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Resumo 

 

 

O presente trabalho teve como objetivo construir um sistema completo de aquisição de sinais 

eletrofisiológicos que inclui a estrutura na qual elétrodos capacitivos estão inseridos, bioamplificadores 

capazes de filtrar e amplificar os sinais, um sistema de digitalização baseado no Raspberry Pi e fontes 

de alimentação capazes de alimentar todos os componentes eletrónicos envolvidos, incluindo o 

Raspberry Pi, usando pilhas. A partir dos sinais adquiridos, propôs-se desenvolver um sistema 

biométrico capaz de pré-processar, extrair características e classificar indivíduos em ambientes de 

autenticação e identificação, usando três classificadores diferentes. O sistema completo descrito 

constitui os Bioglasses. No final da apresentação e descrição de cada um dos blocos individuais, vários 

testes foram realizados de forma a avaliar os seus desempenhos. Todos os blocos mostraram algum 

nível de sucesso, excetuando o bioamplificador do EEG, devido a um mau planeamento da PCB, a 

estrutura e sistema de elétrodos, devido a elétrodos mal construídos e a uma estrutura de óculos 

rudimentar, e os classificadores de EEG, devido a uma inadequada extração de características. Uma 

vez que o sistema de electrodos não funcionou, foi necessário recorrer a uma base de dados pré-

existente para obter amostras de ECG e EEG. Para o ECG, num contexto de autenticação, os três 

classificadores obtiveram EERs inferiores a 3%, enquanto no teste de identificação, todas as taxas de 

correta identificação foram superiores a 98%. 
Palavras-chave: Bioglasses, sensores capacitivos, bioamplificadores, Raspberry Pi, 

autenticação, identificação 

 

 

 

 

 

 

 

 

 

 

 

 



 
 

 

 

Abstract 

 

 

The present work aims to design an entire electrophysiological signal acquisition system that 

includes the structure in which capacitive electrodes are inserted, bioamplifiers capable of filtering and 

amplifying the signals, a digitization network based on the Raspberry Pi and battery-based power 

supplies capable of powering all the electronic circuitry, including the Raspberry Pi. From the acquired 

signals, it was proposed to develop a biometric system capable of pre-processing, extracting features 

and classify individuals by using three different classifiers, in authentication and identification settings. 

The whole system described constitutes the Bioglasses. At the end of presenting and describing each 

individual block, several tests were conducted so that their performances could be evaluated. All the 

blocks reflected some degree of success with the exception of the EEG bioamplifier, due to a bad PCB 

design, the electrode system and structure, due to badly-designed electrodes and a rudimental glasses 

structure, and the EEG classifiers, due to an inadequate feature extraction. Because the electrode 

system did not work, it was necessary to resort to a pre-existing database in order to obtain samples of 

the ECG and EEG. Concerning the ECG, in a authentication context, the three classifiers achieved 

EERs under 3%, while in the identification test, all the successful identification rates were higher than 

98%.  
Keywords: Bioglasses, capacitive sensors, bioamplifiers, Raspberry Pi, authentication, 

identification. 
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1. Introduction 

 

 

1.1. Motivation 

 This thesis proposes an acquisition system based on capacitive sensors capable of acquiring 

several physiological signals with the aim of being integrated in a biometric application. The goal is to 

design a system that extends from the actual structure that supports the electrodes, up to the feature 

extraction and biometric classification stages.  

 More and more, biometric systems are being designed to be able to be used “on the run” taking 

as little time from the user as possible. This is easier to achieve if the sensors are few in number, are 

concentrated in a small region and if they do not take a lot of time to setup. The goal here is to build 

such a structure based on the traditional framework of a pair of glasses. Designing a system that can 

be worn without any issues for the subject gives way towards the concept of continuous biometric 

acquisition, a particular useful situation when the user needs to have its biosignal evaluated while 

undergoing certain activities. This also has the added advantage of this sort of occupations already 

having the necessary framework necessary to integrate the sensors and acquisition system. 

 

 

1.2. State of the Art 

 The ENOBIO sensor is a wireless and portable electroencephalogram (EEG), electrooculogram 

(EOG) and electrocardiogram (ECG) monitoring device developed by Starlab that has seen use not only 

in clinical environments, such as in  hospitals or research centers, but also in the context of Human 

Computer Interface (HCI) using the EOG, EEG and ECG-based biometry for authentication, and EEG-

based Sleepiness Prediction systems for drivers. The main advantage of the sensor is its ease of use: 

the sensor, which weighs approximately 63𝑔 and has for dimensions 60x85x20mm, is located in a cap 

with several electrode locations distributed across the scalp for easy electrode placement and EEG 

measurement. Also, because the electrodes, both dry and wet, come separately in the box with the 

sensor, these can be used to acquire the EOG and the ECG just as easily. When the cap is worn, the 

sensor rests at the back of the head and all the communication with a host computer is done through 

Bluetooth. The signals are low-pass filtered at 250𝐻𝑧 and then digitized with a resolution of 24𝑏𝑖𝑡𝑠 at 

500𝐻𝑧. An Application Programming Interface (API) is provided by that allows the user to observe the 
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data in real-time, process the data or simply storing the information for other uses[1]. Figure 1 shows an 

ENOBIO sensor being worn. 

 

Figure 1 – A look at an ENOBIO sensor being worn. 

 A similar system is the ActiveTwo developed by BioSemi. It consists of a 280-channel, 24𝑏𝑖𝑡 

resolution biopotential measurement system that works with sampling rates ranging from 2 to 16𝑘𝐻𝑧 

per channel. It also makes use of a headcap system that can be easily applied. There are also other 

available systems besides the EEG that allow to measure the ECG and the electromyogram (EMG) 

wearing this system is illustrated in Figure 2. 

 

Figure 2 – A user wearing the ActiveTwo system. 

 

 

1.3. The Electrocardiogram 

The electrocardiogram (ECG) is arguably the most recognizable electrophysiological signal (see 

Figure 3). It’s obtained at the end of an electrocardiography procedure and is the name given to the 

recording of the electrical manifestation over time of the contractile activity of the heart. The ECG carries 

a great deal of information about heart anatomy and function: direct observation of the waveforms 

permits detection of the heart rate and simple patterns of disease, while closer inspections can 

disclosure underlying heart pathologies by noticing small changes in the signal.  
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Figure 3 – The common wave structure of an ECG and its corresponding landmarks  

The heart is divided into four cardiac chambers: two ventricles and two atria. The phase in which 

the ventricles are resting and collecting blood is known as a diastole whereas systole occurs when the 

blood is being pumped out of the heart. During a healthy heartbeat, blood flows from and into the 

different chambers of the heart in a synchronized fashion, comprising a well-defined cycle known as the 

cardiac cycle.   Venous blood coming from the superior and inferior vena cava fills the right atrium. Due 

to atrial systole, the blood passes to the right ventricle through the tricuspid valve which, in turn, prevents 

blood from backflowing into the atrium. When the ventricle is sufficiently full, it contracts and the venous 

blood is forced into the pulmonary arteries in order to receive oxygen and release carbon dioxide. After 

the oxygenation process, the arterial blood returns to the heart’s left atrium which is fills up until a certain 

pressure threshold is met. At this point, the blood is pumped through the mitral valve into the left ventricle 

due to atrium contraction, with the mitral valve providing the same utility as its tricuspid counterpart. It 

must be emphasized that the left ventricle is the largest and the one that contracts the hardest as it has 

to hold and pump enough arterial blood for it to reach the entire body, opposing all the pressure 

exercised by the body’s vascular system. After flowing through the body, the blood returns to the right 

atrium in its venous form and the cycle commences again.  

A certain rhythm must be maintained for all the structures to work synchronously. It is regulated 

by a set of specialized cells, named the sino-atrial (SA) node, located at the junction of the superior vena 

cava with the right atrium. From an electrical standpoint, the cardiac cycle develops as follows: the 

electrical impulse fired by the SA node propagates through the atrial musculature at relatively slow rates, 

leading to a slow-moving depolarization (contraction) of both atria, also known as the P wave. Because 

the excitation pulse travels faster than the blood, when the pulse reaches the atrio-ventricular (AV) node, 

delay so the blood can fully flow from the atria to the ventricles, originating the isoelectric PQ segment 

in the ECG. At this point, the stimulus is rapidly directed towards the apex of the heart thanks to a group 

of specialized cardiomyocytes capable of conducting electricity faster than any other heart cell, namely 

the bundle of His and the Purkinje system. The excitation wave then travels upwards at high speed, 

causing rapid depolarization (contraction) of the ventricles, explaining the presence of the QRS complex 

on the ECG. Another isoelectric plateau, the ST segment, can be observed immediately after the QRS 

complex due to the long action potential duration of the ventricles’ muscle cells. Finally, the T wave 
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arises from the repolarization (relaxation) of the ventricle cells [3,4]. Its highest peak can reach up to 5𝑚𝑉 

and its bandwidth ranges from near dc to 100𝐻𝑧[5]. 

In order to accurately acquire the ECG signal, the standard 12-lead ECG recording system is 

used. This method allows to measure the heart-related potentials between electrodes placed on the 

surface of the body. Of the twelve leads, six are limb (extremity) leads and six are chest (precordial) 

leads. Limb leads record potentials projected onto to the frontal plane, and the chest leads record 

potentials projected onto to the horizontal plane. One of the electrodes is placed on the right leg that 

acts as a ground reference for the remaining electrodes. Ten electrodes are used in total and their 

placements are illustrated in Figure 4. 

 

Figure 4 – Left Image: Position of the limb electrodes. Right Image: Position of the chest electrodes. 

Limb leads can be further divided into three standard bipolar leads (I, II and III) and three 

augmented unipolar leads (aVR, aVL and aVF). From the electrodes placed in both arms and left leg, 

the bipolar leads represent the potential difference between each one of these limbs: lead I reflects the 

left arm-right arm voltage, lead II measures the left leg-right arm voltage and lead III reflects the left leg-

left arm voltage. An imaginary equilateral triangle, known as the Einthoven’s triangle, is formed by the 

axes of the limb leads with the heart being placed at its center, which is named the Wilson’s central 

terminal. In turn, unipolar limb leads measure the potential at each one of the limbs referenced to a 

modified Wilson’s central terminal. aVR corresponds to the right arm lead, aVL to the left arm lead and 

aVF to the left leg lead. The term augmented stems from the fact that these unipolar potentials are all 

electrically amplified by a factor of 1.5. Each one of these six leads represent a projection of the 3D 

cardiac cycle onto the frontal plane, sampling the 0º-180º range in 30º steps. The spatial orientation of 

the six frontal plane derivations are depicted in the hexaxial reference system shown in the left picture 

of Figure 5.  

  The six precordial leads are also unipolar recordings and are obtained by placing electrodes 

in well-defined locations on the chest (see Figure 4) and using Wilson’s central terminal as a reference. 

The electrode positions are as such: lead V1, fourth intercostal space, just to the right of the sternum; 

lead V2, fourth intercostal space, just to the left of the sternum; lead V4, midclavicular line, fifth 
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intercostal space; lead V3, midway between V2 and V4; lead V5, anterior axillary line, same level as 

V4; lead V6, midaxillary line, same level as V4 and V5. The six chest leads system allows for the cardiac 

electrical vector to be viewed from different perspectives along a cross-sectional plane[6] as depicted in 

the right schematic of Figure 5.  

 

Figure 5 – Schematic of how the leads are derived in the limbs (left) and in the chest (right). 

 

 

1.4. The Electroencephalogram 

An electroencephalography procedure measures the brain’s electrical activity under the form of 

an electroencephalogram (EEG), which is the actual signal that describes the evolution over time of the 

recorded instantaneous voltage fluctuations. The brain consists of four major parts: the brain stem 

(which can be further subdivided into the medulla oblongata, the pons and the midbrain), the cerebrum, 

the cerebellum and the diencephalon (consisting mostly of the thalamus, hypothalamus and pineal 

gland). The cerebrum is divided into two right and left hemispheres by a large longitudinal fissure across 

which there’s a band of fibers, known as the corpus callosum, which permits communication between 

both hemispheres. At the cerebrum’s surface lies the cerebral cortex, a thin layer of grey matter 

consisting of neurons arranged in convoluted patterns and separated into different regions by sulci. 

Beneath the cortex, nerve fibers lead to other regions of the brain and body (white matter)[3,6]. 

 Using surface electrodes at the scalp level, one can measure the cortical potentials that are 

generated due to excitatory and inhibitory post-synaptic potential developed by cell bodies and dendrites 

of pyramidal neurons. Physiological control processes, thought processes and external stimuli all 

generate signals that flow through the exceedingly large number of existing neurons, with each 

contributing to the overall scalp EEG. Therefore, the EEG can be thought as the average of the various 

activities of the many small zones of the cortical surface found beneath the electrode. 

 EEG signals are a superposition of several patterns of rhythmic activity, with each being 

contained within a specific frequency band. They are as follows[4,7,8]: 

 Delta (𝛿) wave: 𝑓 ≤ 3.5 𝐻𝑧; 

 Theta (𝜃) wave: 4 ≤ 𝑓 ≤ 7 𝐻𝑧; 

 Alpha (𝛼) wave: 8 ≤ 𝑓 ≤ 13 𝐻𝑧; 

 Beta (𝛽) wave: 14 ≤ 𝑓 ≤ 30 𝐻𝑧. 
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 Gamma (𝛾) wave: 𝑓 > 30 𝐻𝑧 

Figure 6 illustrates the traces corresponding to each one of the rhythms mentioned above.  

Besides belonging to different bandwidths, they are also associated with distinct physiological and 

mental processes. The alpha rhythm is found in almost all normal adult individuals when they are awake 

and in a relaxed state of mind. They are stronger in the occipital lobe but can also be measured at the 

parietal and frontal regions of the scalp. Closing the eyes promotes this sort of brain activity while deep 

sleep and visual stimuli suppresses it. The latter not only suppresses alpha waves, but replaces them 

with the beta rhythm. Beta waves are usually found in individuals with an anxious state of mind or when 

they are undergoing some sort of mental activity. They are stronger in the parietal and frontal regions of 

the scalp. Delta activity presents itself as a low-frequency but loud wave during deep meditation or 

dreamless sleep. Among all the brain waves, delta activity produces the ones with the largest amplitude, 

reaching up to 10𝜇𝑉[5]. Theta waveforms occur more in the initial sleep stages but can also be observed 

when an adult experiences strong emotional stress. Finally, the highest-frequency gamma activity 

results from the simultaneous processing of information from different brain areas and are associated 

with modulation of consciousness and perception[4,7,9]. 

 

Figure 6 – Comparison between the different brain waves. 

 In clinical practice, several channels are acquired simultaneously, with each one corresponding 

to an electrode placed in a different region of the scalp. This way, it’s possible to study and compare the 

activity of the different brain waves at different locations of the brain. The recommended recording 

protocol is the 10-20 system of electrode placement[10], shown in Figure 7. Electrodes placed following 

this system are all equally distanced along any anterior-posterior or transverse line. The term 10-20 

stems from the fact the electrodes located along the midline are placed at 10, 20, 20, 20, 20, and 10% 

of the total nasion-inion distance[6]. The nasion is considered the depressed region between the eyes, 

just above the nasal bone is the inion is the projecting point of the occipital bone at the base of the 

skull[11,12]. Using this system, it’s possible to use the electrodes in a bipolar montage, where the 

difference between adjacent electrodes is measured, or a referential montage, where the difference is 

between one electrode and a reference electrode, placed in the ear lobe, for example[13]. 
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Figure 7 - The 10-20 system of electrode placement foe EEG recording, Notes regarding channel labels: A-auricular 
(ear lobes), Fp- pre-frontal, F- frontal, P- parietal, C- central, O- occipital, T- temporal, z- midline, odd numbers on 
the left, even numbers on the right of the subject. 

 

 

1.5. The Electrooculogram 

Electrooculography is the method through which the resting potential of the eye and its 

variations are measured, resulting in an electrooculogram (EOG). The EOG signal is derived from the 

Corneo-Retinal Potential (CRP), a standing potential developed between the cornea at the anterior part 

of the eyebulb, and the retina epithelium at its posterior region. The cornea is the outermost region of 

the eye; it provides protection from external sources and partakes in focusing light rays onto the retina 

which, in turn, acts as a transducer that converts light information into neural impulses. The observed 

polarization between cornea and retina is not generated by any sort of excitable tissue. Instead, due to 

the high metabolic rate of the nervous cells present in the retina, a series of hiperpolarizations and 

depolarizations occur that negatively polarizes the retina in regards to the cornea and a static dipole is 

thus generated between the cornea (positive pole) and the retina (negative pole)[3,14].  

The optical axis can be considered aligned with the CRP which means the potential moves 

synchronously with the eye ball. When the eyeball starts to move and leaves its comfort position, the 

CRP moves accordingly and a potential is generated at the eye socket’s surrounding skin surface. 

Figure 8 schematically illustrates this behavior for the right eye which has electrodes placed at both its 

outer and the inner canthus. While at rest or looking ahead, the electrodes do not detect any potential 

and thus, no signal is measured. When an individual gazes right, a positive potential is generated at the 

electrodes due to the positive pole (cornea) getting closer to the positive electrode. Similarly, when the 

eye gazes left, the positive pole shifts towards the opposite electrode and a negative potential shows in 

the signal. Because the EOG varies approximately in proportion to the displacement of the eyeball, it’s 

possible to track the position of the eye by recognizing the associated alterations in the EOG. Ideally, 

the difference in potential should be proportional to the sine of the angular position of the eye but it’s 

already established that linearity decreases for rotation larger than 30º[15]. 
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Figure 8- EOG occurrence when the eyeball gazes to either side. 

Acquisition of the EOG is done using two bipolar channels: one that measures EOG changes 

due to the horizontal displacements of the eye (EOGh) and one equivalent but for the vertical 

movements (EOGv). Surface electrodes are usually placed in the manner illustrated in Figure 9: the 

ones placed at the outer canthus of the eyes constitute the horizontal channel, and the ones placed 

above and beneath the eye constitute the vertical channel. The most prominent frequency components 

of the EOG go up to 40𝐻𝑧[16,17] and its highest amplitude can reach up to the hundreds of 

microvolts[14,18,19]. In applications that only target healthy and normal subjects, two channels measuring 

a single eye is enough to ascertain the direction of gaze since both eyes move in conjunction, in both 

the vertical and horizontal directions. This also the reason why it’s possible to place one of the electrodes 

near the eye that is not being measured. However, if the subject suffers from strabismus or any other 

condition with similar effects, it’s necessary to measure each eye independently.  

The muscles of the eye are capable of performing several distinct types of movement that 

stabilize the eyes in relation to the external world. One example is the vestibular nystagmus, a set of 

compensatory eye movements that help they eyes focusing the same target irrespective of head 

movement. However, these are performed involuntarily. In the context of and EOG acquisition, the most 

relevant are the saccadic movements. These are fast eye jumps that abruptly change the eyes’ point of 

fixation with various degrees of amplitude, ranging from small motions while reading to large ones while 

gazing across a room. Saccades are also characterized as ballistic because the system that governs 

them is unable to stop or alter these movements when they are already under course[4,20]. Although they 

can happen involuntarily, a saccadic response is usually employed when one wants to gaze in the 

direction of a certain target. There’s a special case of saccadic response that occurs under the form of 

blinking. During an eye blink, the eye rapidly shoots upwards causing a saccade to show up in the 

vertical EOG channel. However, these distinguish themselves from normal “up” motions of the eye due 

to their faster action, appearing as a wider pulse in the EOGv[21]. Depending on the application, a blink 
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can be considered an artifact that need to be removed or can be used as a code to perform some sort 

of special action. 

 

Figure 9– Electrode positioning for the vertical EOG (EOGv) and horizontal EOG (EOGh). Notes regarding channel 
labels: RH- right horizontal, LH- left horizontal, BV- Bottom Vertical, TV- Top Vertical, G- ground. 
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2. The Biopotential Amplifier 

 

 

2.1. Introduction to the Biopotential Amplifier 

Biopotentials are characterized by their low frequencies, ranging from dc up to 10𝑘𝐻𝑧[13], and 

small amplitudes, roughly ranging from 1𝜇𝑉 to 100𝑚𝑉[22]. Between their place of origin within the human 

body and the sensor capturing it, the signal is subject to a great deal of interference, both biological and 

environmental in nature. The biopotential amplifier (or bioamplifier) circuit is a system specifically built 

to increase signal strength while maintaining high fidelity of the detected electrical activity. There are 

five basic requirements that a biopotential amplifier is expected to satisfy: (1) the physiological process 

being studied should not be influenced by the amplifier, (2) the detected signal should not be altered in 

any way, (3) the amplifier should separate signal from interference in the best possible way, (4) the 

amplifier must protect the user from any hazard of electrical shock. 

