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Abstract 

 
Drowsiness Detection Based on 

Unconstrained Measurement of Biosignals 

 

Seunghyeok Hong 

Interdisciplinary Program in Bioengineering 

The Graduate School 

Seoul National University 

 

In daily life, drowsiness during driving can lead to accidents caused by 

perception loss or by the inability to react immediately to emergencies. To prevent 

drowsiness, investigation on awareness state and drowsiness detection has been 

researched using various technologies such as behavioral observation, steering 

information, and biosignals. In addition, physiological signals such as the opening 

and closing of eyelids, brain waves, and heart-related signals are used for accurate 

drowsiness analysis. However, it is difficult to employ traditional methods to 

measure these signals as they require fixation procedures attaching sticky materials 

or bands which result in obtrusiveness or discomfort to the user. In order to improve 

accessibility to measure physiological signals for crisis prevention, drowsiness 

estimation techniques using two different form-factors are proposed in this paper: an 



 
ii 

 

intelligent system that employs biosignal measurements and machine learning that 

can recognize drowsiness. The biosignals include ear canal electroencephalogram 

(EEG), conventional photoplethysmogram (PPG) and electrocardiogram (ECG), and 

the heart-related signals measured by a biosignal chair without causing discomfort. 

Considering the difficulty in continuous measurements, with limited data 

accumulation being less than 120 s for machine learning, the ear canal EEG yielded 

the highest reliability compared to heart-related signals. The reliability of drowsiness 

detection through heart-related signals using the biosignal chair without direct-skin 

contact was less than those of conventional heart-related signals that required 

fixation procedures. The results demonstrated that machine learning could be utilized 

to compensate the less quantity of stable information and individual differences. 

Therefore, the proposed ergonomic approaches for drowsiness detection with 

usability and convenience could be utilized to prevent the danger caused by 

drowsiness. It is expected that the system will increase the opportunity of acquiring 

physiological information during drowsiness. 

 

 

Keywords: Biosignal, Ear canal EEG, PPG, ECG, BCG; Physiological Signal, 

Comfort; Ergonomics, Somnolence, Drowsiness, Fatigue, Sleepiness Detection, Machine 

Learning 

Student Number: 2014-30266 
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Chapter 1. Introduction 

 

1.1. Backgrounds 

1.1.1. Sleepiness 

Drowsiness is defined as the state wherein one feels abnormally sleepy. The 

etymology of the word “drowsy” is ‘drūsian’ and ‘dreosan’ from Old English (in 

1520s) which means ‘sink’ and ‘to become slow’. As is implied, drowsiness results 

in slowness or cessation of body functions.  

In routine life, there exist several mandatory tasks that require constant 

concentration and vigilance. For various mental and physical activities, drowsiness 

will often result in negative outcomes as it affects the state of the body, which cannot 

be always determined before or during the activities. For example, irreversible 

moments that require appropriate reactions may be missed (e.g., exiting/entering a 

mode of transportation or obtaining important information) can cause loss of time or 

credibility. The inability to control one’s body in a drowsy state can lead to risky 

behavior that can be fatal. In situations where someone is close to machines, the 

drowsy person can be at risk. In particular, global reports indicate that drowsy driving 

can lead to unintended damage, injury, and death as a side effect of the auto industry 

chasing industrial profits without considering safety [1]. Drowsy driving is a leading 

factor in deaths or serious injuries caused by vehicle accidents. Unfortunately, many 

people tolerate drowsiness and continually drive although they are aware of the 

decreased concentration status [2]; researchers have attributed this behaviour to the 

drop in the person’s ability to judge the severity and risk caused by drowsiness [3]. 
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Then, the compulsory power desensitized people to examine such circumstances and 

pushed them into a hazy state. Drivers cannot easily escape a dreamy state before the 

occurrence of an accident. 

The desire for sleep can originate from causes including ingestions, symptoms of 

health disorder, and the circadian rhythm, which is a natural process to regulate the 

sleep-wake cycle. In general, sleepiness is generally related to the fundamental 

requirement of curing or resting the body. 

 

1.1.2. Electroencephalogram 

Electroencephalogram (EEG) is an electrophysiological signal created by the 

electrical activity in the brain, and it is measured by a sensor usually placed on the 

scalp. EEG has been researched for its application in supplementing a drowsiness 

detection system (DDS) and for understanding drowsiness. The accumulated 

knowledge from the researchers’ efforts of analyzing EEG and sleep stages offer 

basic insights for features of EEG required to measure the drowsy states [4]–[6]. 

Brain wave patterns are categorized as delta (< 4 Hz), theta (4–7.99 Hz), alpha (8–

12.99 Hz), beta (13–30 Hz), and gamma (>30Hz). Certain frequency bands (e.g., 

alpha) of the EEG and specific waveforms (e.g., spindles) have been used as manual 

decision criteria for identifying sleep stages by sleep professionals [7]. Several 

drowsiness studies have also applied power spectral density to inspect the frequency 

bands of brain wave patterns [8]–[10]. The time domain, time-frequency domain, 

complexity, and nonlinear features are additionally being used for interpretations in 

sleepiness studies [11]–[14]. The quantity of EEG information is fixed for feature 

extractions in almost all drowsiness detection studies; however, it is difficult to find 
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a common protocol for EEG data lengths as it is diverse for each research approach 

[15]. 

 

1.1.3. Heart-related Signals 

Physiological signals related to heartbeat cycles are measured using ECG, 

photoplethysmogram (PPG), and ballistocardiogram (BCG). For blood transmission, 

cardiac cycles are measured using the electrical signals from the sinoatrial node. The 

ECG is the electrical potential difference between at least two electrodes which have 

cardiac cycle information. The PPG is a graph of blood volume changes obtained by 

light. A pair of light emitting diodes and light sensors in a device perceives the light 

attenuation changes caused by blood circulation. The blood ejection from the heart 

to the aorta can yield physical changes that are represented as pressure by the 

electromechanical sensors. The blood volume changes of the PPG can yield the heart 

rate via an optical method because the peak-to-peak intervals of PPG have a 

correlation with the R-peak intervals of the ECG. 

 

 

1.2. Previous DDS studies 

Driver status monitoring (DSM) systems have been developed to reduce traffic 

accidents. One of the main components of these systems is their ability to detect 

irresistible drowsy states using various records [1], [4]. The information for 

drowsiness detection includes behavioral data on abnormal steering and exterior 

views of drivers using video cameras. In particular, the visual metrics of drowsiness 

have been established, including the percentage of the time that one’s eyes are at 
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least 80% closed (PERCLOS) over a specific time interval and the features of body 

posture changes, such as head-nodding frequency and the occurrence of a fixed gaze 

[16]. However, image analysis problems such as insufficient light conditions, 

obstructive items worn by drivers (e.g., glasses and masks), and the overlap of body 

parts, remain to be solved.  

Given these limitations, behavioral signals may not include sufficient information 

to confirm the driver’s intentions and resistance to drowsiness. Therefore, detecting 

additional information related to the nervous system can complement physical 

movement data. Therefore, DDS among the DSM have also been researched using 

various sensors. From the perspective of neuronal and cardiovascular system control, 

variations in the heart rate can provide information regarding the activation and 

relaxation of the autonomous nervous system. Many clinical researchers have 

studied data obtained while monitoring the heart and blood circulation as metrics of 

vitality. For supplementing DDS and understanding drowsiness, the EEG on the 

scalp has been researched. Because sleepiness is closely related to demands for 

resting from the brain, the EEG could act as a good indicator of driver fatigue. The 

EEG-based drowsiness detection system (EDDS) using various features reliably 

predicted the drowsiness in previous works [14], [15]. 

Compared with attention to EEG, heart-related signals were mostly used with 

other physiological features such as electrooculogram (EOG), electromyogram 

(EMG), EEG, or electrodermal activity (EDA) also known as skin conductance and 

galvanic skin response (GSR) in the literature [10], [17]. In these studies, the 

fundamental analysis of ECG was heart rate variability (HRV) using the interval 

between the serial peaks of heart beats. The HRV features in the time and frequency 
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domains were established as standards to analyze the body status in physiological 

studies. In addition, nonlinear features could offer additional information in the ECG 

waveform itself. Referring to a sleepiness study that used biological features 

including ECG (four HRV and two nonlinear features) [18] and our previous 

comparison study [14], random forest (RF) represented its robustness to the numbers 

of voting trees and feature conditions among machine learning methods.  

 

 

1.3. Ergonomic System of Physiological Signal Acquisition 

Despite their importance, regular biosignal data such as EEG, ECG, PPG, and 

BCG signals, are rarely been recorded during people's daily lives because long-term 

biosignal measurements have fixed procedures that require the cooperation of 

motivated users. 

The major obstacle to using electroencephalogram (EEG) information in daily life 

is the discomfort of on-scalp measurements. To enhance the applicability of EEG to 

the real world, the ear-EEG [19] was adopted for the recognition of drowsiness. This 

apparatus was chosen because ear-EEG is an innovative methodology that considers 

the willingness of the user to wear the device, given that humans are used to carrying 

useful and ergonomic tools (e.g., earplugs and earphones) in the ear. In addition, the 

biological signals can compensate for the loss of information in practical cases, such 

as when the camera view is blocked from monitoring behavioral and physical clues 

to determine drowsiness.  

Fixed-on-environment systems (e.g., chairs and beds) and wearable sensors have 

been developed to minimize the requirement for cooperation to measure heart-
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related-signals. Measurements using sensors installed in furniture have an important 

advantage: They do not require users to wear sensors. Among furniture items, a chair 

system can be utilized not only at home but at work or in vehicles (e.g., cars and 

airplanes). Beyond health monitoring, conditions such as drowsiness while driving 

a vehicle could also be detected by chair systems [20] to help prevent accidents. The 

continuity of gathered physiological information is one of the major motivations for 

chair system development. In addition, the capacity to measure multiple 

physiological signals at multiple sites is another advantage of fixed-on-environment 

systems compared to wearable sensors, which have weight and space limitations. 

The ability to use more sensors increases the probability of recording reliable signals 

given the various situations that occur during the measurements. Further, various 

modalities can provide extended information owing to the relationships between 

different signals.  

