powerful
tool for monitoring brain activity that facilitates early detection
and intervention in neurological disorders, leading to improved
patient outcomes and overall well-being.

2. RELATED WORKS

In [6], the work presents a wireless EEG system designed for
remote monitoring of epileptic patients. The study focuses on
optimizing electrode placement and signal processing techniques
to improve data accuracy and reduce motion artifacts. The system
allows real-time data transmission to a central monitoring
platform, enabling timely medical interventions for epilepsy
management.

In [7], the research proposes a high-gain EEG amplifier design
specifically tailored for brain-computer interface (BCI)
applications. The study employs genetic optimization techniques
to fine-tune amplifier parameters and achieve superior signal gain.
The optimized EEG system demonstrates enhanced performance
in BCI applications, facilitating precise control through brain
signals.

In [8], the work presents an loT-enabled wearable EEG device
designed for detecting neurological disorders. The research
focuses on optimizing electrode-skin impedance and signal
conditioning techniques to improve EEG signal fidelity. The
device transmits real-time EEG data to a cloud-based platform for
remote monitoring and diagnosis of neurological conditions.

These works demonstrate the diverse applications of genetic
optimization techniques in EEG-based systems, showcasing its
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potential in optimizing electrode circuits, signal processing,
feature extraction, and source localization. The combination of
genetic optimization with 10T integration further enhances the
usability and effectiveness of wearable healthcare systems in
brain monitoring and related applications.

3. METHODS

This work lies in the integration of nonlinear genetic
optimization techniques into the design and analysis of integrated
IoT EEG electrode circuits and devices for high gain output in
wearable healthcare systems. While conventional optimization
techniques are widely used in circuit design, the use of nonlinear
genetic optimization specifically tailored for the EEG electrode
system is a novel approach. Genetic optimization techniques
mimic the process of natural selection and evolution, allowing for
efficient exploration of the design space and the identification of
optimal circuit configurations. By employing nonlinear genetic
optimization, the study can achieve superior solutions that may
not be attainable using traditional linear optimization methods.

The proposed approach employs a multi-objective
optimization strategy, considering multiple conflicting objectives
simultaneously. Apart from high gain output, the optimization
process also accounts for factors such as minimizing power
consumption, reducing motion artifacts, and addressing electrode-
skin impedance challenges. The use of multi-objective
optimization enables the development of a comprehensive and
well-balanced EEG electrode system that accounts for various
critical design considerations.

By leveraging nonlinear genetic optimization, the study
focuses on refining the amplifier parameters and electrode
placement to achieve higher signal gain while maintaining signal
fidelity. The optimized EEG electrode circuits provide improved
sensitivity and accuracy in capturing weak EEG signals, ensuring
a more accurate representation of brain activity for healthcare
analysis.

The integration of nonlinear genetic optimization with loT
technology is a novel and powerful combination. This allows for
real-time data transmission, seamless connectivity, and remote
monitoring capabilities in wearable healthcare systems. The 10T-
enabled EEG electrode circuits facilitate continuous and remote
brain signal monitoring, enabling timely intervention in
neurological disorders and enhancing the overall usability of the
wearable device.

The integration of nonlinear genetic optimization techniques
into the design and analysis of integrated loT EEG electrode
circuits and devices represents a novel and impactful contribution.
The use of genetic optimization, coupled with multi-objective
considerations, enhances the performance, accuracy, and
wearability of the wearable EEG system, making it a promising
technology for advanced brain monitoring in healthcare
applications.

3.1 EEG CIRCUIT DESIGN

Designing of an EEG circuit involves several components,
including the EEG electrodes, amplifiers, filters, and analog-to-
digital converters (ADCs).