The main stages of the biopotential amplifier do not stray too much from a specific design, 

although slight variations are always possible depending on the specific context of the application. More 

often than not, a typical configuration consists of an instrumentation amplifier, low-pass and a high-pass 

filter. An isolation amplifier can also be added to the bioamplifier, serving as an electrical barrier against 

power supply leakage current, thus ensuring user safety. There’s a large number of design parameters 

considered when constructing the bioamplifier circuit. The ones considered more relevant are as follows: 

I. Gain. Signal amplification is a must when dealing with electrophysiological signals. Their low 

level voltage amplitudes are insufficient for driving display and recording equipment and so it’s 

not uncommon to find bioamplifiers providing 1000-plus gains [13]. The voltage gain 𝐺 of the 

amplifier represents the magnitude of signal amplification and is defined as the ratio between 

the output and input voltages: 

 It’s also common to express the gain in its decibel form[23,24]: 

 𝐺𝑑𝐵 = 20 log10(𝐺) = 20 log10 (
𝑣𝑜(𝑡)

𝑣𝑖(𝑡)
) (1) 

II. Frequency response. The typical magnitude response of an amplifier is depicted in Figure 10. 

The amplifier bandwidth corresponds to the range comprehended between frequencies 𝜔1 and 

𝜔2, also known as lower cutoff frequency and upper cutoff frequency, respectively. Within this 

range, the input signal is amplified with a near constant gain, to within a certain number of 

decibels (usually 3𝑑𝐵). Outside the bandwidth, frequencies are increasingly attenuated the 
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further they are from 𝜔1 and 𝜔2. At the cutoff frequencies, the gain is 0.707 times the gain 

exhibited in the midfrequency plateau or, alternatively, it’s said to be lower by 3𝑑𝐵.The amplifier 

is normally designed so that its bandwidth coincides with the spectrum of the signal it’s required 

to amplify. Otherwise, different components of the input signal would be amplified by different 

amounts, leading to signal distortion[23,24]. 

 

Figure 10 - The typical magnitude response of a bioamplifier. 

III. Common-mode rejection. The idea behind using a differential setup when building a bioamplifier 

is to amplify only the difference between the voltages found at its inputs, which is the same as 

saying that anything in common should be rejected. This is especially important when small ac 

signals are coupled with large dc offsets or when dealing with creeping signals that couple 

themselves equally on both inputs. A well-known case of such a common-mode signal is 

electromagnetic interference. These stray electromagnetic radiations are picked up by the 

human body, which acts as an antenna due to its high conductivity, and creeps into the amplifier 

alongside the biosignal. The same applies to any conducting surface present in the bioamplifier. 

The interference presents itself as a 50𝐻𝑧 waveform with its corresponding harmonics. The 

common-mode rejection ratio (CMRR), usually expressed in decibels, reflects the ability of the 

bioamplifier in rejecting common-mode signals. This parameter is defined as the ratio of the 

differential mode gain over the common mode gain of the amplifier [22,23]:  

 𝐶𝑀𝑅𝑅𝑑𝐵 = 20 log10 (
𝐺𝐷
𝐺𝐶
) (2) 

IV. Noise. If one were to measure the output of an amplifier when no signal is provided at its input, 

it would be expected the output to be zero. However, small voltage fluctuations are always 

detected at the output. These noise contributions are generated by random processes and thus 

statistical in nature, carrying no information about the physiological signal whatsoever. Although 

usually small, this interference can significantly degrade signal integrity due to the low levels of 

electrophysiological signals.  

There are two main sources of noise: the one the bioamplifier sees at its inputs and the one 

generated by the amplifier itself. The former is thermal noise which is caused by any resistive 

component that isn’t at perfect zero temperature. Considering a total source resistance 𝑅𝑠, 

which includes the resistance of the biological source and the overall resistance of the path 

between the source and the amplifier inputs, the thermal noise voltage is given by: 
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 𝐸𝑟𝑚𝑠
2 = 4𝑘𝐵𝑇𝑅𝑠∆𝑓 (3) 

where 𝑘𝐵 is the Boltzmann constant, 𝑇 is the absolute temperature in kelvin, and ∆𝑓 = 𝑓2 − 𝑓1 

is the amplifier bandwidth in hertz. It should be noted that, although thermal noise is also 

generated along the amplifier circuitry, it has a larger impact at its inputs due to the small 

amplitude of the biological signal at that stage. 

The second type of noise is the one caused inherently by the operational amplifiers. It has two 

components, both of them frequency dependent: the internal voltage noise source 𝑒𝑛, and the 

voltage drop across total source resistance 𝑅𝑠 caused by the internal current noise generator 

𝑖𝑛. The total voltage noise seen by the amplifier at its inputs is the sum of the three independent 

noise components[22,23]: 

 𝐸𝑟𝑚𝑠
2 = ∫ 𝑒𝑛

2
𝑓2

𝑓1

𝑑𝑓 + 𝑅𝑠
2∫ 𝑖𝑛

2
𝑓2

𝑓1

𝑑𝑓 + 4𝑘𝐵𝑇𝑅𝑠∆𝑓 (4) 

V. Artifacts. These are structures that resemble legitimate signal structures but are actually foreign 

due to having a different source. Besides diminishing signal quality, artifacts may even ruin the 

whole amplification process by saturating the bioamplifier. A phenomenon known as half-cell 

potential, which occurs due to electrochemical reactions at the skin-electrode interface, couples 

a dc potential at each input of the bioamplifier. Due to mismatches in these potentials, the 

differential nature of the amplifier creates an offset voltage that can be much larger than the 

physiological signal. Moreover, due to motion, displacement of one of the surfaces relative to 

the other generates momentary changes in the charge distribution at the skin-electrode interface 

that lead to half-cell potential fluctuations. This is a motion artifact commonly referred to as 

baseline drift or baseline wander. The first stages of the biopotential amplifier must deal not only 

with these slow-changing fluctuations but also with the large dc polarization induced by the 

electrodes. Otherwise the amplifier will eventually saturate due to its high gain, and the low-

level ac components will remain undetected[13,22,23]. 

VI. Input impedance. The skin-electrolyte-electrode complex creates a finite impedance that 

depends on several different factors, such as the type of interface layer, the temperature at the 

interface or the area of the electrode surface. The overall source impedance 𝑍𝑠𝑜𝑢𝑟𝑐𝑒 , that is, the 

total impedance seen between the biological source 𝑣𝑏𝑖𝑜_𝑠𝑜𝑢𝑟𝑐𝑒 and the instrumentation amplifier 

inputs, forms a simple voltage divider with the biopotential amplifier’s input impedance 𝑍𝑖𝑛. This 

is illustrated in Figure 11. For simplicity sake, the source impedance was assumed to be the 

same at both inputs of the bioamplifier. Calculating for the non-inverting input of the amplifier 

(the same is applied to the inverting input), the voltage at this junction is: 

 𝑣+ =
𝑍𝑖𝑛

𝑍𝑠𝑜𝑢𝑟𝑐𝑒 + 𝑍𝑖𝑛
𝑣𝑏𝑖𝑜_𝑠𝑜𝑢𝑟𝑐𝑒 (5) 

By keeping 𝑍𝑖𝑛 ≫ 𝑍𝑠𝑜𝑢𝑟𝑐𝑒, considerable attenuation of the biological signal can be avoided. For 

an area of 1cm2, skin impedance varies from 200kΩ at 1Hz down to 200Ω at 1MHz and which 
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means the input impedance must be several orders larger than the first value in order to negate 

the effects of 𝑍𝑡𝑜𝑡𝑎𝑙
[13,23]. 

 

Figure 11– Schematic illustrating the voltage divider that develops at the inputs of the instrumentation amplifier. 

 

 

2.2. Bioamplifier Design 

The first step towards building the entire acquisition system is the design of the actual 

bioamplifier channels that amplify and filter the physiological signals. Although the signals all have their 

own distinct characteristics, each channel follows the same basic composition: an instrumentation 

amplifier, a 4th order Butterworth low-pass filter, a 2nd order high-pass filter and a regular notch filter with 

variable quality factor. In the following sections, each one of these stages are addressed. Additionally, 

a section concerning the sensors is included as part of the bioamplifier due to their impact on the overall 

transfer function. 

 

 

2.2.1. The Instrumentation Amplifier 

The circuit diagram of the standard instrumentation amplifier is shown in Figure 12. In its most 

simple configuration, this technology combines a conventional differential amplifier with two-non 

inverting voltage followers coupled together by a resistor. The voltage-followers act as input buffers, not 

only providing high input impedance, but also ensuring impedance matching between both input ends. 

The differential setup, combined with proper choosing of the op-amps and careful resistance matching, 

ensures that common-mode signals are rejected due to increased values of CMRR[5]. As it is, the 

instrumentation amplifier provides a high gain, high input impedance, high CMRR, low noise and low 

offset differential setup[5,22,23]. 



14 
 

 

Figure 12 - Schematic of the instrumentation amplifier. 

Simple circuit analysis provides insight on how the instrumentation amplifier operates. The gain, 

also known as differential gain, of the circuit is given by: 

 𝐺𝐷 =
𝑣𝑜𝑢𝑡
𝑣2 − 𝑣1

= (1 +
2𝑅1
𝑅𝑥
)
𝑅3
𝑅2

 (6) 

This result, however, is based on the fact that the resistors are perfectly matched. This is not 

the case in physical implementations of this circuit: there’s always some small dispersions between 

resistance values. This is the primary reason the CMRR doesn’t take infinite values. Moreover, even in 

a situation where the differential amplifier is ideal, mismatch between source impedances 𝑍1 and 𝑍2 at 

each input can add common-mode signal interference. The common-mode signal 𝑣𝑐 causes currents to 

flow through 𝑍1 and 𝑍2. If the source impedances are unequal, the related voltage drops are also different 

and a differential signal is formed which is not rejected by the amplifier[22]. Equation 7 shows the actual 

dependencies of the output voltage:  

 𝑣𝑜𝑢𝑡 = 𝐺𝐷(𝑣2 − 𝑣1) +
𝐺𝐷𝑣𝑐
𝐶𝑀𝑅𝑅

+ 𝐺𝐷𝑣𝑐 (1 −
𝑍𝑖𝑛

𝑍𝑖𝑛 + 𝑍1 − 𝑍2
) (7) 

where 𝑍𝑖𝑛 is the input impedance of the instrumentation amplifier. Equation 7 reflects yet again the 

importance of high values of input impedance, besides in avoiding attenuation of the biological signal: if 

𝑍𝑖𝑛 is kept sufficiently large, the influence of the difference between source impedances becomes 

weaker. 

Due to the operational amplifiers’ non-ideality, there’s always an input bias current at the inputs 

of the voltage followers. Over time, these currents, albeit small, have the ability to charge stray 

capacitances at the amplifier inputs which could potentially saturate the following stages of the 

bioamplifier. At each input, a resistor connected to ground provides a dc path for the bias current. The 

resistors limit the input impedance to the value of that particular resistance and so, they should be kept 

high, but not as high as the input impedance of the instrumentation amplifier, and present little dispersion 

between them. 
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2.2.2. Capacitive Coupling-based Sensors 

Specific regions of the inner face of the glasses’ structure are lined with a copper foil that acts 

as an antenna/electrode for the electrical field emanated from the human body. In practice, the skin of 

the subject and the copper foil can be compared to a parallel-plate capacitor, where the plates are the 

two surfaces and the insulating material is whatever’s found between them both. The capacitance of 

such a system is given by: 

 𝐶𝑠𝑒𝑛𝑠𝑜𝑟 = 휀0휀𝑟
𝐴

𝑑
 (8) 

where 휀0 = 8.85 ∗ 10
−12𝐹 ∙ 𝑚−1 is the dielectric constant, 휀𝑟 is the relative dielectric constant of the 

insulating material, 𝐴 is the area that overlaps both surfaces that overlaps and 𝑑 is the distance between 

them.  

Although the value of 𝐴 is mostly fixed by the area of the copper-lined surface, parameters 휀𝑟 

and 𝑑 make it hard to obtain a well-fined value for the capacitance: distance 𝑑 is dependent on the 

subject’s head and neck structures, and the insulating material is a combination of air, hair and clothes. 

Even in situations where only air is found between the plates, pressure and temperature still have a 

large contribution on the final value of 휀𝑟. However, more important than knowing the exact figure of the 

sensor capacitance is the assurance that this value is kept as high as possible.  

When the capacitive sensor is linked to the instrumentation amplifier, an 𝑅𝐶 network composed 

of that same capacitor, the bias resistor and the amplifier’s input impedance is formed. This is illustrated 

in Figure 13 for one of the inputs of the instrumentation amplifier. Through node analysis, it’s possible 

to obtain the associated transfer function: 

𝑣𝑖𝑛 − 𝑣𝑜𝑢𝑡
1

𝑠𝐶𝑠𝑒𝑛𝑠𝑜𝑟

=
𝑣𝑜𝑢𝑡

𝑅𝑏𝑖𝑎𝑠//𝑅𝑖𝑛//𝐶𝑖𝑛
⇔ 

 
⇔
𝑣𝑜𝑢𝑡
𝑣𝑖𝑛

= 𝑇(𝑠) =
𝐶𝑠𝑒𝑛𝑠𝑜𝑟

𝐶𝑠𝑒𝑛𝑠𝑜𝑟 + 𝐶𝑖𝑛
∙

𝑠

𝑅𝑏𝑖𝑎𝑠 + 𝑅𝑖𝑛
𝑅𝑏𝑖𝑎𝑠𝑅𝑖𝑛(𝐶𝑠𝑒𝑛𝑠𝑜𝑟 + 𝐶𝑖𝑛)

+ 𝑠
 

(9) 

in which 𝑅𝑏𝑖𝑎𝑠 represents the bias resistor and 𝑅𝑖𝑛 and 𝐶𝑖𝑛 are the components of the instrumentation 

amplifier’s input impedance (input resistance and input capacitance, respectively). Although large, the 

bias resistors should be kept some orders of magnitude smaller than the input resistance. This way, 

Equation 9 can be approximated and rewritten as: 

 
𝑇(𝑠) =

𝐶𝑠𝑒𝑛𝑠𝑜𝑟
𝐶𝑠𝑒𝑛𝑠𝑜𝑟 + 𝐶𝑖𝑛

∙
𝑠

1
𝑅𝑏𝑖𝑎𝑠(𝐶𝑠𝑒𝑛𝑠𝑜𝑟 + 𝐶𝑖𝑛)

+ 𝑠
 

(10) 

where the cutoff frequency 𝜔0 is given by: 

 𝜔0 =
1

𝑅𝑏𝑖𝑎𝑠(𝐶𝑠𝑒𝑛𝑠𝑜𝑟 + 𝐶𝑖𝑛)
 (11) 

Two conclusions can be drawn from the previous calculation. First, Equation 11 clearly shows 

that this 𝑅𝐶 network has a high-pass characteristic with a cutoff frequency that depends on the values 
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of the bias resistor, the input capacitance and the sensor capacitance. Although 𝐶𝑖𝑛 is fixed, each one 

of the remaining parameters should be kept as high as possible in order to shift the cutoff frequency 

towards lower frequencies, thus avoiding undesired signal attenuation. Besides choosing large values 

for the bias resistor, one can also manipulate the value for 𝐶𝑠𝑒𝑛𝑠𝑜𝑟 despite not knowing its exact figure: 

keeping the electrodes as close as possible to the skin (reducing 𝑑) and designing large electrode 

surfaces (increasing 𝐴) are two good first steps towards minimizing the high-pass effect. The second 

point concerns the attenuation factor 
𝐶𝑠𝑒𝑛𝑠𝑜𝑟

𝐶𝑠𝑒𝑛𝑠𝑜𝑟+𝐶𝑖𝑛
, which is another reason why efforts should be conducted 

towards maximizing the value of 𝐶𝑠𝑒𝑛𝑠𝑜𝑟. For instance, if the input capacitance falls to within one order 

of magnitude of the sensor capacitance, then approximately 9% attenuation in the passband occurs. In 

section 5, a test was conducted that shows the impact of choosing low values for the bias resistors. 

 

Figure 13 - Schematic of the developed 𝑅𝐶 network. 

It is important to note that choosing large values for the bias resistors carries some important 

trade-offs. No amplifier is ideal and so there are always some unavoidable input bias currents at its 

inputs. Depending on the instrumentation amplifier, these currents can be of the order of 10−9, 10−12 or 

even 10−15𝐴. When a bias resistor is placed, these currents induce polarizing voltages at the inputs, an 

effect that is directly proportional to the value of the resistor. Ultimately, this means that choosing large 

values for 𝑅𝑏𝑖𝑎𝑠 brings along the risk of saturating the following stages of the bioamplifier. Using an 

instrumentation amplifier with low bias currents and placing a high-pass filter immediately after helps in 

mitigating this issue. Besides circuit operation, signal integrity is also affected by the bias resistors in 

two different ways. First, thermal noise has a larger contribution, as shown in Equation 4, and second, 

manually setting the bias resistors naturally decreases the overall CMRR due to the small dispersions 

between the resistor values at each input. 

A peculiar similarity between this method and traditional electrodes that should be expected is 

the presence of a baseline drift. Half-cell potentials occur when using contact electrodes due to the 

electrochemical reactions that are formed at the interface. In a differential approach, if the instantaneous 

potentials are not the same at each electrode, then a low-frequency fluctuation appears at the inputs of 

the second stage. With capacitive coupling, because no contact between the skin and the copper foil is 

established, no electrochemical reactions take place and so baseline drift isn’t expected. However, the 

instantaneous changes in the capacitance value at each electrode, due to variations over time of the 

distance or area parameters, actually induce low-frequency components similar to traditional electrodes. 
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In order to have a practical idea of the effect of using capacitive sensors had on the acquired 

signals, a test was conducted using an INA121 with one 100𝑀Ω coupled to each of its inputs. For the 

capacitive sensors, two 8.6𝑐𝑚x4.9𝑐𝑚 flat surfaces were lined with copper foil and placed 0.5𝑐𝑚 apart. 

Connected to one of the plates was the Agilent 33220A function generator and to the other was one of 

the inputs of the instrumentation amplifier.  

Figure 14 shows the resulting transfer function, a clear high-pass characteristic. The −3𝑑𝐵 point 

is evidenced by the red circle, to which corresponds a cutoff frequency of around 41.3𝐻𝑧. Attenuation in 

the passband is shown to be close to −10𝑑𝐵, meaning the input signal is reduced to approximately a 

third of its original amplitude. It’s clear that such a large cutoff frequency implies the vast majority of the 

useful information of the ECG, EEG and EOG would be strongly attenuated. The conclusion is that 

choosing 100𝑀Ω bias resistors is not enough to reduce the high-pass effect. Larger values must be 

used, even more so considering that the surface of the glasses’ sensors are smaller than the ones used 

in this test, a fact that only tends to shift the cutoff frequency into higher frequencies. 

Considering Equation 11 and inverting it: 

 𝐶𝑠𝑒𝑛𝑠𝑜𝑟 =
1

2𝜋𝑓0𝑅𝑏𝑖𝑎𝑠
− 𝐶𝑖𝑛 (12) 

it is possible to extract a value for the capacitance developed by the plates. Taking 𝐶𝑖𝑛 = 1𝑝𝐹, which is 

the value specified in the INA121’s datasheet, and 𝑅𝑏𝑖𝑎𝑠 = 100𝑀Ω, one gets approximately 1.59𝑛𝐹 for 

the sensor capacitance. 

 

Figure 14 – The resulting transfer function associated with a montage that utilizes capacitive sensors. 

 

 

2.2.3. Filter Design 

Filters are networks that reject unwanted components of a certain signal. The level of 

interference present when detecting an electrophysiological signal makes it impossible to record, display 

or process it without proper filtering. Besides the desired biopotential, there are four other components 

at the input of the bioamplifier that need to be addressed: other biosignals, power-line interference and 

its harmonics, polarization and drift generated by the tissue-electrode interface, and noise. Undesired 
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biosignals are usually attenuated by carefully limiting the amplifier bandwidth to that of the signal being 

measured, a method that also helps in reducing noise. Filters complement the instrumentation amplifier 

in rejecting power-line interference by attenuating a small frequency band that includes the radiation’s 

frequency. Finally, high-pass filters with low frequency cutoffs substantially reduce the influence of the 

potentials generated at the tissue-electrode interface. It should be noted that, in most cases, there’s 

some spectra overlap between signal and interference which means one has to decide what kind of 

trade-off is acceptable.  

 

 

2.2.3.1. The Low-Pass Filter 

The low-pass filter serves several different purposes. Although its influence is mostly the upper 

limitation of the bioamplifier’s bandwidth according to the signal’s own bandwidth, it also helps in 

reducing the influence of noise, which increases the wider the bandwidth (see Equation 4). Moreover, 

due to the low upper cut-off frequencies of the signals of interest, the filter also reduces the effect of 

power-line interference and its harmonics. 

A compromise is made in order to ensure the filter is built with a steep roll-off and a high degree 

of flatness in the passband without introducing a great deal of complexity in the physical construction of 

the circuit. A 4th order Butterworth filter fits nicely within these ideals since only two stages need to be 

designed in order to achieve a respectable 80 𝑑𝐵/𝑑𝑒𝑐𝑎𝑑𝑒 roll-off. Butterworth filters separate 

themselves from other filters due to their ability to provide maximum flatness in the passband though 

careful selection of the transfer function’s denominator. By increasing the filter order 𝑁, the filter 

approaches the ideal brick-wall transmission but at the cost of complexity and cost.  

