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Abstract

Biometrics are essential methods of identifying people nowadays. There are many types of
biometrics, such as the classic methods for iris, face and �ngerprint; but most of these are
not robust or secure. Recently, biometrics based on electroencephalogram signals using
machine learning algorithms have proven to be one of the highest quality and robust
methods. Electroencephalograms have advantages over traditional modalities as they are
extremely di�cult to reproduce and cannot be captured stealthily from a distance.

This work describes a system capable of acquiring real-time electroencephalogram signals,
processing them using the PREP pipeline, to clean them and improve performance, and
making subject identity predictions from electroencephalogram signals using di�erent ar-
ti�cial intelligence algorithms. The system is portable, robust, low-cost and connected to
the network to send the results to a server. It is composed of an acquisition system using
an analog-to-digital converter and protection systems for electroencephalogram signals.
The system is based on a Raspberry Pi Zero 2W as the computer in charge of perform-
ing all the computational work of the arti�cial intelligence algorithms and managing the
di�erent tasks.

Several deep learning algorithms have been used and compared in terms of results and
performance. The EEGNet model has provided the best results with an accuracy of 86.74%
in its predictions. The data input to the model has been preprocessed with the PREP
pipeline, which has proven to be e�ective in the results, as it improves the performance of
all models that use it. The system provides a functional device with outstanding results
that leads the way for future work and applications.
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1 Introduction

1.1 Statement of purpose

This project is carried out at the HERO Laboratory (University of California - Irvine) in
the Electrical Engineering and Computer Science (EECS) department with professor Dr.
Hung Cao.

HERO Lab is a research laboratory under the supervision of the EECS Department and
the Biomedical Department of the University of California - Irvine (UCI).

The objectives of HERO laboratory are to introduce a paradigm shift of applying inno-
vative engineering tools for biological investigations and to bridge expertise in di�erent
�elds providing novel healthcare devices.

The purpose of this project is the development of a system of Subject Identi�cation via
Electroencephalogram (EEG).

The project main goals are:

1. Subject identi�cation via EEG

2. Design a portable and Internet of Things (IoT) device

3. Develop deep learning models for identi�cation

1.2 Requirements and speci�cations

The project requirements are:

{ Use of EEG for subject identi�cation

{ Use of Machine Learning (ML) and Deep Learning (DL) Algorithms

{ Connection to network

{ Use of commercial devices

{ Low cost system

The project speci�cations are:

{ Battery capacity for 2 hours

{ Use of at least 8 electrodes for EEG signal acquisition

{ Using at least 3 Arti�cial Intelligence (AI) Algorithms

7



1.3 Methods and procedures

The project described above is a new initiative of the HERO Laboratory group, being a
part of the research of two PhD students of the team.

In this work it is used ML, DL algorithms and Python libraries already available and used
in other projects of the same style [8, 20, 21, 45, 47, 50].

The hardware part has been taken as a reference from other projects with similar com-
ponents or applications [10, 13, 25, 26].

1.4 Work Plan

1.4.1 Work Breakdown Structure

Figure 1: Work Breakdown Structure.

8



1.4.2 Work Packages, Tasks and Milestones

Group # Task Sub-task Description Dep.

Benchmarking 1 EEG Tech-
nical Review

Neurons;
Brain Lobes

Review and understand technically the func-
tioning of EEGs, as well as the behavior of
the brain: how neurons interact in the dif-
ferent brain lobes.

-

2 EEG Biblio-
graphic Re-
view

EEG Appli-
cations

Conduct a study of papers that have used
EEGs for subject identi�cation, as well as,
subject states and stimuli. Also review other
applications of EEGs.

-

3 AI Technical
Review

ML; DL Review and learn AI technically, its struc-
ture and functioning. Also its di�erent �elds,
typical applications and algorithms.

-

4 AI and EEG AI Applica-
tions; Similar
Projects

Search and study outstanding works in
which AI is used for EEGs, understand them
and obtain ideas for the project.

1; 2

Phase #1:
Modular
System

5 Modular
System HW
Review &
Design

RasPi;
ADC; DAC;
Dataset

Perform a review of the HW state-of-the-art
for this type of applications. Once the HW
to be used has been decided, carry out the
corresponding design with the chosen com-
ponents. Design the HW which allows the
simulation of EEG signals from a dataset.

4

6 Modular
System SW
Design

SW; ML;
Simulation

Design the SW for the modular system to
perform subject classi�cations using plas
EEG signals.

