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ABSTRACT 

A Study on the Novel Headset-type 

Biopotential Recording System 

for Healthcare Applications 

 
Joong Woo Ahn 

Interdisciplinary Program in Bioengineering 
The Graduate School 

Seoul National University 
 

This thesis developed systems that can measure EEG and 

ECG at hairless sites using a common headset-type device that 

most people are accustomed to. Furthermore, clinical studies 

were performed to validate the usability of the developed 

systems in healthcare applications. 

First, a wearable system that allows EEG measurements 

in-the-ear was developed and applied to the BCI. The steady-

state visual evoked potential (SSVEP) is most frequently used in 

EEG-based BCI owing to the short user training time and fast 

information transfer rate (ITR). However, the SSVEP is 

vulnerable to noise because the SSVEP are very small, only 

several μV, and it is inconvenient because SSVEP is measured in 
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the occipital lobe where the visual cortex exists. Therefore, the 

goal of this study was two-fold; first, to develop an in-the-ear 

SSVEP measurement system for improved user comfort with 

excellent noise performance, and second, to develop a small, 

light-weight wearable system for mobile BCI. Thus, circuit, 

printed circuit board (PCB), and case were designed with the 

goals of low noise, low power, and compact size. Furthermore, 

wearability was improved by selecting the optimal electrode 

placement and commercial in-ear electrode was used for an easy 

replacement. The developed system is comfortable to wear 

because it has a small size of 40 x 20 x 10.5 mm and a light 

weight of 14.2 g. Moreover, the system has an excellent noise 

level of 0.11 μVrms. A BCI experiment was conducted with six 

subjects, in which six visual stimuli were identified with the 

developed system. The experimental results showed that the 

highest ITR of 11.03±4.18 bits/min and the accuracy of 

79.9±13.1% were obtained at 7 sec. 

Next, a system that can measure EEG and ECG 

simultaneously was developed and applied for the stress 

assessment. Many people in various fields suffer from stress and 

this is a serious problem in modern society. Physiological 
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responses to stress include EEG and heart rate variability (HRV). 

EEG measures the stress-causing brain activities, and the HRV 

is a reliable biomarker that can indirectly measure the changes 

in the autonomic nervous system due to stress. In this study, a 

single system that can measure EEG and ECG simultaneously 

was designed to extract the features used for stress assessment. 

Moreover, a headset-type with comfortable wearability was 

developed to manage stress in daily life. Therefore, a low-noise, 

low-power, and small circuit was designed, and a PCB was 

developed for optimizing space constraints considering the 

headset assembly. To enable the measurements of EEG of the 

left and right hemispheres, active electrodes were placed at the 

back of both ears and the reference electrode was placed on the 

forehead. In particular, this system can measure the ECG with no 

additional electrodes, using the differential of the two active 

electrodes. The developed system is a headset-type that is worn 

by hanging on both ears and has a light weight of 42.5 g and an 

excellent noise performance of 0.12 μVrms. A clinical study was 

conducted to assess stress in 14 subjects. After the features of 

the EEG and HRV were extracted, they were classified using a 

support vector machine and the performance results were 
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obtained through a five-fold cross validation. The results of the 

classification using the features of both EEG and HRV showed 

the best performance with the accuracy of 87.5%, demonstrating 

the need for the simultaneous measurements of EEG and HRV. 

  

Keywords: electroencephalogram, electrocardiogram, heart rate 

variability, headset-type system, healthcare application, brain-

computer interface, stress assessment 

Student number: 2014-31114 
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1.1. BIOPOTENTIALS FOR HEALTHCARE 

1.1.1. Electroencephalogram (EEG)  

An electroencephalogram (EEG) is defined as the 

recording of electrical activity generated by the brain (1). An 

ionic current is produced during the synaptic excitation of 

neurons within the cerebral cortex, and an EEG can be obtained 

from this flowing current (2). As an expression of the brain’s 

normal and abnormal electrical activities, the EEG is a powerful 

tool in neurology and clinical neurophysiology (2). In general, an 

EEG is noninvasively acquired by attaching multiple surface 

electrodes to the scalp. The locations and names of these 

electrodes are distinguished by the international 10–20 system 

(3). In addition, EEG measurements have recently been reported 

to be acquired from the hairless region behind the ear, inside the 

ear, and face as well (4-7). 

Derivatives of the EEG include spontaneous EEG, which 

have time-variant oscillation amplitudes and frequencies, and 

evoked potentials, which are responses to specific stimulations. 

Spontaneous EEG signals have amplitudes on the order of several 
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to tens of microvolts and are classified as delta (0–3 Hz), theta 

(4–7 Hz), alpha (8–12 Hz), beta (13–30 Hz), and gamma (>30 

Hz) waves (Table 1.1) (8). Spontaneous EEGs are used in the 

diagnoses and management of clinical diseases such as epilepsy 

(9, 10), convulsive and non-convulsive status epilepticus (11), 

encephalitis, barbiturate comas (12), and brain deaths (13). 

Moreover, they can be applied in healthcare application, including 

those of sleep stages (14, 15), stress states (16, 17), and resting 

states (18, 19). An evoked potential is a signal caused by specific 

(visual, auditory, or somatosensory) stimulation over time, and 

its amplitude (a few microvolts or less) is much smaller than that 

of a spontaneous EEG. Evoked potentials are used in the 

research and diagnoses of normal and abnormal cognitive 

processes (20), schizophrenia(21-23), autism (24, 25) and are 

used in brain–computer interface (BCI) applications (26, 27). 
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Table 1.1 EEG waves by frequency bandwidth and their 

interpretation.  

 

 

 

 

 

 

 

 

 

 

Wave 
Frequency 

(Hz) 
Description Explanation 

Delta 
(δ) 

0-4 
Very low 
frequency 

3 and 4 of sleep 
stages, coma, deep 

anesthesia, normal in 
infants 

Theta 
(θ) 

4-8 Low frequency 
Sleep state, normal in 
children, abnormal in 

awake adult 

Alpha 
(α) 

9-12 

Medium 
frequency, 

higher 
amplitude 

Awake but eyes 
closed (meditation) 

Beta 
(β) 

13-30 
High frequency, 
low amplitude 

Awake state 

Gamm
a (γ) 

>30 High frequency 

Play a role in 
perception and 

sensory information 
processing 
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1.1.2. Electrocardiogram (ECG)  

An electrocardiogram (ECG) is the measurement of 

electrical potential over time from the heart muscle due to 

heartbeats (28). The ECG waveform that represents a single 

heartbeat and the term for each wave element are shown in figure 

1.1. 

 

Figure 1.1 A standard ECG waveform and elements (adapted 

from (29)). 

 

Wave elements occur in sequential order according to the 

heartbeat, from atrial depolarization (P wave), to ventricular 

contraction (QRS complex), to atrial repolarization (T wave) (30, 

31). Generally, an ECG is obtained using surface electrodes 

attached to the chest or limbs and has an amplitude of several 

millivolts. A recent study reported ECG acquired from the head 
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area (behind the ear) (32). An ECG from the head has an 

amplitude on the order of tens of microvolts, which is an order of 

magnitude less than a signal measured with conventional 

methods. 

Features gathered from an ECG include morphological 

information, the interval between each wave, heart rate (HR), 

and heart rate variability (HRV). The morphology of an ECG and 

the interval between each wave are used to diagnose heart 

diseases, such as myocardial ischemia (33, 34) and infarction 

(35, 36). While, HR and HRV are used in healthcare applications, 

including the differentiation of sleep stages (37, 38) and stress 

assessment (39, 40). 
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1.2. EEG AND ECG SYSTEM FOR HEALTHCARE 

1.2.1. System Requirements 

First, continuous monitoring of EEG and ECG in daily life 

is essential in some healthcare applications, which differ from 

EEG and ECG use in hospitals for disease diagnosis. Typical 

healthcare applications include Brain-Computer Interface (BCI) 

and stress management. BCI connects an external device with 

the brain of an immobile paralytic patient and enables 

communication; thus frequent, everyday use is necessary (41). 

In addition, because mental stress can trigger cognitive 

dysfunction, cardiovascular diseases, and depression (42, 43) 

(with long-term exposure possibly resulting in death (44)), 

continuous monitoring and management are needed. Next, people 

would perform various activities while measuring EEG and ECG 

in daily life. Therefore. EEG and ECG recording system should 

be comfortable to wear, not interfering daily activities. Finally, 

signal quality of EEG and ECG needs to be maintained in high 

signal-to-noise ratio (SNR) regardless of the measurement 

time and movement. 
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1.2.2. Headset-type System  

Even though, user comfort and continuous measurement 

are essential parts for BCI application and stress management in 

daily life, current systems have many limitations. 

Current clinical and research practices obtain EEG from 

hair-bearing scalp areas according to the 10–20 system. 

However, to take measurements from the hair, a conductive gel 

needs to be applied to the electrodes and significant preparation 

time is required. Moreover, conductive gel is not appropriate for 

prolonged measurement of EEG (because it dries over time) and 

attaching electrodes in the hair is inconvenient for the user (45). 

Therefore, obtaining EEG from hairless regions behind or inside 

the ear is more comfortable for the user and more appropriate 

for long-term monitoring (6, 45). 

Most wearable devices for ECG acquisition are attached 

to the chest; however, users are not accustomed to attaching 

devices to their chests and experience discomfort. As proven 

with headsets and hearing aids, a system that monitors ECG from 

the head area (behind the ear) can provide a natural usage 

method more familiar and comfortable for the users (46).  
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In conclusion, headset-type EEG and ECG systems that 

monitor from hairless regions will increase user convenience and 

make everyday healthcare monitoring a possibility. 
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1.2.3. System Considerations 

The amplitude of EEG and ECG in the head area is on the 

order of tens of microvolts and evoked potentials are an order of 

magnitude smaller. The small amplitudes of the signals make 

them prone to degradation from powerline interference and 

system electrical noise. Therefore, low-noise performance is 

vital to EEG and ECG recording systems. Noise performance is 

an important factor when selecting amplifier integrated circuits 

(IC) and analog-to-digital converter (ADC) ICs. In addition, 

when designing printed circuit board (PCB), the reduction of 

analog signal interferences from digital lines and power planes is 

required (47). Additionally, many elements need to be 

considered when designing analog front-ends (AFE). The 

bandwidth and amplitude of a target signal are primarily taken 

into account when selecting the cut-off frequency and gain of 

the AFE. Although noise performance is improved by increasing 

the gain and amplified signal to the range of the ADC reference 

voltage, the signal may be saturated due to external noise. 

Moreover, high input impedance for reducing distortion of the 

signal resulting from differences in the skin-contact impedances 

among the electrodes and the common-mode rejection ratio 
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(CMRR) for eliminating the common noise by the power source 

are important. 