Chebyshev and elliptic filters were also studied in the process of choosing an appropriate low-

pass filter. Despite these filters being capable of achieving steeper roll-offs for the same filter order as 

the Butterworth, they are known for introducing transmission ripples and are considerably harder to 

implement analogically. 

Because a 4th order filter is built by cascading two 2nd order filters together, the demonstrations 

that follow are conducted for a single 2nd order filter without any loss of generality.  
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Figure 15 - Circuit diagram for a 2nd order low-pass Butterworth filter using the Sallen-Key topology. 

An Nth order Butterworth low-pass filter is an all-pole filter whose transfer function is given by: 

 𝑇(𝑠) =
𝐺𝜔0

𝑁

𝑠𝑁 + 𝑏𝑁−1𝑠
𝑁−1 +⋯+ 𝑏0

 (13) 

where 𝐺 represents the dc gain and 𝜔0 is the cutoff frequency. In this particular case, 𝑁 = 2 and so 

Equation 13 simplifies to: 

 
 𝑇(𝑠) =

𝐺𝜔0
2

𝑠2 + 𝑏1𝑠 + 𝑏0
 (14) 

For the physical implementation of the filter, the Sallen-Key topology is used which provides a 

simple way to implement second order active filters. The generic topology allows the design of any type 

of frequency selection filter but the focus in this work is the one that degenerates into a low-pass filter 

with non-unity gain[25]. Figure 15 shows the design for a 2nd order low-pass filter following the Sallen-

Key topology. The transfer function of each individual stage is as follows: 

 𝑇(𝑠) =
𝑣𝑜𝑢𝑡
𝑣𝑖𝑛

=

1 +
𝑅4
𝑅3

𝐶1𝐶2𝑅1𝑅2

𝑠2 + (
1
𝐶1𝑅2

+
1
𝐶1𝑅1

−
𝑅4

𝐶2𝑅2𝑅3
) 𝑠 +

1
𝐶1𝐶2𝑅1𝑅2

 
(15) 

The dc gain can be easily extracted by evaluating the transfer function at 𝑗0: 

 𝐺 = 𝑇(𝑗0) = 1 +
𝑅4
𝑅3

 (16) 

From this result, it immediately follows that 𝜔0 =
1

√𝐶1𝐶2𝑅1𝑅2
. Rewriting Equation 15: 

 
𝑇(𝑠) =

𝐺𝜔0
2

𝑠2 + (
1
𝐶1𝑅2

+
1
𝐶1𝑅1

+
1 − 𝐺
𝐶2𝑅2

) 𝑠 + 𝜔0
2
 (17) 
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In order to simplify matters even more, taking 𝑅1 = 𝑚𝑅, 𝑅2 = 𝑅, 𝐶1 = 𝑛𝐶 and 𝐶2 = 𝐶 allows 𝑇(𝑠) 

to be further rewritten as: 

 
𝑇(𝑠) =

𝐺𝜔0
2

𝑠2 + [
1 + 𝑚 + 𝑛𝑚(1 − 𝐺)

√𝑛𝑚
]𝜔0𝑠 + 𝜔0

2
=

𝐺𝜔0
2

𝑠2 +
𝜔0
𝑄
𝑠 + 𝜔0

2
 

(18) 

where 𝑄−1 = [
1+𝑚+𝑛𝑚(1−𝐺)

√𝑛𝑚
]. In this new formulation, 𝜔0 =

1

√𝑛𝑚𝑅𝐶
. The 𝑄 parameter represents the pole 

quality factor of the filter and it’s what needs to be tuned for the filter to exhibit a proper Butterworth 

transmission. In order to know the correct values for 𝑄, it is necessary to consult the table containing 

the normalized (𝜔0 = 1𝑟𝑎𝑑 ∙ 𝑠
−1) Butterworth polynomials for each filter order. For a 4th order Butterworth 

filter, the relevant polynomial is:  

 𝑃(𝑠) = (𝑠2 + 0.7654𝑠 + 1)(𝑠2 + 1.8478𝑠 + 1) (19) 

Each factor in 𝑃(𝑠) is arbitrarily attributed to one of the 2nd order filters that make up the overall 

4th order filter. For instance, considering only the left factor and noticing that the rightmost expression in 

Equation 18 is already in its denormalized form, the transfer function of one of the smaller order filters 

is given by: 

 𝑇(𝑠) =
𝐺𝜔0

2

𝑠2 + 0.7654𝜔0𝑠 + 𝜔0
2 (20) 

where 𝑄−1 = 0.7654. A known issue with this topology is the strong dependence of the quality factor on 

the gain parameter. By itself, this sensitivity is not an issue but once the dispersion in the circuit 

components start adding up, it does become problematic since the actual gain value becomes skewed. 

Consequently, precision of the transfer function quality factor, which is paramount in order to ensure a 

good Butterworth response, is not entirely guaranteed[26].   

With the filter’s transfer function fully described, the proceeding step consists in dimensioning 

the circuit’s components from a set of equations and parameters. Given 𝑄, 𝐺 and 𝜔0, the following set 

of equations: 

 

{
  
 

  
 𝜔0 =

1

√𝑛𝑚𝑅𝐶

𝑄 =
√𝑛𝑚

1 +𝑚 + 𝑛𝑚(1 − 𝐺)

𝐺 = 1 +
𝑅4
𝑅3

 (21) 

are not enough to extract the values of 𝑛,𝑚, 𝑅, 𝐶, 𝑅3 and 𝑅4 since there are six unknowns and only three 

equations. Therefore, additional information has to be given to the system. It’s important to ensure that 

the denominator in the second equation is always non-negative. If that’s not the case, the quality factor 

is either infinite or negative, with the former clearly not being an option. In the negative case, the term 

√𝑛𝑚 compensates and also becomes negative in order to maintain 𝑄 positive. In turn, to keep 𝜔0 

positive, either 𝑅 or 𝐶 have to be negative, which is impossible. Thus, from the condition: 

1 + 𝑚 + 𝑛𝑚(1 − 𝐺) > 0 ⇔ 
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 ⇔ 𝐺 < 1 +
𝑚 + 1

𝑛𝑚
 (22) 

it’s possible to extract a new equation that safeguards the physical meaning of the system: 

 𝐺 =
𝑚 + 1

𝑛𝑚
 (23) 

Including Equation 23 in the system and arbitrating the values for 𝐶 and 𝑅4 lifts the 

indetermination: 

 

{
 
 
 
 

 
 
 
 𝑛 =

1

𝐺 − 𝑄2

𝑚 =
𝐺 − 𝑄2

𝑄2

𝑅 =
1

√𝑛𝑚𝐶𝜔0

𝑅3 =
𝑅4
𝐺 − 1

 (24) 

The final system of equations that needs to be solved to determine the circuit’s components is: 

 

{
 
 
 
 
 

 
 
 
 
 𝑅1 =

𝐺 − 𝑄2

𝑄𝐶𝜔0

𝑅2 =
𝑄

𝐶𝜔0

𝑅3 =
𝑅4
𝐺 − 1

𝑅4 = 𝑅4

𝐶1 = [
1

𝐺 − 𝑄2
] 𝐶

𝐶2 = 𝐶

 (25) 

To each stage of the 4th order circuit corresponds one of these systems because each 2nd order filter 

has a different quality factor. The frequency is the same for both stages and the overall gain of the 

complete filter is divided equally between the smaller order filters. The final transfer function is given by:  

𝑇𝑓𝑖𝑛𝑎𝑙(𝑠) = 𝑇𝑠𝑡𝑎𝑔𝑒1 ∙ 𝑇𝑠𝑡𝑎𝑔𝑒2 =
√𝐺𝜔0

2

𝑠2 +
𝜔0
𝑄1
𝑠 + 𝜔0

2
∙

√𝐺𝜔0
2

𝑠2 +
𝜔0
𝑄2
𝑠 + 𝜔0

2
⇔ 

 
⇔ 𝑇𝑓𝑖𝑛𝑎𝑙(𝑠) =

𝐺𝜔0
4

(𝑠2 +
𝜔0
𝑄1
𝑠 + 𝜔0

2)(𝑠2 +
𝜔0
𝑄2
𝑠 + 𝜔0

2)
 (26) 

The magnitude plot of the final 4th order Butterworth low-pass filter, with unity gain and 𝜔0 = 1𝑟𝑎𝑑 ∙ 𝑠
−1, 

is displayed in Figure 16. 
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Figure 16 – Magnitude transmission for an ideal 4th order low-pass Butterworth filter. 

 

 

2.2.3.2. The High-pass Filter 

Operational amplifier saturation is prone to occur if precautions are not taken. Baseline wander 

and high dc polarization are the usual suspects that jeopardize proper circuit operation by saturating the 

amplifiers’ rails. High-pass filter are used to ensure these low-frequency components have minimal 

impact on the circuit. Moreover, depending on the signal’s bandwidth, the high-pass filter may be simply 

used to limit the amplifier’s bandwidth accordingly. 

Two 1st order active high-pass filters are cascaded together to form the desired final 2nd order 

high-pass filter. One of these 1st order filters can be seen in Figure 17. The circuit works just as a simple 

differential circuit only with a small change: the signal goes through a low-pass filter at the non-inverting 

input which is then subtracted from the original signal at the inverting input. This results in a high-pass 

response.  

 

Figure 17 – Schematic of a 1st order high-pass filter. 
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Following the use of a Butterworth transmission for the low-pass filter, a Butterworth high-pass 

filter was also considered at this point. Despite presenting a flatter passband, the differential circuit is 

capable of reacting faster to changes in signal frequency due to its lower complexity. The reason a 2nd 

order filter was used was again just to ensure good baseline drift removal. The Chebyshev and elliptic 

filters were also considered but were discarded for the same reasons as in the low-pass filter case. 

Since the overall filter is built from two 1st order filters cascaded in succession, the following 

analysis only serves for one of these smaller order filters and, unlike the low-pass filter, both stages are 

exactly the same. At the end of this section, the final transfer function of the 2nd order high-pass filter is 

presented. From the circuit in Figure 17, the goal is to obtain a transfer function of the form: 

 𝑇(𝑠) =
𝑠𝐺

𝑠 + 𝜔0
 (27) 

where 𝜔0 represents the cutoff frequency and 𝐺 is the passband gain. Applying simple node analysis 

determines the circuit’s transfer function: 

 𝑇(𝑠) =
𝑣𝑜𝑢𝑡
𝑣𝑖𝑛

= [
(𝑅1 + 𝑅2)𝑅4

𝑅1(𝑅3 + 𝑅4 + 𝐶𝑅3𝑅4𝑠)
−
𝑅2
𝑅1
] (28) 

As it stands, this expression is not enough for the intended purposes of designing a high-pass 

characteristic. However, by simply setting: 

 
𝑅1
𝑅2
=
𝑅3
𝑅4

 (29) 

it ensures that Equation 28 is modified into: 

 𝑇(𝑠) = −
𝐶𝑅4

2𝑠

𝑅3 + 𝑅4 + 𝐶𝑅3𝑅4𝑠
 (30) 

which is consistent with the high-pass transfer function presented in Equation 27, where: 

 𝐺 = −
𝑅4
𝑅3
, (31) 

and: 

 𝜔0 =
𝑅3 + 𝑅4
𝑅3𝑅4𝐶

 (32) 

The relationship in Equation 29 is easily achievable by setting 𝑅1 = 𝑅3 and 𝑅2 = 𝑅4 and thus, 

the system that needs to be solved in order to determine the components’ values is simply: 

 

{
  
 

  
 

𝑅1 = 𝑅3
𝑅2 = 𝑅4

|𝐺| =
𝑅4
𝑅3

𝜔0 =
𝑅3 + 𝑅4
𝑅3𝑅4𝐶

 (33) 

Again, just like in the case of the low-pass filter, the system is underdetermined but, in this case, 

it’s sufficient to arbitrate the value for 𝐶. The final system then becomes: 
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{
 
 
 

 
 
 

𝑅1 = 𝑅3
𝑅2 = 𝑅4
𝐶 = 𝐶

𝑅3 =
1 + |𝐺|

𝜔0𝐶|𝐺|

𝑅4 =
1 + |𝐺|

𝜔0𝐶

 (34) 

The complete filter is formed by cascading two of these 1st order filters together, with each 

individual filter having a gain of value √𝐺. The final transfer function is given by: 

 𝑇𝑓𝑖𝑛𝑎𝑙(𝑠) = 𝑇𝑠𝑡𝑎𝑔𝑒1 ∗ 𝑇𝑠𝑡𝑎𝑔𝑒2 = (−
√𝐺𝑠

𝑠 + 𝜔0
) ∙ (−

√𝐺𝑠

𝑠 + 𝜔0
) =

𝐺𝑠2

𝑠2 + 2𝜔0𝑠 + 𝜔0
2
 (35) 

The magnitude transmission of the circuit, with unity gain and 𝜔0 = 1𝑟𝑎𝑑 ∙ 𝑠
−1, is depicted in 

Figure 18. 

 

Figure 18 - Magnitude transmission for an 2nd order high-pass filter. 

 

 

2.2.3.3. The Notch Filter 

A notch filter is a type of bandstop filter capable of rejecting a very narrow band of frequencies 

or, ideally, one single frequency. It’s particularly important in the removal of powerline interference which 

usually manifests itself as a 50𝐻𝑧 frequency spike in the signal’s frequency spectrum. There are several 

realizations of the notch filter like the high-pass notch or the low-pass notch but, in this work, only the 

regular notch is taken into account. Such a filter operates by significantly increasing its impedance within 

a specific frequency band and thus, attenuating signals that fall within that same band. Impedance is 

larger at the band’s central frequency and decreases as frequency values get further away from it. This 

particular filter is characterized by its bandwidth 𝐵𝑊 (a subscript under 𝐵𝑊 indicates whether this 

parameter is specified in 𝑟𝑎𝑑 ∙ 𝑠−1 (𝐵𝑊𝜔) or in 𝐻𝑧 (𝐵𝑊𝑓)), and its central frequency 𝜔0. The former is 
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defined as the difference between the frequency points, 𝜔1 and 𝜔2, at which the magnitude response is 

3𝑑𝐵 lower than its maximum value: 

 𝐵𝑊𝜔 ≡ 𝜔2 −𝜔1 (36) 

while the latter is simply the midway point between both these frequency points. Another parameter, the 

filter’s quality factor 𝑄, is also commonly used to describe the filter and it is inversely proportional to the 

bandwidth. All three parameters are related to one another through the following expression: 

 𝐵𝑊𝜔 =
𝜔0
𝑄

 (37) 

Increasing the quality factor synonym to increasing the filter’s selectivity by decreasing its own 

bandwidth[24].  

 

Figure 19 - Schematic of an active twin-T notch filter with quality factor control  

The circuit used to produce the desired notch transmission is called an active twin-T notch filter, 

shown in Figure 19. The inclusion of a feedback system (the active amplifiers and the 𝑅1 and 𝑅2 

resistors) to the usual twin-T filter allows for bandwidth control by manipulating the values of these two 

resistors. Quality The transfer function associated with the notch’s circuit is the following (note the 

passband gain is always unity): 

 𝑇(𝑠) =
𝑣𝑜𝑢𝑡
𝑣𝑖𝑛

=
(
1
𝑅𝐶
)
2

+ 𝑠2

(
1
𝑅𝐶
)
2

+
4𝑅1

𝑅1 + 𝑅2

1
𝑅𝐶
𝑠 + 𝑠2

=
𝜔0
2 + 𝑠2

𝜔0
2 +

𝜔0
𝑄
𝑠 + 𝑠2

 (38) 

where:  

 𝜔0 =
1

𝑅𝐶
, (39) 

and: 
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 𝑄 =
𝑅1 + 𝑅2
4𝑅1

 (40) 

Combining Equations 39 and 40, it becomes apparent that the bandwidth is dependent on the 

feedback resistors: 

 𝑄 =
𝜔0
𝐵𝑊𝜔

⇔
𝑅1 + 𝑅2
4𝑅1

=
𝜔0
𝐵𝑊𝜔

 (41) 

Ideally, with an infinite 𝑄, one can achieve a rejection band that only attenuates the central 

frequency, leaving all other neighboring frequencies untouched. However, besides being physically 

impossible to achieve such a brick-wall type of response, an excessively high quality factor makes the 

circuit hard to tune, meaning the values of 𝑅 and 𝐶 have to be extremely precise, otherwise oscillations 

in the vicinity of 𝜔0 may occur. On the other hand, a low 𝑄 means signal frequencies will be excessively 

attenuated. It’s important to test different values in order to achieve a reasonable middle ground. Finally, 

note that the quality factor necessarily needs to be larger than one fourth for the equation to have 

physical meaning. 

Like in all previous circuits, a system of equations needs to be satisfied in order to determine all 

of the components’ values: 

 

{
 

 
𝑅1 + 𝑅2
4𝑅1

=
𝜔0
𝐵𝑊𝜔

𝜔0 =
1

𝑅𝐶

 (42) 

Simply specifying 𝜔0 and 𝐵𝑊𝜔 is not enough to solve the system and so the values for 𝑅2 and 𝐶 are 

arbitrated. The final system that needs to be solved is: 

 

{
 
 

 
 

𝑅2 = 𝑅2
𝐶 = 𝐶

𝑅 =
1

𝜔0𝐶

𝑅1 =
𝑅2𝐵𝑊𝜔

4𝜔0 − 𝐵𝑊𝜔

 (43) 

The magnitude plot of the notch’s transfer function, with 𝜔0 = 314.16𝑟𝑎𝑑 ∙ 𝑠
−1 and 𝐵𝑊𝜔 =

6.28𝑟𝑎𝑑 ∙ 𝑠−1, is shown in Figure 20. This configuration roughly translates to a notch filter centered 

around 50𝐻𝑧 with a 1𝐻𝑧 bandwidth. 
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Figure 20 - Magnitude transmission for the notch filter. 

 

 

2.2.3.4. Complete Filter 

In Figures 21 and 22 it is possible to observe the entire filter design and the magnitude 

transmission of the corresponding transfer function, respectively. The lower cutoff frequency is set at 

1𝐻𝑧, the upper cutoff frequency at 100𝐻𝑧, the notch is centered around 50𝐻𝑧 with a bandwidth of 1𝐻𝑧, 

and the passband gain is 1. 

 

Figure 21 – Schematic of the complete filter, including the 4th order low-pass Butterworth filter, the 2nd order high-
pass filter and the notch filter 
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Figure 22 – Magnitude transmission for the complete filter, including the 4th order low-pass Butterworth filter, the 
2nd order high-pass filter and the notch filter 

 

 

2.2.4. Circuit Implementation 

Table 1 displays the cutoff frequencies and gain values involved in the initial design of each 

channel. With the chosen gains the goal is to provide at the output of every channel a waveform whose 

maximum amplitude is 2𝑉𝑝𝑝. The theoretical gain is then calculated based on these parameters through 

Equation 1. However, it should be noted that the data consulted regarding the voltage levels of 

physiological signals was mostly acquired through electrodes that were in direct contact with the human 

body and as near to the biological source of interest as possible and so these values are only considered 

as a starting point. Capacitive coupling depends on parameters that can’t be easily controlled (see 

Section 2.2) and thus, the exact degree of signal attenuation that this method introduces isn’t known. In 

order to avoid the circuits having a rigid gain that could potentially be inadequate once the acquisition 

phase begins, a potentiometer whose resistance value can be easily controlled is used as an external 

resistor for the instrumentation amplifier in the final implementation of the bioamplifiers. Ultimately, this 

provides gain control over the entire bioamplifier and some adaptability to the system. 

As a starting point and for calculation sake, the instrumentation amplifier is given a gain of 5 

with the remaining gain being distributed equally between the stages of the high- and low-pass filters. 

Keeping in mind that there are four circuit blocks involved, the gain of each of them can be determined 

through: 

 𝐺𝑏𝑙𝑜𝑐𝑘 = (
𝐺𝑇𝑜𝑡𝑎𝑙
5
)

1
4
 (44) 
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where 𝐺𝑇𝑜𝑡𝑎𝑙 represents the total gain of the circuit (including the instrumentation amplifier) and 

corresponds to the values shown in the rightmost column of Table 1. 

 
Table 1 – Values of the cutoff frequencies and gains of the different stages of the circuit. 

 
High-Pass 

Filter 
Low-Pass 

Filter 
Notch 
Filter 

Without 
IA 

Complete 
Channel 

ECG 

Cutoff Frequency 
(𝐻𝑧) 

0.5 50 50 -- -- 

Gain (-) 2.66 × 2.66 2.66 × 2.66 1 50 250 

EEG 

Cutoff Frequency 
(𝐻𝑧) 

0.3 75 50 -- -- 

Gain (-) 11.89 × 11.89 11.89 × 11.89 1 20000 100000 

EOGh 

Cutoff Frequency 
(𝐻𝑧) 

0.3 38 50 -- -- 

Gain (-) 5.27 × 5.27 5.27 × 5.27 1 769 3845 

EOGv 

Cutoff Frequency 
(𝐻𝑧) 

0.3 38 50 -- -- 

Gain (-) 4.80 × 4.80 4.80 × 4.80 1 533 2665 

All the information needed for calculating the values of the channel’s passive components is 

gathered. Table 12 in Appendix A presents these values. 