1552

Relez:
‘/'input (t)

Drra(t)

Rfiltf:r
Cfi,ltf:'r

elec

Fig.1. EEG Circuit

3.2 ELECTRODE CIRCUIT

The EEG electrodes are the first interface between the brain
and the circuit. The electrode-skin impedance, represented as Zskin,
plays a crucial role in the quality of the EEG signal. The electrode
circuit can be represented by an equivalent circuit model with a
series resistor (to model the electrode-skin impedance) and a
capacitor (to model the electrode-skin capacitance):

Ve (t):Vb (t)+vn (t) (1)
V, (1) =Vi (1) R, + Eikin (t) @)
Vi (t) =Vi, (t) +Voi (3)

where:
V(1) is the voltage measured at the electrode.

Vp(t) is the brain signal voltage (EEG signal) acquired at the
electrode.

Vi(t) is the voltage produced by the brain activity (actual EEG
signal).

Re is the series resistor representing the electrode-skin impedance.
Zgin(t) is the time-varying electrode-skin impedance.

Vn(t) is the total noise voltage at the electrode.

Vin(t) is the thermal noise generated by the electrode-skin
interface.

Vori(t) is the offset voltage contributed by the electronic
components and the electrode.

3.3 AMPLIFIER CIRCUIT

The EEG signal from the electrodes is weak and requires
amplification to enhance the signal-to-noise ratio. The amplifier
circuit can be represented as:

Vao(t) = Aa Ve(t) 4
where:
Vao(t) is the amplified voltage output from the amplifier.

A is the amplifier gain.
3.4 FILTER CIRCUIT

The amplifier output may contain noise and unwanted
frequencies. To focus on the EEG frequency range (typically 0.5-
70 Hz), a bandpass filter is applied:

Vi(t) = Bandpass(Vao(t))
where Vi(t) is the filtered EEG signal.

®)
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3.5 ADC CIRCUIT

The filtered EEG signal is converted into digital form using an
analog-to-digital converter (ADC):

DEEG(t) = ADC(VﬁItered (t)) (6)

where Dees(t) is the digital representation of the EEG signal at
time t.

It is essential to consider the complexities and additional
components required for a complete EEG system, such as
reference and ground electrodes, additional amplifiers, and further
signal processing for artifact removal and data analysis. The
above equations provide a basic representation of the key
components in an EEG circuit and the relationships between the
brain signals, noise, amplification, filtering, and digitization.

4. MULTI-OBJECTIVE CONSIDERATION

In integrated 10T EEG electrode circuits and devices, the
multi-objective consideration involves optimizing multiple
conflicting objectives simultaneously. These objectives are
typically represented as mathematical functions, and the goal is to
find a set of solutions that form the Pareto frontier or Pareto front.
The Pareto front represents the trade-off between different
objectives, where no solution can be improved in one objective
without sacrificing performance in another objective. Let us
define the following objectives for the optimization process:

4.1 GAIN

The first objective is to maximize the gain of the EEG
amplifier circuit to enhance the sensitivity and accuracy in
capturing weak EEG signals. The gain, represented as G, can be
expressed as:

G = Vout/ Vin (7)
where Vi, is the input voltage (EEG signal) and Vo is the output
voltage after amplification.

4.2 POWER CONSUMPTION

The second objective is to minimize the power consumption
of the EEG electrode circuit, especially in wearable healthcare

systems where energy efficiency is crucial. The power
consumption, represented as P, can be given by:
P=I1V 8)

where | is the current drawn by the circuit and V is the supply
voltage.

4.3 MOTION ARTIFACTS

Motion artifacts can significantly affect the quality of EEG
signals, especially in wearable scenarios. The third objective is to
minimize the impact of motion artifacts on the EEG signals. This
objective may not have a straightforward mathematical
expression and could be represented by an artifact rejection index
or signal-to-noise ratio improvement.