3

7 Modular
System Test

Performance;
MSE

Test the HW and SW assembly to validate
the functioning and calculate the perfor-
mance of the classi�cations and the simu-
lation of the eEG data.

6

Phase #2:
Custom
System

8 Custom Sys-
tem HW Re-
view & De-
sign

MCU; Bat-
tery; DC/DC

Based on the results of the modular system,
design all the HW to create a custom sys-
tem for the application of this project. The
design must meet the requirements: a com-
puter to control the di�erent tasks, a bat-
tery system to be portable, voltage regula-
tors and ADC system for the acquisition of
EEG signals.

5

9 Custom Sys-
tem SW De-
sign

SW; DL Design the SW which allows the integration
of all the subsystems and the correct func-
tioning between them. Design the code that
performs the classi�cations by means of DL
algorithms.

7

10 Algorithm
Evaluation

DL Perfor-
mance

Obtain the performance of the di�erent DL
and ML algorithms with the custom system
and compare them with each other to obtain
conclusions on e�ciency.

9

Table 1: List of Groups, Tasks and Dependencies depicted in Gantt diagram.
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Group Task Milestone # Date (week)

Phase #1 7 Modular System Completed Milestone #1 15
Phase #2 10 Custom System Completed Milestone #2 23

Table 2: List of Milestones.

1.4.3 Gantt Diagram

Project Tasks Distribution
2021 2022

Sept Oct Nov Dec Jan Feb
Benchmarking

Task 1
Task 2
Task 3
Task 4

Phase #1
Task 5
Task 6
Task 7

Milestone #1

Phase #2
Task 8
Task 9

Task 10

Milestone #2

Figure 2: Gantt diagram of the project

1.5 Incidences

The work plan has intended for some incidents, consequently, have caused the extension
of the dedication time of some tasks and the delay of the start of others.

At the beginning of the project it was mandatory to take risk prevention training and
basic knowledge for working in the laboratory, which is equipped with biological and
hazardous materials. These courses took a long time, hence the delay in getting started.

In addition, there were problems with the software design at the Phase #1 system, which
delayed the start of the Phase #2 of the project. Because of all these delays in the project,
it has not been possible to manufacture the �nal hardware design and test it.
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2 State of the art of the technology used or applied
in this thesis:

2.1 Subject Identi�cation by Biometrics

People identi�cation methods are processes that identi�es an individual uniquely and
prevents another person or machine to assume that individual's identity without their
knowledge or consent. These methods are necessary to control the access to resources,
as locations or information. This is where biometrics comes into its own, as it does not
require the person to remember a password or carry a key [18], therefore biometrics
has emerged as a potentially promising alternative to traditional security mechanisms. It
provides a high level of security, uniqueness and is persistent to falsi�cation. Biometrics
includes measuring physical or biological characteristics of humans, such as �ngerprinting,
facial recognition, iris scanning or voice recognition [29]. These physical characteristics are
vulnerable to falsi�cation by others to get access to the object to be protected with the
security mechanism.

The use of biometrics to identify individuals requires measurable physical or behavioral
characteristics capable of satisfying the following considerations: universality, distinctive-
ness, collectability, circumvention, permanence, acceptability and performance.

A few years ago it was shown that EEGs provide subject-speci�c genetic information.
EEG is a brain's signal that provides cognitive and neurological information; thus, it is
unique and can be used to identify people [21]. For this reason, the focus of this work is
on EEG signals, which not only satisfy the �rst four considerations, they are superior to
other biometric traits in this aspect.

In [18] the authors carried out a detailed study about datasets and works on EEG-based
subject identi�cation. Moreover, in [20] the EEG biometrics was used for individual recog-
nition when subjects were in a Resting state with Eyes Closed (REC). From these studies
it can be concluded that the most suitable con�guration for the purpose of this project is
the use of EEG biometrics with subjects REC.

2.2 Electroencephalogram

EEGs are used to capture the brain activity and study its behavior in order to understand
its functioning, detect possible anomalies and also to control external systems, such as a
robotic hand. The EEG captures the electrical signals produced biologically by our brain.
These electrical signals are the reactions and results of the interaction between neurons in
the brain. They have a magnitude of the order of microvolts (µV), and to capture them
requires an electronic system capable of converting and adapting these electrical signals
into digital information for processing.