 

 

2.2.5. Breadboard Tests 

In a first stage, preliminary tests regarding bandwidth, gain, Signal-to-Noise and Distortion ratio 

(SINAD) and noise were conducted by implementing the circuits in breadboards. This way, it was 

possible to screen for circuit issues and perform some necessary alterations before designing and 

ordering the printed circuit boards (PCB). The bioamplifier for each signal was built on an individual 

board, albeit lacking the instrumentation amplifier and the notch filter. Instrumentation amplifiers weren’t 

used because none were available at the time and the notch filter was instead implemented in a separate 

board since it is the same for every channel. Additionally, every channel except for the ECG has a gain 

stage preceding the actual bioamplifier that serves the purpose of reducing the voltage level of the input 

test signals. This step was necessary because the used function generator (Agilent 33220A) wasn’t 

capable of outputting small enough voltages which, in turn, meant the operational amplifiers always 

ended up saturating due to the high gains involved. So, in short, each bioamplifier breadboard comprises 

a pre-gain stage (except the ECG), a 2nd order high-pass filter and a 4th order Butterworth low-pass filter, 

with the notch filter (with 𝑄 = 14) being coupled separately. All the tests were performed using this 

configuration unless it is explicitly said otherwise. 

Because they were readily available, the operational amplifiers used in the construction of the 

circuits were LM741s[27]. These general-purpose and easy-to-manipulate operational amplifiers were 

only used during this particular testing stage. A Calex was used to supply the integrated components 

(IC) with 𝑉𝑆 = ±5𝑉. The input signals were all supplied by the Agilent 33220A and the outputs were 



30 
 

acquired using a NI BNC-2110. All of the signal processing was performed in MATLAB. All the outputs 

were acquired with a 1000𝐻𝑧 sampling rate with the exception of the third test, whose sampling 

frequency was 500𝐻𝑧. 

 

 

2.2.5.1. Sweep Test 

First, a sweep test was performed in order to check if the frequency bandwidth of each channel 

was concurrent with the theoretical values. To do so, a linear chirp was given as input to the circuits. 

Due to the filtering nature of the circuits and the frequency content of the chirp, the frequency spectrum 

of the output signal mirrors the frequency response of each one of the channels, provided the frequency 

range of the input signal is chosen accordingly. The frequency range of the chirp signal ranged from the 

minimum allowed by the function generator, 1𝜇𝐻𝑧, up to twice the upper cutoff frequency of the channel 

under test. Unlike the following three tests, the sweep test was only qualitative in nature. Figures 23 

through 26 show the frequency response of each one of the channels. 

 

Figure 23 – Left plot: the output of the ECG channel when at its inputs a chirp wave with frequency ranging from 
1𝜇𝐻𝑧 to 100𝐻𝑧. Right plot: the corresponding frequency spectrum. 

 

Figure 24 - Left plot: the output of the EEG channel when at its inputs a chirp wave with frequency ranging from 
1𝜇𝐻𝑧 to 150𝐻𝑧. Right plot: the corresponding frequency spectrum. 
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Figure 25 - Left plot: the output of the EOGh channel when at its inputs a chirp wave with frequency ranging from 
1𝜇𝐻𝑧 to 80𝐻𝑧. Right plot: the corresponding frequency spectrum. 

 

Figure 26 - Left plot: the output of the EOGv channel when at its inputs a chirp wave with frequency ranging from 
1𝜇𝐻𝑧 to 80𝐻𝑧. Right plot: the corresponding frequency spectrum. 

 

 

2.2.5.2. Gain Test 

The main purpose of the second test was to calculate the value of the gain in the passband. By 

observing the frequency response obtained in the previous test, a set of passband frequencies was 

selected for each channel. From here, sine waves carrying these frequencies were individually fed to 

the circuits and the corresponding outputs were acquired, processed and sine-fitted so the output 

amplitudes could be extracted.  Knowing the input and output amplitudes and, naturally, taking into 

account the pre-stage gain, the passband gain for each circuit was extracted. The results are shown in 

Table 2 (entries with double hyphens denote a value which was not measured). 
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Table 2 – Table containing the channels’ gain values for the selected frequencies. 

 

Frequency 
(𝑯𝒛) 

𝟏𝟎 𝟏𝟓 𝟐𝟎 𝟐𝟓 𝟑𝟎 

ECG Gain (-) 48.83 48.94 48.90 48.59 47.80 

EEG Gain (-) 18.34 ∙ 103 -- 16.43 ∙ 103 -- 14.79 ∙ 103 

EOGh Gain (-) 771.32 751.39 720.10 681.32 630.47 

EOGv Gain (-) 530.33 506.98 477.89 451.19 426.13 

 

 

2.2.5.3. SINAD test 

A bioamplifier such as the one being proposed in this work is always prone to introduce both 

noise and distortion. The SINAD is a measurement that reveals the level of degradation of the signal 

due to these two factors. It is defined as the ratio of the root mean square (RMS) amplitude of the 

fundamental input signal to the RMS sum of all other spectral components below the Nyquist frequency, 

excluding the dc component: 

 𝑆𝐼𝑁𝐴𝐷𝑑𝐵 = 10 ∙ log10 (
𝑃𝑆

𝑃𝑁 + 𝑃𝐷
) (45) 

where 𝑃𝑆 denotes the fundamental signal power, 𝑃𝑁 is the power of all the noise spectral components 

and 𝑃𝐷 represents the power of all the distortion spectral components[28]. The SINAD was calculated for 

four different frequencies: 2, 10, 30 and 70𝐻𝑧. The test simply consisted of providing a sine wave 

carrying one of these frequencies to each one of the channels and extracting the necessary spectral 

components of the output by performing a Fast Fourier transform (FFT). The results are shown in Table 

3. 

Table 3 – Table presenting the channel’s SINAD values for each selected frequency. 

 

Frequency 
(𝑯𝒛) 

𝟐 𝟏𝟎 𝟑𝟎 𝟕𝟎 

ECG SINAD (𝒅𝑩) 40.38 40.71 40.71 28.24 

EEG SINAD (𝒅𝑩) 37.63 36.72 34.13 33.25 

EOGh SINAD (𝒅𝑩) 67.11 64.89 57.62 44.26 

EOGv SINAD (𝒅𝑩) 58.20 57.83 54.51 36.59 

 

 

2.2.5.4. Noise Test 

Lastly, the noise test had the goal of quantifying the noise imposed by the circuit. By short-

circuiting the input to ground, any signal seen at the output is simply noise which can then be evaluated 
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in terms of average value, RMS value and power. The test consisted of acquiring the output signal and 

separate it into ten segments of equal length. From each segment, the three measures were extracted 

and the mean for each one was calculated over all ten segments. Moreover, the power spectra of the 

individual segments were obtained and averaged so as to obtain a mean power spectrum. From there, 

the noise spectral component with the highest magnitude was identified. For this test, because the input 

voltage levels were very low, there was no need to include the pre-gain stages for the realization of this 

test. Table 4 gathers the obtained results. 

Table 4 – Table containing the noise parameters for each channel. 

 
Mean Value  

(𝒎𝑽) 
RMS value  

(𝒎𝑽) 

Power 

 (𝒎𝑽𝟐) 

Most 
represented 
frequency 

 (𝑯𝒛) 

ECG −16.18 16.20 262.52 50 

EEG 114.84 115.05 13.25 ∙ 103 50 

EOGh −16.93 16.99 288.59 50 

EOGv −22.57 22.60 510.66 50 

 

 

2.2.6. Circuit Alterations 

Although the testing stage did not reveal any major issues with any of the channels, the EEG 

bioamplifier still underwent some changes, albeit not due to the testing phase itself: the EEG channel 

bandwidth was shortened from 75𝐻𝑧 to 38𝐻𝑧, the same as the EOG channels. Shortening the EEG 

bandwidth is not detrimental in any way since the great majority of the brain waves’ rhythmic activity is 

still preserved.  

Several papers[29–31] refer to the contamination of the EEG by the EOG signals and one of the 

possible methods for separating both signals is the Independent Component Analysis (ICA), an 

algorithm that seeks to solve the cocktail-party problem[32]. Consider the following analogy: two 

microphones, placed in two different locations within a room, are recording two people who are speaking 

simultaneously. Each microphone recording, 𝑥1(𝑡) and 𝑥2(𝑡) where 𝑡 denotes the time index, represents 

the weighted sum of the speech signals produced by the two speakers, named 𝑠1(𝑡) and 𝑠2(𝑡). The 

problem can be expressed under two linear equations: 

 {

𝑥1(𝑡) = 𝑎11𝑠1(𝑡) + 𝑎12𝑠2(𝑡)

𝑥2(𝑡) = 𝑎21𝑠1(𝑡) + 𝑎22𝑠2(𝑡)
 (46) 

where 𝑎11, 𝑎12, 𝑎21 and 𝑎22 are parameters that depend on the distance between microphones and 

speakers. Now, because each speaker constitutes a distinct and separate source, the speech signals 

can be considered statistically independent from one another and it’s from this premise that the ICA 

algorithm tries to separate the two original signal sources 𝑠1(𝑡) and 𝑠2(𝑡) from mixtures 𝑥1(𝑡) and 𝑥2(𝑡). 

At the output, what one gets is the unmixed signal sources and the mixing matrix: 
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 𝑀 = (
𝑎11 𝑎12
𝑎21 𝑎22

) (47) 

 In the present case, the situation somewhat similar but not completely equivalent. Consider two 

distinct signals, 𝐴(𝑡) and 𝐵(𝑡), that are picked up using capacitive electrodes. Their corresponding 

sources are assumed close to one another. Signal 𝐴(𝑡) is fed to an analog filter 𝐹𝐴 and signal 𝐵(𝑡) to an 

analog filter 𝐹𝐵. Despite being different filters, they both are linear and time-invariant. Due to the sources’ 

close proximity, 𝐴(𝑡) also creeps into 𝐵(𝑡)’s channel and vice-versa, both in different proportions. The 

situation is illustrated in Figure 27. 

 

Figure 27 – Schematic showing the output of two filters when two signals creep in different proportions at their 
inputs. 

where 𝑎11, 𝑎12, 𝑎21 and 𝑎22 represent the mixture coefficients, 𝐹𝐴(𝑡) and 𝐹𝐵(𝑡) are the impulse response 

functions of each filter ,and the “∗” symbol denotes the convolution between the signals. Here, the goal 

is to separate 𝐹𝐴(𝑡) ∗ 𝐴(𝑡) from 𝐹𝐵(𝑡) ∗ 𝐵(𝑡) or, in other words, the goal is to separate the filtered signals 

as if no capacitive coupling had happened between the inputs. However, that is not possible in a setup 

where the filters are different. Recalling the distributive properties of the convolution: 

 {

𝐹𝐴(𝑡) ∗ [𝑎11𝐴(𝑡) + 𝑎12𝐵(𝑡)]

𝐹𝐵(𝑡) ∗ [𝑎21𝐴(𝑡) + 𝑎22𝐵(𝑡)]
⇔ {

𝑎11𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎12𝐹𝐴(𝑡) ∗ 𝐵(𝑡)

𝑎21𝐹𝐵(𝑡) ∗ 𝐴(𝑡) + 𝑎22𝐹𝐵(𝑡) ∗ 𝐵(𝑡)
 (48) 

By carefully comparing this expression with Equation 46, it becomes clear that it is not the same 

situation because all the convolutions shown on the system on the right constitute different functions. If 

these two mixtures were to be given to an ICA algorithm, the two filter outputs would not be correctly 

separated. Now, consider that the filters provide the same frequency response but differ in gain. In such 

a situation, it is true that: 

 𝐹𝐵(𝑡) = 𝑘𝐹𝐴(𝑡) (49) 

where 𝑘 represents a constant that reflects the quotient between the gains offered by each filter. 

Substituting into Equation 48: 

 {

𝑎11𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎12𝐹𝐴(𝑡) ∗ 𝐵(𝑡)

𝑎21𝐹𝐵(𝑡) ∗ 𝐴(𝑡) + 𝑎22𝐹𝐵(𝑡) ∗ 𝐵(𝑡)
⇔ {

𝑎11𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎12𝐹𝐴(𝑡) ∗ 𝐵(𝑡)

𝑎21𝑘𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎22𝑘𝐹𝐴(𝑡) ∗ 𝐵(𝑡)
 (50) 

 Because 𝑘 is also a constant, it can be absorbed by the mixing coefficients:  
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 {

𝑎11𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎12𝐹𝐴(𝑡) ∗ 𝐵(𝑡)

𝑎21𝑘𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎22𝑘𝐹𝐴(𝑡) ∗ 𝐵(𝑡)
⇔ {

𝑎11𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎12𝐹𝐴(𝑡) ∗ 𝐵(𝑡)

𝑎21
∗ 𝐹𝐴(𝑡) ∗ 𝐴(𝑡) + 𝑎22

∗ 𝐹𝐴(𝑡) ∗ 𝐵(𝑡)
 (51) 

Now the system in Equation 51 is equivalent to the one in Equation 46, thus allowing the filtered 

signals to be separated. 

The previous deduction reflects the case of EEG contamination by the EOG signals. If the EOG, 

both vertical and horizontal, and the EEG channels do not have the same bandwidth, then there is a 

high chance of the ICA method failing. The new values for the EEG passive components can be seen 

in Table 13 from Appendix A. 
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3. Raspberry Pi 

 

 

3.1. Raspberry Pi Introduction 

The Raspberry Pi (RPi) is a credit card-sized, single-board computer designed by the Raspberry 

Pi Foundation primarily as an educational tool to introduce children to the basics of computer science. 

It has all the common capabilities of an ordinary computer including web browsing, game playing and 

video watching, with the added possibility of being used in electronics projects. At the heart of the RPi, 

is the Broadcom BCM2835, a system on a chip (SoC) containing the ARM1176JZFS Applications 

Processor running at 700𝑀𝐻𝑧. The RPi’s large number of peripherals (camera, monitor, 

mouse/keyboard, Wi-Fi adapter, etc.)[33] allows it to flexibly interact with the outside world, either by itself 

or through the use of easily acquirable hardware add-ons[34]. However, it should be noted that the RPi 

does not offer any kind of analog to digital or digital to analog conversion by default. 

Currently, the RPI is sold under four different models: the model A, the model A+, the model B 

and the model B+. The first model to be released was the model B which has been extensively used for 

teaching purposes. Following its release, the model A was launched into the market, sating the need for 

a cheaper and less power-consuming version of the RPi. This version is especially useful in embedded 

systems, particularly in robotics. In July 2014, the Raspberry Pi foundation started distributing the 

upgraded version of the model B, the model B+, which is less power hungry than the B (although not as 

much as the A) and has more USB ports, along with some other redesigns. Finally, as of November 

2014, the upgraded version of the model A, the model A+, which is even more conservative in terms of 

power, can also be bought. The main differences between each version can be verified in Table 5. 

Table 5 – Table comparing features from the different RPi models. Entries denoted by a “∗” constitute information 

not provided by the Raspberry Pi Foundation. 

 
Number of 
USB ports 

Minimum 
Current Drain 

(𝒎𝑨) 
Ethernet RAM (𝑴𝑩) 

Number of 
GPIO Pins 

Model A 1 500 No 256 26 

Model A+ 1 * No 256 40 

Model B 2 700 Yes 512 26 

Model B+ 4 600 Yes 512 40 
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Besides the familiar HDMI, USB and Ethernet ports, the RPi also carries a set of low-level 

peripherals that are useful for connecting directly to chips and subsystem modules, like analog-to-digital 

converters (ADC), without having to add any new circuitry. Contrary to the high-level ports, these general 

purpose input/output (GPIO) pins are not of the “plug and play” type and require caution when wiring to 

prevent damage to the RPi itself. The pins are exclusively tolerant to 3.3𝑉 logic levels which means 

anything higher than this value has a high risk of damaging the device. By definition, a GPIO is a generic 

pin on a chip whose behavior (including whether the pin is an input or output) can be programmed 

through software. Depending on the version, the RPi can either have 26 GPIO pins (A and B versions) 

or 40 (A+ and B+ versions). Most of the GPIO pins can be reconfigured to provide the alternate functions 

Serial Peripheral Interface (SPI), Inter-Integrated Circuit, Pulse Width Modulation and Universal 

Asynchronous Receiver/Transmitter, while the remaining few act as +5𝑉, +3.3𝑉 and ground supply pins 

and can’t be reprogrammed[33]. The layout of the GPIO pinheader for a RPI Model A can be studied in 

Figure 28. 

Unlike other everyday computers, the RPi does not possess an in-built hard disk or solid-state 

drive, instead making use of an SD card for booting and storing the operating system and files. The 

main advantage of this setup is the possibility of having different operating systems on different SD 

cards. Simply switching SD cards means there’s a new computer at the user’s disposal. There’s an 

extensive array of operating systems being ported for the RPi like the RISC OS or the Windows CE but 

the most common are the Linux distributions. In fact, the recommended operating system for the RPi by 

the Raspberry Pi Foundation is the Debian-based Raspbian[34], a free Linux-based operating system 

optimized to function with the RPi’s hardware[35]. 

 

Figure 28 – GPIO pinout for the RPi model A. 
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3.2. Raspberry Pi Interface 

The RPi, by itself, did not provide the characteristics need for this work. All the alterations and/or 

considerations about the Raspberry Pi are discussed in the following sections. 

 

 

 

3.2.1. Raspberry Pi Clock Frequency 

When the RPi was first considered for this work, there was a question of whether its GPIO 

capabilities were sufficient to handle the clock frequency of the proposed ADC (see Section 6.2). [36] 

conducted an experiment where he tested various libraries under several different programming 

languages, including Python, C and Perl, to observe what was the highest frequency square wave the 

RPi was capable of outputting. Not surprisingly, the three tested C libraries, wiringPi[37], BCM 2835[38] 

and native library, were the ones with the best performance, most likely due to the low level nature of 

C. Although the BCM 2835 library was the one that performed the poorest among the three, with a 

maximum of 5.1𝑀𝐻𝑧 versus 7.1𝑀𝐻𝑧 and 22𝑀𝐻𝑧 for the wiringPi and native libraries, respectively, it was 

the one chosen for accessing the GPIO. Besides 5.1𝑀𝐻𝑧 being more than enough for what was required 

(2.5𝑀𝐻𝑧), the library provided easier GPIO interfacing than the native library and offered a set of useful 

functions that were missing from the wiringPi library. 

 

 

3.2.2. Real Time Linux 

In a system which aims to acquire biological signals, it’s important to design an acquisition 

network capable of achieving high sampling rates. This fact is even more prevalent when the focus of 

such a system is directed towards biometric applications, where it’s highly desirable to extract small 

distinguishing features from a subject’s signal. Furthermore, the ICA method mentioned in Section 2.2.6 

assumes that corresponding samples in the signals belong to the same instant. For example, the first 

sample of each signal must belong to time instant 𝑡 = 0, the second samples must all belong to 𝑡 = 𝑡1, 

and so on. However, if one is aiming to acquire and convert several signals at once, as is the case, 

some time difference between “same instant” samples must be accounted for and minimized in order to 

ensure some level of time coherence. This conversion period is more demanding on the acquisition 

system than the sampling period due to the shorter deadlines involved, usually on the double-digit 

microsecond range. With the RPi, in its default and unaltered state, obtaining such short conversion 

periods is hugely limited by the long latencies of the Linux kernel. 

Unlike the immensely popular Arduino, the RPi is not a dedicated microcontroller, it’s SoC that 

works just as any other computer with its own operating system. This means there is always a set of 

background tasks running, each with its own well-defined scheduling priority. To deal with all these 

different tasks, the operating system performs something called preemption which consists in stopping 
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a scheduled task in favor of a higher priority task, only to be resumed at a later time [39]. Under Linux, 

user-space programs have always been preemptible because the kernel is able to freely interrupt them 

in order to perform kernel-space tasks, due to their higher priority. This unfortunately means that not 

only the latencies associated with a user-space program are long, but also that the system itself is not 

deterministic because the latency duration depends on everything else that is running on the system at 

a particular instant. Latency is defined as the time elapsed between when a command is issued to when 

the command is executed. As off Linux kernel 2.6, an option (CONFIG_PREEMPT) was added that 

allows the kernel itself to be preemptible and therefore improving latency periods. With this new setup, 

worst-case latency drops to single-digit milliseconds but this number is dependent on factors like speed 

and architecture of the Central Processing Unit (CPU), device drivers and hardware[40]. Still, single-digit 

millisecond latency is not enough for this work since some processes are needed to run in tens of 

microseconds; a more real-time oriented Linux kernel is required. Although the term “real-time system” 

is ambiguously defined, it can be described as a system capable of meeting its (usually short) deadlines 

a certain percentage of the time. For example, [41] describes a 95% hard system as a system capable of 

meeting its real-time requirements 95% of the time. 