In addition to low-noise performance, there are other 

factors to considered when creating a headset-type system. IC 

selection and apparatus design for small, low-power, light-

weight system is required. The determination appropriate 

wearing method and electrode placement are also important for 

improving wearablility.  

Lastly, it is necessary to save the raw data for research 

purposes by developing preprocessing algorithms to eliminate 

signal noise and signal processing algorithms for target 

applications. 
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1.3. THESIS OBJECTIVES 

 The objective of this thesis is to develop a headset-type 

system capable of obtaining EEG and ECG from hairless regions 

to enable long-term monitoring and improve device wearability. 

In addition, thesis verifies the applicability of the developed 

systems to healthcare applications such as BCI and stress 

management. 

Thus, the first of two proposed systems monitors EEG 

from inside the ear. Research is aimed at the utilization of an in-

the-ear EEG system to monitor steady-state visual evoked 

potentials (SSVEP) within the ear, identification of blinking 

targets with various frequencies, and demonstration of potential 

BCI applications. The proposed system, which has small and 

light-weight, can be comfortably worn just by inserting the 

electrode in-the-ear. In addition, the system uses common 

electrocochleography in-the-ear electrodes, hence making 

replacement and use convenient. 

The second proposed system is a headset system capable 

of simultaneously monitoring 2-channel EEG and 1-channel 
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ECG. The aim of the research is the improvement of stress 

assessment performance through the simultaneous monitoring of 

EEG features (left and right asymmetric EEG bands) and ECG 

features (HRV). The proposed system enables the additional 

monitoring of ECG without changing the number or placement of 

EEG electrodes and is convenient to wear. 
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2.1. INTRODUCTION 

A brain-computer interface (BCI) connects human brains 

and external devices and allows for communication between them. 

The primary goal of a BCI is to allow paralytic patients (e.g., 

patients suffering from amyotrophic lateral sclerosis, stroke, or 

spinal cord injury), who cannot move their limbs or speak, to 

interact with other people or machines. An EEG-based BCI is 

the most widely used BCI application method due to its 

noninvasiveness, simplicity, and relatively low price (48). 

Numerous EEG signals, such as sensory-motor rhythm (SMR) 

(49), event-related potential (ERP) (50), and steady-state 

evoked potential (SSEP) (51) are used in BCI applications. 

Particularly, SSVEP are the most widely used signals in EEG-

based BCI due to their short user training time and high 

information transfer rate (ITR) (41, 52, 53). 

The SSVEP is the brain’s natural electrophysiological 

response to gazing at a stimulus blinking at a specific frequency, 

and it is widely used in neural engineering and neuroscience (54). 

For example, when a user gazes at a visual stimulus blinking at 

7.2 Hz, the frequency component corresponding to the stimulus 
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and its harmonics can be measured in the user’s EEG (figure 

2.1)(55).  

 

Figure 2.1 Illustration of steady-state evoked potential (SSVEP) 

responses (A) in time-domain with stimulus frequency of 7.2 Hz 

and (B) in frequency domain with multiple harmonics (1f, 2f, 3f) 

(adapted from (55)). 
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Figure 2.2 shows a system diagram to help understand 

the operating process of the SSVEP-based BCI application. The 

SSVEP is measured when a user gazes at one among multiple 

visual stimuli blinking at different frequencies. Then, as 

preprocessing, frequency analysis (feature extraction) is 

performed after removing noise (preprocessing) due to eye 

blinking or surrounding interference from the measured SSVEP. 

Subsequently, the frequency components of the measured 

SSVEP and frequency components of the gazed stimuli are 

compared to identify the target. 

 

Figure 2.2 System diagram of the steady-state visual evoked 

potentials based BCI application. 
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Despite the advantages of the SSVEP for BCIs, there are 

drawbacks preventing the SSVEP from being used in BCI 

applications that need to be frequently used in real life. First, 

commercial EEG devices are used in many SSVEP-based BCI 

studies (48, 56-58). However, these EEG devices are not 

suitable for use in real life because they take a long period of 

time to set, it is difficult to understand how to use them, and they 

are large and expensive (59). Second, attaching electrodes to a 

scalp with hair is inconvenient. The SSVEP is best measured in 

the occipital lobe, where the visual cortex exists (54). However, 

a long preparation time for skin abrasion and the injection of 

conductive gel are required to attach the electrodes into the hair 

(59). Also, it is inconvenient to have electrodes attached to the 

head and signal quality attenuation caused as the conductive gel 

dries render the electrodes unsuitable for long-time use (45, 

59). Particularly, in case of quadriplegic patients who most 

frequently use the BCI, it is difficult to attach the electrode to 

the occipital lobe since they have the back of their heads against 

surfaces (60). 

Recently, there have been studies to overcome these 

shortcomings. First, a commercial EEG device was used in BCI 
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applications without using expensive and large EEG devices (59). 

This study, however, is not suitable for long-term use in daily 

life due to the inconvenience of having to attach electrodes into 

hair and the degradation of signals as the conductive solution 

dries. In addition, electrodes were constructed as a customized 

earplug (4) and a viscoelastic generic earpiece (61) to measure 

the SSVEP inside the ears to resolve the problems caused when 

attaching electrodes to the scalp. However, these electrodes take 

a long time to fabricate and are expensive. Most of all, these 

devices are not suitable for use in daily life since they use large 

and expensive commercial EEG devices to measure the SSVEP. 

This study propose a wearable in-the-ear EEG system 

capable of measuring the SSVEP inside the ears. The system is 

simple to use, convenient to wear, and uses commercially 

available electrodes. In addition, the system for a SSVEP-based 

BCI was evaluated. 
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2.2. SYSTEM DESIGN 

2.2.1. System Overview 

The in-the-ear EEG system was designed to have low 

power consumption, be small in size, and produce less noise. 

Figure 2.3 shows the overall block diagram of the developed 

system. Visual stimuli are generated by PC software. Then, the 

SSVEP is measured inside the ears of a subject gazing at stimuli 

by the EEG system. The SSVEP is transmitted to the PC 

software, which generates the visual stimuli blinking at six 

different frequencies and stores and analyzes the transmitted 

SSVEP. 

The in-the-ear EEG system uses a 140-mAh Li-

polymer battery and generates a digital voltage of 3 V and analog 

voltages of ±1.8 V. The digital voltage supplies power to a 

microcontroller unit (MCU) and a Bluetooth unit. The analog 

voltages supply power to an ADC and an analog front-end (AFE). 

The SSVEP is amplified and filtered through the single channel 

AFE and an ADC channel to convert the SSVEP into a digital 

signal. The converted digital signal is transferred to the MCU via 
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serial peripheral interface (SPI), transferred to the Bluetooth 

unit via universal asynchronous receiver-transmitter (UART), 

and then wirelessly transmitted to the PC software. A 

PBLN51822 Bluetooth low-energy module (Prochild Inc., Korea) 

was used to develop a low-power system. 
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Figure 2.3 Block diagram of the in-the-ear EEG recording system. 
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2.2.2. Circuit Design 

To develop a small, low-noise, low-power system, the 

circuit was designed considering the design of AFE, the ICs 

composing the AFE and the ADC. 

The raw SSVEP measured by the electrodes must be 

amplified and filtered by the AFE due to its very low signal 

amplitude. Therefore, the performance of the designed AFE 

directly affects the SNR of the SSVEP, and there are various 

design considerations. First, the input impedance on the input to 

the AFE connected to the electrodes is a very important factor. 

In the biopotentials measurement, the electrode-skin contact 

impedance varies significantly with frequency due to the 

presence of the capacitance component. If differences in the 

electrode-skin contact impedance between the electrodes exist, 

then the biopotentials can be distorted differently depending on 

the frequency. Therefore, the wider the frequency band of the 

biopotentials, the larger the signal’s distortion. A very large input 

impedance of the AFE can greatly reduce the effect of a 

mismatch of the electrode-skin impedance and compensate for 

the distortion of the biopotentials (62). Second, the performance 
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of the ICs (e.g., instrument amplifiers and operational amplifiers) 

used in the AFE directly affects signals. The noise performance 

of the ICs affects the baseline noise level of the biopotentials, 

and CMRR values affect common-mode noise by power lines or 

sources present in the surrounding environment. Additionally, 

because the size and number of ICs and their power consumption 

are also important elements to consider for a low-power, small 

device, there is a trade-off to consider between IC performance 

and the elements. Lastly, the design of a filter composing the 

AFE is also an important factor. If the order of a filter increases, 

although the filter has steeper roll-off at the cut-off frequency, 

the ripple increases in the pass-band and more ICs are required. 

On the contrary, as the order of the filter decreases, the noises 

outside the frequency band of the target biopotential are 

measured, which lowers the SNR of the biopotential. 

ICs generally used to design the AFE are comprised of 

instrument amplifiers (INA), for differential amplification, and 

operational amplifiers (OP-amp), to design amplifiers and filters. 

CMRRs, input impedance, noise levels, power consumption and 

sizes were compared to select ICs among commercial ICs 

(Tables 2.1-2). The INA826 (Texas Instruments Inc., USA) 
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was selected as the INA. It has the best CMRR (130 dB), noise 

level (0.2 μVp-p), power consumption (0.2 mA), and size (2 × 2 

mm) in comparison to other INAs and has an input impedance of 

10 GΩ. The TSZ122 (STMicroelectronics Inc., USA) was 

selected as the OP-amp. It is the smallest (2 × 2.1 mm) in 

comparison to other OP-amps and has good performance on 

average in offset voltage (5 μV), CMRR (122 dB), noise level 

(0.2 μVp-p), and power consumption (0.04 mA). 
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Table 2.1 Comparison of the commercial instrument amplifier performance. 

 

Part name 
(manufacturer) 

CMRR (dB) 
Input  

Impedance 

Noise level @  

1-10Hz (μVp-p) 
Supply 

current (mA) 
Size 

INA118 
(Texas instruments Inc.,) 

110 10 GΩ 0.28 0.7 6 x 4.9 (29	) 

INA338 
(Texas instruments Inc.,) 

120 10 GΩ 0.8 0.7 3 x 4.9 (14.7	) 

INA331 
(Texas instruments Inc.,) 

90 10 TΩ 7 0.4 3 x 4.9 (14.7	) 

LTC2053 
(Analog Devices Inc.,) 

116 10 GΩ 2.5 0.75 3 x 4.9 (14.7	) 

AD8236 
(Analog Devices Inc.,) 

110 440 GΩ 4 0.04 3 x 4.9 (14.7	) 

INA826 
(Texas instruments Inc.,) 

130 20 GΩ 0.2 0.2 3 x 3 (9	 ) 
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Table 2.2 Comparison of the commercial operational amplifier performance. 