Electrodes connected to preset points on the scalp are used to monitor the celebratory
activity of di�erent sections of the brain. These preset points follow an international
system and there are di�erent models. The most commonly used is the International 10-
20 System for EEG [1], which can be seen in the Figure 3. This electrode arrangement
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allows to monitor and capture the neuronal activity from the di�erent areas of the brain
to identify movements and actions of the human body. In [6, 7] it has been proven that
this system is enough accurate for biometrics purposes. There are other EEG electrode
systems such as 10-10 System [2] and 10-5 System [3], which are more suitable in cases
that require more measure accuracy.

Figure 3: International 10-20 system for EEG electrode placement.

2.3 Machine Learning Models

2.3.1 Neural Network (NN)

The NN is a parallel computing model that is versatile, nonparametric, and based on the
human brain's hypothesized neuron structure [31]. Its structure is linear and is composed
of input layers, inner layers and output layers. The prediction of the output is performed by
a linear operation using weights on input characteristics, giving them the corresponding
importance. The NN constantly repeats learning and error correction to improve the
weights and therefore the results. There are many papers stating the use of NNs with
EEG signals provides successful results [32, 33, 34].

2.3.2 eXtreme Gradient Boosting (XGBoost)

The XGBoost is a tree ensemble model, ans is a distributed optimized model of the
Gradient Boost algorithm designed to increase the e�ciency and speed of the predictions
[4]. The data obtained from the EEG signals have a tabular format, columns for the
channels and rows for the samples. For classi�cation and regression tasks with tabular
data, tree ensemble models are frequently recommended [5].

2.4 Deep Learning Models

2.4.1 Residual Network (ResNet)

ResNet is an extension of the NN into internal structures. It adds direct connections to
the internal residual blocks to allow the gradient to 
ow directly through the lower layers.
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In [47] it has been shown that the ResNet model over�ts the results with time series data,
such as those obtained with EEGs [48].

2.4.2 Inception

The Inception module is a convolutional neural network architecture that executes mul-
tiple operations (pooling, convolution) with multiple �lter sizes (3x3, 5x5...) in parallel
to avoid facing any compensation. The inception module allows the network to automat-
ically extract relevant features from time series classi�cations [49]. In [47, 49] works the
inception module has been used with outstandings results.

2.4.3 EEGNet

EEGNet is a compact convolutional neural network that has been designed to build a
speci�c one for EEGs. Its purpose is to include concepts and tools speci�c to EEG signals
such as feature extraction, optimal spatial �ltering and to reduce the number of train-
able parameters. The advantage of this model is that it includes by default these typical
EEG tools, which have to be manually adjusted in typical convolutional neural network
approaches [50].

2.5 Raspberry Pi-based Computers

Most ML projects are performed on ordinary computers or Graphics Processing Units
(GPUs) because of the computing power they o�er. However, the purpose of this project,
develop a portable and a IoT system, it is not feasible to use common computers. This
requires a device that can be powered by a battery and has a connection to the network.
Therefore it has been decided to look for di�erent options that meet these requirements.

There are several methods and devices that have been used for similar projects. Some
methods have used microcontrollers (MCU) such as the ESP8266 [13] module, which is
already equipped with Wi-Fi. Other projects have applied Arduino or STM32 chips, where
Wi-Fi connectivity can be easily added. All these MCU options are usually programmed
with C language, which is not the most suitable for ML algorithms, and for this reason,
the Raspberry Pi emerges as a great candidate.

The Raspberry Pi computer [10] is compact, portable and with Wi-Fi connection. It is
most suitable for Machine Learning algorithms because it is based on Unix [41] operating
system which allows it to be programmed with the Python language [30]. Python is the
universally used language for Arti�cial Intelligence (AI) as there is an extensive number
of open source libraries and algorithms that can be used.

Raspberry Pi Trading Ltd. o�ers a wide range of various devices with di�erent charac-
teristics for each type of application. Raspberry Pi 4 Model B [14] can have up to 8GB
of RAM and Raspberry Pi Zero 2 W [15], less powerful but more compact, both used in
this project.
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3 Methodology / project development:

The project has been separated into two phases. The �rst phase consists of a modular
system, which allows the design of a �rst approximation of the complete system in an easier
and more intuitive way using already designed modules. The second phase consists of the
complete system customized for the application in this work, which has been completely
designed to meet the requirements of the project.

3.1 Modular System

The objectives of this work is to create a �rst approximation of a fully working subject
identi�cation system. The system consists of an Analog-to-Digital Converter (ADC) that
converts the analog EEG data, obtained from the brain electrical signals, to a digital one,
which is further processed by ML algorithms to classify the biometrics subject identi�ca-
tion.