An online survey revealed several efforts have been done towards turning Linux into a real-time 

operating system. The ones that stood out the most were the Xenomai extension[42] and the 

PREEMPT_RT patch[40]. The first works by integrating real-time capabilities from the hardware level on 

up, while the second makes certain sections of Linux kernel preemptible when they usually aren’t. Each 

one of these add-ons were implemented in separate SD cards but only the PREEMP_RT patch 

managed to be fully installed. There was a question of which method utilize but, considering that several 

unsuccessful attempts were done trying to install Xenomai, the PREEMPT_RT patched Linux kernel 

was the one used in the development of the acquisition algorithm. Although there is no need to call any 

additional libraries in order to use the real time capabilities offered by the patch, several aspects can be 

adjusted, both at the kernel and at the script level, that can optimize the overall performance. While the 

script-related changes are discussed later in the document (Section 3.2.4), the ones concerning the 

kernel itself (Linux kernel version 3.10.38) are presented here[40]: 

 Overclocking: the CPU’s frequency was increased from its default value of 700𝑀𝐻𝑧 to 950𝑀𝐻𝑧. 

This is a predefined setting offered by the RPi’s system itself which doesn’t void its warranty. 

The highest frequency option, 1𝐺𝐻𝑧, sometimes left the RPi unstable and so it wasn’t used. 

 Using High-Resolution Timers: this allows the system to wake up and process data at more 

accurate intervals[33]. 

 Changing CPU power management: forcing the CPU to work at full power at all times because 

high latencies are introduced when it tries to “wake up” from a period of inactivity. 

 Memory split between the CPU and the Graphics Processing Unit: since no graphics are 

required, the maximum allowed RAM was shifted from the GPU towards the CPU. 
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3.2.3. SPI Interface 

In order to interface with the slaves, SPI capabilities of the RPi were utilized. SPI is a serial bus 

protocol used to establish and maintain communication between processors and the peripheral devices 

they are connected to. It’s a synchronous serial data link that operates in full duplex mode (distinct send 

and receive lines), meaning the signals carrying data are transmitted simultaneously between master 

and slave. The master, which is the device that generates the clock signal, is the host processor and 

the slaves constitute the peripherals. SPI allows for a single master to be connected to any number of 

slaves but the process is considerably more efficient when only a single slave is involved due to the lack 

of extra overheads, with data rates reaching up to several 𝑀𝑏𝑖𝑡/𝑠. 

 

Figure 29 – Diagram illustrating the different established connections between master and slave. 

The most common SPI protocol (see Figure 29) is the 4-wire (only one slave) SPI protocol in 

which four lines are specified: the serial clock (SCLK) is generated by the master to synchronize the 

data transfer, the master-out-slave-in (MOSI) sends data to the slave, the master-in-slave-out (MISO) 

carries data from slave to master and the chip select (CS) allows the master to select and enable the 

slave to take part in the transfer. The SCLK and CS lines are considered control lines while the MISO 

and MOSI lines are known as the data lines. Unlike the MISO line, which carries the information the 

user is interested in, the MOSI line usually transports binary data that alters some of the slave’s settings.  

Data transfer occurs only while the master has its CS line (assuming a single-slave setup) driven 

“low”. While in a “high” state, the CS line is telling the slave to ignore the SCLK and MOSI signals sent 

by the master and to switch its output into a high-impedance state, virtually disconnecting the MISO line. 

This way, no information is being exchanged between master and slave. Full duplex data transmission 

begins with the master pulling its CS line “low”, with each bit being sent at each clock cycle the master 

outputs. More precisely, with each clock cycle, the master sends a bit through the MOSI line that is read 

by the slave, and the slave sends a bit through the MISO line that is received by the master. When all 

the data packets are sent to the master, the CS line is again driven “high” to stop any further transfers. 

If there’s still information to be sent, a new cycle begins. Otherwise, the master stops the clock and the 

CS line is kept “high”. 

There are basically two parameters regarding the clock signal the master must specify. The first 

concerns the clock speed. This is mostly limited by the maximum clock rate specified in the slave’s 

datasheet or the maximum clock rate allowed by the master, whichever comes first. The second is 

related to the SPI transfer mode, which can be further subdivided. Inherently, the clock signal is a square 

wave which means it has a rising edge, from “low” to “high”, and a falling edge, from “high” to “low”. 

During data transmission, it’s important to know exactly in which edge the slave clocks out the data for 

Master 

(processor) 

Slave 

(peripherals) 

SCLK 

MOSI

MISO 

CS 
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the master to be able to read it at the right time. This parameter is known as the clock phase (CPHA). 

The other parameter necessary to ensure both slave and master work coherently is the clock polarity 

(CPOL) which determines whether the clock is “high” or “low” when idle. Each parameter has a binary 

value, meaning there are four possible SPI transfer modes in a SPI protocol (see table 6). The 

peripheral’s correct SPI mode is available in the associated datasheet[43–46]. 

Table 6- Table presenting the four different combination for the SPI transfer mode. 

SPI Transfer Mode 
Control Bit States 

Description 
CPOL CPHA 

𝟎 0 0 

Clock idle state=Low  

Data is sampled on the 
clock’s low-to-high transition 

𝟏 0 1 

Clock idle state=Low 

Data is sampled on the 
clock’s high-to-low transition 

𝟐 1 0 

Clock idle state=High 

Data is sampled on the 
clock’s high-to-low transition 

𝟑 1 1 

Clock idle state=High 

Data is sampled on the 
clock’s low-to-high transition 

 

 

3.2.4. Acquisition Code 

The RPi must interface with an ADC and a multiplexer (more information on both in Section 6.2). 

The ADC is actually the only device in the conversion board with whom the RPi establishes an SPI 

protocol since communication with the multiplexer is limited to sending a binary code through the 

address lines to choose the appropriate channel. A particularity about the chosen ADC is that the MOSI 

line does not exist, meaning information only flows from slave to master. This is due to the ADC’s 

settings being fixed by default. Checking the ADC’s datasheet provides the needed information to run 

an SPI protocol: the maximum clock rate supported by the ADC is 2.5𝑀𝐻𝑧 and the SPI transfer mode is 

3[47]. The BCM 2835 C library only supports clock rates that correspond to a nominal base clock rate 

value of 250𝑀𝐻𝑧 divided by a power of 2[38]. Taking into account the maximum allowed value by the 

ADC, the value chosen for the RPi’s clock frequency was approximately 1.95𝑀𝐻𝑧, which corresponds 

to a divider value of 27. 

The acquisition algorithm is composed of two different programs: one written in Python and one 

written in C. The Python script interfaces with the user, prompting him to specify the sampling rate and 

the number of samples necessary for the acquisition. When the inputs are entered, the Python script 

calls the C program and the actual acquisition process initiates using the information given by the user. 
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Right before terminating, the C script outputs a .txt file containing the acquired data in hexadecimal form 

that the Python script picks up and uploads into a Dropbox folder. A host computer can then access it 

and proceed with further processing and, at a later stage, employ the subject’s processed 

electrophysiological signals in a biometric application. Separating the algorithm into two different scripts 

was a strategy to take the most out of what each programming language has to offer because although 

interfacing with a user and entering system commands is made easier under Python, larger clock rates 

and better real-time performance are ensured if the related script is written in C code. 

The C script can be divided into three different stages: 

 Real-time initialization and memory locking: it’s necessary to initialize the application as a real-

time task for the system to recognize it as such and this is achieved by setting a scheduling 

priority that can range anywhere from 1 to 99. In order to achieve the best real-time 

performance, the 99 value was chosen. Despite the high priority, real time operation can still be 

compromised by the latencies introduced by page faults. These occur when the program tries 

to access data that isn’t currently found in RAM. To keep this situation from happening, a portion 

of RAM is allocated, locked and pre-faulted (force errors so they don’t happen later on) right at 

the beginning of the script so that the actual real-time portion of the program can access it 

without issues[48,49]. 

 GPIO and SPI initialization: this block of functions initiates the GPIO and SPI interfaces. 

Initialization serves several purposes, ranging from setting the clock rate and the SPI transfer 

mode, to specifying which GPIO pins are used to drive the address lines of the multiplexer. The 

RPi already has a pre-defined group of pins destined for the SPI interface so the only ones that 

need to be chosen are the ones corresponding to the address lines. These can be set arbitrarily. 

 Acquisition cycle: the block of code where the samples are acquired from the ADC and stored 

by the RPi. Maximum values for the sampling frequency and the conversion frequency were 

obtained experimentally (see Section.6.4.3). Unlike the sampling frequency, the conversion rate 

is set within the program. A complete acquisition cycle proceeds as follows (see Figure 30): at 

a time instant 𝑡 = 0, a timer initiates and the first signal begins to be acquired. When the sample 

is acquired and stored, the program sleeps until a conversion period is finished. At that time, the 

address of the multiplexer is changed and another channel is acquired. This happens a total of 

four times (corresponding to four channels) and when the last channel is acquired, the program 

sleeps until a sampling period ends, counting from time instant 𝑡 = 0, ending a full acquisition 

cycle. When the acquisition ends, the samples are stored into a .txt file. 

In a situation such as this, using interrupts to warn the system that a sample is ready to be 

acquired should be the more standard way to proceed because it even allows to use the time between 

sample acquisition to perform other tasks. However, due to the high priority of the application, it’s 

important to let it sleep for a while so the kernel can attend to important kernel tasks that safeguard the 

integrity of the system. Moreover, the function called to put the system to sleep, clock_nanosleep(), has 

the added benefit of being one of the high resolution timers mentioned previously and is the 

recommended function for real-time applications[49]. 
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Figure 30 – Representation of a single acquisition cycle with all the sleep periods involved. 
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4. Power Supply 

 

 

4.1. Power Requirements 

The original idea for the device included a stand-alone system that could function without being 

connected to the wall power. This inevitably meant a battery-based power supply had to be designed 

for all the electronic circuitry involved in the project. In the current iteration of the project, two 

independent power supplies were considered, one focusing on the bioamplifiers while the other on the 

RPi. Although this decision was made in order to facilitate the testing stages, it’s entirely possible to 

design a single supply for the whole system. Ultimately, using two different supplies meant finding a 

regulator that could maintain high efficiency when outputting both small and large currents. Both the RPi 

and all of the ICs chosen for the PCBs are capable of operating at 5𝑉 and thus, the main demand on 

the power supplies was that they should produce a steady 5𝑉 at their output.  

The circuit board components that need to be powered by one of the power supplies are the 

operational amplifiers (LMC7101[50]) and the instrumentation amplifiers (INA121[51]). Of the two, only the 

LMC7101 datasheet specifies the corresponding current drain when powered by a 5𝑉 power supply. 

With the instrumentation amplifier, current drain is only specified in the case the IC is supplied with 𝑉𝑆 =

±15𝑉 and thus, this was the value taken into account. The maximum total current load, 𝐼𝑀𝑎𝑥𝑇𝑜𝑡𝑎𝑙, the 

power supply needs to be able to provide can be calculated considering the total number of IC’s and the 

corresponding supply currents (in 𝑚𝐴):  

𝐼𝑀𝑎𝑥𝑇𝑜𝑡𝑎𝑙 = 24 ∗ 𝐼𝑀𝑎𝑥𝐿𝑀𝐶7101 + 4 ∗ 𝐼𝑀𝑎𝑥𝐼𝑁𝐴121 ⇔ 

⇔ 𝐼𝑀𝑎𝑥𝑇𝑜𝑡𝑎𝑙 = 24 ∗ 1 + 4 ∗ 0.525 

 ⇔ 𝐼𝑀𝑎𝑥𝑇𝑜𝑡𝑎𝑙 ≅ 26.1𝑚𝐴 (52) 

The second power supply must not only accommodate the RPi’s current demands, but also the 

demands of the AD7680[47] and the ADG708[52], which are powered through the 3.3𝑉 rail of the RPi. 

However, the maximum total current drain for both these ICs amounts to slightly less than 3𝑚𝐴 which 

is a small fraction of what the RPi needs. Therefore, the following reasoning is conducted only 

considering the RPI and other power-hungry peripherals because if the projected power supply is robust 

enough to deal these, then it can certainly deal the connected ADC and multiplexer. Between models A 

and B, the only models available when this project first began being implemented, the model A is the 

one that consumes less power and therefore was the one chosen. 
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Before proceeding with figuring out the power demands of the RPi system, it’s important to 

explain the reasoning behind powering the ADC and the multiplexer through the 3.3𝑉 rail of the RPi. 

The original idea actually envisioned powering these two ICs with the same power supply as the 

bioamplifiers but, being powered by a 5𝑉 supply, meant that their output logic levels were also 5𝑉,  

something that the RPi does not tolerate. This is also the same reason why the RPi does not power 

them through the 5𝑉 rail. Although this situation could have been easily averted by simply using a voltage 

divider that dropped the 5𝑉 level into 3.3𝑉, this was not accounted for in time and thus, powering the 

ICs through the 3.3𝑉 rail of the RPi was the second best solution.  

Calculating the power demands of the RPi is somewhat harder to do since it heavily depends 

on the power ratings of each connected peripheral and how busy the device is. Even so, the Raspberry 

Foundation states the model A needs at least 500𝑚𝐴 at 5𝑉 to function with no peripherals attached. 

This reported minimum value is exceedingly high for a system that’s supposed to work on batteries 

without rapidly draining them. Further research was thus conducted to verify if the official value suffered 

from a somewhat conservative safety margin. Indeed, three users trying to benchmark the model A’s 

current draw at different stress tests reported values considerably lower than the official one. In direct 

comparison, these users reported a current draw a little over 100𝑚𝐴 at 5𝑉 for a headless and idle RPi 

model A[53–55],a much more accessible value than the reported 500𝑚𝐴.  

Still, a headless and idle RPi is of no use in this thesis: connected to it are the ADC and the 

multiplexer through the GPIO pins, and a Wi-Fi USB adapter connected to the USB port, namely the 

TP-Link’s TL-WN725N Version 2.0[56]. Reportedly, many Wi-Fi adapters tend to work poorly when 

connected directly to the RPi due to them needing more power than what the RPi can provide. However, 

throughout the testing stages, the used Wi-Fi adapter showed no disruptions even when under heavy 

stress. Since the model A’s USB port has a design loading of 100𝑚𝐴[34], it can be assumed the adapter 

works at around this value. Adding to the peripherals’ demands, some alterations were conducted on 

the RPi (see Section 3.2.2) that may change its power requirements, both when idle and when under 

load. This made it necessary to test the whole system (RPi with software changes, ADC, multiplexer 

and Wi-Fi adapter) while initializing, performing the acquisition code and sending the resulting .txt file to 

a host computer through Wi-Fi, and shutting down in order to determine what type of power supply 

should be designed. The whole system was powered with a QL564p power supply[57] and connected to 

a computer, making use of the General Purpose Interface Bus. After obtaining the appropriate device 

drivers, LabVIEW software was used to obtain the values of the instantaneous current being drawn by 

the RPi. The graphic in Figure 31 gathers all the values taken throughout the process and shows that 

the maximum value is 303𝑚𝐴. It’s important to design a power supply that is capable of outputting 

currents somewhat larger than this value in order to give some headroom for the RPi to have power 

spikes that were not detected in this test.  
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Figure 31 – Graphic plotting the evolution of current drain over time. Each region is duly identified in order to verify 
which functioning mechanisms of the RPi consume more power. 

 

 

4.2. Boost Switching Regulator Theory 

By definition, an unregulated power supply outputs a DC voltage dependent on load current and 

input voltage. A battery is clearly a case of an unregulated power supply for two reasons: first, the output 

voltage always depends on the current load due to the voltage drop along its internal resistance, and 

secondly, the battery’s nominal voltage values naturally decay with time. It’s thus necessary to design a 

power supply that revolves around some sort of power regulator. Moreover, in order to keep the system 

small, it’s useful to have a small number of batteries powering the circuits. AA, C and D batteries are all 

easily acquirable and provide acceptable capacities but are only rated at 1.5𝑉. However, it’s possible to 

use two or three of these cells and step-up their voltage, in this case to the 5𝑉 level, using a boost 

switching regulator. 

The boost regulator is a type of DC-DC converter capable of converting an unregulated DC input 

voltage into a higher regulated DC output voltage. In its most basic and non-isolated (no transformer) 

configuration, it consists of an inductor, a capacitor, a diode and a transistor arranged in the manner 

depicted in the top circuit of Figure 32; the resistor 𝑅𝐿𝑜𝑎𝑑 at the output represents the load being supplied. 

The switch transitions between an on state, 𝑡𝑜𝑛, and an off state, 𝑡𝑜𝑓𝑓, making up the overall switching 

period, 𝑇 = 𝑡𝑜𝑛 + 𝑡𝑜𝑓𝑓. Although 𝑇 is always kept constant, the on and off states vary, meaning the duty 

cycle, 𝐷 =
𝑡𝑜𝑛

𝑇
, also varies but only between zero and unity. As a reminder, note the on and off durations 

can be expressed as 𝑡𝑜𝑛 = 𝐷𝑇 and 𝑡𝑜𝑓𝑓 = (1 − 𝐷) 𝑇. 
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Figure 32 – Top diagram: the circuit shows what components are part of a boost converter and what their 
placements in the circuit are. Bottom-left: the equivalent circuit when the switch closes. Bottom-right: the equivalent  

Before proceeding with the converter’s analysis, some assumptions have to be made. The goal 

here is to depict its basic operation principles without deviating too much from the purpose of this work. 

However, these assumptions are quite limiting and don’t allow for any real applications. Keeping this in 

mind, the assumptions follow: 

 All the components that make up the converter are ideal and lossless, including the power 

source 𝑉𝑖𝑛. 

 Small-ripple approximation (S.r.a.). This assumes the ripple in the inductor’s current, ∆𝐼𝐿, and 

the ripple in the output voltage, ∆𝑉𝑜𝑢𝑡, are so small compared to their respective average value 

that they can be approximated by those same average values. Formally:  

 𝑉𝑜𝑢𝑡_𝑚𝑎𝑥 − 𝑉𝑜𝑢𝑡_𝑚𝑖𝑛 = ∆𝑉𝑜𝑢𝑡 ≪ 〈𝑣𝑜𝑢𝑡〉 ⇒ 𝑣𝑜𝑢𝑡 ≈ 〈𝑣𝑜𝑢𝑡〉 = 𝑉𝑜𝑢𝑡 (53) 

 𝐼𝐿_𝑚𝑎𝑥 − 𝐼𝐿_𝑚𝑖𝑛 = ∆𝐼𝐿 ≪ 〈𝑖𝐿〉 ⇒ 𝑖𝐿 ≈ 〈𝑖𝐿〉 = 𝐼𝐿 (54) 

 All the waveforms are linearized, as can be seen is Figure 33. 

 The converter operates under steady-state. Steady state means the circuit has achieved an 

equilibrium (no transients) and the circuit waveforms repeat themselves according to a constant 

time period that is defined by the specific nature of that same circuit. There are some 

implications for capacitors and inductors working under this principle. For an inductor and a 

capacitor, respectively: 

 𝑖𝐿((𝑛 + 1)𝑇) = 𝑖𝐿(𝑛𝑇) ⇒
1

𝑇
∫ 𝑣𝐿

(𝑛+1)𝑇

𝑛𝑇

(𝑡) 𝑑𝑡 = 〈𝑣𝐿〉 = 0 (55) 

 𝑣𝐶((𝑛 + 1)𝑇) = 𝑣𝐶(𝑛𝑇) ⇒
1

𝑇
∫ 𝑖𝐶

(𝑛+1)𝑇

𝑛𝑇

(𝑡) 𝑑𝑡 = 〈𝑖𝐶〉 = 0 (56) 
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In plain words, while operating under steady-state, both the average inductor voltage and the 

average capacitor current are zero. These are the principles of inductor volt-second balance 

and capacitor charge balance, respectively. In order, to simplify matters, the value of 𝑛 is always 

taken to be zero without any loss of generality. 

 

Figure 33 - From top to bottom: the current flowing through the inductor; the voltage at the inductor’s terminals; the 
current flowing through the output capacitor; the output voltage. 