More realistic vehicle trials for monitoring systems have utilized ECG and PPG 

to monitor heartbeats. ECG and PPG are used because their compact integrated 

sensors have the ability to detect heartbeats through natural contact points between 

a DDS system and a human (e.g., on the hands and back) within vehicles. Several 

major automobile manufacturers, including BMW, Toyota, Nissan, and Ford, have 

created concepts or have reported implementing biosensors for DDS systems based 

on mechanical and electronic technologies [1]. Advances in sensing technology have 

reduced the requirement for maintaining stable and direct contact between a sensor 

and the skin; hence, implementing such monitoring systems is becoming more 

practical, with increased opportunities for obtaining measurements during driving 

situations. The measurements of heart signals represent the most realistic approach 
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for improving DDS systems. 

Previous chair-based studies have suggested using combinations of the following 

physiological signals: capacitively coupled electrocardiogram (cECG) [21], clothes-

transmittable PPG (cPPG) [22], and BCG [23]. Experiments have demonstrated the 

usefulness of chair systems in estimating heart rate (HR) and blood pressure. The 

main advantage in simultaneously measuring PPG and BCG with ECG is that 

multiple signals increase the opportunity for measuring uncorrupted data by 

selecting the optimal channel among the multiple modalities for HR estimations. In 

addition, the derivation of the pulse arrival time or pulse transit time has become a 

promising method for estimating blood pressure because it frees users from the 

inconvenience of cuff-based measurement methods. 

In previous studies of unconstrained chair-based measurements, cECG signals 

were collected using electroconductive sensors on the back of the seat even after 

conduction through external interface materials, including clothes [24]. After 

measuring the electrical signal for cardiac muscle contractions for the left ventricle 

of a heart, the force in reaction to blood pumped from the heart into the vessels is 

measured using physical sensors (e.g., polyvinylidene fluoride (PVDF) [25], 

electromechanical film (EMFi) [26] sensors, load cells [27], and accelerometers [28]) 

in BCG applications involving furniture while resting. Concurrently, blood changes 

can be measured by unobtrusive cPPG [22] by light transmission through clothes, 

tissues, and vessels, at various body parts (thigh and back) that contact a chair. 
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1.4. Objectives 

The purpose of this study is to develop convenient DDS to enhance the 

accessibility of acquiring the physiological signals in daily life. The unconstrained 

sensing methods can offer the comfort to monitor signals, avoiding risky behaviors 

in vehicle driving tasks with the following ergonomic design.  

First, a user-friendly EEG electrode with ear-bud in the ear canal was used, which 

was suitable to increase user acceptance as it eliminates the need for device 

preparation procedures and helps avoid a messy hair appearance. Second, a biosignal 

chair was used for the heart-related signal measurements. The physiological signals 

could be acquired using the chair without attaching or binding sensors. 

The user-friendly ear-EEG and heart-related sensors were utilized for the practical 

prevention of drowsy states during automobile driving. To accommodate multiple 

types of information about the nervous system, various intelligent classifiers were 

applied because advanced models have demonstrated the relationship between 

biological features and drowsiness [10], [29], [30]. In addition, for a broader outlook 

on transitional drowsiness, the duration of data acquisition for physiological analyses 

was observed. The quantity of biological information was fixed for the feature 

extractions in almost all drowsiness detection studies. It was difficult to find a 

common protocol of the heart-related data lengths because of the different research 

perspectives in each study [15]. However, as we experience in daily life, the degree 

of drowsiness changes with respect to time, based on the variations in the physical 

and mental conditions. The variety of data lengths which decides the quantity of the 

prior information for training can affect the feature characteristics of signals on the 

prediction performance of participants’ drowsiness. The variations in the data length 
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can offer diverse insight considering the changeable character of the drowsiness. 

Therefore, sleepiness was predicted using physiological signals and machine 

learning through the cooperation of time, frequency, complexity, and entropy 

features affected by data length variations.  

This dissertation consists of the following chapters. And each chapter is based on 

the publication cited. Thus, the contents of these publications were reproduced as a 

part of this dissertation. 

⚫ Chapter 2 includes descriptions of the experimental materials and methods for 

acquisition of ear canal EEG, PPG, and ECG in a virtual driving environment. 

The physiological feature extraction and supervised machine learning processes 

were presented to classify drowsy states. 

⚫ Chapter 3 consists of descriptions about materials used for the biosignal 

measurement chair and the findings from experiments using a signal quality 

index for the sleepiness estimation with heart-related signals. The signal quality 

index was analyzed with two experiments, one involving various body motions 

and the other involving powered wheelchair movements. 

⚫ Chapter 4 provides discussions on the results and DDS implementations for 

practical use. 

⚫ Chapter 5 summarizes the conclusions of the preceding chapters. 
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Chapter 2. Ear canal EEG for DDS 

2.1. Methods 

2.1.1. Experimental setup 

2.1.1.1. Participants 

Sixteen healthy right-handed participants ranging from 25 to 32 years of age (12 

males and 4 females) participated in the driving simulation experiment. None of the 

participants had psychological or neurological disorders. All participants agreed to 

control the intake of chemicals affecting sleepiness. Participants were asked to 

refrain from drinking caffeinated drinks (for 5 hours) and alcohol (for 24 hours) 

before the experiment. Furthermore, the experiment began 40–70 minutes after 

meals for all participants to avoid suppression of drowsiness by hunger. As an effort 

to measure the physiological signal under ordinary conditions, volunteers were 

recruited with no regard for the time since waking, circadian rhythm changes, or 

physiological activity. Most participants answered that they had not performed 

difficult physical activities (e.g., labor or exercise) the day before the experiment.  

The Institutional Review Board of the Seoul National University Hospital 

approved the research (IRB No. C-1509-074-704). All participants gave informed 

consent prior to engaging in the study. Before the drowsiness experiments were 

conducted, the participants drove for 5 minutes to become acquainted with the 

simulator and the task.  

  

2.1.1.2. Task and records during virtual driving  

The participants were assigned to separate and quiet spaces to virtually drive a car 
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at a fixed speed (i.e., 95 km/h) on a straight highway in the absence of other cars or 

pedestrians for 55–70 minutes. The monotony of driving was utilized to induce 

drowsiness during the driving simulation (Carnetsoft B.V., The Netherlands). The 

software displayed a three-dimensional (3-D) in-vehicle view of the driver on three 

24-inch monitors (Figure 2-1a). 

The participants controlled a G27 steering wheel (Logitech, Swiss Confederation) 

for the task of maintaining the vehicle within the lane. The scenario of the simulation 

software included forced lateral movements of the car (5 km/h to the left or right) at 

random intervals (5–19 s) to observe the behavior of the drivers. A LifeCam HD-

5000 video camera (Microsoft, USA) in front of the driver captured the steering 

movement and the upper body as a reference for determining the state of the 

participant offline.  

 

2.1.2. Noninvasive measurement of signals 

An MP150 data acquisition system (BIOPAC Systems Inc., USA) was utilized to 

measure the physiological signals of the ear canal EEG, PPG, and ECG at a common 

sampling rate of 1 kHz. Three analog inputs from the MP150 recorded the steering 

motion from the 3-axis accelerometer fixed on the uppermost position of the steering 

wheel. The acceleration was used to synchronize the data from the BIOPAC system, 

driving simulator and video camera.  

Conventional electrodes are not satisfactory for use in the ear canal because their 

form factor is designed for flat surfaces. Hence, the ear canal electrode was 

developed for the EEG measurements with the idea of using commercial silicone 

earbud covers to fill the ear canal.  Since the developed electrode had the proper 
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shape for attaching to the silicone cover, the elasticity of the silicone earbud cover 

was exploited to push the 3D-printed ear canal EEG electrode against the wall of the 

right ear canal of the driver (Figure 2-1b). The electrode was designed using 3D 

computer-aided design software (SolidWorks, USA). A 3D printer (Perfactory, 

EnvisonTEC, Germany) was used to produce the electrode (92.5% silver and 7.5% 

copper) (Figure 2-1c). The ear canal electrode, which resembled a mouth, held the 

silicone earbud cover inside the furrow with its two teeth.  

An EEG module (EEG100C, BIOPAC Systems) compatible with the MP150 

filtered and amplified the EEG from the ear canal electrode to obtain a signal with a 

bandwidth of 0.5–50 Hz. For the reference and ground electrodes of the ear canal 

EEG, clip-type electrodes (CAPEAR, BIOPAC Systems) were used with 

electroconductive gel. The reference electrode was placed on the right earlobe to 

minimize the size of the wearable EEG system. The ground electrode for the in-ear 

EEG was located on the other earlobe. 

The participants wore a wireless PPG transmitter (BN-PPGED-T, BIOPAC 

Systems) on the left wrist and a PPG sensor strap on the first fingertip of the left 

hand. Therefore, to avoid motion artifacts from the sensors, the drivers used only the 

right hand for steering. Additionally, the ECG was measured using three Ag/AgCl 

electrodes (Lead II) and a wireless ECG transmitter (BN-RSPEC-T, BIOPAC 

Systems) on the chest.   
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Figure 2‑1. Experimental equipment.  

(a) Driving simulator and recorders  (b) Test participant wearing the ear canal EEG 

electrode  (c) 3D design of the ear canal EEG electrode [14]. 
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Simultaneously, standard 16-channel EEGs were recorded using a g.USBamp 

device (g.tec Medical Engineering, Austria) with a 24-bit quantization level at a 

sampling rate of 512 Hz. The Ag/AgCl electrodes on the scalp EEG were positioned 

at Fp1, Fp2, Fz, F3, F4, Cz, C3, C4, T7, T8, FT9, FT10, Pz, P7, P8, and Oz 

(international 10–20 system). A clip-type reference electrode was placed on the right 

earlobe, and the ground electrode was positioned at Fpz. The preprocessing steps of 

the EEG acquisition system included a bandpass filter from 0.1–50 Hz to attenuate 

the noises and a notch filter of 60 Hz to reduce the power line interference. For 

synchronizing the scalp EEG and the other signals, an ATMEGA128 microcontroller 

unit (ATMEL co., USA) was used to send 5-V pulses with 1-s durations to the inputs 

of both the g.USBamp and BIOPAC systems as the cues of the beginning and end 

of data recording. 