Part name 
(manufacturer) 

Offset 

voltage (μV) 
CMRR 
(dB) 

Noise level @  

1-10Hz (μVp-p) 
Supply 

current (mA) 
Size 

OPA2211 
(Texas instruments Inc.,) 

20 120 0.08 3.6 6 x 4.9 (29) 

OPA192 
(Texas instruments Inc.,) 

5 140 1.3 1 2.8 x 2.9 (7.12 ) 
OPA180 

(Texas instruments Inc.,) 
3 120 0.25 0.45 2.8 x 2.9 (7.12 ) 

LTC6013 
(Analog Devices Inc.,) 

35 135 0.2 0.2 3 x 3 (9 ) 

ADA4051 
(Analog Devices Inc.,) 

15 110 1.96 0.01 2.8 x 2.9 (7.12 ) 
TSZ122 

(STMicronics Inc.,) 
5 122 0.2 0.04 2 x 2.1 (4.2  ) 
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The power consumption, number of chips used, and noise 

level of five types of filters and amplifiers were compared to 

design the optimal AFE (figure 2.4). The numbers of INAs and 

OP-amps required to construct the AFEs and their power 

consumptions are listed in Table 2.3. 

 

 

Figure 2.4 Optimization of noise level and circuit size through 

designing five types of analog front-end (A – E) and designing 

analog front-end by removing filter and amplifier one-by-one. 
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Table 2.3 Comparison of power consumption and the number of 

ICs used in each analog front-end. 

 

Second-order Butterworth filters (roll-off = 12 

dB/octave) using the Sallen-Key topology were used as a high-

pass filter (HPF) and low-pass filter (LPF), considering the 

number of chips used and roll-off of the cutoff frequency. The 

AFE (A) has the most filters and amplifiers, and the numbers of 

filters and amplifiers were reduced one at a time towards (E). 

The test results of the noise performance of the AFEs are listed 

in Table 2.4, and the AFE (B) has the best noise performance 

(0.106 μVrms). 

 

 

Analog 
front-end 

Number of  
instrument 

amp 

Number of  
operational 

amp 

Power  
consumption 

(μA) 

AFE (A) 1 3 374 

AFE (B) 1 2 316 

AFE (C) 1 1 258 

AFE (D) 1 1 258 

AFE (E) 1 0 200 
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Table 2.4 Comparison of noise level for each analog front-end. 

 

Since, SSVEP measured in the ear has an even smaller 

signal amplitude compared to Oz, the noise performance was 

considered priority over the others factors (power consumption 

and number of ICs) to improve the SNR; thus, AFE (B) was 

selected. The AFE for the final system is shown in figure 2.5. 

The cutoff frequencies of the HPF and LPF for the AFE were 

designed to be 1 Hz and 35 Hz, respectively, considering the 

harmonic frequencies of the SSVEP for a given visual stimulation. 

Also, the gain of the INA was set to 495 V/V, and the amplifier 

was designed to be a non-inverting amplifier and set to 10 V/V. 

The ground electrode negatively feeds back the common 

component of the active electrode and reference electrode to 

Analog 
front-end 

Noise level (uVrms) 

Test 1 Test 2 Test 3 Average 

AFE (A) 0.250 0.249 0.248 0.249 

AFE (B) 0.108 0.107 0.104 0.106 

AFE (C) 0.107 0.114 0.110 0.111 

AFE (D) 0.122 0.123 0.125 0.123 

AFE (E) 0.264 0.170 0.119 0.184 
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remove common-mode noise by the power line, and the 

corresponding circuit is embedded in the ADC chip. 

 

 

Figure 2.5 Schematic of the final analog front-end circuit. 

 

The ADS1292 (Texas Instruments Inc., USA) was used 

for the ADC to convert the filtered and amplified SSVEP into a 

digital signal. It has two ADC channels and is a chip manufactured 

to measure biopotential. Only one of the two channels is used, 

and its power consumption is very low (335 μW). Also, the gain 

and sampling rate are programmable, and the ADC has noise 

performance of 0.5 μVrms at a gain of 12V/V and a sampling rate 

of 250 SPS. 
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2.2.3. Printed Circuit Board Design 

Since the SSVEP with low signal amplitude can be 

vulnerable to low noise, precautions must be taken in PCB design. 

Since a current created in a digital part may interfere with an 

analog signal, which increases noise in the SSVEP, the digital and 

analog lines and the power planes were divided to minimize noise 

(47). As shown in figure 2.6(A), AVDD and AVSS, which are 

analog power, and DVDD, which is digital power, were separated, 

and the sections of the analog and digital lines were separated as 

shown in figure 2.6(B). 

The developed printed circuit board (PCB) and 

descriptions of its components are shown in figure 2.7. The PCB 

is double-sided, constructed in four layers, and has dimensions 

of 18.5 × 37 × 1 mm. 
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Figure 2.6 Design of printed circuit board (A) Screenshot of 

separated analog and digital power plane (B) Screenshot of 

separated analog and digital line. 

 

Figure 2.7 Picture of the printed circuit board of the In-the-ear 

EEG recording system and component layout. 
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2.2.4. Design Considerations for Wearable In-the-ear 

Device 

 The placements of the electrodes for insertion into ears 

were selected as shown in figure 2.8. The active electrode is 

placed inside the ears. The reference electrode is placed above 

the mastoid (E1). The ground electrode is placed below the 

mastoid (E2). Wearing convenience of the system was taken into 

consideration for the placements of the electrodes. At these 

placements, the SSVEP is properly measured, and the 

electrooculogram (EOG), one of the largest artifacts when 

measuring SSVEP signals (63), is not measured. 

 

Figure 2.8 Electrode placements for in-the-ear SSVEP 

recording. 
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 A commercial electrode for measuring the 

electrocochleogram (ECochG), electrical potential generated in 

the inner ear and auditory nerve in response to sound stimulation, 

was used for the active electrode to measure the in-ear SSVEP. 

As shown in figure 2.9(A), the in-ear electrode is a gold-tipped 

electrode (8500370, Sanibel Supply, Denmark) enclosed with 

gold foil fixed on a cable clamp (801143, Sanibel Supply, 

Denmark) that can be easily replaced. Commercial snap 

electrodes (Snap Electrode 48" 1.5 mm, Advanced Medical 

Equipment ltd., USA) were used for the ground and reference 

electrodes. 

 

Figure 2.9 Electrode for in-the-ear EEG recording (A) A 

commercial gold-tip electrode wrapped with gold foil and (B) the 

electrode connected to cable clamp. 
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The developed in-the-ear EEG system is shown in 

figure 2.10. The active gold-tipped electrode and the ground and 

reference electrodes comprised of the snap electrodes are 

connected to a small system covered with a case as in figure 

2.10(A). Figure 2.10(B) shows a picture of the in-the-ear EEG 

system being worn by inserting the gold-tip electrode into the 

ear canal and attaching the snap electrodes to E1 and E2 behind 

the ear. 
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Figure 2.10 Proposed wearable in-the-ear EEG system (A) Complete system including gold-tip (active), snap 

electrodes (ground and reference), and casing (B) Subject wearing the EEG system with the gold-tip electrode 

inserted into the ear canal and snap electrodes E1 and E2 attached behind the ear. 
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2.3. SOFTWARE DESIGN 

Figure 2.11 shows a screenshot of the software that can 

generate visual stimuli blinking at different frequencies for the 

BCI application and records signals. The control of stimuli and 

data processing was implemented using MATLAB 2017A 

(MathWorks Inc., USA) and the psychophysics toolbox (64). 

 

Figure 2.11 Screenshot of the user interface (6 channel stimuli). 

 

There were six circular stimuli with numbers one through 

six written on them that blink in black and white (100% contrast). 

The monitor used in experiments is a 34-in LCD monitor (LG 

Electronics Inc., Korea) with a refresh rate of 144 Hz. When this 

monitor is used, the size of the stimuli is 6.2 cm, the horizontal 

gap is 21.7 cm, and the vertical gap is 17.2 cm. 
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The frequencies of the stimuli are affected by the refresh 

rate of the monitor, and the maximum stimulus frequency can be 

set to be 72 Hz, one half of the monitor refresh rate. There are 

several considerations when selecting stimuli. If constant 

multiples of frequencies exist in the stimuli, the measured 

frequency components of the SSVEP, including harmonics, 

overlap to degrade identification performance (65). Also, visual 

stimuli from 8–13 Hz overlap with the EEG alpha band and so can 

be greatly affected by measurement conditions (66). Lastly, 

stimuli blinking at 15–25 Hz can cause epileptic seizures (67). 

The above points were taken into consideration to select stimuli 

from 4 to 7.2 Hz as shown in figure 2.11, and adjacent stimuli 

were prevented from having similar frequencies. The frequency 

of each visual stimulus was verified by a photodiode, and the 

results are shown in figure 2.12. The accuracy of the measured 

frequencies is listed in table 2.5, and the frequency of each visual 

stimulus has accuracy of at least 99%. 
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Figure 2.12 Power spectrum of the six channel stimuli through 

photodiode. 

 

Table 2.5 Frequency accuracy of six visual stimuli. 

 

 

 

 

 S.1 S.2 S.3 S.4 S.5 S.6 

Target  
frequency 

(Hz) 
4 6.26 4.5 7.2 4.97 5.76 

Measured  
frequency 

(Hz) 
4.01 6.26 4.53 7.21 4.99 5.76 

Accuracy 
(%) 

99.75 100 99.33 99.86 99.60 99.90 
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2.4. EXPERIMENTS 

2.4.1. Experimental Setup 

Six healthy subjects (three males and three females, 

mean age: 29.5 years) with normal and corrected-to-normal 

vision participated in the experiments. The present study 

protocol was reviewed and approved by the Institutional Review 

Board (IRB) of the Seoul National University Hospital Biomedical 

Research Institute (IRB. No. H-1709-010-881). 

The subjects underwent the experiments in an office with 

brightness of 200 lux while sitting in comfortable chairs, and a 

distance of 60 cm was maintained between the subjects and 

visual stimuli. The inside of the ears of the subjects was wiped 

with cotton swabs wetted with alcohol before attaching the in-

the-ear EEG system. 
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2.4.2. SNR Comparison between Oz and In-ear SSVEP 

An experiment for comparing the SNRs of the SSVEP on 

the Oz location in the occipital lobe, which best measures the 

SSVEP and is used in many BCI studies, to the SSVEP measured 

in the ear was carried out. The SNR of the SSVEP directly affects 

the performance of the BCI application (68). Therefore, 

applicability to the BCI application can be indirectly verified by 

comparing the SNRs of the SSVEP measured in the ear to the 

SSVEP measured at Oz. For the SNR comparison experiment, the 

subjects were asked to gaze at the 7.2 Hz stimulus among the six 

stimuli for ten seconds to measure the SSVEP. This was carried 

out three times for each subject.  
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2.4.3. BCI Offline Test 

A BCI offline test was carried out to verify usability in 

BCI applications. The BCI offline test consisted of three sessions, 

and for each, the subjects were asked to gaze at the stimuli nine 

times in a randomly designated order. The orders of gazing at 

the stimuli for the sessions are: session 1 (2 à 4 à 3 à 1 à 5 

à 6 à 3 à 2 à 4), session 2 (6 à 1 à 5 à 5 à 6 à 1 à 2 à 

4 à 3), and session 3 (1 à 3 à 5 à 2 à 6 à 4 à 1 à 4 à 5). 