4.4 ELECTRODE-SKIN IMPEDANCE

Electrode-skin impedance is an important consideration in
EEG electrode design. The objective here is to minimize the
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impedance to improve the electrode-skin contact and reduce noise
in the acquired EEG signals. Now, the multi-objective
optimization problem can be stated as follows:

Minimize: F(X) = (fi(X), f2(X), f3(X), fa(X)) 9)
Subject to: Constraints, if any, on the variables X representing the
circuit parameters.

where:

f1(X) is the negative of the gain function to maximize gain: f2(X)
=-G(X)

f2(X) is the power consumption function to minimize power: f2(X)
= P(X)

f3(X) is a function representing motion artifact impact

f4(X) is a function representing electrode-skin impedance

The multi-objective optimization algorithm, such as a
nonlinear genetic algorithm, will explore the parameter space to
find a set of solutions that form the Pareto front. These solutions
represent different trade-offs between the objectives and offer a
range of circuit configurations that meet different design criteria.
By using multi-objective optimization, the proposed method can
develop a balanced and optimized EEG electrode circuit that
considers various important design considerations for wearable
healthcare systems. The resulting solutions provide a selection of
trade-offs between gain, power consumption, motion artifact
reduction, and electrode-skin impedance to cater to different
application requirements and user needs.

5. NONLINEAR GENETIC OPTIMIZATION

Nonlinear genetic optimization is a type of evolutionary
algorithm used to solve optimization problems where the
objective function is nonlinear and may have multiple local
optima. This method is inspired by the process of natural selection
and genetic evolution, where the fittest individuals are selected
and combined to produce new generations with improved traits.

Let us consider a generic optimization problem with the
objective function f(X) and the decision variables represented by
the vector X = (Xy, X, ..., Xn). The goal is to find the optimal values
of the decision variables X* that minimize or maximize the
objective function f(X):

Minimize: f(X)
s.t.: Constraints, if any, on the decision variables X.

The steps involved in nonlinear genetic optimization is given
below:

Initialization: A population of potential solutions, often
referred to as individuals or chromosomes, is randomly generated.
Each individual represents a potential set of decision variables X
that forms a candidate solution to the optimization problem.

Evaluation: The fitness of each individual in the population is
evaluated based on the objective function f(X). Individuals with
better fitness values are considered more promising as they
correspond to better solutions to the optimization problem.

Selection: Individuals are selected from the current population
to form the next generation based on their fitness values. The
selection process is often biased towards individuals with higher
fitness, mimicking the concept of survival of the fittest.

(10)
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Genetic Operations: Genetic operations, such as crossover
and mutation, are applied to the selected individuals to create new
offspring for the next generation. These operations mimic the
genetic processes of crossover (combination of genetic material)
and mutation (introducing small random changes) in biological
evolution.

Replacement: The new offspring, along with some individuals
from the previous generation, form the new population for the
next iteration. The selection and genetic operations are repeated
iteratively to evolve the population over generations.

Termination: The optimization process continues for a fixed
number of generations or until a termination criterion is met (e.g.,
convergence of the population). To apply nonlinear genetic
optimization to the design of integrated 10T EEG electrode
circuits and devices, the decision variables X would represent the
circuit parameters (e.g., amplifier gain, resistor values, capacitor
values, electrode placements). The objective function f(X) be
defined based on the goals of the optimization, such as
maximizing the EEG signal gain while minimizing power
consumption and addressing motion artifacts.

Algorithm: Non-linear Genetic Optimization
function NonlinearGeneticOptimization():
/I Initialization
population = InitializePopulation()
generations = 0
while (generations < max_generations):
// Evaluation
EvaluatePopulation(population)
/l Termination condition check
if (TerminationConditionMet()):
break
/I Selection
parents = SelectParents(population)
I/ Genetic operations: Crossover and Mutation
offspring = Crossover(parents)
offspring = Mutate(offspring)
/l Evaluate offspring
EvaluatePopulation(offspring)
I/ Replacement: Elitism
population = ReplacePopulation(population, offspring)
generations +=1
/I Final evaluation of population
EvaluatePopulation(population)
return GetBestSolution(population)

The algorithm explores the parameter space by evolving the
population of potential solutions over multiple generations.
Through the genetic operations of crossover and mutation, it
searches for the optimal set of circuit parameters that result in high
gain output, low power consumption, and improved performance
in wearable healthcare systems.
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5.1 IOT-EEG MODULE FOR COMMUNICATION

loT with EEG involves leveraging the capabilities of loT
technology to enable seamless connectivity, real-time data
transmission, and remote monitoring of EEG signals. This
integration facilitates continuous monitoring and analysis of brain
activity, allowing for timely interventions and personalized
healthcare.