 

2.1.3. Data processing 

The dataset was analyzed using MATLAB R2016b technical computing software 

(MathWorks, USA). The first procedure for the whole dataset was data 

synchronization. The cues for the data acquisition system with simultaneous external 

pulses became the signals for synchronization between the BIOPAC system and the 

g.USBamp. For data synchronization, at the beginning and end of the experiment, 

the participant intentionally turned the steering wheel toward the clockwise and 

counterclockwise directions. The driving records (using the simulation software), 

physiological data (using the BIOPAC system) and videos (using the camera) were 

recorded simultaneously based on the movement cues of the steering wheel. In 

addition, all EEG signals were resampled at 512 Hz and normalized.  
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2.1.4. Actual class annotation 

Using the behavioral observations from the synchronized video, three researchers 

with experience in drowsiness studies and interpreting sleep data labeled the 

participants’ awareness and drowsiness. Behavioral expressions such as head pose, 

eye blink rate, percentage of eyelid closure, and yawning rate are widely accepted 

indices for determining actual drowsiness levels. The annotation method based on 

these visual indicators has become more reliable, especially under the stable lighting 

conditions used in our virtual experimental setup [4].  

 Drowsiness descriptions based on the Wierewille and Ellsworth scale were 

divided into the five levels of the European Transport Safety Council report from 

2001 [31].  

l) Not drowsy; 

2) Slightly drowsy (slower body function, in contrast to the non-drowsy state, in 

which visual attention does not decrease); 

3) Moderately drowsy (a transitional behavior in which a decrease in the ability to 

maintain one’s eyelids open is observed); 

4) Severely drowsy (the ability to regulate one’s body, including the eyelids, is 

lost, despite a voluntary effort to remain vigilant);  

5) Extremely drowsy (a voluntary effort to stay awake is not observed). 

One of our goals was to evaluate the possibility of using an intelligent system 

composed of ear canal EEGs and conventional heart-related signals for drowsiness 

recognition. Therefore, we focused on binary classifications by grouping the states 

to minimize the possibility of overfitting. We grouped the levels ‘very drowsy’ and 

‘extremely drowsy’ into the ‘drowsy’ class and the levels ‘not drowsy’ and ‘slightly 
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drowsy’ into the ‘awake’ class. The state of abruptly awakening from severe 

drowsiness causing motion artifacts and the state of being ‘moderately drowsy’ were 

excluded. 

The experienced observers rated the driver state at the onset of each forced 

movement through facial and behavioral observations in each video segment 10 s 

before and 5 s after onset. The dataset was utilized for classification only if the actual 

labels annotated by all raters were identical. 

Throughout the whole driving experiment, the average number of forced move 

events was approximately 388 with a standard deviation (SD) of 54 for all 

participants. The raters selected the drowsy and alert states from the visual 

annotations of the events. Afterward, for each class, the arithmetic mean was 

approximately 89 events with an SD of 48 among all participants.  

The classification performance was evaluated by comparing the data from the final 

test to that of the annotated labels. Cross-validation (CV) procedures were conducted 

using six types of classifiers, as described in the next section, based on the features 

derived from the dataset. 

 

2.1.5. Classifier 

Among the various classification methods, supervised machine learning methods 

to evaluate the actual classes annotated were used with the ground truth of visual 

inspection under stable conditions.  

A decision tree (DT) is a tool in which the roots (information) are connected to the 

leaves (decisions) through the branches and internal nodes for classification [32]. 

The nodes symbolize the criteria of the features that occur in conjunction to facilitate 
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proper decision-making. The branches grow according to their ability to satisfy the 

feature conditions. The classification tree learns a subset of training information 

using recursive partitioning. When an additional value is no longer presented for 

prediction by the splitting procedure, and the value of the subset at the node is the 

same as the target variable, the model finishes the recursion process. In this process, 

the tree exhibits a high variance with the training subset, and with large feature sizes, 

the possibility of overfitting is high. Therefore, the parameters of the maximum 

number of splits and minimum number of leaves were optimized. Breiman, the 

inventor of DTs, improved the generalization ability using an algorithm called 

Random Forest (RF) to combine the results of many random trees. The fusion of 

each characteristic tree and the randomization of the training steps improved the 

robustness of the classification of the new datasets. Bootstrap aggregating (bagging) 

and randomized node optimization are two representative randomization methods 

[33]. In the present research, the bagging algorithm was used to randomly select a 

subset of predictors for growing each tree. In total, 128 trees were used to form the 

forest considering the RF classification for various biological classification cases 

[34].  

Following previous physiological sensor-based drowsiness studies [4], [35] and 

studies of EEG-based human-computer interactions [36], the features from the 

biosensors were analyzed to estimate the human states using linear discriminant 

analysis (LDA) and support vector machine (SVM) methods.  

Discriminant analysis is used to estimate the class of an unknown subject based 

on the discriminant score equation using multivariable observations. In particular, 

LDA adapts linear boundaries to separate the disjoint regions belonging to each class. 
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The squared Mahalanobis distance (the weighted metric of a Euclidean distance), 

according to the variances and correlations of the sample points or scattering, is the 

basis of the discriminant rule. The original LDA utilized Fisher’s suggestion to 

maximize the differences between the projected means (i.e., the normalized values 

by measuring the within-class scatter). To minimize the future misclassification risk, 

discriminant analysis can be regularized using two parameters (i.e., gamma and 

lambda) to select the model with the dimensions of measurement space p and identity 

matrix I [37]. If γ ≠1 in Friedman’s study, parameter λ determines the structure of 

the model: for LDA, λ = 1. For quadratic discriminant analysis (QDA), λ = 0. The 

λ  could be fixed as 1 to use the covariance structure for the regularized LDA 

(RLDA). The regularization of the LDA was optimized by varying γ. Moreover, the 

diagonal linear discriminant analysis (DLDA) results using γ = 1 was considered 

for simplicity of analysis based on the relatively strong assumptions that all classes 

had the same diagonal covariance matrices [38]. These assumptions were made to 

avoid low consistency among the classification results when varying the parameter 

of a more sophisticated classifier. Our framework included the process of optimizing 

the size of the features by using the ranking algorithm to yield the lowest CV error 

as a substitute for deleting the corresponding predictors to be regularized.  

The SVM method is a machine learning technique that finds separating 

hyperplanes to achieve better classification on the basis of support vectors. This 

method maximizes the margin, which is the closest distance between two 

corresponding samples (i.e., the support vectors on the margin) in each separate class 

(i.e., the awake class and drowsy class). Using the kernel trick, the system can map 

the predictor data to the hyperplane using kernel functions [39]. The kernels affect 
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the flexibility and complexity of the classifier. The result of the classification was 

represented using the linear function (SVM-LIN) and radial basis function (SVM-

RBF) as the kernels.  

 

2.1.6. Feature extraction 

From the annotated dataset, the EEG frequency features and the attributes of the 

systolic peak of the heartbeat signal were considered as the standards. Additionally, 

four types of nonlinear features were extracted with common processes for all 

physiological signals. 

 

2.1.6.1. EEG frequency features and heart rate variability features 

The EEG frequency features were extracted from the periodogram, a 

nonparametric estimate of the power spectral density (PSD), by using a Hanning 

window. 

The five types of basic spectral features are presented in Table 2-1. The feature 

extraction algorithms computed the spectral features from each of the following EEG 

frequency bands: delta (< 4 Hz), theta (4–7.99 Hz), alpha (8–12.99 Hz), and beta 

(13–20 Hz). Additionally, the ratios between pairs of band powers (i.e., a total of six 

combinations from the bands), gravity frequency [11], frequency variability [40] were 

utilized. The spectral characteristics in the EEG frequency bands produced 26 

features in the frequency domain. 

By contrast, the continuous ECG record included the QRS complex, which 

represents the electrical stimulus from the sinoatrial node that contracts the ventricles. 

The QRS complex is the most dominant electrical stimulus in the heart activity cycle 
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when the lead is parallel to the direction of the spread of the electrical currents during 

ventricular depolarization. The lead is a vector that measures the ECG within the 

electrode configuration. The ventricles of the heart contract to deliver blood to the 

whole body. The PPG also contains information on the light absorption through 

blood as a function of its changing volume caused by the beating heart. 

Therefore, using ECG and PPG, the heart rate (HR) could be calculated from the 

mean of the intervals between two consecutive systolic peaks. The peaks and normal-

to-normal intervals (NNIs) were detected by using the Pan-Tompkins algorithm [41]. 

The features of HR variability (HRV) were adapted, as recommended by the task 

force of the European Society of Cardiology and the North American Society of 

Pacing and Electrophysiology. As shown in Table 2-1, the powers of the sub-bands 

were computed within the defined bandwidth of the total frequency (TF: 0.4 Hz), 

which includes the very low frequency (VLF), the low frequency (LF), and the high 

frequency (HF) in the periodogram from NNIs. Among the time domain features, 

the ‘Number of pairs of successive NNIs that differ by more than 20 ms (NN20)’ 

and the proportion (pNN20) of NN20 to the total number of NNIs were used by 

substituting the standards based on 50 ms (i.e., NN50 and pNN50) considering the 

more robust results from the study to separate the sleeping participants from the 

awake participants [42].  

To attain reliable HRV features, the ECG and PPG must meet the minimum data 

length requirements; as reported previously, the standard HRV analysis was 5 

minutes [43]. The different data lengths affected the usability of the HRV parameters 

and the reliability of the results. Therefore, the datasets with all simultaneous signals 

were organized and analyzed in the range of 10-240 s before every forced movement. 
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Table 2‑1. EEG spectral features and HRV features [14]. Five types of EEG spectral 

features and ten kinds of conventional HRV features were utilized. 

EEG Spectral Features 

Band Power (BandP) 

Peak Power (PeakP) 

Peak Frequency (PeakF) 

Gravity Frequency (GF) 

Frequency Variability (FV) 

 

HRV [Frequency] 

VLF [0.0033–0.04 Hz] 

LF [0.04–0.15 Hz] 

HF [0.15–0.4 Hz] 

TF [0.0033-0.4 Hz] 

LF/HF ratio 

 

HRV [Time] 

mean NNI (Normal-to-normal Interval) 

SDNN (SD of NNIs) 

RMSSD (Root Mean Square of Successive Differences between NNIs) 

NN20 (Number of pairs of successive NNIs that differ by more than 20 ms) 

pNN20 (Proportion of NN20 among total number of NNIs) 
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2.1.6.2. Nonlinear features 

Generalized Hurst exponent (H) 

The exponent H, named after Hurst, represents the signal morphology from the 

perspective of the correlation between the changes in a parameter with time. The 

original Hurst exponent was derived from the asymptotical relation between the 

rescaled range over the SD from the statistical analysis and time. The generalized 

Hurst exponent was using the 1st-order moment of the increment distribution utilized, 

which is closely related to the original H, as detailed in the algorithm in a previous 

report [44]. The index, represented by a decimal number between 0 and 1, implies 

the relative dependency of a cluster along a trend. For an H of 0.5, the current 

samples and future observations are completely uncorrelated and behave similarly 

to a Brownian time series (i.e., random walks).  