The order of the sessions was different for each subject. The 

subjects had a gaze-shift time of one second after gazing at each 

stimulus for ten seconds. A picture of a subject during the 

experiments while wearing the in-the-ear EEG system is shown 

in figure 2.13. 

 

Figure 2.13 Picture of experimental setup. 
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2.4.4. Data Analysis 

As seen in equation (2.1), the SNR of one-channel 

SSVEP is defined as the ratio of the amplitude of the power 

spectrum of the target frequency, f, and the averages of the 

amplitude of the power spectrum of K surrounding frequencies 

(7).  

SNR	= 	 	×()∑ [(∆)(∆)]/           (2.1) 

F is the amplitude of the power spectrum calculated by a 

2048-point FFT, Δf is the frequency resolution (0.122 Hz), and 

K is 12. 

Canonical correlation analysis (CCA), which is known to 

have a high accuracy, was used for target identification of the 

SSVEP signals measured in the BCI test (69). Generally, CCA 

generates two weight matrices that maximize the correlation 

between two signals. For example, assuming two matrices, X and 

Y, and their linear combinations, x = 	 and y = 	, CCA 

finds the weight vectors,   and  , that maximize the 

correlation between X and Y by solving the following equations 

(2.2–3). 
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 , (, ) = 	 [][]	         (2.2) 

	= 	         (2.3) 

Therefore, the maximum of correlation (ρ) with respect 

to  and  is the maximum canonical correlation. CCA was 

carried out by substituting the measured SSVEP signal for the 

matrix data X and substituting a sinusoidal signal corresponding 

to the stimulus frequency as a reference signal for the matrix 

data Y. Y must have the same length as X, and the signal for Y is 

as in equation (2.4). 

 =  () () () ()  ,  = 1, 2, 3, … , 6          (2.4) 

  is the frequency of the i-th stimulus used in the 

experiments, and reference datasets up to two multiples of the 

stimulus frequencies were prepared to compare up to the second 

harmonic of the SSVEP. As a result of performing CCA with each 

reference signal, six correlations ( −	) were obtained, and the 

highest correlation is identified as the target. 
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The accuracy and ITR (bits/min) most generally used 

were calculated by equation (2.5) to evaluate the performance of 

the BCI (70).  

ITR = log  +  log  + (1 − ) log 	 	×    (2.5) 

P is the classification accuracy, N is the number of stimuli, 

and T is the stimulation time, including the gaze-shifting period 

of 1 s. 
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2.5. RESULTS AND DISCUSSION 

2.5.1. System Specifications 

The proposed in-the-ear EEG system has dimensions of 

40×21×10.5 mm and weighs 14.2 g. Considering the bandwidth 

of the filters, the sampling rate was set to 250 SPS to prevent 

aliasing effect. The input referred dynamic range is ± 40.74 μV, 

and the ADC resolution is 24 bits. A total gain of 59,400 V/V was 

obtained by setting the gain of the ADC chip to 12 V/V, the gain 

of the AFE to 495 V/V, and the gain of AMP to 10 V/V. The noise 

level of the system was measured by shorting all electrodes and 

is approximately 0.106 μVrms. The measured noise test signal is 

shown in figure 2.14.  

 

Figure 2.14 Noise waveform of the in-the-ear EEG system. 
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The power consumption of the active mode, in which data 

are transmitted via Bluetooth, was measured with a current 

meter. Since a current of approximately 5.6 mA flows and a 140-

mAh battery is used, the system can operate for approximately 

25 hours. 

The specifications of the in-the-ear EEG system were 

compared with a commercial EEG system (Neurosync., 

Mindsolution Inc., Scotland), and the results are listed in table 

2.6. Neurosync has the same purpose and method as the device 

developed as the system that measures EEG inside ears for the 

BCI application. In comparison to Neurosync, the system is about 

seven times smaller, three times lighter, and has twenty times 

better noise performance. 
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Table 2.6 Comparison of the specifications between proposed 

in-the-ear EEG system and commercial wearable EEG system 

(Neurosync, Mindsolution Inc., Scotland). 

 

 

 

 

  
Specification Proposed system Neurosync 

Dimension (mm) 40 x 21 x 10.5 63 x 40 x 25 

Weight (g) 14.2 43 

Number of channels 1 1 

Sampling rate (SPS) 250 N/A 

ADC reference (V) ±2.42 N/A 

Gain (V/V) 59,400 N/A 

dynamic range (μV) ±40.74 N/A 

Noise level (μVrms) 0.106 about 2 

Resolution (bit) 24 (LSB = 4.84nV) N/A 

Bandwidth (Hz) 1 – 35 N/A 

Communication Bluetooth 4.1 (BLE) N/A 

Power Li-polymer 140mAh AAA battery 

Power consumption 
(active mode) 

5.6mA (25 Hr.) 7 Hr. 

Battery charge Micro USB B type No 
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2.5.2. SNR Comparison Results 

Figure 2.15 shows the waveform and power spectrum of 

the SSVEP measured by the developed in-the-ear EEG system 

when the subject gazes at the 7.2 Hz visual stimulus for ten 

seconds. The peak-to-peak amplitude of the measured SSVEP 

is approximately 8 μV, which is similar in amplitude to SSVEP 

with fabricated in-ear electrode in previous study(61). 

Examining the power spectrum (Figure 2.15 (B)), one can verify 

that clear peaks for the stimulus frequency are measured, as well 

as its second harmonic. 

 

 

Figure 2.15 SSVEP measured using the proposed in-the-ear 

EEG system (A) SSVEP waveform from a 7.2 Hz stimulus during 

10 s (b) Corresponding power spectrum. 
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Table 2.7 lists the results comparing the SNRs of the 

SSVEP signals at Oz and the SSVEP measured in the ear. Six 

subjects underwent the experiment. Each subject underwent the 

ten-second experiment three times, and the results were 

averaged. The SNRs at Oz and in the ear were 4.94 and 2.85, 

respectively. Figure 2.16 shows the results comparing the power 

spectrum of the SSVEP measured at Oz to that in the ear. Clear 

peaks for the stimulus frequency and its second harmonic can be 

verified on both locations. 

 

Table 2.7 Comparison of the signal-to-noise ratio of SSVEP 

from occipital lobe (Oz) and In-the-ear. 

 

 

Subject SNR (Oz) SNR (In-the-ear) 

S1 4.84 2.64 

S2 5.18 3.15 

S3 4.76 2.93 

S4 4.68 3.1 

S5 5.21 2.69 

S6 4.95 2.57 

Mean 4.94 2.85 
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Figure 2.16 Comparison of the SSVEP power spectrum from the 

occipital area (red) and the ear canal (blue) while gazing at 7.2 

Hz stimulus. 
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2.5.3. BCI Results 

Figure 2.17 shows the results of the BCI experiment for 

all the six subjects. The classification accuracy and ITR was 

evaluated for each second from 1 to 10s of the EEG signal per 

trial. At 7 s, the mean ITR among the subjects reached its highest 

value of 11.03±4.18 bits/min with an accuracy of 79.9±13.1%.  

In this thesis, the performances were lower than those of 

a wearable EEG device on the hair-bearing area (59) (ITR = 

28.06±6.45 bits/min, accuracy = 82.99±4.98 %), because the 

previous research used multiple recording channels and the in-

ear-measured SSVEP has a lower SNR. However, the proposed 

system has more suitable for different BCI applications 

considering its wearability, and the ITR can be further improved 

by using other algorithms, such as the extended CCA (70). 
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Figure 2.17 BCI experiment performance for each subject. Segments from 1 to 10 s of the EEG signal per trial at 

increments of 1 s were considered. (A) Classification accuracy using CCA (B) ITR corresponding to classification 

accuracy. 
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2.6. CONCLUSION 

In this study, a novel in-the-ear EEG system was 

developed according to characteristics for wearable devices such 

as small size, light weight, user comfort, and affordability, 

without compromising performance, especially regarding noise 

mitigation. Compared to a similar commercial in-the-ear EEG 

system (Neurosync), the device is about three times lighter, 

seven times smaller, and its noise performance is twenty times 

better. The proposed system was applied to the BCI. This is a 

pioneer research that verifies the suitability of BCI applications 

based on in-the-ear SSVEP measurements. The experiments 

resulted in a maximum ITR of 11.03±4.18 bits/min with an 

accuracy of 79.9±13.1%. Future directions could include online 

experiments with more stimuli and the replacement of the wet 

electrodes (i.e., ground and reference electrodes) by dry 

electrodes to further improve usability. The proposed system 

with in-ear EEG measurement, which shows high wearability 

and unobtrusiveness, will contribute to the use of SSVEP-based 

BCIs in activities of daily living. 
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CHAPTER 3 

Headset-type EEG and ECG 

System for Stress Assessment 
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3.1. INTRODUCTION 

3.1.1. Stress and Health 

Many people in various fields suffers from stress and this 

has become a serious problem in modern society. Approximately 

half of workers experience work-related stress (71). According 

to a 2016 report by Statistics Korea, more than half of the 

population of Korea over the age of 13 experiences stress in 

their daily lives (72). In particular, over 70% of workers 

experience stress in their work lives (73). 

Stress is closely related to mental health and emotions 

such as anger, anxiety, and depression, and it can directly affect 

physical health (74). Stress can actually lead to illnesses such 

as cognitive dysfunction, cardiovascular diseases, and 

depression (43, 75). If stress becomes chronic, it weakens the 

human immune system and a person may become easily infected 

with various diseases; additionally, the body’s recovery 

processes are delayed (76). In addition, it has been reported that 

chronic stress, anxiety, and depression are related to abnormal 

autonomic nervous system (ANS) functions (77, 78). Hence, 
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stress is a major factor that leads to chronic disorders (79, 80). 

Furthermore, 75% of all heart and neurovascular diseases are 

related to stress (81). Stress affects not only physical health but 

also one’s work performances, passion for work, and general 

attitude in daily life (82). Stress deteriorates one’s 

performance especially at work (83, 84). In the corporate world, 

the increase in work stress level reduces a company’s overall 

performance, thus creating economic losses (85, 86). The 

problems caused by stress also create economic burdens to 

society (87). As such, it is clear that stress increases societal 

and economic losses and reduces the national competitive (88). 