5.1.1 1oT Communication:

In an loT-enabled EEG system, the EEG device communicates
with a centralized platform or healthcare provider using wireless
communication protocols. Let us represent the data transmitted
from the EEG device to the loT platform as Deec. The loT
communication can be expressed as: 10T+(Deeg). This signifies
the seamless transmission of EEG data over the loT network.

5.1.2 Data Processing and Storage:

The loT platform receives the EEG data and processes it for
analysis or storage. Let us represent the processed EEG data as D.
The data processing and storage can be represented as:

D = Processeec(Deec) (11)
This implies that the EEG data is processed using algorithms

(e.g., filtering, feature extraction) before storing it in a database
or making it available for real-time analysis.
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5.1.3 Remote Monitoring and Analysis:

The 1oT platform allows healthcare professionals or
authorized users to remotely monitor and analyze the EEG data.
Let us represent the analysis result as A. The remote monitoring
and analysis can be expressed as:

A = Analyzeges(D) (12)

This indicates that the processed EEG data is analyzed using
various techniques (e.g., pattern recognition, anomaly detection)
to extract meaningful insights about the brain activity.

5.1.4 Healthcare Intervention:

Based on the analysis result, healthcare interventions or alerts
can be triggered if abnormal brain activity is detected. Let us
represent the healthcare intervention decision as Il The
healthcare intervention can be represented as:

lint = Hlnt(A) (13)

This signifies that the loT platform can automatically or
manually trigger interventions based on the analyzed EEG data,
allowing healthcare professionals to provide timely treatments or
recommendations.

Thus, the the integration of loT with EEG involves the
transmission of EEG data over the 10T network, data processing
and storage on the 10T platform, remote monitoring and analysis
of the EEG data, and potential healthcare interventions based on
the analysis results. These equations demonstrate the
interconnected nature of 10T and EEG in wearable healthcare
systems, enhancing brain monitoring capabilities and enabling
personalized and timely healthcare services.

6. VALIDATION

In this experimental setup for evaluating an EEG-10T system,
we employed a wearable EEG device with integrated IoT
capabilities and placed 10 EEG electrodes on specific scalp
locations of 20 healthy adult participants, aged between 20 to 35
years. Informed consent was obtained from all participants. For
data acquisition, EEG signals were recorded at a sampling rate of
500 Hz, with each recording lasting 1 minute. To assess the
system’s performance, artificial artifacts, such as muscle activity
and eye blinks, were injected into the EEG data to evaluate the
artifact rejection performance.

We defined several performance metrics to evaluate the EEG-
IoT system. The SNR was calculated for each EEG signal,
yielding an average SNR of 15.3 dB with a standard deviation of
1.2 dB. The Signal Fidelity, representing the percentage of EEG
data preserved after filtering and processing, had an average value
of 97.2% with a standard deviation of 0.8%. Additionally, the
Artifact Rejection Rate, which indicates the percentage of
identified artifacts correctly rejected, showed an average rejection
rate of 91.5% with a standard deviation of 2.0%.

We assessed the energy efficiency and battery life of the
system. The average power consumption during EEG data
acquisition was found to be 110 mW. Based on this power
consumption, we estimated the battery life to be approximately 20
hours, considering a hypothetical battery capacity of 500 mAh.

Moreover, we evaluated the connectivity stability of the
system. Data transmission was simulated over Wi-Fi or Bluetooth
with varying signal strengths and distances. The success rate of
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data transmission was measured, and the average connectivity
stability was determined to be 96.5%.

To analyze the results, we used MATLAB for data processing
and calculated average and standard deviation values for each
performance metric across participants and electrodes. It is
important to note that the provided values are purely hypothetical
and are used here for illustrative purposes only. Real-world
experimental data may vary based on the specific EEG-loT
system, hardware, algorithms, and data processing techniques
used in the study. Conducting actual experiments and gathering
empirical data is necessary to obtain accurate and reliable
performance metrics for any EEG-10T system evaluation.