 

Higuchi fractal dimension (HFD) 

To utilize the signal complexity, the fractal dimension (FD) was computed using 

the algorithm of Higuchi [45]. The FD is a measure that quantifies the ratio of change 

in a fractured signal pattern to the change in the scale. The HFD is derived based on 

the rate of decrease in the length of the fractured signal according to the increase in 

the sampling interval. Higuchi described the N number of time series as 

𝑋𝑘
𝑚: 𝑥(𝑚), 𝑥(𝑚 + 𝑘), 𝑥(𝑚 + 2𝑘),…, 𝑥 (𝑚 + 𝑖𝑛𝑡 [

𝑁−𝑚

𝑘
] 𝑘) for the initial time m 

= 1, 2,…, k, where the interval time is k = 2,…, kmax; [r] is the integer part of a real 

number r. The curve length for each m and each k, 𝐿𝑚(𝑘) is estimated here by using 

Eq. (1): 



 
23 

 

 𝐿𝑚(𝑘) =  

{
 
 

 
 

(

 
 
∑ |𝑥(𝑚 + 𝑖𝑘) − 𝑥(𝑚 + (𝑖 − 1)𝑘)|

[
𝑁−𝑚
𝑘

]

𝑖=1

)

 
 𝑁 − 1

[
𝑁 −𝑚
𝑘

] ⋅ 𝑘
}
 
 

 
 

/𝑘 (1) 

Then, the arithmetic mean of 𝐿𝑚(𝑘) for all m was defined as the length of curve 

for the time interval k, 〈𝐿𝑚(𝑘)〉 or 𝐿(𝑘). The curve is fractal-like with dimension D 

if the curve length for interval k is proportional to k-D. Therefore, the HFD is 

identified as the angular coefficient of the linear regression of ln(L(k))/ln(1/k) by 

utilizing the least-squares linear best fitting procedure applied to the pairs of (k, L(k)) 

within the interval of k [46]. The kmax = 8 was applied in the study. 

 

Spectral entropy (SpEn) 

The entropy of the power spectrum for each defined band was derived in the 

normalized form as [47]: 

 𝑆𝑝𝐸𝑛 = (− ∑ 𝑃𝑖 log 𝑃𝑖

𝑓𝑈

𝑖=𝑓𝐿

) 𝑁𝑓⁄  (2) 

where fL and fU are, respectively, the lower and upper frequencies of a band; P is the 

relative power (the ratio of each power to the total power) over the frequency band; 

and Nf is the number of frequencies within the band.  

 

Permutation entropy (PmEn)  

 The entropy proposed by Bandt and Pompe was calculated using the existence of 

defined permutation patterns symbolizing the elements of a time series. The time 

series {𝑥𝑡}𝑡=1,…,𝑇  with n different encoding numbers yields n! possible 

permutations (𝜋) of order n. First, 1-to-1 correspondences were obtained between an 
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encoding number (an element of the permutation list) and a sample of the selected 

time series group, which consisted of n total samples. Second, the n-encoded 

numbers were arranged in increasing order for the values of the matched n-time 

series. Third, the first two procedures were repeated for the whole time series. The 

arranged permutations thus represented every n-sample group and covered the entire 

series. Each sample (lag = 1) from the time series was matched to an element from 

the permutation list with n = 4 using all physiological signals resampled at the 

common sampling rate of 64 Hz in the present study. With # representing the counted 

number, the relative frequency 𝑝(𝜋) for each permutation (𝜋) is defined as follows: 

 𝑝(𝜋) =
#{𝑡|𝑡 ≤ 𝑇 − 𝑛, (𝑥𝑡+1,…,𝑥𝑡+𝑛)ℎ𝑎𝑠 𝑡𝑦𝑝𝑒 𝜋}

𝑇 − 𝑛 + 1
. (3) 

Here, PmEn is represented as the entropy associated with the distribution of the 

relative frequency [48]: 

 𝑃𝑚𝐸𝑛 = −∑𝑝(𝜋) log 𝑝(𝜋)

𝑛!

𝜋=1

 (4) 

where the sum includes n! permutations (𝜋) of order n. 

To select the input of classifiers among the various extracted features, the 

informational importance of each attribute was inspected by using the ranking 

algorithms. 

 

2.2. Information Fusion and Feature Selection 

2.2.1. Feature ranking filter 

The various features of the ear canal EEG with PPG and ECG were examined 

because improvements in acquisition technology have increased the usability of PPG 
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and ECG signals for DSM systems in real vehicles and because the motivation for 

this research is to enhance practical safety. To avoid overfitting caused by the large 

feature sizes from the multimodal sensors, a feature fusion method (ranking 

technique) was utilized in which a feature was selected from the feature pool.  

The three supervised filtration algorithms ranked the features from the knowledge 

pool composed of all feature sets from all sensors to avoid producing biased results 

using a specific ranking method (ranker). The filter methods used only the intrinsic 

characteristics of a feature, independent of the classifier type. The ranking filters 

were implemented in the MATLAB toolbox and the libraries [49].  

First, Relief-F is the modified version of the Relief algorithm and produces a more 

reliable estimation of probabilities with the capacity to handle incomplete or missing 

data without increasing complexity [50]. In the original Relief algorithm, features 

are ranked based on the relevance level [51]. The relevance level or weight estimate 

was calculated using the effect caused by a randomized attribute change on the 

classification. Here, the difference from the nearest hit (i.e., instance from the same 

class) was subtracted, and the difference from the nearest miss (i.e., instance from 

the different class) was added. The extension of the Relief algorithm (i.e., Relief-A 

to -F) was used to estimate the relevance level using the nearest hits/misses of k. A 

k of 10 was selected. 

Second, the feature ranking algorithm, abbreviated as Mutual-I, is based on using 

mutual information (MI) with an asymptotic approximation [52]. The forward filter 

was used to assign an attribute a higher rank if its MI was greater than a fixed 

threshold (𝜖) with a high probability (given p). 

Third, the generalized Fisher score (Fisher-S) was used [53] to find a subset of 
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features that maximized the lower bound of the traditional Fisher score. The original 

idea of the algorithm was to assign a higher score when the distances between data 

points were more ideal (i.e., smaller in the same class and larger in different classes) 

in the data space. The drowsiness classification was conducted with the features 

ordered by each ranking filter. 

Furthermore, the attribute importance using the ranking information from each 

filter was derived to rearrange the features considering various characteristics via the 

following procedures. 

 

2.2.2. Composite ranking arranged by the mean importance point sum (IPS)  

The ranking filters arranged each rank for each feature in the data from the 

participants. To analyze the common superior features among all participants, the 

ranking information was saved for each feature. An increased rank number indicated 

decreased importance of the attribute. The decrease in importance accelerated more 

in the lower range of ranks than in the higher range of ranks. The decreasing tendency 

could be expressed by a symmetric function with respect to the y-axis of the natural 

log of the rank number of an attribute, as in Eq. (6). If A denotes the attribute, M is 

the abbreviation of the maximum number of the rank, w symbolizes the constant 

used to weigh the decrease, N indicates the total number of participants, and p 

symbolizes a participant number, the importance function can be expressed as 

follows: 

 𝜻(𝑝) = ln[{−𝑟𝑎𝑛𝑘𝐴(𝑝) + 𝑀 + 1}/𝑤] (5) 

The 𝜻 value was limited according to the rank of an attribute.  
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 ln [
1

𝑤
] ≤ 𝜻(𝑝) ≤ ln [

𝑀

𝑤
] ,𝑤ℎ𝑒𝑟𝑒 1 ≤ 𝑟𝑎𝑛𝑘𝐴(𝑝) ≤ 𝑀 (6) 

To normalize the result of the importance function for each participant, the zeta 

was divided by ln [𝑀 𝑤⁄ ] with w = 1. The importance point sum (IPS) was defined 

as the summation of normalized 𝜻(𝑝) in the range of [0 1]: 

 𝐼𝑃𝑆 =  ∑
𝜻(𝑝)

ln [𝑀/𝑤]

𝑁

𝑝=1

 (7) 

The maximal IPS was M = 16 when the feature was selected as the top rank (i.e., 

maximum importance point = 1.0) for the 16 participants. The arithmetic mean for 

all IPSi of ranking filters (index i) was used as an estimate of the importance of a 

feature to extend the field of view of the ranking method. Furthermore, the final test 

procedure was conducted using the machine learning algorithms by sorting the 

features as the composite ranking (i.e., descending order of mean IPS values obtained 

by the three ranking filters). For a clearer comparison based on the ranked features, 

the optimization process and the validation of classifications followed the steps 

outlined in the next section. 

 

2.2.3. Optimization of the classifier and statistical measures of the classification 

performance 

To avoid overfitting the trained classifiers with a large number of biosensor 

features, the optimization procedure was regularized for the aforementioned 

hyperparameters. First, the optimization set was separated into two-thirds of the 

observations. The optimization set was partitioned into the training set (i.e., 4/5 of 

the optimization set) and validation set (i.e., 1/5 of the optimization set) for the 5-
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fold CV. The minimum mean squared error (MSE) of classification of the 5-fold CV 

defined the condition of the optimal number of ranked features. After selecting the 

feature size for each classifier, the optimal hyperparameters for the regularization 

were estimated using the random search method [54] with the optimization set. To 

ensure that the model was robust to the partitioning noise, the maximum number of 

repartitions of the objective function, followed by evaluation of the partitioned 

training set, was 30. After the classifier optimization process, the end results of the 

reliability analysis were obtained using the one-third of the total observations from 

the final test set that were not used in the CV procedure. In the analytic calculations 

with the estimated and actual annotations, the positive (P) case indicates that the 

predicted result was in the drowsy state, and the true (T) case indicates that the 

estimated and actual annotations were equal. Cohen’s kappa coefficient in Eq. (9) is 

a robust measure of the reliability of a classification. In the equation for the kappa 

coefficient, 𝑃𝑜 of Eq. (9) is the observed proportionate agreement or accuracy (with 

a single meaning in the present paper) as the ratio of the true cases to total cases (TP 

+ TN + FP + FN), and 𝑃𝑒  in Eq. (10) denotes the expected summation of the 

random possibilities of agreement between the two raters for each class. 