Therefore, prevention-oriented measurements for properly 

managing stress are not only necessary for individual health but, 

in general, are necessary for the welfare of the society. 
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3.1.2. Physiological Responses of Stress 

Stress creates a variety of physiological responses in the 

body, and the biosignals that occur consequently can be 

measured through noninvasive methods to analyze and assess 

stress.  

The human nervous system is very complex and is 

divided into two parts: central and peripheral. The peripheral 

nervous system, which includes the autonomic nervous system 

(ANS) is related to negative physiological states such as stress, 

anxiety, and depression. The ANS is related to functions that 

cannot be controlled consciously such as heart beat, movement 

of the digestive duct, and secretion of digestive fluid. It is divided 

into the sympathetic nervous system (SNS) and parasympathetic 

nervous system (PNS). If either the SNS or PNS are activated, 

the other undergoes an antagonistic control that suppresses it. 

The two systems are related to stress and relaxation reactions, 

respectively. Therefore, if a person experiences stress, the ANS 

is affected; consequently, the SNS is activated and the PNS is 

suppressed (89, 90). HRV is the variation in the time interval 

between heartbeats, and it is known to be a reliable noninvasive 
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biomarker through which the ANS can be indirectly observed 

(91). In particular, HRV is often used to assess ANS activities 

related to mental stress (92). Many studies have assessed stress 

using features obtained from the time-domain and frequency-

domain analysis of HRV (39, 93-97). Time-domain features 

include the mean of the R-R interval (mRR), standard deviation 

of the R-R interval (SDRR), and root-mean-square difference 

of successive R-R intervals (RMSSD). Frequency-domain 

features include low-frequency power (LF), high-frequency 

power (HF), and the ratio of LF to HF (LF/HF).  

Because stress occurs in the brain, EEGs that measure 

brain activity are important tools in detecting and assessing 

mental stress (74, 98). The core element in neurophysiological 

research on the human emotion is related to hemispheric 

specialization (99, 100). The left hemisphere is more involved in 

processing positive emotions, and the right hemisphere is more 

involved in processing negative emotions. Further, the prefrontal 

cortex performs a particularly important role in emotional 

processing (101). Therefore, most studies that use EEG to 

assess stress measure the EEG at the prefrontal cortex and use 

the EEG’s band power or the asymmetry in the left and right 
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band power (74, 102-106). Specifically, they use the alpha and 

beta band powers, and the asymmetry of the EEG’s left and 

right delta, theta, alpha, and beta band powers. 
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3.1.3. Objectives 

HRV reflects the effects of the ANS, and EEG is a cause 

of stress, therefore, to create a model that assesses stress more 

precisely, it is necessary to measure both the EEG and HRV 

simultaneously (107). Recent studies have shown that neuro-

stimulation can alleviate stress and its symptoms (108). 

Transcranial electrical stimulation (tES) is a type of non-

invasive neuro-stimulation that delivers current to a region of 

the brain with a specific frequency, duty cycle, and amplitude, 

and it has been shown to be effective in stress relief (109, 110). 

Since tES is performed after determining the user's condition 

through physiological signal monitoring, user’s stress level 

must be monitored in real time before stimulation (110). In 

addition, since stress can occur during various activities, it 

should be managed continuously in daily life. Therefore, it is 

essential to develop a comfortable real-time stress monitoring 

system. 

This study propose a headset-type system that can 

measure the EEG and ECG simultaneously. The proposed system 

can measure the EEG and ECG at the left and right hemispheres 
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behind the ear, and it is light and easy to wear. Further, the 

system was verified through stress experiments. Stress features 

were extracted from the EEG and HRV using the measured EEG 

and ECG. The stress classification results were compared from 

using each of the features and using all of the features. The 

Stroop color word test (111, 112) and a mental arithmetic test 

(113), which have been widely used in many studies, had been 

selected for the stressor. 
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3.2. SYSTEM DESIGN 

3.2.1. System Overview 

The headset-type EEG and ECG system was designed 

such that the left and right EEG and the ECG could be measured 

in a single platform for the stress assessments. Further, we 

emphasized on the low power consumption and the convenience 

of wearing the device, such that long-term measurements can 

be performed. The system’s overall block diagram is shown in 

figure 3.1. The power management circuit, MCU, and Bluetooth 

are the same as the in-the-ear EEG system from chapter 2. A 

three-channel AFE was designed to measure the two-channel 

EEG and one-channel ECG, and a four-channel ADC was used. 

In addition, the power consumption was higher than the in-the-

ear EEG system (which used a 140-mAh Li-polymer battery); 

therefore, a 170-mAh Li-polymer battery was used. 
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Figure 3.1 Block diagram of the headset-type EEG and ECG 

recording system. 
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3.2.2. Circuit Design 

The amplitude of the ECG and EEG measured in the head 

are very small, at tens of μV; therefore, a low-noise circuit 

design is necessary. Furthermore, a small-sized circuit design 

is required for the device to be used in daily life. As such, the 

circuit was designed by considering the AFE’s IC selection and 

design, and the AC's selection. 

To design the AFE, an INA826 (INA) and TSZ122 (op-

amp) were used, as in chapter 2’s in-the-ear EEG system. To 

perform two-channel EEG and one-channel ECG measurements, 

a three-channel AFE design is required, which increases the 

system’s power consumption. Therefore, unlike the in-the-ear 

EEG system, the number of ICs used, power consumption, and 

noise performance are equally important considerations. AFE (C) 

was ultimately selected from the five types of AFEs in figure 2.5. 

At 0.11 μVrms, AFE (C) has a slightly higher noise level than 

AFE (B) (0.106 μVrms), but it uses one fewer op-amp, and its 

power consumption is 58 μA less. As such, it can reduce the 

number of op-amps by three and the power consumption by 174 

μA. The final AFE design is shown in figure 3.2. For the high-
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pass filter and low-pass filter, a second-order Butterworth filter 

(roll-off=12 dB/octave), which uses the Sallen–Key topology 

was designed, and the filter’s cutoff frequency was set at 0.5–35 

Hz to measure each of the EEG’s bands (delta, theta, alpha, and 

beta). The INA gain was set at 495 V/V. 

 

Figure 3.2 Electrode connections and schematic of the analog 

front-end for simultaneous recording of EEG and ECG. 

 

Filtering was performed through the AFE, and an 

ADS1294 (Texas Instruments Inc., USA) was used as the ADC 

for converting the amplified analog signal to a digital signal. The 

device has four ADC channels and an IC built for measuring the 
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biopotential. Of these, three channels were used, and the power 

consumption was 2.25 mA. Further, the gain and sampling rate 

can be set, and it has a 0.4 μVrms noise performance at a gain of 

12 V/V, and a sampling rate of 250 SPS. 
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3.2.3. Printed Circuit Board Design 

 To construct a PCB that is optimized for a headset-type 

system, the PCB shown in figure 3.3 was designed. A PCB that 

is rigid at both ends and in the middle was constructed to optimize 

the space usage, and the parts were arranged on top and bottom 

of it. Further, the portions between the rigid PCB were fabricated 

using flexible PCB such that it could be placed in a bendable 

headset (figure 3.3 (A)). The rigid PCBs have six layers and the 

flexible PCBs have four layers. The descriptions of the 

components on the rigid PCB’s top side and bottom side are 

shown in figure 3.3 (B) and figure 3.3 (C), respectively. The 

PCB’s total size is 35x18x1 mm; the size of the rigid PCB on both 

ends is 37x18x1 mm; the size of the rigid PCB in the middle is 

30x16x1 mm. 
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Figure 3.3 Picture of the printed circuit board of the headset-type EEG and ECG recording system. (A) View of all 

PCBs, in which the three rigid PCBs at both ends and in the middle are connected with the flexible PCBs. (B) Enlarged 

view of the top side of the PCBs and their component layouts (C) Enlarged view of the bottom side of the PCBs and 

their component layouts. 
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The amplitudes of the EEG and ECG are very small; 

therefore, the PCB was designed to minimize the interference 

caused by the digital current. As shown in figure 3.4, the PCB 

was designed such that the digital and analog power planes, parts, 

and lines do not overlap. The analog power is AVDD (+1.8V) and 

AVSS (-1.8V), and the digital power is DVDD (+3V). 

 

 

Figure 3.4 Design of printed circuit board (PCB) (A) Screenshot 

of separated analog and digital power plane (B) Screenshot of 

separated analog and digital section (parts and lines). 
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3.2.4. Design Considerations for Stress Assessment 

When selecting the positioning of the electrodes, the 

follows were considered: the EEG and HRV must be measured 

simultaneously to accurately assess stress, and the electrodes 

must be included in the headset-type system to improve the 

system’s ease of wear. The EEG features used to assess stress 

were the left and right hemispheres’ respective band powers and 

band power asymmetry. Therefore, the active electrodes were 

placed at the bottom of the mastoids on both sides such that the 

EEGs of the left and right hemispheres could be measured, as 

shown in figure 3.5. The reference electrode was placed on the 

forehead, and the ground electrode was placed on the left mastoid. 

As shown in figure 3.5, if the active 1 electrode and the active 2 

electrode are connected to the INA’s differential input, the ECG 

can be obtained. Therefore, not only can the HRV be extracted 

from the measured ECG, no additional electrodes are required 

for the ECG measurement. 
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Figure 3.5 Placements and differential inputs of electrode for recording two EEG signals and one ECG signal 

(Active1 – Active2 = ECG, Active1-Reference = Right EEG, Active2-Reference = Left EEG). 
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Figure 3.6 shows the system developed by considering 

the electrode placement. The system is a headset-type system 

that loops the forehead and worn on both ears. Medical-use 

hydrogel electrodes (100 foam electrodes, Ludlow Technical 

Products Inc., Canada) are attached to the body to measure the 

EEG and ECG. To connect them, snap electrode buckles (medical 

hardware fittings 4.0 ECG electrode buckle brass snap, Aicolle 

Inc., China) were used in the system. Further, a power switch, 

charging terminal, and status indicator LED were placed on the 

right side of the system. Figure 3.7 shows the system being worn 

after the electrodes were attached, and it can be viewed at 

various angles. 
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Figure 3.6 Proposed headset-type EEG and ECG system. 
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Figure 3.7 Pictures of the subject wearing the headset-type EEG and ECG system. (A) Front view (B) Side view (C) 

Left behind the ear D) Right behind the ear. 
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3.3. SOFTWARE DESIGN 

Figure 3.8 is a screenshot of the user interface developed 

to display and record the two-channel EEG and one-channel 

ECG, which was implemented in the PC software using Labview 

2013 (National Instruments Inc., USA). The user can set the 

communication configurations and signal amplification in the 

software’s left-side screen, and users can choose whether to 

save the signal and set the save directory in the top screen. The 

measured signals are displayed in real time in the order of ECG, 

right EEG, and left EEG. 