3.1.1 Hardware System Design

The hardware (HW) design is based on the Raspberry Pi as the engine of the system.
It manages the execution of the many operations required to capture and process EEG
signals in real time and extract the relevant features and process them through ML algo-
rithms for the identi�cation of the subject. Python [30] was chosen as the programming
language because of the enormous number of libraries available for ML applications.

The EEG signals are captured by the 10-bit MCP3008 chip with Serial Peripheral Interface
(SPI) [16]. The analog data read are converted to digital by 10 bits architecture, therefore
the digital data ranges from 0 to 1023.

The EEG signals are generated from a database using a Digital-to-Analog Converter
(DAC) that converts the digital data from the database to EEG analog signals. This
has been designed to avoid the complexity of using real subjects and all the procedures
of acquiring real EEG signals in the development and ML training processes. Thus, the
main focus relies on data processing part of the signals for identi�cation by ML. The DAC
is the 12-bit MCP4725 chip with Inter-Integrated Circuit (I2C) communication bus [17].
Since the converter is a 12-bit converter, the range of digital values that can be converted
ranges from 0 to 4095.

The Figure 4 illustrates the complete hardware of the system and its connections.

3.1.2 Data & Processing

The data used in this simulation is extracted from the online source [8] which provides
real EEG signals data collected from studied subjects. The public source is a very large
database with many stimuli and subject states. Its target is EEG-based biometrics and it
was collected by studying 12 di�erent stimuli from 21 subjects in 3 di�erent chronologically
disjointed sessions. The 14-channel EEG signals were captured using the Emotiv EPOC+
EEG headset [11]. In [12] a device detailed information is provided.
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Figure 4: System Hardware Setup.

Previous research has shown that the best performance for identi�cation is obtained when
the subjects are REC. Therefore, only data in this REC state have been used for this work.

The dataset is composed of approximately 3000 samples, each with 224 features (14-EEG
channelsÖ 4 EEG bandsÖ 4 spectral features) [8]. The data were pre-processed using the
PREP pipeline [19] in order to remove artifacts (such asmuscle movement, jaw clenching,
and eye blinking) and then four spectral features (spectral centroid, spectral bandwidth,
spectral crest factor, and spectral 
atness) were extracted from the most commonly used
frequency bands (� [4-8 Hz], � [8-12 Hz],� [12-30 Hz] and
 [> 30 Hz]) for each of the 14
channels [8].

The communication between the user and the Raspberry is established using the SSH
protocol [27]. Therefore, the result of the subject identi�cation can be obtained in other
edge devices, such as a PC or a gate.

The ML models used in the system for the subject identi�cation are a 3-layer NN, based on
a weighted sigmoid operation that enhances the reinforcement learning [32] [34], and the
XGBoost model, which is a distributed optimized model of the Gradient Boost algorithm
designed to increase the e�ciency and speed of the predictions [4] [5].

Before classifying the signals and applying the ML algorithms, the data has to be pre-
processed to standardize it in accordance with the requirements of the classi�cation algo-
rithms. For this purpose, a custom library has been created for this particular database
(BED), which allows: standardize the database data, to create di�erent datasets for the
di�erent stages of the classi�cation (training of the models and validation of these) and to
convert the datasets to the format needed for the models, namely to convert the datasets
into tensors (matrix form). ML algorithms require two separate subsets: one for training
and the other for evaluating classi�cation e�ciency. The data is split into two categories.
The data from the database [8] are acquired in 3 di�erent sessions. The data from sessions
1 and 2 were used to train the models, while the data from session 3 was used to evaluate
the models.
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For this con�guration, it is also necessary scaling the data to match the di�erent ADC
and DAC architectures. Since the DAC converter is a 12-bit converter (Digital Range: 0 to
4095) and the ADC converter is a 10-bit converter (Digital Range: 0 to 1023). Therefore
the data has to be transformed by scaling each value to the range from 0 to 4095.

The NN algorithm has been trained with the con�guration of a 3-layer weighted sigmoid
operation, the criterion that calculates the cross-entropy loss between the input and the
target and the optimizer AdamW [9]. This con�guration and functions are extracted from
the PyTorch library, widely used in ML.

The XGBoost technique is a boosting algorithm based on gradient-enhanced decision
trees, which has di�erent models and algorithms. In this case, the XGBoost Classi�cation
con�guration has been used, which is suitable for the type of data used.

3.1.3 Software System Design

The main function of the system is the real-time subject identi�cation by means of EEG
signals. For this purpose, a �rmware has been designed to manage the tasks by means of
threads that are executed at the same time. The Figure 5 illustrates the block diagram
of the software algorithm.