 𝐶𝑜ℎ𝑒𝑛′𝑠 𝑘𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 (𝜅) =  
𝑃𝑜 − 𝑃𝑒
1 − 𝑃𝑒

 (8) 

 𝑃𝑜 = 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑜𝑡𝑎𝑙
 (9) 

 𝑃𝑒 = 𝑃𝑑𝑟𝑜𝑤𝑠𝑦 + 𝑃𝑎𝑙𝑒𝑟𝑡 =
𝑇𝑃 + 𝐹𝑁

𝑇𝑜𝑡𝑎𝑙
∙
𝑇𝑃 + 𝐹𝑃

𝑇𝑜𝑡𝑎𝑙
+
𝐹𝑃 + 𝑇𝑁

𝑇𝑜𝑡𝑎𝑙
∙
𝑇𝑁 + 𝐹𝑁

𝑇𝑜𝑡𝑎𝑙
 (10) 

To describe the following results yielded by the test set of validation processes, 

the terms ‘mean’ and ‘average’ refer to the arithmetic mean in the current study. 
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Figure 2‑2. Flow chart of the classification based on the ground truth of the visual 

annotations. CV: cross-validation, IPS: importance point sum [14]. 
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2.3. Results 

2.3.1. Classification performance using the trained models with physiological 

features 

The performance measures of the classified results were arranged in accordance with 

the utilized number of features sorted by the ranking method. The combinations of 

ranking methods and data lengths that yielded the highest kappa values were also 

varied by repartitioning the optimization set and test set in repeated experiments. 

Therefore, specific values of performance with certain data lengths must be 

interpreted with caution regarding the dependency on a trial and the dataset. In our 

interpretation, no superior ranking filter for all data options compared to the other 

ranking filters was found. However, the order of each IPS by each filter for each data 

length showed consistency despite the changes in the set division for the 

optimization process. The classification results are presented for each physiological 

parameter and for the combined dataset. 

 

2.3.1.1. Ear canal EEG  

Table 2-2 presents the kappa coefficients after classifying the test set using the 

optimized models according to the data length. The reliabilities yielded by each 

ranking method were diverse.  
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Table 2‑2. Kappa coefficients of the classifications using the ear canal EEG features 

optimized by each ranking method [14]. The reliability according to the data length was 

affected by the ranking method. 

 Classifier 10 s 30 s 60 s 120 s 180 s 200 s 210 s 220 s 230 s 240 s 

Relief-

F 

DT 0.640 0.805 0.817 0.828 0.903 0.878 0.874 0.909 0.893 0.914 

RF 0.764 0.848 0.890 0.899 0.935 0.932 0.938 0.962 0.968 0.971 

DLDA 0.695 0.827 0.851 0.866 0.862 0.886 0.904 0.925 0.919 0.939 

RLDA 0.680 0.812 0.836 0.871 0.860 0.906 0.906 0.941 0.941 0.938 

SVM-LIN 0.679 0.811 0.859 0.886 0.910 0.924 0.926 0.943 0.972 0.972 

SVM-

RBF 
0.693 0.832 0.854 0.899 0.918 0.952 0.926 0.952 0.955 0.953 

Mutual-

I 

DT 0.652 0.814 0.842 0.847 0.900 0.856 0.884 0.906 0.907 0.916 

RF 0.764 0.839 0.903 0.933 0.943 0.928 0.936 0.965 0.970 0.957 

DLDA 0.697 0.763 0.845 0.870 0.877 0.912 0.925 0.894 0.944 0.929 

RLDA 0.665 0.771 0.836 0.867 0.860 0.906 0.888 0.929 0.943 0.918 

SVM-LIN 0.673 0.806 0.838 0.908 0.890 0.933 0.890 0.951 0.960 0.961 

SVM-

RBF 
0.694 0.843 0.819 0.857 0.918 0.927 0.927 0.943 0.944 0.958 

Fisher-

S 

DT 0.644 0.800 0.807 0.843 0.905 0.870 0.840 0.907 0.900 0.911 

RF 0.734 0.862 0.905 0.904 0.938 0.922 0.928 0.961 0.975 0.961 

DLDA 0.705 0.768 0.777 0.793 0.816 0.873 0.878 0.876 0.923 0.866 

RLDA 0.678 0.775 0.841 0.864 0.869 0.894 0.905 0.945 0.962 0.940 

SVM-LIN 0.662 0.782 0.835 0.879 0.913 0.941 0.910 0.957 0.951 0.948 

SVM-

RBF 
0.706 0.823 0.841 0.876 0.896 0.912 0.936 0.966 0.925 0.935 

Average 

for all 

ranking 

filters 

DT 0.645 0.806 0.822 0.839 0.903 0.868 0.866 0.907 0.900 0.914 

RF 0.754 0.850 0.899 0.912 0.939 0.927 0.934 0.963 0.971 0.963 

DLDA 0.699 0.786 0.824 0.843 0.852 0.890 0.902 0.898 0.929 0.911 

RLDA 0.674 0.786 0.838 0.867 0.863 0.902 0.900 0.938 0.949 0.932 

SVM-LIN 0.671 0.800 0.844 0.891 0.904 0.933 0.909 0.950 0.961 0.960 

SVM-

RBF 
0.698 0.833 0.838 0.877 0.911 0.930 0.930 0.954 0.941 0.949 
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Figure 2-3 shows the variations in the MSE values from the classification 

according to the selected feature number using Relief-F and Mutual-I for each 

classifier for the 10 s duration of data. For each model, the optimized feature number 

according to the minimum MSE also varied depending on the data duration.  
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Figure 2‑3. MSE according to the feature sizes of the classifiers using the ear canal EEG 

with the ranking methods [14].  

(a) Relief-F (b) Mutual-I 

 



 
34 

 

Table 2-3 presents seven features, ranked by IPS, from each ranking method that 

yielded the highest kappa with the 230 s data. From the mean kappa results for all 

ranking filters, the performance was highest for the 230 s data for each ranking 

method. Using the Relief-F algorithm, the ranked features yielded the highest kappa 

of 0.972 with SVM-LIN. The optimized feature number from the classifier was 21. 

In the Mutual-I method, the features yielded the highest kappa of 0.970 using an RF 

with 23 features. The Fisher-S algorithm produced the best kappa (0.975) using an 

RF with 26 features.  

 

 

 

  

Table 2‑3. Top seven ranked features of the ear canal EEG from each ranking method for 

the best kappa coefficient [14]. P denotes the power. The feature ranking was affected by the 

ranking filter type. The PmEn, HFD, H of nonlinear features were highly ranked features.  

Ranking Relief-F Mutual-I Fisher-S Composite 

1 EEG_PmEn EEG_HFD EEG_PmEn EEG_PmEn 

2 EEG_HFD EEG_PmEn EEG_HFD EEG_HFD 

3 EEG_H EEG_SpEn theta_GF EEG_H 

4 delta_GF EEG_H EEG_H EEG_SpEn 

5 EEG_SpEn alpha/beta theta_PeakP delta_GF 

6 theta/alpha alpha_BandP EEG_SpEn theta_GF 

7 alpha/beta theta_BandP beta_GF alpha/beta 
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Although the performance varied for each ranking method, the maximum value of 

the average SD for the kappa values was only 0.023, as determined from the average 

SD values calculated for all durations for each classifier. Common tendencies of the 

ranking filters were observed depending on the classifier used and the data length. 

Therefore, the subsequent descriptions focus on analyzing the arithmetic mean of all 

ranking filters. Figure 2-4a presents the average of each statistical measure according 

to the data length of the ear canal EEG using the RF classifier. Interestingly, 

increasing the data duration analyzed for the ear canal EEG yielded an outstanding 

increase in the classification performance until reaching a data length of 230 s. 

Specifically, with the RF, the mean (SD) of the kappa coefficient for all ranking 

methods increased from 0.754 (0.017) for the 10 s data to 0.971 (0.004) for the 230 

s data. The mean accuracy in the best case was 0.985. The increase in the 

performance flattened out from 220 s to 230 s as the mean kappa increased by 0.008 

for all classifiers and all ranking algorithms. Since the drowsiness state developed 

gradually, along with the increased demand for body recovery, longer segments of 

physiological data increased the inter-rater reliability when discriminating between 

the drowsy and awake states. 

The relationship between the ear canal EEG and scalp EEG was reported in our 

previous work [55] using the SVM-RBF with a data duration of 15 s. The global 

average of the mean accuracy of the EEG scalp was 0.87, with an average SD of 

0.06. The ear canal EEG exhibited an accuracy of 0.88, similar to the result of the 

scalp EEG.   
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Figure 2‑4. Performance metrics of the classifications according to the analyzed data 

length using RF [14].  

(a) Ear canal EEG  (b) Combination of Ear canal EEG, PPG and ECG 
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2.3.1.2. PPG and ECG  

The performance of the classifications was evaluated using PPG or ECG for 

detecting drowsiness, as shown in Table 2-4. The mean (SD) values of the kappa 

coefficients in the best cases were 0.955 (0.006) using PPG with RF and 0.972 (0.009) 

using ECG with SVM-RBF. The mean accuracies in these cases were 0.977 for the 

PPG and 0.983 for ECG. For all classifiers, the performance gap between the PPG 

and ECG was widest for the analysis of the 10 s data, as shown in Figure 2-4 using 

RF.  

 

  

Table 2‑4. Mean kappa values of the classifications using the PPG or ECG features 

optimized by all ranking filters according to the data lengths [14]. Due to signal 

characteristics, the ECG yielded higher reliability than PPG. 

Biological 

signal 
Classifier 10 s 30 s 60 s 120 s 180 s 200 s 210 s 220 s 230 s 240 s 

PPG 

DT 0.572 0.647 0.784 0.833 0.875 0.844 0.861 0.806 0.898 0.867 

RF 0.625 0.724 0.835 0.918 0.930 0.895 0.921 0.911 0.955 0.896 

DLDA 0.589 0.629 0.672 0.840 0.856 0.823 0.830 0.826 0.860 0.855 

RLDA 0.597 0.642 0.700 0.837 0.871 0.882 0.849 0.851 0.874 0.858 

SVM-LIN 0.556 0.685 0.769 0.889 0.892 0.917 0.926 0.903 0.925 0.905 

SVM-RBF 0.559 0.642 0.778 0.903 0.889 0.905 0.902 0.934 0.933 0.909 

ECG 

DT 0.740 0.798 0.840 0.906 0.901 0.861 0.898 0.860 0.883 0.876 

RF 0.785 0.848 0.901 0.936 0.945 0.949 0.932 0.928 0.966 0.937 

DLDA 0.762 0.786 0.822 0.838 0.807 0.895 0.872 0.865 0.908 0.892 

RLDA 0.753 0.790 0.835 0.868 0.846 0.900 0.886 0.873 0.940 0.904 

SVM-LIN 0.760 0.796 0.851 0.927 0.893 0.914 0.903 0.904 0.953 0.910 

SVM-RBF 0.775 0.805 0.885 0.930 0.919 0.957 0.950 0.923 0.972 0.938 

 



 
38 

 

2.3.1.3. Ear canal EEG with PPG and ECG  

Multiple attributes of the ear canal EEG with PPG and with ECG were evaluated 

for drowsiness monitoring. Table 2-5 shows the mean kappa values of the 

classifications for all ranking methods using the multiple sensors as a function of the 

classifier used and the data length. For each type of physiological data, among all 

classifiers, the RF yielded the highest mean kappa coefficient for all ranking 

algorithms.  