The step-up’s mode of operation can be better understood by considering the two distinct on 

and off states (see the bottom circuits illustrated in Figure 32). When switch 𝑆𝑊 is closed (on state), 

diode 𝐷1 becomes reverse biased and the input voltage 𝑉𝑖𝑛 is applied directly across the inductor 𝐿, 

causing the current within the inductor to increase ramp up. While energy is building up within the 

inductor, capacitor 𝐶 and the load are isolated from the input voltage. When the switch opens (off state), 

the diode begins conducting which enables the inductor to discharge its accumulated energy, charging 

the capacitor and providing power to the load. In summary: 

{

𝑜𝑛 𝑠𝑡𝑎𝑡𝑒:      0 < 𝑡 ≤ 𝑡𝑜𝑛    

𝑜𝑓𝑓 𝑠𝑡𝑎𝑡𝑒:  0 < 𝑡 ≤ 𝑡𝑜𝑓𝑓

          
⇒  {

𝑣𝐿(𝑡) = 𝑉𝑖𝑛

𝑣𝐿(𝑡) = 𝑉𝑖𝑛 − 𝑣𝑜𝑢𝑡
𝑆.𝑟.𝑎.
⇒  𝑣𝐿(𝑡) = 𝑉𝑖𝑛 − 𝑉𝑜𝑢𝑡

          
⇒   

 
          
⇒  

{
 
 

 
 𝑖𝐿(𝑡) = 𝐼𝐿_𝑚𝑖𝑛 +

𝑉𝑖𝑛
𝐿
𝑡

𝑖𝐿(𝑡) = 𝐼𝐿_𝑚𝑎𝑥 +
(𝑉𝑖𝑛 − 𝑉𝑜𝑢𝑡)

𝐿
𝑡

 

 (57) 

with 𝐼𝐿_𝑚𝑖𝑛 representing the residual current present in the inductor’s core before the on stage began 

and 𝐼𝐿_𝑚𝑎𝑥 the peak current flowing through the inductor at the very beginning of the off stage. 
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Recognizing that 𝐼𝐿_𝑚𝑎𝑥 = 𝑖𝐿(𝐷𝑇) = 𝐼𝐿_𝑚𝑖𝑛 +
𝑉𝑖𝑛

𝐿
𝐷𝑇, one can obtain the expression for the inductor 

current ripple: 

 ∆𝐼𝐿 = 𝐼𝐿_𝑚𝑎𝑥 − 𝐼𝐿_𝑚𝑖𝑛 =
𝑉𝑖𝑛
𝐿
𝐷𝑇 (58) 

The small-ripple approximation for the ripple in the inductor current is more valid the higher the 

inductance and the shorter the on duration of the switch. 

During the off state, because both the inductor and the power source are discharging in series, 

the output voltage 𝑉𝑜𝑢𝑡 has to necessarily be higher than the input voltage 𝑉𝑖𝑛. Also, the fact the capacitor 

is being charged means that, during the on stage, the capacitor is the one responsible with providing 

power to the load. The most important waveforms are depicted in Figure 33. To determine the exact 

relationship between these two voltages, one simply has to recall Equation 55 and consider the 

waveforms at the inductor during a full cycle: 

1

𝑇
∫ 𝑣𝐿

𝑇

0

(𝑡) 𝑑𝑡 = 0 ⇔ 

⇔
𝑉𝑖𝑛 ∗ 𝐷𝑇 + (𝑉𝑖𝑛 − 𝑉𝑜𝑢𝑡) ∗ (1 − 𝐷)𝑇

𝑇
= 0 ⇔ 

 ⇔ 𝐾(𝐷) =
𝑉𝑜𝑢𝑡
𝑉𝑖𝑛

=
1

1 − 𝐷
 (59) 

In this ideal approximation for the boost converter, the voltage conversion ratio 𝐾 solely depends 

on the duty cycle when it’s expected to also depend on the current drawn by the load. The output voltage 

is always greater than the input voltage, except for a zero-valued duty cycle, and tends to infinity as 𝐷 

approaches one. Obviously, such a situation is never possible in real-life implementations due to 

parasitic elements being present in all the components of the step-up converter. In reality, the 𝐾 ratio 

starts decreasing at some point for higher values of the duty cycle. Moreover, the assumed ideality leads 

to 100% power conversion efficiency no matter the operation parameters which is another impossible 

fact. A more accurate but considerably more complex model can be constructed by establishing a 

second-order model which takes into account the most significant resistive losses (the power source 

internal resistance, the capacitor series and parallel resistances, etc.), the dynamic or switching losses 

(by introducing electrical models for each of the converter components) and the temperature effects of 

the operating temperature of the converter itself.  

Although it was assumed the output voltage ripple was infinitesimal in comparison to its average 

value, the fact that the 𝐶, 𝐿 and the switching frequency, 𝑓𝑆𝑊 =
1

𝑇
, don’t have infinitely large values puts 

some limitations on this approximation. During the on stage, when the capacitor is discharging through 

the load, if 𝐶 is taken to be sufficiently large, which is often the case in a well-designed converter, so 

that the time constant of the system 𝜏𝐶 = 𝐶𝑅𝐿𝑜𝑎𝑑 is much larger than 𝑡𝑜𝑛, then the capacitor current 𝑖𝐶(𝑡) 

becomes approximately constant. From there, the output voltage ripple can be extracted: 

𝜏𝐶 ≫ 𝑡𝑜𝑛 ⇒ 𝑖𝐶(𝑡) = 𝐶
𝑑𝑣𝑜𝑢𝑡(𝑡)

𝑑𝑡
≈ −

𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

⇔ 
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⇔ ∆𝑉𝑜𝑢𝑡 = −
1

𝐶
∫

𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

𝐷𝑇

0

 𝑑𝑡 ⇒ 

 ⇒ |∆𝑉𝑜𝑢𝑡| =
𝑉𝑜𝑢𝑡
𝐶𝑅𝐿𝑜𝑎𝑑

𝐷𝑇 =
𝐼𝑜𝑢𝑡
𝐶
𝐷𝑇 (60) 

The expression in Equation 60 shows the dependencies of the output voltage ripple. Large 

capacitance values allow for the capacitor to discharge slower, letting the output voltage remain almost 

constant. On the other hand, the output voltage drops when the load demands higher currents, since 

the capacitor needs to discharge faster, and when the on duration extends for too long, since the 

capacitor discharges for a longer period of time.  

For the average inductor current 𝐼𝐿 to be determined, one only needs to take advantage of the 

capacitor charge balance principle but first it’s necessary to have knowledge of the current flowing 

through the capacitor at both the on and off states: 

 

{
 
 

 
 𝑜𝑛 𝑠𝑡𝑎𝑡𝑒:      0 < 𝑡 ≤ 𝑡𝑜𝑛     ⇒    𝑖𝐶(𝑡) = −

𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

                                        

𝑜𝑓𝑓 𝑠𝑡𝑎𝑡𝑒:  0 < 𝑡 ≤ 𝑡𝑜𝑓𝑓   ⇒  𝑖𝐶(𝑡) = 𝑖𝐿(𝑡) −
𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

𝑆.𝑟.𝑎.
⇒  𝐼𝐿 −

𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

 (61) 

Applying Equation 56: 

1

𝑇
∫ 𝑖𝐶

𝑇

0

(𝑡) 𝑑𝑡 = 0 ⇔
1

𝑇
[−

𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

𝐷𝑇 + (𝐼𝐿 −
𝑉𝑜𝑢𝑡
𝑅𝐿𝑜𝑎𝑑

) (1 − 𝐷)𝑇] = 0 ⇔ 

 ⇔ 𝐼𝐿 =
𝑉𝑜𝑢𝑡

𝑅𝐿𝑜𝑎𝑑(1 − 𝐷)
=

𝑉𝑖𝑛
𝑅𝐿𝑜𝑎𝑑(1 − 𝐷)

2
 (62) 

All the preceding calculations were done assuming the current flowing through the inductor 

never reaches zero and thus it’s said the boost is operating in a continuous conduction mode. The 

moment the inductor fully discharges, the system starts to function in discontinuous conduction mode 

because the current within the inductor stops being continuous. In order to remain in continuous mode, 

the condition 𝐼𝐿 >
∆𝐼𝐿

2
 needs to be satisfied: 

𝐼𝐿 >
∆𝐼𝐿
2
⇔

𝑉𝑖𝑛
𝑅𝐿𝑜𝑎𝑑(1 − 𝐷)

2
>
𝑉𝑖𝑛
2𝐿
𝐷𝑇 ⇔ 

 ⇔
2𝐿

𝑅𝐿𝑜𝑎𝑑𝑇
> (1 − 𝐷)2𝐷 (63) 

An ideal DC-DC boost converter favors continuous mode for large inductances and loads (low 

𝑅𝐿𝑜𝑎𝑑) and for shorter switching periods. Moreover, it doesn’t have any dependency on the capacitor 

value. Knowledge of the conduction mode boundary is important in order to correctly apply the 

appropriate equations. 

If the boost converter is used in discontinuous conduction mode, a third state named dead-time 

state needs to be accounted for besides the already mentioned on and off states. While in dead-time 

state, the inductor is fully discharged and both switch 𝑆𝑊 and diode 𝐷1 act as open circuits. The current 
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in the inductor reaches higher peak values, causing the small-ripple approximation for the inductor 

current to no longer be valid and the output capacitor to have larger values in order to obtain a similar 

output ripple to the one found in continuous conduction mode. Moreover, the voltage conversion ratio 

becomes dependent on the load, resulting in poorer load regulation. The calculations for the 

discontinuous mode then follow the same rationale as the ones conducted for the continuous mode[58,59]. 

 

 

4.3. Power Supply Issue 

Two power supplies were designed: one dedicated to the RPi and PCB containing the ADC and 

the multiplexer, and one that only supplies the bioamplifiers. The former is powered by two 1.5𝑉 cells 

and the latter by three 1.5𝑉 cells. Initially, the idea was to also use a two-cell setup for the amplifiers 

supply but the fact that the INA121’s linear input voltage range is not rail-to-rail made this design 

impossible for the reason explained next. Consider the top-left schematic shown in Figure 34 where a 

two-cell supply is being boosted up to 5𝑉. In this setup, notice that the ground reference is placed at the 

negative pole of the bottom voltage source, and that the same ground is also the reference for the 

boosted voltage. This means the boosted voltage is equivalent to a single 5𝑉 supply as the one depicted. 

Now, observe the top-right schematic in the same figure. Here, the same two cells are also being 

boosted but the reference is instead placed at their junction. The output now can’t be reduced to a single 

cell as in the previous example due to the location of the ground reference. Moreover, at the “eyes” of 

the boost, the ground is actually the negative pole of the bottom cell. These two factors combined lead 

to the illustrated equivalent schematic: a bipolar, yet unbalanced, power supply where the lower rail  

𝑉− = −1.5𝑉 and the upper rail 𝑉+ = 3.5𝑉, both referenced to the ground present at the cells’ junction. 

Going back to the INA121, it’s specified on the corresponding datasheet that the linear input voltage 

range goes from approximately 2.1𝑉 above 𝑉− to 1.2𝑉 below 𝑉+, meaning the input negative voltages, 

using only two cells, would be non-linearly amplified by the device. By using three 1.5𝑉 cells with the 

setup seen in the bottom schematic, one gets an equivalent power supply with 𝑉− = −3𝑉 and 𝑉+ = 2𝑉 

that is compatible with the short linear input voltage range of the instrumentation amplifier.  

The top-right schematic in Figure 34 represents the setup of the power supply for the RPi and 

the bottom schematic the one for the bioamplifiers, with the ground reference being the body reference 

potential. Because the ADC and multiplexer are being powered through the 3.3𝑉 rail of the RPi, the 𝑉+ 

seen by these ICs is not 3.5𝑉 like in the top-right schematic, but 1.8𝑉. Although the unbalanced rails of 

the power supplies may seem awkward, the bioamplifiers are designed to output a maximum voltage of 

2𝑉𝑝𝑝 centered around the body reference potential, which means every stage is in agreement and there’s 

no risk of occurring saturation. 
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Figure 34 – Top left schematic: diagram where the ground reference is not placed in the junction between cells. It 
is equivalent to a unipolar 5V supply. Top-right schematic: using two cells and placing the ground reference at their 

junction, an unbalanced supply is generated. This is the supply setup that power the RPi. Bottom schematic: the 
same as before but using three cells. This is the supply that power the bioamplifiers. 
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5. PCBs 

 

 

PCB technology offers a great deal of advantages over breadboards including low electronic 

noise due to small trace lengths, compact size thanks to the availability of very small components, and 

an innate immunity to movement. The PCB schematics and board layouts were all designed in the PCB 

design software Cadsoft EAGLE. In total, seven different double-sided boards were designed: one for 

each bioamplifier, one containing the multiplexer and the ADC, and two others for the power supplies. 

After the boards arrived from the PCB manufacturer, all of the electrical components were hand-

soldered. The board layouts of each circuit are shown in Appendix B. 

 

 

5.1. Bioamplifier Board 

Unlike the breadboard implementation, the PCB realization constitutes the final implementation 

of the circuits. The board layouts of each bioamplifier are shown in Figures 48 through 56 in Appendix 

B. An INA121 was chosen among other instrumentation amplifiers due to its low supply voltage (as low 

as 𝑉𝑆 = ±2.25𝑉) and its low power consumption (typically 0.450𝑚𝐴), being optimal for battery operated 

systems. Other important characteristics worth mentioning are the 106𝑑𝐵 CMRR when the gain, 𝐺𝐼𝐴, is 

10, and the 4𝑝𝐴 bias current[51]. Concerning the operational amplifiers, the LMC7101 was chosen over 

the previously used LM741, not only for its better power ratings, but also for its overall better 

specifications[50]. The gain of the instrumentation amplifier is regulated by a 3223W-1-504[60], an SMD 

potentiometer with a 500𝑘Ω track resistance, which allows to set 𝐺𝐼𝐴 anywhere between approximately 

unity and just over 16000, according to the following equation: 

 𝐺𝐼𝐴 = 1 +
50𝑘Ω

𝑅𝑃𝑜𝑡𝑒𝑛𝑡𝑖𝑜𝑚𝑎𝑡𝑒𝑟
 (12) 

 Following the reasoning of Sections 2.2.2 and 5, a 10𝐺Ω bias resistor was placed at each input 

of the instrumentation amplifier. Also, the notch implemented in every board has a quality factor of 20.75. 
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5.2. Conversion Board 

The board containing the multiplexer and the ADC, henceforth referred to as the conversion 

board, is the heart of the entire acquisition system: from the Raspberry Pi it receives the signals it needs, 

namely the clock, slave select, enable and address signals, so it can multiplex and convert the analog 

signals coming from the bioamplifiers, and send the new digital signals back to the Raspberry Pi.  

When searching for a suitable multiplexer, the principal specifications searched for were low 

power consumption, low on resistance and fast switching action. The search led to the ADG708, a 18𝑛𝑠 

switching time, 8Ω on-resistance multiplexer capable of operating from a 3,3𝑉 single supply with a 

maximum current drain of 1𝜇𝐴. It contains eight single-ended inputs, with each one of them being 

switched on according to its 3𝑏𝑖𝑡 binary address lines[52]. Similarly, regarding the ADC, sampling rate, 

resolution, power consumption and cost were the main searching parameters. The ADC that 

represented the best compromise was the AD7680: despite being relatively price accessible, it offers a 

100𝑘𝑆𝑃𝑆 sampling rate and a 16𝑏𝑖𝑡 resolution while only draining a maximum of 2.8𝑚𝐴 at 3.3𝑉[47].  

Board layouts for the conversion board are shown in Figure 57 and Figure 58 of Appendix B. 

The layout of the board itself is very simple, only containing both ICs and some pinheads necessary for 

communicating with the other PCBs. Still, careful attention was put towards not running analog and 

digital tracks next to each other. As a result, two different ground planes, one for digital lines and another 

for analog, were designed so both signal lines could run separately. Also, the connection between both 

ground planes was established as close as possible to the ADC, as described in the corresponding 

datasheet. Also, of the eight single-ended inputs, only four are in use, with the remaining four being 

connected to ground. 

 

 

5.3. Power Supply 

Following the reasoning in Section 4.1, the boost IC chosen was the LT1302-5. This package 

excels due to its high efficiency over a wide range of output current, going as far as being able to output 

600𝑚𝐴 at 5𝑉 from an input supply as low as 2𝑉[61]. The rest of the components chosen for the 

development of the supply board mostly followed the recommended parts by the LT1302-5’s datasheet: 

 a 10𝜇𝐻, ferrite core inductor, with a dc resistance lower than 0.05Ω, capable of handling currents 

up to 3𝐴; 

 two 220𝜇𝐹 electrolytic capacitors with an equivalent series resistance under 0.03Ω. Both are 

used to filter out low frequency ripple, albeit one is used at the boost’s input while the other is 

at the output; 

 a 0.1𝜇𝐹 ceramic capacitor that helps in decoupling noise and other high-frequency components 

from the input supply; 

 a 3𝐴 Schottky diode; 
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 a 3.3𝑘Ω resistor that, when connected to the IC, disables a default mode designed so the 

LT1302-5 maintains high efficiency at small loads, named Burst Mode. This resistor was only 

soldered in the board that powers the RPi. 

 a 24𝑘Ω resistor and 0.01𝜇𝐹 capacitor placed in series that form the frequency compensation 

network when connected to the 𝑉𝐶 pin. 

With these components, the system is designed to operate at input voltages as low as 2𝑉, while 

sustaining the high currents and rapid switching action involved. An external battery holder wired to the 

board is used to provide the board its input supply. 

No breadboard tests were performed concerning the power supplies and thus, it was especially 

important to follow the recommendations provided on the boost’s datasheet[61], even more so 

considering the high current switching associated with the IC. If high current functions were allowed to 

run next to the control functions, then the devices would not work as expected. This situation was 

actually the case in previous versions of both boards, when the IC began exhibiting erratic behavior for 

certain output loads. The board layouts presented in Figures 59 through 62 of Appendix B show 

separation was accomplished by placing the power components on the top layer while the signaling 

components went to the bottom layer. Running wide tracks for the power paths, placing the 0.1𝜇𝐹 

ceramic capacitor as close to the package as possible in order to avoid noise coupling, and designing 

large ground planes for heat dissipation were all implemented to ensure proper circuit operation.  

Some aspects concerning the supply boards must be addressed. The first is related to the 

inductor. For certain loads, the switching action of the inductor falls within the range of audible 

frequencies, causing a weak hum to be heard. This phenomenon, however, has no implication 

whatsoever in either of the power supply, it’s a mere consequence of the boost’s operation. Second, the 

pinhead found in the boards has a 1x17 format. Each bioamplifier board makes use of three, leaving 

five unused. Two of these spaces were meant for the conversion board but, for reasons already 

explained, the RPi is the one supplying it (see Section 4.1), while the remaining three were for another 

board that was designed but ultimately never used. This last reason is also the same reason why the 

chosen multiplexer has eight inputs, when only four would have sufficed. The final point concerns the 

absence of an USB connector on the board that powers the RPi. Although the board is designed to 

accommodate a USB connector, and the safest way of supplying the Raspberry Pi is indeed through a 

USB cable, two wires are instead being used to power the RPi through the adequate GPIO pins. The 

main reason why wires were chosen was due to problems with the USB cable itself: the USB cables 

available at the time were all generating a voltage drop of around 0.25𝑉 between the supply board and 

the mini-USB port of the RPi, which meant the effective voltage at the RPi was too low for it to function 

properly. As a result, the pads that were destined for the USB connector are being used as a placeholder 

for the wires. 
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5.4. PCB Tests 

Each PCB was subjected to a battery of tests in order to evaluate their performance. Unlike the 

breadboard tests, where only the bioamplifiers were verified, here the power supplies and acquisition 

system were also tested. 

 

 

5.4.1. Power Supply Tests 

 

 

5.4.1.1. Efficiency Test 

 In the first test conducted on the power supplies, the efficiency for different current loads and 

different input voltages was calculated. Both power supplies were tested because one is designed for 

small loads (bioamplifiers) and one for higher ones (RPi and peripherals). This difference in design is 

merely a pin in the boost IC that can be left floating or can be connected to a 3.3𝐾Ω. Setting the resistor 

disables something called Burst Mode, a mode that guarantees high-efficiency at small loads but can 

introduce some ripple in the output voltage. Because the RPi is assuredly always working at high loads, 

the resistor is only set in the board that powers the RPi. 

 The test developed as follows: a QL564p power supply was connected to the inputs of the 

supply board and a resistor was placed at its output. This power supply is particularly useful because it 

displays the instantaneous current being provided to the board and allows to easily program the input 

voltage. At the output, the resistor simulates a current load. For a given input voltage and output resistor, 

the value of the current displayed by the QL564p was written down. The values of the voltage 

immediately at the output of the board and at the resistor (after the wires) were also annotated. Efficiency 

was taken as the following ratio: 

 휀 = 100 ∙
𝑉𝑜𝑢𝑡 ∙ 𝐼𝑜𝑢𝑡
𝑉𝑖𝑛 ∙ 𝐼𝑖𝑛

 (13) 

 In order to obtain truthful values, some care was taken when dealing with the high currents 

involved, both at the input and at the output. This is more in regard to the board that powers the RPi.  

The wires coming from the QL564p into the board caused a large voltage drop which meant that the 

power board would always “see” a smaller input voltage than the one set in the machine, thus skewing 

the results.  Luckily, the power supply had an option that sensed the voltage directly at the inputs of the 

board (after the wires) and reprogrammed itself accordingly. At the output, the voltage drops also caused 

problems and this is the main reason why the voltage was measured before and after the wires. This 

way, it was possible to include the resistance imposed by the wires in the calculations. The graphics 

presented in Figure 35 show the results obtained. 
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Figure 35 – Left graphic: efficiency curves concerning the board that powers the bioamplifiers. Right graphic: 
efficiency curves concerning the board that power the RPi. 