Figure 5: Real Time Acquisition Algorithm.

The �rst one reads the EEG signals from the database and converts them into an analog
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signal by means of the DAC. The second one consists of the constant acquisition of EEG
data by the ADC, which is stored in a input bu�er for processing.

The two threads are synchronized with each other by means of an internal 
ag. The DAC
thread generates a sample of the EEG signal at the output while the ADC waits for it to
be generated. Then the ADC reads and indicates that it has done it, therefore the DAC
repeats the procedure with the next sample. This process is repeated iteratively until all
the samples in the database are generated.

Moreover, the last thread takes care of the real-time classi�cation of the samples stored in
the bu�er. The thread loads the previously trained ML model and performs the predictions
of the samples in the bu�er. It saves the result of the predictions for further evaluation.
This process runs as long as there are enough samples in the bu�er.

3.2 Custom System

After creating a modular system simulating EEG data, the design of a complete system
is performed, including: acquisition of EEG signals, management of all processes, power
system and connectivity.

3.2.1 Hardware System Design

It has been designed a Printed Circuit Board (PCB) that integrates the EEG signal acqui-
sition system by means of a specialized EEG ADC. Speci�cally, the ADS1299 chip from
Texas Instruments has been used. It is a 8-Channel, Low-Noise, simultaneous-sampling
delta-sigma (��) and 24-bit analog-to-digital converters widely used for EEG and biopo-
tencial measurements. The ADS1299 operates at data rates from 250 Samples Per Second
(SPS) to 16 kSPS. The converter inputs are fully di�erential, which means that for each
channel of the converter there are two input pins, one for the positive input and the
other for the negative input. To obtain a higher accuracy and quality in the acquired
data it is necessary some treatments and protection systems prior to the analog-to-digital
conversion by means of the ADS1299.

The electrodes that are connected to the scalp are manipulated by the hands and �ngers
of people, and during this process they are are electrostatically charged. The electrostatic
discharges (ESD) can cause unwanted noise in the measured signals and therefore vary
the expected result, especially in the EGG signals since the potential is low and can be
easily a�ected by this charges. Therefore, protection circuits have been added to protect
against ESD. The TPD4E1B06 integrated circuit (IC) from Texas Instruments is used
[36]. Since the acquisition system has 8 channels and each channel has two pins moreover
the power supply and reference pins must be protected, thus 22 protection channels are
required. Therefore, a total of six units of the TPD4E1B06 integrated chip are required
to protect the entire system. Each protection channel consists of a set of bi-directional
transient voltage suppression (TVS) diodes connected in parallel to the line. The Figure
6 illustrates the con�guration of these protection circuits.
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Figure 6: Electrostatic Discharges (ESD) circuit protection.

An low pass RC �lter is used in order to eliminate noise that could be coupled by the
electrodes. The �lter cuto� frequency is set by a resistorR = 2:2k
 and a capacitor
C = 1000pF, therefore, the cuto� frequency is

f c =
1

2�RC
=

1
2� � 2:2k � 1000p

= 72:34 kHz (1)

and the �lter is applied to the input and reference channel pins, therefore, twenty RC
�lters with the same con�guration are used.

Once the protection and EEG signal processing circuits have been designed, the system is
ready to be connected to the ADS1299 chip converters. The IC has a speci�c con�guration
to work properly. The communication between the ADS1299 and the master is established
via the SPI bus. The Figure 7 illustrates the block diagram of this chip.
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Figure 7: ADS1299 Block Diagram [38].

The chip works with di�erent power supplies, namely one supply for the analog part of
the system (converters) and another for the digital part (control and communication). To
improve chip performance, a bipolar power supply has been chosen for the analog part.
Figure 8 shows the block diagram of the power supply system.

Figure 8: Power Supply Block Diagram.

The analog positive power supply (VDDA) is generated by the Texas Instruments Low-
Dropout Regulator (LDO) TLV70025, which generates a �xed output of +2.5V and a
maximum current of 200mA, using an input voltage of 3.3V from the digital power supply.
This regulator is more than su�cient since the typical consumption of the analog part
of the ADS1299, according to the datasheet [38], is 7.14mA. The Figure 9 illustrates the
LDO regulator circuit for the 2.5V supply.
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Figure 9: 2.5V LDO Regulator Circuit.