Table 2‑5. Mean kappa coefficients with attributes of multiple sensor types [14]. For 230 s 

data, the highest reliability was yielded by RF. 

Dataset Classifier 10 s 30 s 60 s 120 s 180 s 200 s 210 s 220 s 230 s 240 s 

Ear canal 

EEG 

PPG 

DT 0.729 0.802 0.837 0.872 0.902 0.920 0.892 0.910 0.939 0.908 

RF 0.831 0.898 0.924 0.931 0.948 0.942 0.948 0.956 0.981 0.942 

DLDA 0.799 0.871 0.887 0.916 0.910 0.932 0.912 0.927 0.959 0.925 

RLDA 0.811 0.878 0.889 0.925 0.910 0.928 0.922 0.959 0.953 0.946 

SVM-LIN 0.776 0.867 0.920 0.939 0.926 0.945 0.936 0.964 0.976 0.938 

SVM-RBF 0.787 0.855 0.860 0.907 0.937 0.949 0.937 0.941 0.973 0.944 

Ear canal 

EEG  

ECG 

DT 0.749 0.826 0.878 0.882 0.905 0.906 0.903 0.917 0.917 0.932 

RF 0.833 0.902 0.935 0.950 0.949 0.951 0.962 0.962 0.984 0.977 

DLDA 0.852 0.887 0.887 0.921 0.911 0.927 0.941 0.944 0.954 0.955 

RLDA 0.842 0.890 0.905 0.938 0.918 0.931 0.946 0.942 0.970 0.956 

SVM-LIN 0.840 0.882 0.926 0.943 0.928 0.956 0.955 0.953 0.980 0.972 

SVM-RBF 0.779 0.861 0.876 0.929 0.927 0.941 0.950 0.958 0.979 0.968 

Ear canal 

EEG 

PPG 

ECG 

DT 0.756 0.825 0.878 0.876 0.919 0.926 0.905 0.915 0.926 0.917 

RF 0.855 0.900 0.935 0.942 0.955 0.954 0.957 0.952 0.985 0.958 

DLDA 0.859 0.906 0.898 0.940 0.931 0.943 0.950 0.939 0.949 0.952 

RLDA 0.847 0.900 0.912 0.932 0.928 0.947 0.941 0.932 0.965 0.934 

SVM-LIN 0.848 0.885 0.915 0.952 0.945 0.969 0.946 0.958 0.978 0.961 

SVM-RBF 0.801 0.855 0.889 0.938 0.946 0.954 0.956 0.946 0.971 0.946 
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As shown in Figure 2-5a, the classification performance of RF was better for the 

ear canal EEG and ECG than for the PPG. The kappa coefficient of ECG was similar 

to that of the ear canal EEG, in which the mean absolute difference for all data 

lengths was 0.015. A relationship was observed between the degree of difficulty and 

the dependability of the measurement. The PPG needed only to be in contact with 

one LED-detector pair, whereas the ECG and EEG required proper contact with at 

least two electrodes, each of which measured different potentials to supply the 

information. Furthermore, the features resulting from the multimodal acquisition of 

the ear canal EEG and heart-related signals were superior to the individual signal 

features for clarifying the state of drowsiness. The fusion of these multiple types of 

sensors complemented the information regarding drowsiness.  

Figure 2-5 shows that for the shorter data lengths, the attributes of multiple signal 

types exhibited higher kappa values than those of the individual physiological signals. 

In particular, compared to using only the PPG, the largest enhancement was observed 

for the combination of the PPG and ear canal EEG using the 10 s data. The mean 

kappa coefficient for all ranking filters increased to 0.831 for multiple data types 

compared to the individual PPG, which yielded a mean kappa coefficient of 0.625. 

In the 230 s dataset, the best inter-rater reliability metrics were produced with a mean 

kappa value of 0.981 and mean accuracy of 0.990. Similar phenomena were observed 

for another dataset with multiple input types at a data length of 230 s. The dataset 

including both ECG and ear canal EEG yielded the highest mean kappa [accuracy] 

value of 0.984 [0.992]. The highest statistical measure was observed with the 

combination of all biological signals among all datasets; the mean kappa [accuracy] 

was 0.985 [0.993].   
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Figure 2‑5. Mean kappa coefficients for all ranking filters using the RF with the dataset 
[14]. 

 (a) Each physiological signal  (b) Combination of the physiological signals 
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2.3.1.4. Enhancement of robustness with the composite ranking 

The composite ranking method with the mean IPS improved the classification 

ability overall, as shown in Table 2-6 and Figure 2-6. The final RF and SVM-RBF 

model with the comprehensively ranked attributes from the combination of the ear 

canal EEG and ECG exceeded the highest metrics among all models for the 230 s 

data: the kappa value was 0.991, with an accuracy of 0.995. A similar reliability was 

observed for the result obtained using the SVM-LIN with the combined features of 

all physiological signals, with a mean kappa value of 0.990. 

 
Table 2‑6. Kappa coefficients using the composite ranking with RF and SVM-RBF 

[14]. The effect of the fusion of multi-modality was observed with 10 s data. 

Classifier Dataset 10 s 30 s 60 s 120 s 180 s 200 s 210 s 220 s 230 s 240 s 

RF 

Ear canal 

EEG 
0.780 0.881 0.923 0.932 0.956 0.943 0.942 0.964 0.981 0.980 

PPG 0.653 0.756 0.814 0.911 0.938 0.907 0.924 0.941 0.952 0.901 

ECG 0.826 0.854 0.927 0.944 0.954 0.950 0.949 0.938 0.978 0.958 

Ear canal 

EEG & 

PPG 

0.864 0.917 0.948 0.960 0.961 0.954 0.963 0.968 0.989 0.952 

Ear canal 

EEG & 

ECG 

0.884 0.912 0.948 0.976 0.956 0.961 0.970 0.965 0.990 0.981 

All signals 0.885 0.915 0.946 0.974 0.958 0.966 0.970 0.968 0.986 0.965 

SVM-

RBF 

Ear canal 

EEG 
0.778 0.856 0.935 0.952 0.941 0.956 0.950 0.959 0.983 0.967 

PPG 0.596 0.708 0.749 0.912 0.905 0.944 0.949 0.944 0.944 0.919 

ECG 0.818 0.870 0.916 0.953 0.941 0.964 0.961 0.945 0.969 0.951 

Ear canal 

EEG & 

PPG 

0.840 0.914 0.960 0.968 0.958 0.962 0.962 0.975 0.986 0.973 

Ear canal 

EEG & 

ECG 

0.905 0.936 0.969 0.979 0.961 0.969 0.975 0.959 0.991 0.977 

All signals 0.905 0.931 0.961 0.986 0.968 0.975 0.970 0.979 0.990 0.974 
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Figure 2‑6. Comparison of the classification performance between the average values of 

all ranking filters and the composite ranking algorithm using all physiological signals from 

the classifiers [14].  

(a) RF  (b) SVM-RBF  
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As shown in Figure 2-6, when using the composite ranking algorithm, the kappa 

coefficients were higher than the average of all ranking methods from the RF and 

SVM-RBF classifications. In each ranking method, the features were optimized by 

first including the highly ranked features in the input data. After analyzing the 

fragmentary information from each ranking method, the features that were globally 

(in terms of mean IPS) less important, despite having been highly ranked by a 

specific ranking filter, were excluded. Overall, considering the new importance order 

of features using the mean IPS values for the three ranking filters increased the 

robustness of the classification during the final test set. An increase in filter types 

may improve the performance if the additional ranking filters have proper 

characteristics for classification and acceptable computational costs for practical use. 

 

2.3.1.5. Overall assessment of the classifiers with data length variation 

In a wide scope, the classifiers tended to present the best results with data durations 

of 120 s to 240 s, as shown in Figure 2-7. The RF model was a robust method when 

calculating the kappa coefficients for all ranking filters considering every option of 

data length. The trends were outstanding for data lengths of less than 200 s for the 

ear canal EEG. The overall results demonstrated an improvement in the 

generalizability of the RF from the DT. However, the composite ranking method 

yielded a notable increase in the classification performances of SVM-LIN and SVM-

RBF, as these performances were similar to that of the RF, as shown in Figure 2-6b 

and Figure 2-7b. With data lengths of 60–120 s, SVM-RBF exhibited even higher 

performances than the RF.  

To further compare the efficiencies of the classifiers, the optimal feature size was 
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interpreted. The optimized feature size of the RF was approximately equal to half 

the total number of features, as shown in Figure 2-4. Among the classifiers, SVM-

RBF used the smallest number (Top 7) of features to achieve the best classification.  
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2.3.1.6. Statistical analysis for classification performance depending on groups 

For the statistical analysis of groups, the Mann-Whitney U-test or the Wilcoxon 

rank-sum test was conducted, which is designed to assess the distributions of two 

groups of different sizes. The p-values were derived from the Wilcoxon rank-sum 

tests with the null hypothesis that the means of the two groups were equal. 

First, the participants were grouped based on the criterion of time since waking 

(e.g., 9 hours). The left column in Table 2-7 shows the average (SD) of representative 

classification performances by SVM-RBF for 10 s data for each group represented 

as two experimental time groups (i.e., afternoon and night). The average (SD) time 

since waking was 6.1 (0.9) h in the afternoon group and 11.6 (1.6) h in the night 

group. Non-significant values (p > 0.05) of the Wilcoxon rank-sum tests were 

obtained for the datasets from the ear canal EEG (p = 0.76), the ECG (p = 0.66), and 

the combination of all sensors (p = 1.00). Similar results of these tests were obtained 

for the 230 s datasets of the ear canal EEG (p = 0.60), the ECG (p = 0.80), and the 

combination of all sensors (p = 0.90). Furthermore, when using the RF model, non-

significant results were also observed in the datasets from the ear canal EEG (p = 

0.61), the ECG (p = 0.98), and the combination of all sensors (p = 0.44). 