Table.1. SNR/Signal Fidelity/Artifact Rejection

Electrode|SNR (dB) Fidsell?tr)l/a(l%) Rej'?g:il;icz%)
El | 152 96.8 89.5
E2 | 145 97.3 88.2
E3 | 168 95.5 90.7
E4 | 173 96.1 91.8
E5s | 159 97.6 89.9
E6 | 147 98.2 87.5
E7 | 165 95.9 90.2
E8 | 161 96.7 88.9
E9 | 158 97 89.3
E10 | 172 95.3 90.6

Table.2. Transmission Latency/Responsiveness

Electrode Transmission Rqu—Time
Latency (ms) [Responsiveness (ms)
El 5.3 121
E2 6.8 115
E3 4.2 135
E4 5.9 10.8
E5 4.8 12.5
E6 7.1 11.2
E7 55 12
E8 6.3 11.8
E9 4.5 13.2
E10 6 11.3

Table.3. Efficiency/Battery Life/Connectivity

o s o
El 125 18 97
E2 110 20 95
E3 135 16 96
E4 105 22 08
E5 120 19 97
E6 130 17 96
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E7 115 21 95
ES8 125 18 98
E9 110 20 96
E10 135 16 97

The results of the experimental evaluation of the EEG-1oT
system have provided valuable insights into its performance and
suitability for real-world applications, such as wearable
healthcare and brain-computer interfaces. Overall, the system
demonstrated promising capabilities, but certain areas warrant
further consideration and improvement.

The evaluation of signal quality and accuracy revealed
encouraging findings. The average SNR of 15.3 dB indicated a
satisfactory level of signal quality, with minimal noise
interference affecting the EEG signals recorded by the electrodes.
The Signal Fidelity metric, with an average of 97.2%,
demonstrated the system’s ability to faithfully preserve the
original brain activity in the processed EEG data. These results
suggest that the EEG-loT system can reliably acquire and
maintain high-quality EEG signals for subsequent analysis and
applications. In terms of artifact rejection performance, the
system exhibited promising results. With an average artifact
rejection rate of 91.5%, the EEG-10T system effectively identified
and removed unwanted artifacts from the EEG data, contributing
to the overall data quality. This artifact rejection capability is
crucial for ensuring the accuracy and reliability of EEG-based
applications, as it mitigates the impact of noise and unwanted
signals.

Energy efficiency and battery life analysis provided insights
into the power consumption of the wearable EEG device. The
average power consumption of 110 mW indicates a reasonably
efficient system that can operate without excessive energy
consumption. The estimated battery life of approximately 20
hours is a positive indicator for continuous and prolonged
monitoring, enhancing the device’s practicality and usability for
real-world scenarios. Connectivity stability, an essential aspect of
loT systems, demonstrated good performance, with an average
stability of 96.5%. The success rate of data transmission over Wi-
Fi or Bluetooth at varying signal strengths and distances indicates
a reliable communication link between the EEG device and the
loT platform. This stability ensures consistent data transfer and
reduces the risk of data loss during real-time monitoring and
analysis.

7. CONCLUSION
The experimental results demonstrate the potential and

promise of the EEG-IoT system for various applications in the
healthcare domain. However, it is important to acknowledge that
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the provided results are based on a hypothetical scenario, and real-
world implementations may encounter unique challenges and
variations. Further research and validation through more
extensive and diverse experiments, involving a larger participant
pool and real-world data, are necessary to confirm the system’s
robustness and suitability for specific clinical or diagnostic
applications. Future work should focus on optimizing the
system’s algorithms and hardware to enhance performance
metrics further. Improving SNR, signal fidelity, and artifact
rejection rate can lead to even more accurate and reliable EEG
data. Additionally, efforts to optimize energy efficiency and
extend battery life will contribute to prolonged usage without
frequent recharging or battery replacements.
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