The analog negative power supply (VSSA) is generated from two chips. First of all, it is
used the Texas Instruments LM2664 voltage inverter [39], which uses a CMOS charge-
pump voltage converter, to invert the digital input power. And then, the inverted voltage
is converted to a �xed voltage of -2.5V by the Texas Instruments TPS72325 chip [40],
which is an LDO regulator and is specialized in regulating negative voltages, and o�ers
a maximum output current of 200mA. The Figure 10 illustrates illustrates the circuit in
charge of generating the VSSA power supply.

Figure 10: -2.5V Power Supply Circuit.

The system is based on the Raspberry Pi computer, but in this custom design instead
of using the Raspberry Pi model 4, the Zero 2W version has been chosen because of its
small size and su�cient features for the requirements. The use of the Raspberry Pi is
due to its large number of advantages to design an IoT system since it has built-in Wi-Fi
connectivity to connect to the network. It is also ideal for the use of ML as it is more
powerful than the usual MCU and it is more intuitive and easier to use the machine
learning libraries as the computer uses a Unix-based operating system [41]. As mentioned
above, the communication between the ADS1299 chip and the Raspberry Pi is via the
SPI bus. The Figure 11 shows the pinout and the di�erent components and peripherals
of the Raspberry Pi Zero 2W.
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Figure 11: Raspberry Pi Zero 2W Pinout Diagram.

In order to connect all subsystems to the Raspberry Pi, all component and power con-
nections have been routed to a pin connector that matches the pinout of the Raspberry
Pi, maximizing the simple and easy connection between modules.

3.2.2 Power System Design

As stated in the requirements, the system must be portable. Therefore, a battery system
has been designed with its corresponding voltage regulators and charging system. First of
all, the power budget and the energy needed to power the entire system for a reasonable
time of use has been calculated. From the Table 3 it can be seen that 1.815 W is required
to power the whole system.

System Voltage Current Power

Rasberry Pi 5 V 350 mA 1.75 W

ADS1299 5 V 10 mA 50 mW

ADS1299 3.3 V 1 mA 3.3 mW

LED 3.3 V 3.5 mA 11.55 mW

DC-DC Converters - - - - - - 3.5 mW

TOTAL - - - - - - 1.818 W

Table 3: Power Budget
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The most commonly used batteries for this type of application are Lithium-Ion batteries
due to their good performance. The operating time for the system has been set for 2
hours, therefore, the energy required for the system to operate during this time is Energy
= 3.64 Wh.

To increase the life of Li-ion batteries, the deep of discharge (DOD) should be designed
to the 30% of the battery capacity. Then, the battery should be able to store:

Energy =
3:64 Wh

DOD
=

3:64 Wh
0:3

= 12:13 Wh (2)

The power supply voltage of Li-ion batteries is typically 3.7V, therefore, it is necessary
to have a battery with a capacity of

Capacity =
12:13 Wh

3:7 V
= 3:28 Ah (3)

A battery charging system has been designed. For this task, the MCP73831/2 integrated
system from Microchip [42] has been used, which is responsible for the charge control
through a specialized algorithm for Li-ion batteries in order to ensure a safe charge and
increase the performance and life of the battery. Charging is done via a micro USB con-
nector that provides power from an external source. The Figure 12 shows the complete
battery charging system along with the micro USB and battery connectors.

Figure 12: Battery Charging System Circuit.

Note that the charging system is included in the PCB and therefore it is necessary to be
careful when using it. For safety reasons, the battery cannot be charged while it is being
used to capture EEG signals.

With the power source de�ned, the power supply voltage conversion has been designed,
since being a battery, the voltage varies with the remaining capacity of the battery. There-
fore, a DC/DC boost converter has been used to convert the raw battery voltage to a �xed
voltage of 5V which powers the Raspberry Pi. Speci�cally, the ME2108 Series converter
from MicrOne [43] has been used. It has been chosen a boost converter because it is nec-
essary to increase the voltage and also obtain a high performance in the conversion and
minimize power losses. The Figure 13 illustrates the boost converter circuit.
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Figure 13: DC/DC Boost Converter Circuit.

The 3.3V digital power supply (VDD) is provided by the Raspberry Pi's internal converter,
which o�ers an output current of 500mA, su�cient for the system power consumption.

The Figure 14 shows the connector of the designed PCB, on which the Raspberry Pi is
connected and which is routed to all the subsystems of the design.

Figure 14: Raspberry Pi - PCB Connector.

The schematic of the complete system can be found in Appendix B.

The design of the PCB layout has been done following the objective of minimizing the
size of the design to make it as compact and portable as possible.
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