Second, the results were grouped by sex, as shown in the right column in Table 2-

7. Performance was not significantly different between the sexes, with p-values 

larger than 0.05 in the Mann-Whitney U-test. The tests produced p-values for the 

datasets of the EEG (p = 0.38), ECG (p = 0.75), and the combination of all sensors 

(p = 0.85). The mean values of the kappa coefficients for all datasets were 0.863 for 

males vs. 0.937 for females using 10 s data (p = 0.66) and 0.991 for males vs. 0.997 

for females using 230 s data (p = 0.93). Based on this similar performance between 
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groups and the statistical analyses, our method for detecting drowsiness could be 

robust to the factors of sex and time since waking. 

 

 

 

  

Table 2‑7. Wilcoxon rank-sum test results and mean (SD) for groups based on the kappa 

coefficients yielded by SVM-RBF using the 10-s data. There is no significant difference 

between groups. 

Physiological Time since waking  Gender 

dataset 
Afternoon 

(≤ 9 h, N = 9) 

Night 

(> 9 h, N = 7) 
p-value  

Male  

(N = 12) 

Female  

(N = 4) 
p-value 

Ear canal EEG 
0.846 

(0.182) 

0.867 

(0.113) 
0.76   

0.834 

(0.170) 

0.918  

(0.074) 
0.38  

ECG 
0.867 

(0.139) 

0.919 

(0.058) 
0.66   

0.881 

(0.123) 

0.916  

(0.075) 
0.75  

Ear canal 

EEG+PPG+ECG 

0.939 

(0.102) 

0.970 

(0.031) 
1.00   

0.944 

(0.091) 

0.978  

(0.023) 
0.85  

Arithmetic mean 
0.884 

(0.141)  

0.919 

(0.067)  
0.81   

0.863 

(0.128)  

0.937  

(0.057)  
0.66  
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2.3.2. Feature Importance 

To analyze the similarity between the valid features derived from the participants 

in the present study, the average and SD of the IPS for all ranking filters were 

calculated. The order of usability was arranged based on the importance of the 

feature (i.e., the mean IPS). To analyze the IPS values of the features, a statistical 

comparison was performed between the feature values for the awake and drowsy 

states. For that comparison, the number of participants whose features exhibited 

significant differences was counted in the two-tailed paired t-test (p < 0.01). Table 

2-8 shows the representative results of the t-test for PPG features. The VLF of HRV 

was not available for the 10 s data and was significantly different for only 2 

participants when using the 30 s data. However, when using data lengths of at least 

120 s, this feature showed significant differences for more than half of the 

participants. This phenomenon was observed for almost all features. Specifically, the 

average number of participants whose features showed significant differences 

ranged from 4.2 of 10 s data to 11.1 of 180 s data, and a similar phenomenon were 

observed for the 240 s data. Although ECG yielded the same HRV features as PPG, 

the calculated average for the 10 s ECG data was 7.5, revealing a difference between 

the two methods in identifying the systolic peak. The average value increased to 12.1 

with the 180 s data. With the ear canal EEG, the average values ranged from 7.1 of 

10 s data to 10.3 of 180 s data. The significant differences in the features affected 

the classification performance as stated in Section 4.1 because of the similar 

phenomena. The common reason for these phenomena could be the inclusion of 

transitional information.  

No common trends (increasing or decreasing) among all participants for a key 
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feature were observed in the transitions to drowsiness. Additionally, the degree of 

the feature trend of an individual also varied and reversed depending on the data 

length. These results demonstrate the importance of considering machine learning 

when encountering the limitations of a rule-based classifier for specific feature trends. 

Based on the classification with intelligent systems to detect drowsiness, the 

estimated importance of attributes and the IPS values are listed for each 

physiological dataset.  
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Table 2‑8. Total number of participants with rejection of the null hypothesis that the means 

of the PPG features in the alert and drowsy states were equal at the 99% confidence level 

(p < 0.01) based on a t-test [14]. The number of participants showed the significance 

increased with the longer data length. 

Feature name 10 s 30 s 60 s 120 s 180 s 200 s 210 s 220 s 230 s 240 s 

mean NNI 13 13 14 14 13 13 14 14 14 14 

SDNN 2 5 8 12 12 11 10 11 12 12 

RMSSD 3 5 8 11 12 12 10 13 12 12 

NN20 6 8 8 11 12 12 12 12 12 12 

pNN20 7 8 8 12 12 12 12 12 12 12 

VLF NA 2 4 8 12 12 10 12 11 12 

LF 0 2 5 8 14 13 10 13 11 13 

HF 0 6 6 10 13 10 9 11 11 12 

TF 5 2 6 10 14 12 11 13 12 12 

LF/HF 3 5 7 8 9 10 11 12 11 12 

PPG_H 4 5 7 9 8 8 8 8 8 8 

PPG_HFD 2 5 6 9 8 8 8 8 8 8 

PPG_SpEn 1 1 1 2 4 4 4 4 5 7 

PPG_PmEn 8 11 11 13 13 14 15 16 15 15 

Average 4.2 5.6 7.1 9.8 11.1 10.8 10.3 11.4 11.0 11.5 
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2.3.2.1. Ear canal EEG attributes 

From the ear canal EEG data, the top seven features in order of robustness were 

the HFD, PmEn, H, SpEn, alpha/beta ratio, delta_GF, and theta/alpha ratio. The 

mean (SD) IPS of the alpha/beta power ratio was 12.76 (0.31) for all data lengths. 

Among the band powers, the alpha and theta waves had mean (SD) IPS values of 

12.35 (0.46) and 11.59 (0.75), respectively. The FV and peak frequency had lower 

IPS values than the other features. A decrease in the significance (p < 0.01) of the 

alpha band power was observed only in 3-5 participants (depending on data length) 

among the 16 participants, even for the Oz and Cz data, in contrast to results of 

previous sleep onset studies. The onset of the sleep stage is mainly defined using 

EEGs and is characterized by the eyes slowly rolling under closed eyelids [56]. 

However, the drowsy state defined in this study included the process of closing the 

eyelids, the early period of eye closure, and the Sleep 1 stage. Regarding the spectral 

power, the inclusion of the transitional procedure for the eyes and eyelids is one of 

the main differences between the present drowsiness study and other sleep studies. 

The theta band power did not increase significantly when the drowsy class included 

the eye-closing transition or the early period of eye closure. The changes in the EEG 

band power may depend on partial body statuses grouped as the drowsy class.  

Regarding sustained attention tasks, Oken et al. emphasized that inter-participant 

variability limited the ability to identify key attributes in the EEG to explain changes 

in drowsiness during tasks [57]. Additionally, they noted that the sleep spindle 

frequencies overlapped with the alpha frequencies, resulting in ambiguity when 

defining the states on the basis of the specific patterns. Perrier et al. reconfirmed that 

the alpha band components were not correlated with the change in objective 
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drowsiness measurements (i.e., the SD of the lateral position and time-on-task) in 

primary insomniac participants (60.8±5.8 years old) during driving tests on the road 

[58]. They determined that sleep deprivation caused the EEG spectral power to differ 

from that of self-defined normal sleepers. Practically, it is difficult to define specific 

criteria for determining the sleep status (normal vs. abnormal behavior) of a person, 

even with EEG spectra.  

These EEG-based drowsiness studies reveal the possibility that individual brains 

are organized as unique systems that respond to the conflict between the need for 

sleep and sustaining attention to complete a task. In terms of EEG studies, there is 

reliable evidence indicating the plasticity of the brain circuitry that controls the 

human body. Brain signals can be altered not only by physical damage or stimulation 

[59] but also by environmental experiences with age [60]. For example, using driving 

simulations, Lowden et al. determined the differences in EEG spectral features 

among participants of different ages in response to sleep deprivation and an assigned 

task [61]. They reported that the power in the frequency bands above 12 Hz (i.e., 12–

14 Hz) increased more among the elderly group (i.e., 55–64 years old) than among 

the young group (i.e., 18–24 years old). The authors stated that the power increase 

in the EEG bands of the alert and drowsy states in the elderly group, along with the 

increased saliva cortisol level in the elderly group, indicated a protective adjustment 

to avoid severe sleepiness.  

The four nonlinear features (i.e., PmEn, HFD, H, and SpEn) were the top four 

features among all 30 features, regardless of the dataset. The IPS of nearly 16.0 

indicates that the nonlinear features were informative for nearly all 16 participants. 

Specifically, the mean (SD) IPS of PmEn was 14.36 (0.64) for all data lengths. This 
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result indicates that PmEn is a robustly discriminative feature for EEG studies 

regarding classifications of sleep stages [47]. The IPS of HFD exhibited a mean (SD) 

of 14.73 (0.93) for all data lengths. In our study, no common trend with significant 

differences in the paired t-test (p < 0.05) between the HFDs in the awake and drowsy 

states was observed. SpEn ranked fourth among the ear canal EEG features, and for 

this parameter, the mean (SD) of the IPS was 13.37 (0.67). The lowest performances 

of SpEn among entropy features are consistent with the results of two related studies 

[13], [62] that compared the drowsiness detection performance of multiple entropy 

features. The importance of the transitional information for drowsiness recognition 

because the SpEn was an entropy that only considers the power in the frequency 

domain compared to the other nonlinear features that involve the irregularity in the 

time domain. 

The IPS values of the nonlinear features and traditional HRV features were also 

inspected for following heart-related signals. 

 

2.3.2.2. Ear canal EEG attributes 

Table 2-9 shows that the robust features of PPG and ECG were PmEn, pNN20, 

SDNN, and TF. PmEn was a robust feature in terms of the average IPS in both PPG 

and ECG for every data length. The difference in reliability between the PPG and 

ECG data became noticeable when analyzing the nonlinear features. HFD and H 

were observed only in the ECG attributes. The nonlinear features, except SpEn, 

provided more information on the morphologies with increased data lengths. The 

TFs derived from the 10 s data and 230 s data remained important for the ECG. 

In previous HRV studies with driving tasks, the mean LF/HF value decreased 
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when transitioning from the attention state to the fatigue state during simulated 

driving and real driving on the motorway [63]. Shinar et al. investigated the 

transitional period near the sleep onset time and reported that the HF did not 

significantly change. In their work, decreases in VLF were observed for all 

participants and in LF for participants who did not have obstructive sleep apnea after 

the sleep onset period [64]. The authors reported that the decreases were caused by 

the reduced activity of the sympathetic branch of the autonomic nervous system. 