From the computed graphics, it’s possible to obtain an estimative for the autonomy of each 

system for different types of batteries. This autonomy duration, 𝑡𝑎𝑢𝑡𝑜𝑛𝑜𝑚𝑦, is calculated as: 

 𝑡𝑎𝑢𝑡𝑜𝑛𝑜𝑚𝑦 =
𝜏 ∙ 휀 ∙ 𝑉𝑖𝑛

100 ∙ 𝑉𝑜𝑢𝑡 ∙ 𝐼𝐿𝑜𝑎𝑑
 (14) 

where 𝜏 is the battery capacity in 𝑚𝐴ℎ. One must consider that the previous equation does not account 

for battery drain nor battery voltage drop. Still, this way, one can obtain a maximum figure for the 

autonomy time. Both power supplies are tested and for that, one must choose the load current 

appropriately. In the case of the RPi supply, 𝐼𝐿𝑜𝑎𝑑 is taken to be 250𝑚𝐴, a value obtained through visual 

inspection of the graphic in Figure 30. For the other supply board, the value calculated is the one in 

Equation 52. The values for the efficiency are chosen from the graphics in Figure 35 and must be in 

accordance with the load current and with the voltage levels of the fresh batteries that each system 

uses. In more plain words, for the RPi supply, 𝑉𝑖𝑛 = 3 and 휀 = 87%, and for the bioamplifer supply, 𝑉𝑖𝑛 =

4.5 and 휀 = 89%, These calculations were performed for AA, C and D batteries, rated at 3000𝑚𝐴ℎ[62], 

9150𝑚𝐴ℎ[63] and 21500𝑚𝐴ℎ[64], respectively. The autonomy results, in hours, are shown in Table 7. 

Table 7 – Results for the systems’ autonomy using different types of 1.5𝑉 cells. 

 AA C D 

RPI supply Board 6.26 19.11 44.89 

Bioamplifier’s supply 
board 

91.68 280.81 659.83 

 

 

5.4.1.2. Stability Test 

 Unlike the previous test, this one was qualitative and was only performed for the board that 

supplies the RPi. The test itself was simple: while connected to two DD batteries, the output pins of the 
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board were first left floating. When some seconds had passed, a 50Ω resistor was placed at its outputs. 

The main purpose of the test was to study two different aspects of the board: the output voltage when 

there is no load and the time taken until the voltage becomes stable again. Observing Figure 36, it’s 

clear that, both with and without load, the boost can output a stable 5𝑉. The settling time, although 

somewhat large at around 3 seconds, is not problematic due to the very small drop in voltage. 

 

Figure 36 – Transient response of the RPi supply board when a 50Ω is placed at is output, when there was no 

load previously. 

 

 

5.4.2. Bioamplifier Tests 

 The same tests as that were performed with the breadboards were also conducted for the PCB 

implementation of the bioamplifiers. There were only two differences: first, the sweep and gain tests 

were coupled into a single test; second, due to the good results obtained, the developed power supply 

was used to power the bioamplifiers. Fresh AA batteries were used.  

 

 

5.4.2.1. Sweep Test   

As in the breadboard test, it was necessary to have a pre-stage gain to keep the operational 

amplifiers from saturating. However, because in the PCBs the instrumentation amplifier is implemented, 

its gain also had to be accounted for. By turning the knob of the potentiometer, its gain was set as close 

as possible to unity but, in the end, there was always a residual gain that could skew the final results. 

Both gains were duly considered in the final calculations.  

In practice, this test developed the same way as the gain test described in Section 2.2.5.2. 

However, because the goal was to also measure the frequency response, a much larger frequency array 
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had to be used, compared to the four or five frequencies used before. Unlike the previous gain test that 

only aimed to visualize the passband gain, this effectively allowed to sample a larger range of the 

channels’ magnitude transmissions. The chosen frequency arrays were as follows: 

 ECG: {0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1, 2, 5, 10, 15, 20, 25, 30, 35, 40, 45, 45.5, 

46, 46.5, 47, 47.5, 48, 48.5, 49, 49.5, 50, 50.5, 51, 51.5, 52, 52.5, 53, 53.5, 54, 54.5, 55, 60, 80, 

100, 200, 300, 400}; 

 EEG and EOG: the same as the ECG but with the additional array {36, 36.5, 37, 37.5, 38, 38.5, 

39, 39.5, 40}. 

Figures 37 and 38 show the results of this test. For comparison, the magnitude transmission of 

the ideal filters are also shown, sampled at the same frequency points. 

 

Figure 37 – Left graphic: Comparison between the ideal and real transmissions calculated obtained for the ECG. 
Right graphic: Comparison between the ideal and real transmissions calculated obtained for the EEG. 

 

Figure 38 - Left graphic: Comparison between the ideal and real transmissions calculated obtained for the EOGh. 
Right graphic: Comparison between the ideal and real transmissions calculated obtained for the EOGv. 
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5.4.2.2. SINAD Test 

 No alteration was done to the SINAD test that was previously described. The results are shown 

in Table 8. 

Table 8 – SINAD values obtained for each channel at each specific frequency. 

 

Frequency 
(𝑯𝒛) 

𝟐 𝟏𝟎 𝟑𝟎 𝟕𝟎 

ECG SINAD (𝒅𝑩) 58.89 46.74 44.84 49.72 

EEG SINAD (𝒅𝑩) 11.00 10.61 11.26 −8.20 

EOGh SINAD (𝒅𝑩) 44.35 40.68 41.80 26.42 

EOGv SINAD (𝒅𝑩) 45.19 43.68 46.77 27.89 

 

 

5.4.2.3. Noise Test 

No alteration was done to the noise test that was previously described. The results are shown 

in Table 9. 

 

Table 9 – Noise parameters obtained for each channel. 

 
Mean Value  

(𝒎𝑽) 
RMS value  

(𝒎𝑽) 

Power 

 (𝒎𝑽𝟐) 

Most 
represented 
frequency 

 (𝑯𝒛) 

ECG 29.43 29.44 866.70 1 

EEG −1.11 ∙ 103 1.11 ∙ 103 1.24 ∙ 106 50 

EOGh 191.88 191.89 36.82 ∙ 103 50 

EOGv 16.42 16.50 272.31 1 

 

 

5.4.3. RPi and Conversion Board Tests 

 With all the alterations done to the RPi, it was necessary to determine just what kind of real-time 

capabilities it was capable of providing when working together with the conversion board. The system 

was tested for several different conversion and sampling frequencies to see if it was possible to obtain 

a maximum value for both of these parameters and to potentially visualize a drop in performance as 

these frequencies became more demanding. The parameter chosen to evaluate the performance for 

different frequency combinations was the Effective Number Of Bits (ENOB). It was calculated using the 

following expression[28]: 
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 𝐸𝑁𝑂𝐵 =
𝑆𝐼𝑁𝐴𝐷𝑑𝐵 − 1.76

6.02
 (15) 

 The test itself consisted in providing the conversion board with a 10𝐻𝑧 sine wave that covered 

90% of the ADC’s input range. This meant the waveform was centered around 1.65𝑉 with an amplitude 

of 2.97𝑉𝑝𝑝. The signal was given to one of the channels of the multiplexer while the others were short-

circuited to ground and was acquired using the RPi. For each combination of conversion and sampling 

frequencies, the ENOB was calculated. A Calex was used to power the RPi and the conversion board 

was powered through its 3.3𝑉 rail. Each entry of Table 10 contains the obtained ENOB, expressed in 

𝑏𝑖𝑡𝑠, for that specific combination, with the highest value being highlighted. 

 

Table 10 – Values for the ENOB for different combination of conversion and sampling frequencies. 

 Conversion Frequency 

(𝑯𝒛) 

𝟓𝟎𝟎 𝟏𝟎𝟎𝟎 𝟏𝟐𝟓𝟎 𝟐𝟓𝟎𝟎 𝟓𝟎𝟎𝟎 𝟏𝟎𝟎𝟎𝟎 𝟏𝟐𝟓𝟎𝟎 

Sampling 
Frequency 

(𝑯𝒛) 

𝟏𝟎𝟎𝟎 -- -- -- -- 8.14 8.15 8.16 

𝟓𝟎𝟎 -- -- -- 8.12 8.10 8.13 8.16 

𝟐𝟓𝟎 -- -- 8.18 8.19 8.18 8.11 8.19 

100 7.98 8.18 8.16 8.25 8.19 8.18 8.09 

 

The values for the SINAD and Signal-to-Noise ratio (SNR) were calculated for the combination 

that offered the best performance. The SNR was calculated as follows: 

 𝑆𝑁𝑅𝑑𝐵 = 10 ∙ log10 (
𝑃𝑆
𝑃𝑁
) (16) 

where 𝑃𝑆 is the signal power and 𝑃𝑁 is the noise power.  The values obtained were 51.43𝑑𝐵 for the 

SINAD and 52.37𝑑𝐵 for the SNR. 

 As a follow-up to the low results of the ENOB, another test was conducted to verify the fidelity 

of the clock source and characterize the temporal uncertainty of the whole system. A ramp wave with a 

frequency of 100𝐻𝑧, with 2.97𝑉𝑝𝑝 and centered around 1.65𝑉 was acquired and its slope was analyzed 

and compared to what was actually injected. The frequency combination utilized was again the one with 

the best ENOB. The calculated value for the sampling frequency’s real value was 99.9871 ± 0.1390𝐻𝑧. 
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6. BioGlasses 

 

 

6.1. Structure 

With the aim of capturing the ECG, EEG and EOG electrophysiological signals, some sort of 

hardware was needed to place the capacitive electrodes. Excluding the ECG, which is traditionally 

captured, with good reason, as close to the heart as possible, the remaining signals are all acquired at 

different locations in the skull. However, research showed that some work has been done where 

neckbands are utilized to measure the ECG[65,66]. With all the signals thus concentrated around the 

head/neck region, a helmet or a pair of glasses were the ideas that naturally followed, with the latter 

being the one chosen in the end. 

The traditional framework of a pair of glasses is enough to place the EOG signals if the rims are 

designed with sufficient thickness, but it isn’t enough for the remaining physiological signals. Two 

extensions were added to the traditional eyeglasses’ design: first, the temples that usually terminate 

slightly behind the ear are prolonged and united at the back of the head as close as possible to the Oz 

position in the 10-20 electrode placement system; second, right before the temples pass the ear, a 

prolongation was added that continues downward towards the side of the neck.  

Designing the glasses began by creating a 2D shape (see Figure 39) in Adobe Illustrator 

software of the lenses and the temples (with its corresponding extensions) which were then imprinted 

and cut in polyvinyl chloride. The advantage of working with PVC is its ability to bend when near a heat 

source which made possible turning the 2D shapes into a 3D structure that could easily be shaped to fit 

the user’s head and neck structure. Although the lenses and the temples are independent, they are 

coupled together by sliding the temples through the slots present at the edges of the lenses. This also 

allows to further adapt the glasses to the user’s head. 

The electrodes are made out of copper foil and were placed as shown in Figure 39. As 

mentioned before, besides the ECG signal, both the EEG and the EOG electrodes are placed in 

traditional electrode locations. The ECG electrodes can be seen at the end of the downward extensions 

in order to capture the electric field coming from the neck. Additionally, an extra electrode is placed 

between the lenses and all along the inner rim, all regions that are in contact with the nasal bone, in 

order to obtain the body reference potential. 
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Figure 39 – 2D design of the glasses structure. The brown areas coincide with the location of the electrodes. 

Each electrode has a wire stemming from it that is connected to the corresponding bioamplifiers. 

For organization sake and to make it easy to handle the hardware, the wires are all bundled together by 

duct tape before reaching the PCBs. Due to their close proximity along a relatively long distance, some 

measures were taken in order to minimize the effects of crosstalk through capacitive coupling. All the 

wires were individually wrapped with aluminum foil connected to the body reference potential, providing 

proper shielding against electrical interference. Wires carrying signals that belong to the same bipolar 

channel, e.g. the ECG and the EOGs, were also twisted together to further reduce electromagnetic 

interference. In total, there are eight wires coming from the glasses that reach the circuits: four for the 

EOG (vertical and horizontal), two for the ECG, one for the EEG and one for the body reference potential. 

 

 

6.2. Acquisition Results 

 For the last instrumentation test, a volunteer was asked to test the system. The volunteer was 

a 23-year-old male with no apparent health issues. The glasses were molded to the subject’s head using 

a hair dryer in order to fit them as well as possible and to guarantee that the sensors were placed at the 

expected locations. An adaptation period was given for the subject to get used to the glasses. When he 

felt comfortable enough, the volunteer was seated and asked to relax and clear his mind. The prompt 

to start the acquisition was given by the user itself.  

 In order to sequentially test the system, the first step consisted of only using the bioamplifiers 

and the corresponding power supply with fresh AA batteries. The acquisition and digitization was 

performed with the NI BNC-2110. All the wires were manually tested to ensure proper connection 

between the electrodes and the PCBs. No discernible physiological signal could be seen from the 

acquired signals. After several different attempts, it became obvious that the only signals being captured 

were noise and motion artifacts (mostly the latter). In the specific case of the EEG channel, only 

saturation of the upper rail was present. 

 Because the sensors integrated in the eyewear did not work, contact electrodes were instead 

used. These were placed at the exact same places as described before. This new acquisition was also 

conducted using the same acquisition board and the subject setup was the same as previously 

mentioned. Figures 40 through 43 show the acquired signals in their raw and filtered states, except for 
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the EEG where only the raw format is depicted because no filter was applied. Filtering included removing 

the 50𝐻𝑧 component and its first harmonic, and low-pass filtering at 40𝐻𝑧 with a Butterworth filter. 

 

Figure 40 – ECG signal acquired using contact electrodes. Left: the raw signal. Right: the filtered signal. 

 

 

Figure 41 – EEG signal acquired using contact electrodes. Only saturation of the positive rail can be observer. 
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Figure 42 – EOGh signal acquired (left gaze) using electrodes. Left: the raw signal. Right: the filtered signal. 

 

Figure 43 - EOGh signal acquired (eye blink) using electrodes. Left: the raw signal. Right: the filtered signal. 
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7. Biometrics 

 

 

7.1. ECG as a Biometric Trait 

Everyone alive has a beating heart so the ECG ensures universality. There are specific 

physiological aspects that determine how an individual’s heart cycle develops like the conductivity of 

certain areas, the activation order or even the timing of the depolarizations and repolarizations. The 

geometry and position of the myocardium in the chest also impact the final ECG recording. So, despite 

the waveform conforming to roughly the same pattern, all these factors combined guarantee that a high 

degree of inter-subject variability can be expected[67]. In fact, medical research has been struggling to 

diminish this variability in order to establish universal diagnostic standards[68]. Ultimately, the ECG is the 

final product of a set of several sympathetic and parasympathetic reactions so it’s almost impossible to 

be controlled or copied[69]. This robustness to attacks is yet reinforced by the liveness detection the ECG 

provides. 

Biometric recognition mainly extracts information from the ECG signal using either a fiducial 

point approach or a non-fiducial point approach. The former is based on finding specific local points (or 

landmarks) in the heart’s waveform and determining amplitude or temporal distances between them. 

Examples of these landmarks are the peaks in the QRS complex. On the other hand, a non-fiducial 

approach analyzes the ECG signal as a whole and extracts features statistically based on the overall 

shape of the waveform. It’s a holistic perspective since it tries to determine the features that uniquely 

distinguish a waveform by looking at the whole signal or isolated heartbeat. Both are not without faults: 

fiducial-based systems aren’t robust enough to deal with a non-negligible portion of the population that 

does not exhibit a well-behaved waveform and are very susceptible to noise and artifacts; non-fiducial 

systems need to filter out all the measured information that does not carry any useful information[69]. 

Biel et al first analyzed the ECG as a potential biometric trait, analyzing classification rates and 

the effect of reducing the number of electrodes in a fiducial-based system. What they found was that 

decreasing the number of leads from twelve (12-derivation system) to a single lead did not cause any 

degradation in performance, showing that a more user-friendly acquisition system was entirely 

possible[70]. This is corroborated by the work of Hugo Silva et al where only the V2 precordial derivation 

was used but high performances were still achieved. Within the adopted methodology, they obtained a 

98.08% identification rate using a single waveform pattern which translates to seven seconds of signal 

acquisition. Performance could be further enhanced by increasing the number of patterns but at the cost 

of being more time consuming[71]. 
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The work conducted by Israel et al aimed to verify the effects on the ECG by placing electrodes 

on the base of the neck instead of the chest, and to see if an anxious state of mind could worsen the 

ability of a system in identifying a subject. Training the system with chest data and testing with neck 

data, and vice-versa, yielded the same 100% person identification, suggesting the location has no 

bearing on the performance. The features extracted by them also seemed invariant to anxiety states, 

with individuals being correctly classified with 97% accuracies in all the conducted tests[72].  

Recently, a plethora of studies have conducted tests towards improving the ECG’s user-

friendliness and accessibility even further without decreasing performance. This can be seen in several 

works[21,73,74],  where the aim was to acquire the ECG using solely one lead placed at the palms or fingers 

of the hand. High performances were obtained with each study reporting average classifications over 

90%.  

 

 

7.2. EEG as a Biometric Trait 

It is estimated that the human brain is made up of millions of neurons and even more synapses 

making it virtually certain for each individual to have their own specific configuration. Each one of these 

configurations gives rise to a specific EEG signal granting it great uniqueness potential and usefulness 

for biometric applications[75–77]. In fact, one of the main issues with Brain-Computer Interfaces (BCI) is 

the difficulty to calibrate the system due to high intra-subject variability[78]. However, this characteristic 

is exactly what is desired in a biometric application. Its universality combined with the fact that the EEG 

is one of the hardest signals to mimic or steal grants an EEG-based system with an in-built liveness 

detector, which is a great deterrent against fraud[75,77–79]. One of the main reasons why the EEG signal 

is so resistant against fraud is the fact that an EEG recording stored in the system’s database is taken 

with the subject in a normal and stable mental state. In a forcible and stressful situation, as is a heist for 

example, the assailant just can’t force the subject to provide that same sort of signal. 

One of the main issues with the EEG is its strong dependence on the current state of mind the 

subject finds himself in at acquisition time. In this context, there are mainly two ways to acquire the EEG 

based on whether visually evoked potentials (VEP) are considered or not, with each method achieving 

some level of success. VEPs are EEGs acquired resorting to visual cues or stimuli that trigger specific 

brain regions. The main issue regarding VEP-based systems is the added need of more equipment to 

produce the visual stimuli which is not viable in every application. Non VEP-based measurements 

usually ask the subjects to perform small motor tasks (e.g. lifting a finger), imagery tasks (e.g. imagining 

movement) or simply to clear their minds.  

The EEG is already asserted as a viable biometric feature. Palanappian et al[79–81] has 

conducted extensive research towards studying the signal’s usefulness in an identification context while 

mostly resorting to VEPs, obtaining classification rates higher than 90% in each study. However, these 

studies were conducted at the cost of complexity and user-friendliness since a high number of 

electrodes, as low as 35, were utilized. A system with so many electrodes is bound to need a 

considerable time period, sometimes up to fifteen minutes[77], dedicated solely to setting up the user, 
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something that is just not practical. From here, several parties conducted efforts towards designing 

simpler systems. Gupta et al, using only eight electrodes, developed a VEP-based authentication setup 

that produced results with 85% accuracy[82]. One of the goals of Su Yang et al was indeed to verify the 

impact of a reduced number of electrodes on an identification system[83]. Asking the subjects to perform 

imagery tasks, performance progressively worsened when the number of channels was reduced from 

eight to two. However, the study suggests that channels Cz and Oz are the most promising if what is 

needed is a system with one or two electrodes. This was actually the case in[84], where Poulos et al 

obtained between 72 and 84% success rates in an authentication setup while using a bipolar channel 

with electrodes placed at Cz and Oz. Performance degradation when using less electrodes is further 

corroborated in[a77]: the best performance using electrodes placed at C3 and C4 yielded a 71% 

performance success in an identification setting.  

Long-term temporal stability was researched by Milan Kostilek et al in an identification system. 

Using 53 electrodes, 9 subjects were submitted to an EEG taken one year apart. The recordings from 

the first session were used for training while the ones from the second session were used for testing. 

The volunteers were asked to close their eyes and to extend and flex their indicative finger during the 

acquisitions. The final results showed a 78% average success rate[85]. 

Finally, on inter-subject variability, Fei Su et al endeavored in the study of the effect of the diet 

and the circadian cycle in the EEG signal. The identification study aimed to be as unobtrusive and user-

friendly as possible and thus, only one dry electrode placed in FP1 and two reference sensors placed 

in the earlobes were used. Forty healthy subjects underwent a two-session study, where in the first they 

were given water to drink and the EEG was recorded once before the intake, once immediately after, 

and sometimes after in 30 minute steps; the proceedings were the same for the second session but 

water was substituted for coffee. The time steps and the different drinks aim to emulate the circadian 

cycle and the diet, respectively. During the acquisition, the subjects were only asked to close their eyes 

and relax. Training the system with acquisitions belonging to different diets and different instances of 

the circadian cycle got them a 97.5% identification success rate, which goes against previous studies 

that suggested using less electrodes also yielded worse results[86].  