 

Figure 3.8 Screenshot of the PC software for the signal recording 

and display. 



78 

 

3.4. EXPERIMENTS 

3.4.1. EEG and ECG Recording 

Seven healthy young male subjects (mean age: 27.8 

years) participated in the experiments after they signed the 

informed consent forms. The subjects performed the tests by 

sitting on a comfortable chair in a typical office. Skin abrasion 

was not performed before attaching the electrodes. 

Experiments were performed to verify that the EEG and 

ECG were measured well by the developed headset-type system. 

In addition, HRV extracted from the ECG signal measured at the 

head was verified. In case of the EEG, a significantly large alpha 

can be measured and verified when most people close their eyes, 

and this has been used in many studies. The alpha wave was 

measured in both the left and right side of hemispheres, and this 

is an especially important indicator for stress assessments. The 

subjects participating in the experiments performed the tests for 

a total of 80 sec and repeatedly opened and closed their eyes 

every 20 sec. ECGs were measured at the head and both arms 

simultaneously, which is a standard measurement method, and 
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the ECGs were compared. The ECG measured on both arms was 

a lead I, which showed the potential of the heart’s left and right 

sides; because a complete QRS waveform could be observed, it 

was sufficient for extracting the HRV (114). After the HRVs, 

which were used as stress features, were extracted using the 

ECG measured from the standard position and the head, their 

accuracies were compared. The subjects participating in the 

experiments performed the tests until 30 R-peaks were 

measured. 
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3.4.2. Stress Test 

Fourteen healthy young male subjects participated in the 

stress test. The stress test was also reviewed and approved by 

the IRB of the Seoul National University Hospital Biomedical 

Research Institute (IRB. No. H-1709-010-881). The recruited 

subjects had not experienced any disease or surgery that could 

affect their HRVs. Further, subjects who were sleepy, 

excessively stressed, or had consumed alcohol or medication 

before the tests were excluded. 

The Stroop color word test and a mental arithmetic test 

were used as the methods for inducing stress. The Stroop color 

word test is a reliable and valid method for inducing medium 

levels of stress. In it, the names of colors are shown in colors 

that are different from the names, and the subject must state the 

colors that the names are shown in (figure 3.9(B)). For example, 

if the color name “Orange” is written in green, the subject must 

answer with “green.” During the Stroop test, if the subjects feel 

confused about answering with the words’ colors and continual 

demands are made, their mental effectiveness drops and stress 

is induced. As shown in figure 3.9(A), 56 test stimuli were used, 
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and they were displayed to the subjects randomly. Further, each 

stimulus was administered for approximately 1 s. After the 

numbers on the screen have counted down, the test automatically 

moved to the next stimulus. This created slightly more 

psychological pressure on the subjects.  

 

Figure 3.9 Stroop color-word test (A) presentation of entire 

colored words and (B) an example of displayed words (left) and 

answers (right). 

 

The mental arithmetic test is a standard moderate 

intensity stressor used in physiology to detect changes in the 

ANS function. The subjects are shown numbers with three or 

four digits on the screen, and the digits in each place are added 

together repeatedly until arriving at a one-digit number. Finally, 

the subject uses a keyboard to enter whether the final result is 

an even number or an odd number (figure 3.10). To create more 
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stress in the subjects, 5 s were counted down for each stimulus 

before moving on to the next stimulus, and the screen displays 

whether the subject’s input was right or wrong for each stimulus. 

 

Figure 3.10 Illustration of mental arithmetic test. 

 

All participants performed the tests in an office of regular 

temperature (23–25 °C), 350-lux brightness, and minimized 

visual or auditory stimuli that can affect stress. Additionally, the 

tests were not performed within 1 h after meal. The entire test 

protocol is shown in figure 3.11. First, the equipment was 

attached to the participant, and the participant sat in a 

comfortable chair and waited for 10 min. This was a stabilizing 

period for checking that the subject's EEG and ECG were output 

properly, as well as stabilizing the stress that might occur from 
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first by attaching the equipment followed by the posture of sitting 

on the chair. Subsequently, the EEG and ECG recording began, 

and the tests were performed in the order of Stroop test (stress 

1) – rest (rest 1) – mental arithmetic test (stress 2) – rest (rest 

2). Each test stage was performed within 6 min for the short-

term HRV analysis, as recommended by the task force (115). 

This enabled the change assessment of the sympathovagal 

balance, which appears directly after the beginning and the end 

of the stress stimuli.  

 

Figure 3.11 Stress test protocol. 

 

The stress protocol was modified by referencing the 

existing studies on the stress assessment (39). Figure 3.12 

shows a participant performing the tests. 
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Figure 3.12 Picture of experimental setup for the stress test. 
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3.4.3. Data Analysis 

Features were extracted for the stress assessment using 

the measured EEG of the left and right hemispheres and ECG. 

The signal processing to extract each feature was performed 

using MATLAB 2017A (Mathworks Inc., USA), as shown in 

figure 3.13. In the obtained ECG raw data, the signal was divided 

according to each section (S1, R1, S2, R2), and the Pan and 

Tomkins algorithm (116) was used to obtain the R-peaks and 

the HRV. Time-domain features were extracted via the obtained 

HRV, and a fast Fourier transform (FFT) was performed to 

calculate the power spectrum to extract the frequency-domain 

features. The calculated power spectrum was separated into low 

frequency (0.04–0.15 Hz) and high frequency (0.15–0.4 Hz); the 

power of each was calculated, and the frequency features were 

extracted. After separating the obtained EEG raw data by section 

(S1, R1, S2, R2), band-pass filtering (1–35) was performed. The 

EOG is one of the largest artifacts when the EEG signal is 

measured, and it was removed before signal processing. EEG that 

exceeded the 100μ threshold were assumed to be EOG and 

signals 0.2 s before and 1 s after such signals were removed. 

FFT was used on the EEG with removed EOG to calculate the 
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power spectrum, and features were extracted after obtaining the 

power of each band (delta, theta, alpha, beta). The features 

calculated in all frequency domains were normalized by dividing 

them by the power of all frequency bands for each patient to 

preserve the variation between patients. 

 

 

Figure 3.13 Data processing flowchart for extracting features (A) 

HRV features (B) EEG features. 
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Table 3.1 shows the name, description, and equation of 

each feature extracted from the EEG and HRV for the stress 

assessment. The features extracted from the HRV include the 

mean of R-R interval (mRR), standard deviation of R-R interval 

(SDRR), root-mean-square difference of successive R-R 

interval (RMSSD), normalized the low-frequency power of HRV 

(nLF-HRV), normalized high-frequency power of HRV (nHF-

HRV), and ratio between nLF-HRV and nHF-HRV (LF/HF). The 

features extracted from the EEG include the left and right 

normalized alpha band power (nLAP, nRAP), left and right 

normalized beta band power (nLBP, nRBP), and each band’s 

(delta, theta, alpha, beta) power asymmetry (DPA, TPA, APA, 

BPA). 
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Table 3.1 Description of EEG and HRV features for stress assessment. 

Features Description Unit Equation 

nLAP Normalized left hemisphere alpha band power %    		 	 		 		 	  × 	100 
nRAP Normalized right hemisphere alpha band power % 
nLBP Normalized left hemisphere beta band power %    		 	 		 		 	  × 	100 
nRBP Normalized right hemisphere beta band power % 
DPA Delta band power asymmetry % 	 	  − 	 	 	 	  + 	 	  TPA  Theta band power asymmetry - 
APA Alpha band power asymmetry - 
BPA Beta band power asymmetry - 

mRR Mean of R-R interval ms 
∑ ()  

SDRR Standard deviation of R-R interval ms ∑ ( −)  − 1  

RMSSD 
Root mean square difference of successive R-R 

interval 
ms ∑ ( − )  − 1  

nLF-HRV Normalized low frequency power of HRV % 
   		 	 	.	 	.	 	  × 	100 

nHF-HRV Normalized high frequency power of HRV % 
   		 	 	.	 	.	 	  × 	100 

LF/HF The ratio between nLF-HRV and nHF-HRV -  
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To confirm the statistical significance of the features 

extracted from each section (S1, R1, S2, R2), an analysis of 

variance (ANOVA) was performed. ANOVA is a statistical 

technique that compares the differences between the means of 

groups, and it is useful when comparing three or more groups. 

ANOVA was performed via SPSS 21.0 (IBM, Inc., USA). The 

model that classifies stress was developed using the extracted 

features and a support vector machine (SVM). An SVM is a 

machine-learning algorithm that is primarily used in 

classification and regression analysis. When given a collection of 

data items that belong in one of two categories, an SVM creates 

a non-probabilistic binary linear classification model that 

determines the category that the new data will belong in based 

on the given data collection. In the created classification model, 

the data are expressed as boundaries in a virtual space, and an 

SVM is an algorithm that obtains the boundaries with the largest 

width. An SVM can be used for linear classification as well as 

nonlinear classification. Further, many stress assessment 

studies have created stress models via the SVM (16, 117, 118). 
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3.5. RESULTS AND DISCUSSION 

3.5.1. System Specifications 

The completed headset-type EEG and ECG system 

weighs 42.5 g and its overall size is 158x142x90 mm . The 

filter’s bandwidth was set as 0.5–35 Hz to measure each band 

(delta, theta, alpha, beta) of the EEG and to measure the ECG’s 

R-peak. Considering the filter’s bandwidth, the sampling rate 

was set at 250 SPS to avoid the aliasing effect. The developed 

system’s ADC gain is 12 V/V, and its AFE gain is 495 V/V for a 

total gain of 5,940 V/V. Its input-referred dynamic range is 

±407.4 μV, and it has 24-bit ADC resolution. The system’s noise 

level was measured by shorting all electrodes (active 1, active 2, 

reference, ground), and it has a noise level of under 0.12 μVrms 

on three channels. The signal used to measure the noise level is 

shown in figure 3.14. The power consumption of the active mode 

that transmits data via Bluetooth is 9.6 mA; therefore, 

approximately 18 h of continuous use is possible using a 170-

mAh Li-polymer battery. 
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Figure 3.14 Noise waveform of the headset-type EEG and ECG 

system. (A) Left EEG channel (B) Right EEG channel (C) ECG 

channel 

 

Table 3.2 shows a comparison between the headset-type 

EEG and the ECG system’s specifications and those of 

commercial wearable EEG systems (Insight, EMOTIV Inc., USA 

and MUSE EEG, Interaxon Inc., Canada). Both systems are 

headset-type systems and measure EEGs on five channels. This 

study’s system is 30% lighter than the two systems, and it can 

be used for two to four times longer. Further, its noise 

performance is tens of times better. 
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Table 3.2 Comparison of the specifications among proposed headset-type EEG and ECG system, Insight (EMOTIV 
Inc., USA) and MUSE EEG (Interaxon Inc., Canada). 

 

   
Specification Proposed system Insight MUSE EEG 

Sensor 2ch. EEG & 1ch. ECG 5ch. EEG 4-5ch. EEG 

Weight (g) 42.5 63 60 

Sampling rate (SPS) 250 128 256 

Dynamic range (μV) ±407.4 ±4,170 ±2,000 

Noise level (μVrms) 0.12 1 2 

Resolution (bit) 24 (LSB = 48.4nV) 14 (LSB = 0.51 μV) 12 

Bandwidth (Hz) 0.5 – 35 0.5 - 43 N/A 

Communication Bluetooth 4.1 (BLE) Bluetooth 4.0 (BLE) Bluetooth 4.0 (BLE) 

Power Li-polymer 170 mAh Semi-dry polymer Li-polymer 

Power consumption 9.6 mA (18 Hr) 4 Hr. 10 Hr. 

Battery charge Micro USB B type Micro USB B type Micro USB B type 
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3.5.2. EEG Alpha Wave 

Figure 3.15 (A) shows the raw waveform of the left and 

right EEG measured for 80 sec in one subject. Every 20 sec, the 

participant opened and closed his eyes, and the EEG amplitude 

shows an increase in the section where the eyes were closed. 

Alpha waves occurred dominantly when most people closed their 

eyes and meditated, therefore the power spectrum was analyzed 

to confirm that the increased EEG amplitude was alpha waves. 

Figure 3.15 (B) shows the power spectrum results; as shown, 

the alpha wave frequency component of 8–13 Hz clearly 

increased when the eyes were closed. The EEGs of seven 

participants were analyzed, and the alpha waves increased 

dominantly when the participants’ eyes were closed. Therefore, 

the constructed headset-type EEG and ECG system can 

measure two-channel EEGs. 
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Figure 3.15 Alpha wave test (A) EEG waveform of the eyes-open and eyes-closed sessions (B) Power spectrum of 

the eyes-open and eyes-closed sessions. 
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3.5.3. ECG Comparison Results 

ECGs were measured simultaneously in the head and both 

arms, which is the standard measurement method, and the results 

were compared. Figure 3.16 (A) shows the raw waveforms of 

the two measured ECGs. The top waveform is the ECG measured 

in the head, and it has an amplitude of approximately 25 μV. The 

bottom waveform is the ECG lead I measured in both arms, and 

it has an amplitude of approximately 0.5 mV. Therefore, to 

compare the morphology of the two ECGs, the ECG measured in 

the head was amplified 20 times and overlaid as in figure 3.16 

(B). The two ECG waveforms appear similar. In particular, the 

waveforms almost match in terms of the R-peak timing, from 

which the HRV is extracted and used in the stress assessment. 

R-peaks of each ECG were detected using the Pan and Tompkins 

algorithm to accurately compare the HRVs. The R-peaks that 

were detected are displayed over the ECG waveforms and 

compared, as shown in figure 3.16 (C); the HRVs (R-R intervals) 

calculated from the R-peaks are compared in figure 3.16 (D). 
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Figure 3.16 Comparison of the head ECG and the standard ECG 

(A) Raw waveform of  the head ECG and standard ECG (B) 

Overlap of the head ECG (amplified 20 times) and the standard 

ECG (C) R-peak detection of the head ECG and the standard 

ECG (D) Comparison of the R-R interval from the head ECG and 

standard ECG.
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Thirty R-peaks were measured for the seven 

participants, and the accuracy of the calculated HRVs was 

compared. Table 3.3 shows the accuracy of the HRV calculated 

from the ECG measured in the head, using the HRV calculated 

from the ECG lead I measured in both arms as the standard. All 

seven participants showed an accuracy of over 99.5%; therefore, 

it was concluded that the HRV extracted from the ECG measured 

by the headset-type EEG and ECG system is sufficiently 

accurate. 

 

Table 3.3 Evaluation of the R-R interval accuracy from the head 
ECG with reference to the standard ECG. 
 

 

 

Subject 
R-R interval accuracy (%) 

#1 #2 #3 ~ #28 #29 #30 Mean 

S1 99.4 100 100 

~ 

99.4 100 100 99.58 

S2 100 99.6 100 99.5 100 100 99.87 

S3 100 100 100 99.6 99.5 99.5 99.73 

S4 100 100 99.4 99.4 100 100 99.69 

S5 99.5 99.5 100 99.1 100 100 99.52 

S6 100 100 100 99.4 99.4 100 99.72 

S7 100 100 99.5 100 100 100 99.78 
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3.5.4. Stress Assessment 

Table 3.4 shows the means and distributions of the EEG 

and HRV features of each section (S1, R1, S2, R2) as well as the 

results of an analysis of the statistically significant differences 

using ANOVA. Fig. 3.17 shows the means and standard 

deviations of the features as a bar graph. The APA was 

significantly smaller at S1 than at R1 and R2 (p<0.001, p=0.005 

respectively), and it was also smaller at S2 than at R1 and R2 

(p<0.001, p=0.002 respectively). This means that the right alpha 

power was reduced more than the left alpha power in a stress 

situation, which is consistent with the physiological assumptions 

(i.e., more activation occurred in the right hemisphere, which 

shows negative emotions). The LF/HF increased significantly, 

more at S1 than at R1 and R2 (p=0.045, p=0.02 respectively), 

and it also increased significantly more at S2 than at R1 and R2 

(p=0.001, p<0.001 respectively). Further, even though a 

significant difference was not shown, the LF showed an 

increasing trend in the stress test, and the HF showed a 

decreasing trend. These results are in agreement with most 

previous studies (39, 75, 84, 95, 119) that showed that in stress 

situations, the HF decreases while the LF and LF/HF increase. 
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Except for the APA and LF/HF, none of the features had 

significant differences between the stress (S1, S2) situations 

and the rest (S2, S3) situations. Fig. 3.18 is a box plot of the 

APA and LF/HF showing the significant differences. 
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Table 3.4 Effect of stroop test and mental arithmetic test on the EEG and HRV features. 

Data are expressed as a mean ± standard deviation. 
a = significant differences between stress test and rest1 (R1 versus S1 and R1 versus S2) (p < 0.05). 
b = significant difference between stress test and rest2 (R2 versus S1 and R2 versus S2) (p < 0.05). 

Features Stroop test (S1) Rest (R1) Arithmetic test (S2) Rest (R2) 

EEG features 

nLAP (%) 15.29 (± 4.19) 12.22 (± 3.64) 14.14 (± 3.53) 13.21 (± 3.22) 

nRAP (%) 14.11 (± 3.63) 11.85 (± 3.60) 12.88 (± 3.00) 12.47 (± 3.16) 

nLBP (%) 27.37 (± 9.11) 21.62 (± 9.09) 22.61 (± 7.63) 20.42 (± 8.53) 

nRBP (%) 25.60 (± 9.83) 20.88 (± 8.42) 21.43 (± 7.71) 19.50 (± 9.47) 

DPA 2.32 (± 4.52) 0.65 (± 2.01) 1.78 (± 4.63) 1.16 (± 2.88) 

TPA -0.81 (± 3.84) 0.76 (± 3.47) -1.80 (± 2.85) 0.59 (± 2.55) 

APA -5.87 (± 2.33)	, -2.05 (± 1.51) -6.16 (± 2.14)	, -3.11 (± 1.90) 

BPA -5.95 (± 6.76) -2.07 (± 4.37) -4.66 (± 5.40) -3.44 (± 4.31) 
HRV features 

mRR (ms) 733.16 (± 109.41) 719.31 (± 116.85) 712.37 (± 97.87) 735.24 (± 100.15) 
SDRR (ms) 74.74 (± 58.37) 77.48 (± 38.97) 68.93 (± 49.41) 75.20 (± 47.89) 

RMSSD (ms) 66.36 (± 54.69) 72.48 (± 36.27) 63.94 (± 47.09) 69.77 (± 43.25) 
LF (%) 10.89 (± 3.35) 10.03 (± 2.88) 10.38 (± 2.25) 9.59 (± 1.92) 
HF(%) 11.63 (± 4.59) 13.71 (± 6.51) 10.20 (± 3.29) 13.72 (± 6.16) 

LF/HF 97.15 (± 14.26)	, 79.04 (± 16.68) 105.93 (± 18.34)	, 76.95 (± 18.72) 
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Figure 3.17 Mean values (standard error of mean, SEM) of fourteen features. (S1 = stroop test, R1 = rest1, S2 = 

mental arithmetic test, R2 = rest2). 
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Figure 3.18 Box blots of features with significant differences 

between stresses and rests. (A) Alpha power asymmetry (B) 

HRV LF/HF. Where the boxes represent the 25th and 75th 

percentiles, the line within the boxes represent the mean, and 

the lines outside the boxes represent the most extreme data 

points not considered outliers. Plus symbol indicate outliers. 

 

A linear SVM was selected to develop a stress classifier 

model. Three models were developed: a model that uses only 

EEG features (EEG model), a model that uses only HRV features 

(HRV model), and a model that uses all features (EEG+HRV 

model). The features used in the models were selected in the 

order of the difference between stress and rest. In the EEG 

model, four features were used: APA, nLAP, nRAP, and BPA. 

The HRV model used LF/HF, HF, LF, and mRR. The EEG+HRV 
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model used nLAP, APA, HF, and LF/HF. The SVM classifier 

results were found via a five-fold cross validation, and the 

sensitivity, specificity, accuracy, and AUC were calculated to 

compare each model (Table 3.5). The EEG+HRV model had the 

best performance compare to the EEG model and HRV model 

(sensitivity: 90%, specificity: 85%, accuracy: 87.5%, AUC: 

0.9564). It also showed higher performance when compared with 

previous stress classification studies. (The study (120) using 

EEG features had an accuracy of 79.2 % and the other study (121) 

using features of HRV and electrodermal activity had an accuracy 

of 81 %). Therefore, simultaneous measurement of EEG and 

HRV is essential for accurate stress assessment. 

 

Table 3.5 Five-fold cross-validation results by SVM classifier 

using EEG features (EEG model), HRV features (HRV model), 

and EEG and HRV features (EEG+HRV model). 

AUC: area under ROC curve 
. 

Model 
Sensitivity 

(%) 
Specificity 

(%) 
Accuracy 

(%) 
AUC 

EEG 84.6 72.0 77.9 0.8354 

HRV 76.9 73.2 75.0 0.8164 

EEG+HRV 90.0 85.0 87.5 0.9563 
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Figure 3.19 shows the averaged ROC curve of the five-

fold cross validation for the SVM classifiers of the EEG, HRV, 

and EEG+HRV models. 