 

 

7.3. EOG as a Biometric Trait 

Not much work has been done with the EOG in a biometric context. In the vast majority of cases, 

the EOG has only been applied in HCI. A common example are bedridden patients who, due to accident 

or disease, are unable to communicate with the outside world. HCIs developed around the EOG allow 

the patient to write in a keyboard or select an option displayed on a monitor by looking in the direction 

of the desired key. 

 Still, in [87] a preliminary test was conducted to verify the potential of the EOG as a biometric trait. 

The study began on the premise that eye blinks contained enough relevant information so that the intra-

subject variability, due to time of day, mood, illumination, etc., would be smaller than the inter-subject 

variability. 
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 Four features concerning the eye blinks were extracted: the shape of the average over all 

detected blinks, the mean inter-blink distance, the blink rate and the standard deviation of the blink 

variability. Classification was done in two different ways: one that included only the first feature and 

another that comprised only the remaining three. Data was acquired from 23 subjects. Using the k-

Nearest Neighbors (k-NN) algorithm, classification rates of 24.6% and 12.5% were obtained for the first 

feature and the remaining three features, respectively.  

Although the preliminary test does show that the EOG may not be a robust biometric trait, the 

classification accuracies are much larger than the classification rate for a random classification (4.35%), 

revealing that the EOG blinks may contain some discerning information. By itself, the EOG may not be 

very reliable but there’s always the chance of improving an already existing system’s performance by 

fusing it with other biometric modalities, like the ECG or the EEG.  

 

 

7.4. Biometric Classification 

 The original goal of this project was to acquire the signals using the proposed instrumentation 

system and use those signals to verify what kind of classification accuracies could be achieved in an 

authentication and identification setting. However due to the poor results of the acquisition system, 

namely the EEG channel malfunctioning and the capacitive sensors not acquiring the signals of interest, 

it was necessary to use an alternative database. Choosing an alternative database has the advantage 

of having a relatively high number of subjects, something that would have been difficult to achieve using 

the proposed system. 

 The HiMotion research project[88] was developed with the goal of acquiring physiological data 

from individuals while they were interacting with a computer, which included the blood volume pressure, 

the electrodermal activity, the ECG and the EEG. A Thought Technologies ProComp2 was used to 

acquire said physiological signals. 27 volunteers were asked to perform a set of five cognitive tests that 

included memory, association, intelligence, discovery and concentration tests. Because only the ECG 

and the EEG are related to the present work, these were the only databases considered. Both signals 

were acquired with a 256𝐻𝑧 sampling frequency. The ECG was measured at the fourth intercostal space 

in the midclavicular line. In turn, the EEG was recorded at the FP1, FP2, Fz and Oz locations in a 10-

20 system, with electrodes placed at the earlobes for the ground reference. Finally, only the data from 

the concentration was used. 

 During the concentration test, a 20x40 matrix filled with numbers ranging from 1 to 9 was 

presented to each subject. The test asked for the subject to find   highlight any pair of consecutive 

numbers that added up to ten. Although the subjects were not allowed to skip lines, they were allowed 

to go back in the same line to correct a wrong pair or select a missed pair. 

 

 

 

 



70 
 

7.4.1. ECG Feature Extraction 

 Because the available ECG data was all in raw format, the signals were passed through a 4th 

order high-pass Butterworth filter and a 4th order low-pass Butterworth filter with cutoff frequencies of 

5𝐻𝑧 and 20𝐻𝑧, respectively. To ensure linear phase, the filters were propagated both forward and 

backward. 

 Here, a semi-fiducial approach was experimented. From the filtered signals of each subject, the 

R peaks were automatically extracted using an algorithm[89] based on the Hamilton-Tompkins method, 

a technique that aims to detect the QRS complex[90]. This algorithm classifies a detected peak as either 

a QRS complex or noise from the information provided by the peak height, peak location (relative to the 

last QRS peak) and maximum derivative. From the R peak time instances, the corresponding heartbeats 

identified. For the purpose of this work, a heartbeat is everything found 0.2 seconds before and 0.4 

seconds after the R peak, and constitutes a sample. An outlier-removal algorithm was then run over the 

complete set of a subject’s heartbeats. This particular method follows a heuristic based on data-derived 

thresholds for the Euclidean distance to the average sample, for the sample minimum and sample 

maximum. If the thresholds are cumulatively respected, then the sample is accepted as a valid template 

of the subject’s heartbeat. Each template can be thought of as a set of features, where each sample 

corresponds to a feature. Due to the high number of templates for each volunteer, only 150 randomly 

selected heartbeats were considered for each volunteer. Of these, 50 were chosen for training and the 

remaining 100 for testing.  

 

 

7.4.2. EEG Feature Extraction 

 Like the ECG, the signals stored in the database were all in raw format. In order to remove 

interference that may have coupled into the channels, the signals were passed four times through an 

ICA filter. Moreover, the signals were re-referenced using the common average reference method to 

further reduce noise effects. 

 Features were extracted by computing the band power difference, 𝐵𝑃𝐹, of consecutive 5 second 

segments for each individual EEG channel. Due to the nature of the concentration test, the beta band 

(14 ≤ 𝑓 ≤ 30 𝐻𝑧) was chosen for its features to be extracted. The band power of a 5 second segment 

of the EEG, 𝐵𝑃𝑛, was obtained and compared to the following trace, 𝐵𝑃𝑛+1, according to equation: 

 𝐵𝑃𝐹 = 100 ∙
𝐵𝑃𝑛+1 − 𝐵𝑃𝑛

𝐵𝑃𝑛
 (17) 

𝐵𝑃𝐹s from the same 5 second segment across channels were grouped to form a feature set. In the end, 

each feature set contained four different features, one for the 𝐵𝑃𝐹 of each channel. For each subject, 

80 feature sets were randomly selected, a third of which was selected to train the classifier and the rest 

to test it. 
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7.4.3. Authentication and Identification Tests 

In order to classify the templates, three distinct classifiers were used: k-NN based on the 

Euclidean distance (𝑘 = 3), k-NN based on the Cosine distance (𝑘 = 3) and SVM. The performance for 

each classifier was evaluated for the two different biometric settings, authentication and identification. 

Each performance test was run fifty times in order to be statistically meaningful.  

In the authentication test, the classifiers were given several different-valued thresholds, ranging 

from 0 to 100 in steps of 1. The threshold has a different meaning depending on the classifier. In the k-

NN classifiers, the threshold is a measure of the distance between sets of features which means that a 

set of features is only accepted if its distance to the training templates is below the threshold. In turn, 

for the SVM classifier, the threshold represents a measure of agreement, implying that a template is 

only accepted if its score is above said threshold.  

The corresponding False Acceptance Rate, 𝐹𝐴𝑅, and False Rejection Rate, 𝐹𝑅𝑅, were 

computed for each one of the thresholds. The first is defined as the frequency that a non-authorized 

person is accepted as authorized, while the second is the frequency that an authorized person is 

rejected access. For a given threshold, 𝑡ℎ, the probability for successful fraud, 𝐹𝐴𝑅(𝑡ℎ, 𝑛), against a 

certain enrolled person 𝑛 is measured as:  

 𝐹𝐴𝑅(𝑡ℎ, 𝑛) =
Number of successful independent fraud attempts against a person 𝑛

Total number of independent fraud attempts against a person 𝑛
 (18) 

Because 𝐹𝐴𝑅(𝑡ℎ, 𝑛) is computed for all the enlisted users, the total 𝐹𝐴𝑅 is taken as the average over all 

the measured parameters: 

 𝐹𝐴𝑅(𝑡ℎ) =
1

𝑁
∑𝐹𝐴𝑅(𝑡ℎ, 𝑛)

𝑁

𝑛=1

 (19) 

where 𝑁 is the total number of enlisted users. In turn, the probability for lack of success of an enrolled 

user, 𝐹𝑅𝑅(𝑡ℎ, 𝑛), for a certain user 𝑛 is measured as: 

 𝐹𝐴𝑅(𝑡ℎ, 𝑛) =
Number of rejected authentication attempts for a qualified person 𝑛

Total number of authentication attempts for a qualified person 𝑛
 (20) 

Similarly as the 𝐹𝑅𝑅: 

 𝐹𝑅𝑅(𝑡ℎ) =
1

𝑁
∑𝐹𝑅𝑅(𝑡ℎ, 𝑛)

𝑁

𝑛=1

 (21) 

 Figures 44 and 46 plot the 𝐹𝐴𝑅/ 𝐹𝑅𝑅 curves against the corresponding thresholds of each 

classifier, for the ECG and the EEG, respectively. From the values of the curves of 𝐹𝑅𝑅(𝑡ℎ) and 

𝐹𝐴𝑅(𝑡ℎ), one can also compute the value for the Equal Error Rate, 𝐸𝐸𝑅, which is defined as the rate at 

which both these curves intersect. 𝐸𝐸𝑅 is useful to determine what is the best threshold for a given 

system. However, it is not suitable to compare performances between different systems because it is 

useful to have a measure that is independent of the thresholds. For that, one can compute the Receiver 

Operating Characteristic (ROC) curve which directly plots the 𝐹𝐴𝑅 and 𝐹𝑅𝑅 curves against one another. 
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Alternatively, the ROC curve can be plotted using the True Acceptance Rate, 𝑇𝐴𝑅, instead of the 𝐹𝐴𝑅 

parameter. 𝑇𝐴𝑅(𝑡ℎ) is defined as the rate at which an enrolled person is successfully authenticated and 

can be written as[87]: 

 𝑇𝐴𝑅(𝑡ℎ) = 1 − 𝐹𝑅𝑅(𝑡ℎ) (22) 

Figures 45 and 47 illustrate the ROC curves for each of the physiological signals. 

 For the identification test, the classifiers were evaluated on their ability to correctly identify the 

individual presenting itself to the system. Table 11 shows the identification success rate for each 

classifier and each biosignal. 

 

Figure 44 – Graphics plotting the FAR and FRR curves against each thresholds, for the ECG. Top left: Cosine k-
NN; Top Right: Euclidean k-NN; Bottom: SVM 
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Figure 45 – ROC curves for the ECG 

 

 

Figure 46 - Graphics plotting the FAR and FRR curves against each thresholds, for the EEG. Top left: Cosine k-
NN; Top Right: Euclidean k-NN; Bottom: SVM 
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Figure 47 – ROC curves for the EEG. 

 

Table 11 – table containing the success classification rates for the identification setting 

 
Euclidean  

distance-based k-NN 
(%) 

Cosine  
distance-based k-NN 

(%) 

SVM 
(%) 

ECG 100 98.70 99.86 

EEG 17.72 26.08 5.37 
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8. Discussion 

 

 

 Because similar tests were conducted between the breadboard and the PCB implementations 

of the bioamplifiers, a comparison is in order. It would be expected that the PCBs exhibited better 

performance across all tests but that was not the case, mainly in the noise and SINAD tests. While the 

EOGv improved and the ECG worsened only slightly in terms of noise, the EOGh’s and EEG’s greatly 

decayed, especially the latter. This can be explained in two different ways: the first is related to the notch 

filter not being really centered around the 50𝐻𝑧 noise component. Although it’s not very clear from the 

left graphic of Figure 38 due to the logarithmic scale of the x-axis, some displacement is noticeable 

between the ideal characteristic and the real one at this particular frequency. This is mainly due to the 

small dispersions of the SMD components on the PCBs. Due to the difficulty of achieving such a fine 

tuning in an analog circuit, there are two possible alternatives: either implement a notch with a smaller 

quality factor and, consequently, wider bandwidth around the central frequency, or implement the filter 

digitally, provided certain measures are taken in order to minimize noise, like resorting to shielding and 

twisted pair cabling. The second reason, and probably the main reason why the EEG exhibited such 

poor results, is related to inexperience when first designing the PCBs. It could also be attributed to a 

mistake due to bad soldering but considering that the tests were conducted on a second version of the 

board (an extra board with the same design was provided by the PCB manufacturer) and that the first 

version exhibited the exact same problems, the problem is most likely within the design itself. 

 Regarding the distortion tests, again the EOGh and the EEG exhibited a decay in the 

performance. This seems to corroborate the previous inexperience statement. However, there is another 

relevant aspect at play here. The introduction of the instrumentation amplifier and the bias resistors are 

also a source of SINAD degradation, especially considering the high values involved (10𝐺Ω). As it was 

mentioned in Section 2.2.2, when one manually sets the bias resistors, it’s important to ensure that the 

resistors are closely matched so as not to decrease the CMRR. However, the bias resistors used in this 

work were rated as having a dispersion of ±25%[91] which is exceedingly high. If common-mode signals 

are allowed to creep in large proportion into the circuit then the overall SINAD is sure to decrease. Still, 

even though the EOGh and EEG did not show improvements between implementations, the increase 

from breadboard to PCB should have been larger than the one exhibited by the ECG and the EOGv. 

Possible workarounds could be dropping the notch filter and use a digital filter, or using a high-pass filter 

that isn’t based on a differential design, which can also introduce unwanted signal components if the 

passive components are not properly tuned. 
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 Overall, the filters’ real magnitude transmission was very close to the ideal one. Across all 

channels, the high-pass filter seems to be a slightly skewed but this is only due to the dispersion in the 

values of the capacitor. The only filter that deserves particular attention is the one that concerns the 

EOGv channel. The “knee” right before the magnitude starts rolling off to higher frequencies is a clear 

consequence of the dependency of the quality factor of the Butterworth filter on the gain, as seen in 

Equation 18, 

 Although the results concerning the power supplies were positive, there is still room to improve, 

mainly creating a single board capable of supplying the remainder of the circuit, ideally only using two 

1.5𝑉 cells. The suggested instrumentation amplifier limits this possibility due to its short input linear 

voltage range but changing to one that is rail-to-rail can easily resolve this issue. Also, using a single 

power supply does not alter too much the autonomies presented in the first row of Table 7 due to the 

RPi still being the component that needs more power. Using C batteries seems like the best compromise 

between portability and autonomy, opening the door to the possibility of integrating the entire system in 

the eyewear itself. This fact is even more appealing when one considers the possibility of using 

rechargeable batteries or using the new RPi Model A+. Of course, it would be necessary to group all 

the PCBs into a single one, something that is easily achievable. 

 The acquisition block that obtained the poorer results was the conversion system: ADC, 

multiplexer and RPi. Obtaining such a low ENOB for all frequency combinations when the proposed 

ADC is 16𝑏𝑖𝑡 is not acceptable. However, the problem does not reside in the conversion board but in 

the RPi itself. Despite all the efforts and changes to the firmware, the RPi is not reliable when tasks are 

expected to occur within such short time periods. The problem is not related to the RPi not being able 

to meet these time requirements because it is capable of doing so. The issue is that the system cannot 

meet these requirements consistently. [41] conducted an independent study on a PREMPT_RT-patched 

Linux kernel to verify what sort of latencies can still be expected. Even on a system with a faster 

processor than the RPi, the latency that guaranteed a task to be performed 100% of the time was around 

800𝜇𝑠. By itself, this value is not that bad but considering that the median value for the measured 

latencies was 99𝜇𝑠, it’s obvious that a reasonable fixed value for the latency can’t be expected or, in 

other words, it becomes apparent that the system is not deterministic. This is the reason why the 

acquisition system exhibits such a skewed sampling frequency and a high jitter. A system solely 

dedicated to signal acquisition and digitization needs to be employed instead of the RPi. 

 Concerning the constructed eyewear, there may have been several sources for why the system 

failed. In the case of the EEG, despite the corresponding channel not working properly, it was always a 

hard signal to acquire due to their very small nature and due to hair, which carries some level of static 

electricity. However, the EOGh and the ECG were amenable to be obtained. During the test stage, the 

glasses were firmly secured to the head so that even if the subject moved his head, the glasses would 

move accordingly. Even so, because the glasses are handmade and are still in a very early stage of 

conception, there is a great deal of motion artifacts. Also, for the same reason, minute differences in the 

area of the electrodes or the distance to the skin between signals belonging to the same channel may 

have also been a strong reason as to why the system failed.  
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 The classification results of the EEG and ECG were polar opposites of one another. Every 

classifier exhibited strong performances when dealing with the ECG, both in authentication and 

identification settings. However, despite the high classification rates, the proposed feature set, a 

complete heartbeat, puts some strain on the computer due to the large size of the set, particularly in the 

training stage. It should be noted that although the classifiers were evaluated using ECG from a different 

database, the ECG captured at the neck as seen in Figure 40 shows potential to be used in a biometric 

application. At the other end of the spectrum are the classifiers’ performances for the EEG signal. 

Theoretically, the performances shouldn’t have been so bad. The beta rhythm is usually acquired from 

a subject in the frontal region of the scalp while his mind is active and that was exactly the case in this 

work. There is the possibility the features extracted from the Oz channel may have degraded the 

performance of the remaining channels. Also, the EEG was divided into several five second segments, 

which was a value chosen arbitrarily and may have been too large. Finally, because no EOG signals 

were acquired during the HiMotion project, the acquired EEG may have been contaminated by the eye 

signals. 
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9. Conclusion and Future Suggestions 

 In this work, a system capable of acquiring signals using sensors placed in eyeglasses, and 

capable of performing biometric recognition based on these signals was proposed. At this moment, the 

glasses and the acquisition system are built separately but, in future works, the goal is to design a 

standalone, fully-integrated and fully-functional system. 

 The full system includes bioamplifiers capable of filtering and amplifying the ECG, EEG and 

EOG, a digitization network based on the Raspberry Pi and battery-based power supplies capable of 

fully powering the previous blocks. The signals were then used in a biometric context to evaluate their 

potential as a biometric trait. The classifiers utilized were SVM and two different distance-based k-NN 

algorithms. All the blocks were constructed with some degree of success with the exception of the EEG 

bioamplifier, due to poorly designed PCBs, the electrode system and structure, due to badly-designed 

electrodes and due to the rudimentary nature of the constructed eyeglasses structure, and the EEG 

classifiers, due to inadequate feature extraction.   

 For future work, a thorough study towards verifying the possibilities and limitations of sensors 

based on capacitive coupling, namely in terms of distance between skin and electrode, electrode area 

and interaction with the initial stages of the bioamplifiers is recommended. Also, design of a single board 

that encompasses all the bioamplifiers, ADC, multiplexer and power supply. Lastly, exclusion of the RPi 

from any sort of vital signal acquisition in favor of a dedicated system capable of providing a reliable 

clock source. 
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Appendix A 

 

 

Table 12 – Values for the passive components of the breadboard circuits 

 ECG EEG EOGh EOGv 

R1(kΩ) 43.8 28.75 31.56 32.05 

R2(kΩ) 116.5 342.18 166.32 153.85 

R3(kΩ) 4.94 41.4 24.3 14.58 

R4(kΩ) 8.85 6.9 11.64 8.05 

R5(kΩ) 24.22 5.5 9.41 10.58 

R6(kΩ) 40.2 60 40.2 40.2 

R7(kΩ) 29.62 182 116.72 89.44 

R8(kΩ) 3.67 4.6 6.87 5.81 

R9(kΩ) 24.22 5.5 9.41 10.58 

R10(kΩ) 40.2 60 40.2 40.2 

R11(kΩ) 96.5 96.5 96.5 96.5 

R12(kΩ) 1 1 1 1 

R13(kΩ) 35 35 35 35 

C1(uF) 10 20 20 20 

C2(nF) 493.2 39.2 131.91 219.8 

C3(nF) 470 400 470 680 

C4(nF) 198.6 21.5 66.3 86.53 

C5(nF) 470 250 330 390 

C6(nF) 33 33 33 33 
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Table 13 – Updated values for the EEG low-pass filter passive components 

R3 R4 

(kΩ) 

R5 

(kΩ) 

R6 

(kΩ) 

R7 

(kΩ) 

R8 

(kΩ) 

R9 

(kΩ) 

R1 

(kΩ) 

C1 

(nF) 

C2 

(nF) 

C3 

(nF) 

C4 

(nF) 

48.05 8.05 3.69 40.2 191.13 4.82 3.69 40.2 66.7 680 40.5 470 
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Appendix B 

 

 

 

Figure 48 - ECG bot 

 

 

Figure 49 - ECG top 

 

 

Figure 50 - EEG bot 
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Figure 51 - EEG top 

 

Figure 52 - EOGh bot 

 

 

Figure 53 - EOGh top 

 

 

Figure 54 - EOGv bot 
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Figure 55 - EOGv top 

 

 

Figure 56 - Conversion board bot 

 

 

Figure 57 - Conversion board top 
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Figure 58 - Bioamplifier Power supply bot 

 

 

Figure 59 - Bioamplifier Power supply top 
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Figure 60 - RPi supply board bot 

 

 

Figure 61 - RPi supply board top 