 
 
Figure 3.19 The average ROC curves of five-fold cross-

validation for SVM classifier using EEG, HRV, and EEG and HRV 

features. Blue line represents the EEG model (feature: nLAP, 

nRAP, APA, BPA); green line represents the HRV model (feature: 

mRR, LF, HF, LF/HF); red line represents the EEG and HRV 

model (feature: nLAP, APA, HF, LF/HF) 
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3.6. CONCLUSION 

This thesis is a pioneer study for the development of a 

headset-type system that can measure two-channel EEG and 

one-channel ECG simultaneously. The developed system is not 

only small and lightweight, it is comfortable to wear and has 

excellent noise performance. Compared to other commercial 

wearable EEG systems with similar shape, the device is 30% 

lighter, can be used two to four times longer, and its noise 

performance is tens of times better and above all, ECG can also 

be measured. Next, the developed system was used to measure 

the EEG and ECG to verify the system. The left and right 

hemisphere EEG was verified by alpha wave tests, and the ECG 

measured in the head was verified through a comparison with an 

ECG lead I measured at the standard placement. The alpha waves 

in all participants became significantly larger when they closed 

their eyes, and the HRV extracted from the ECG had an over 

99.5% accuracy in reference to the lead I measured at the 

standard placement. Finally, the EEG and HRV features for stress 

assessments were extracted and a classification model was 

developed. The model that uses both EEG and HRV features 
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exhibited the best performance, thereby proving that measuring 

EEG and HRV simultaneously improves the accuracy of stress 

assessments. For future directions, stress tests could be 

performed on more participants and the wet electrodes should be 

replaced with dry electrodes to improve the convenience of 

wearing the device. The developed headset-type EEG and ECG 

system will contribute toward the sustained management of 

stress in daily life, which is important in modern society 
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CHAPTER 4 

Thesis Summary and  

Future Direction 
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4.1. THESIS SUMMARY AND CONTRIBUTIONS 

The electroencephalogram (EEG), which measures the 

electric activities of the brain, and the electrocardiogram (ECG), 

which measures the potentials in the cardiac muscle, are used 

not only for the diagnosis of diseases but also in various 

healthcare applications. Typical healthcare applications include 

the brain–computer interface (BCI), which enables paralyzed 

patients to communicate with machines, and mental health 

management. For these applications, it is essential to use them 

continuously in daily life. Therefore, systems that allow high-

quality and long-term measurements of EEG and ECG are 

required. This thesis developed systems that can measure EEG 

and ECG at hairless sites using a common headset-type device 

that most people are accustomed to. Furthermore, clinical studies 

were performed to validate the usability of the developed 

systems in healthcare applications. 

First, an in-the-ear EEG system with excellent noise 

performance and improved wear comfort was developed. The 

proposed system is small and light, and can be worn only through 

an electrode inserted into the ear. Furthermore, it uses 

commercial in-ear electrodes, which can be easily replaced if 



109 

 

they are contaminated. The developed system was validated 

through a clinical trial with in-the-ear SSVEP. An analysis of 

the SSVEP’s power spectrum confirmed distinct peaks of 

fundamental and second harmonic frequencies of visual 

stimulations. In addition, the applicability of the SSVEP measured 

in the ear to the SSVEP-based BCI was verified by comparing it 

with the SSVEP measured in the occipital lobe (Oz), where the 

visual cortex exists. BCI experiments to identify six stimuli were 

conducted and the applicability of the in-the-ear EEG system to 

the SSVEP-based BCI was investigated through the 

performance of the experimental results (ITR, accuracy). 

Second, a new headset-type system that can measure 

two-channel EEG and one-channel ECG simultaneously was 

developed. The developed system is worn by hanging on both 

ears and wrapping around the forehead, and it demonstrates 

excellent noise performance. To measure the EEGs of the left 

and right hemispheres, active electrodes were placed at the back 

of both ears, and the reference electrode was placed on the 

forehead. In particular, the ECG can be measured by the 

differential of both active electrodes with no additional 

electrodes. The EEG was verified by measuring the alpha waves 
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activated when the eyes are closed, and the ECG was verified by 

comparing with the standard ECG lead Ⅰ on both wrists. A 

clinical study was conducted to assess the stress and features of 

the EEG, and HRVs reflecting physiological responses to stress 

were extracted through the measurements of the left and right 

EEGs and ECGs, respectively. Linear SVM was selected to build 

three classification models, where each of them uses either EEG 

features or HRV features or both. The classification performance 

results were obtained through a five-fold cross validation. The 

classification result using the features of both the EEG and HRV 

showed the best performance, which demonstrated the need for 

the simultaneous measurement of EEG and ECG. 

EEG and ECG are used in various healthcare applications 

and have many promising research results. However, the 

existing EEG and ECG systems could not be used widely in 

healthcare applications that require continuous monitoring in 

daily life because they have limitations such as discomfort and 

low signal quality. The in-the-ear EEG system and headset-

type EEG and ECG system developed in this thesis not only have 

high wearability and excellent performance, but their 

applicability was proven sufficiently through the healthcare 
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application such as BCI and stress assessment. Therefore, this 

thesis will contribute significantly to healthcare applications 

using EEG and ECG in daily life. 
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4.2. FUTURE DIRECTION 

 The developed in-the-ear EEG system, headset-type 

EEG and ECG systems need to improve the wearability by 

replacing the commercial wet electrodes with dry.  

The BCI offline test using the in-the-ear EEG system 

has low performance (ITR, accuracy) because the SNR of the 

in-ear SSVEP is low. Thus, the BCI performance should be 

improved using the improved CCA algorithm that has been 

recently investigated. Furthermore, online tests must be 

conducted and the usability of the BCI for paralyzed patients 

must be verified ultimately. 

The stress assessment test using the headset-type EEG 

and ECG systems must obtain data from more subjects to create 

a final classification model. Furthermore, signals for situations 

that can cause stress in daily life must be obtained and analyzed 

as well, rather than from the Stroop test and the mental 

arithmetic test used as stressors. Finally, a final model that can 

evaluate stress will be created and a study for relieving stress 

will be performed. After adding a circuit for the tES, which is 
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known to be effective in stress relief, a clinical trial will be 

conducted to verify it. 
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Abstract in Korean 

국문 초록  

 본 연구에서는 대부분의 사람들에게 익숙한 헤드셋 형태의 

장치로 머리카락이 없는 부위에서 뇌파와 심전도를 측정할 수 있는 

시스템을 개발 하였다. 또한 개발된 시스템을 사용하여 건강관리 

어플리케이션에 사용 가능함을 검증하기 위한 임상 연구들을 

수행하였다. 

먼저, 귀 속에서 뇌파를 측정할 수 있는 웨어러블 시스템을 

개발하고 뇌-컴퓨터 인터페이스에 응용하고자 하였다. 정상상태 

시각유발전위는 짧은 훈련시간과 빠른 정보전달 속도로 인해 뇌파 

기반 뇌-컴퓨터 인터페이스에 가장 많이 활용된다. 하지만 

정상상태 시각유발전위는 신호의 크기가 수 μV 로 매우 작아 

잡음에 취약하고 일반적으로 시각 피질이 존재하는 후두엽에서 

측정하여 불편하다. 따라서 본 연구에서는 편안한 측정을 위해 귀 

속에서 정상상태 시각유발전위를 측정할 수 있고 잡음 성능이 

우수한 시스템을 개발하고자 하였다. 또한 일상생활에서 뇌-컴퓨터 

인터페이스를 활용할 수 있도록 작고 가벼운 웨어러블 시스템으로 

개발하고자 하였다. 따라서 저잡음, 저전력, 소형을 목표로 회로와 

인쇄 회로 기판, 케이스를 설계하였다. 또한 최적의 전극 위치를 

선정하여 착용 편의성을 향상시켰으며 상용 귀속 전극을 사용하여 
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쉽게 교체가 가능하도록 하였다. 개발된 시스템은 40 x 20 x 10.5 mm의 작은 크기와 14.2 g 의 가벼운 무게를 가져 착용이 편리하다. 

더 나아가 시스템은 0.11 μVrms 의 우수한 노이즈 레벨을 갖는다. 

6 명의 피험자를 대상으로 개발된 시스템을 사용하여 6 개의 

시각자극을 식별하는 뇌-컴퓨터 인터페이스 실험을 진행하였다. 

실험 결과는 7 초에서 11.03±4.18 bits/min 의 가장 높은 정보 

전달 속도와 79.9±13.1%의 정확도를 보였다. 

둘째로, 뇌파와 심전도를 동시에 측정할 수 있는 시스템을 

개발하고 스트레스 평가에 응용하고자 하였다. 많은 사람들이 

다양한 분야에서 스트레스를 받고 있으며 이는 현대 사회의 큰 

문제이다. 스트레스의 반응으로 인해 나타나는 생리학적 신호는 

뇌파와 심박 변이도가 있다. 뇌파는 스트레스의 근원인 뇌의 활동을 

측정하는 것이고 심박 변이도는 스트레스에 따른 자율신경계의 

변화를 간접적으로 측정할 수 있는 믿을 만한 생체지표이다. 본 

연구에서는 스트레스 평가에 사용되는 특징들을 추출하기 위해 

좌우 반구의 뇌파와 심전도를 동시에 측정할 수 있는 단일 

시스템을 설계하고자 하였다. 또한 일상생활에서 스트레스를 관리할 

수 있도록 착용 편의성이 높은 헤드셋 형태의 시스템을 개발하고자 

하였다. 따라서 저잡음, 저전력, 소형 회로의 설계뿐 아니라 

헤드셋에 조립되는 것을 고려하고 공간을 최적화한 인쇄 회로 

기판을 설계하였다. 좌우 반구의 뇌파를 측정할 수 있도록 양쪽 귀 



126 

 

뒤에 활성 전극을 위치시키고 이마에 기준전극을 위치시켰다. 특히 

양쪽 활성 전극을 차동하여 추가적인 전극 없이 심전도를 측정할 

수 있었다. 개발된 시스템은 양쪽 귀에 걸어 착용하는 헤드셋 

형태로 42.5 g 의 가벼운 무게와 0.12 μVrms 의 우수한 노이즈 

레벨을 갖는다. 총 14 명의 피험자를 대상으로 스트레스를 평가하기 

위한 임상연구가 수행되었다. 뇌파와 심박 변이도에 대한 특징들을 

추출한 후 서포트 벡터 머신을 사용하여 분류하였으며 5-겹 

교차검증을 통해 성능의 결과를 냈다. 그 결과 뇌파와 심박 

변이도의 특징들을 같이 사용한 분류 결과가 87.5 %의 정확도로 

가장 좋은 성능을 보였으며 이를 통해 뇌파와 심박 변이도를 

동시에 측정하는 것이 필요함을 검증하였다. 

 

핵심어 : 뇌파, 심전도, 심박 변이도, 헤드셋 형 시스템, 

건강관리 어플리케이션, 뇌-컴퓨터 인터페이스, 스트레스 

평가 

학  번 : 2014-31114 
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