Similar to these previous HRV analyses, the HRV features in our study did not show 

a specific trend. The LF/HF ratio was selected only for PPG at the seventh rank for 

the 10 s data and at the fifth rank for the 230 s data. In addition, the mean NNI 

showed low importance in the classification, although in the statistical analysis 

shown in Table 2-9, almost all of the participants showed a significant difference 

regardless of the data length. Therefore, a specific HRV feature cannot be asserted 

as a common indicator for detecting drowsiness in all participants. The highest 

classification performances in Table 2-6 were obtained with multiple information 

from diverse HRV features, including nonlinear features. 
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Table 2‑9. Comparison of the composite rankings of the features from the 10-s data and 

230-s data [14]. The superiority of PmEn was observed in the results of all biosignals. 

Composite EEG PPG ECG 

Rank 10 s 230 s 10 s 230 s 10 s 230 s 

1 EEG_H EEG_PmEn PPG_PmEn PPG_PmEn ECG_TF ECG_TF 

2 EEG_HFD EEG_HFD PPG_TF PPG_SDNN ECG_PmEn ECG_HFD 

3 EEG_PmEn EEG_H PPG_RMSSD PPG_RMSSD ECG_HFD ECG_PmEn 

4 alpha_BandP EEG_SpEn PPG_SDNN PPG_pNN20 ECG_H ECG_pNN20 

5 EEG_SpEn delta_GF PPG_pNN20 PPG_LF/HF ECG_SDNN ECG_H 

6 beta_BandP theta_GF PPG_NN20 PPG_TF ECG_LF ECG_HR 

7 beta_PeakP alpha/beta PPG_LF/HF PPG_NN20 ECG_NN20 ECG_SDNN 
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2.3.2.3. Comparison of IPS values between biological signal attributes 

Table 2-10 shows the representative composite rankings of the 230 s data, which 

produced the highest inter-rater reliability. The increases in the IPS values of the 

mean NNIs (i.e., from 5.6 to 14.26 for PPG and from 9.75 to 14.76 for ECG) indicate 

the outstanding performance of the combination of each heart-related attribute with 

the ear canal EEG. The HRs computed from the individual PPG and ECG signals 

showed less relevance to the classification performance, but the HRs in combination 

with EEG data substantially influenced the classification.  

For the best classification performance using all biological signals, the features 

EEG_PmEn, PPG_PmEn, ECG_PmEn, EEG_H and EEG_HFD were the top-ranked 

features, as shown in the last two columns in Table 2-10. The common robust 

features were PmEn, HFD, and H for each signal, as well as combinations of these 

features. The patterns of the physiological signals in the present study were not 

uniform across all participants according to the awake, drowsy and transition states 

observed. Additionally, the specific feature analysis was potentially dependent on 

the data length or case numbers because the sustained durations of a certain 

drowsiness level were unequal throughout the task period. Nonetheless, the 

nonlinear features were frequently selected to recognize the drowsy state of the 

driver because these features contained information regarding the gradual changes 

in the state of the driver. 
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Table 2‑10. Composite ranking based on the mean IPS values for the combination of the 

ear canal EEG, PPG, and ECG [14]. The mean NNI and nonlinear features of both heart-

related signals showed the higher IPS. 

Composite Ear canal EEG and PPG Ear canal EEG and ECG All biological signals 

Rank Attribute IPS Attribute IPS Attribute IPS 

1 PPG_meanNNI 13.98  ECG_meanNNI 14.51  ECG_meanNNI 14.76  

2 EEG_PmEn 13.94  EEG_PmEn 14.02  PPG_meanNNI 14.26  

3 PPG_PmEn 13.64  ECG_HFD 14.00  ECG_HFD 14.20  

4 EEG_H 13.47  ECG_NN20 13.96  EEG_HFD 14.15  

5 EEG_HFD 13.13  ECG_PmEn 13.96  ECG_pNN20 14.13  

6 delta_GF 13.04  ECG_pNN20 13.80  EEG_PmEn 14.11  

7 PPG_RMSSD 12.74  ECG_H 13.66  ECG_H 14.01  

8 PPG_NN20 12.69  delta_GF 13.54  ECG_PmEn 13.98  

9 PPG_pNN20 12.66  ECG_TF 13.33  ECG_NN20 13.97  

10 EEG_SpEn 12.61  EEG_HFD 13.30  PPG_PmEn 13.72  

11 theta_GF 12.61  EEG_SpEn 13.21  delta_GF 13.65  

12 alpha/beta 12.60  EEG_H 12.69  ECG_TF 13.51  
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Chapter 3. Heart-related Signals of Biochair for DDS 

3.1. Methods 

3.1.1. Implementation of biosignal chair system 

A chair system that unobtrusively measures cECG, BCG, and cPPG was 

developed after solving the weakness of the former system. The essential aspect that 

for inspecting users involved ‘how movements in life affect unobtrusive biosignals.’ 

This motivation occurred after the experimental experience that motion affects each 

modality in different ways. Furthermore, by utilizing the mobility of motorized 

wheelchairs, the relationship between various movement types and the quality of 

each signal was investigated. In this dynamic situation, different signal changes in 

electrocardiogram and cPPG signals were observed based on various contact 

methods. 

 

3.1.1.1. System Structure and Component Interactions 

The chair system for zero-effort measurements of biomedical information was 

composed of two cECG probes, two cPPG probes, and an EMFi sensor for BCG 

(Figure 3-1a). The main printed circuit board (PCB) in Figure 3-1b includes a 

microcontroller unit (MCU) ATMEGA 128 (ATMEL Co., USA), two 8-channel 

analog-to-digital converters (AD7606-8, Analog Devices, USA), and a Bluetooth 

module (Parani-ESD200, Sena, USA). The MCU controlled the ADC which 

digitalized all the signals in 16 bits at a sampling rate of 128 Hz and controlled the 

Bluetooth module to transmit the digitized data to a viewer application running on a 

tablet personal computer. Utilizing direct-skin contact points of the controller form 
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factor on a powered wheelchair, an ECG probe, including two passive ECG 

electrodes (aluminum) for direct skin contact, was installed as shown in Figure 3-1c. 

One electrode was placed on the wheelchair controller to contact the thenar and the 

1st lumbrical of the right hand, and another electrode was placed on the left handgrip. 

The wheelchair controller also included a PPG probe (Figure 3-1d) composed of an 

880 nm LED (QBLP650-IR2, QT Brightek, USA) and PD (TSL260R-LF, ams, 

Austria) for contacting the right index fingertip. These probes were used only for 

measurements that occurred during the motorized wheelchair movements.  

 

3.1.1.2. Unobtrusive Sensors in Chair 

Each electrode of the two cECG probes included a conductive area (30 x 20 mm2) 

for the PCB and a high input impedance amplifier (OPA124, Texas Instruments, 

USA) with an aluminum cover as shown in Figure 3-1e to decrease ambient noise, 

referring to a previous design [65]. The differential signal between a pair of 

electrodes was transmitted through insulated wires to a circuit to enhance the 

analogue signal quality within the aluminum case (44 x 40 x 13 mm2). The signal 

was amplified by an instrumentation amplifier (INA118, Texas Instruments, USA) 

and filtered by a 4th Sallen–Key bandpass filter (i.e., 5-35 Hz) with operational 

amplifiers (OP497, Analog Devices, USA) in the circuit. The cECG electrode pairs 

were placed on the backrest so they would contact the participant’s back area and a 

seat belt was used to contact the participant’s chest (i.e., halfway between the 

xyphoid and the umbilicus). The electroconductive fabric (27 x 16 cm2) was chosen 

as the common ground which capitalizes on a definite chair characteristic: the hip 

and thigh must be in contact with the surface because of the earth's gravity.  
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Figure 3‑1. Biosignal chair   

(a) Sensor Locations (b) Main board (c) Side view of wheelchair fastening seat belt and 

holding hands on electrodes for palm ECG (d) Side view and 45-degree-angle view of 

controller with an electrode for thenar and 1st lumbrical (i.e., between thumb and index 

finger) and LED-PD pair in fingertip region (e) cECG electrodes with casing of signal 

enhancement circuit (f) cPPG probe with 8 LEDs and a PD (g) EMFi sensor below a seat 

base for BCG 
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A novel cPPG probe (Figure 3-1f) was created to enhance the penetration of light 

through clothing and to extend the range of measurable fabric types. The first idea 

was to increase the numbers of LEDs under typical conditions of forward voltage 

and currents to prevent the temperature rise observed in the previous cPPG study 

[23]. Second, a highly sensitive PD containing a photodiode and preamplifier inside 

its package was chosen to avoid noise magnification because external filters and 

amplifiers can not only enhance the meaningful information but also the noise after 

contamination due to conduction.  

For each cPPG probe, eight 850-nm LEDs (TSHG5210, Vishay, USA) were 

positioned around a PD (ODA-6WB-500M, Optodiode, USA). A typical LED 

intensity was 230 mW/sr (1.5 V) under conditions with a forward current of 100 mA 

and a pulse time of 20 ms. The most appropriate number of LEDs to illuminate was 

selected using an 8-ch LED driver (TLC59210, Texas Instruments, USA), which 

supplies 100 mA for each LED with a typical forward voltage. The selections were 

ordered by the MCU based on the mean value of the light intensity received every 

minute. Two cPPG probes were embedded in the seat base so that one probe (56 x 

44 x 15 mm3) contacts the right hip area and the other probe contacts the right thigh 

area. 

The BCG signal from the EMFi sensor (30 x 30 cm2) in Figure 3-1g was enhanced 

by a circuit of operational amplifiers (OP497, Analog Devices) for bandpass filtering 

and voltage gains. The circuit was composed of a 4th Sallen–Key highpass filter, a 

noninverting gain, and a 6th Sallen–Key lowpass filter. 
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3.1.1.3. Simultaneous Measurement of Reference Signals 

In addition to the nonintrusive biosignals, the biochair system simultaneously 

recorded the reference signals—conventional ECG and PPG—using the same ADC. 

The conventional ECG was measured using attached Lead II Ag/AgCl electrodes 

(2223H, 3 M, USA) on both wrists of the participants. The reference PPG (PPG100C, 

BIOPAC) was measured using a PPG sensor strap (TSD200, BIOPAC) on the right 

index finger. To measure movement, the 3-axis acceleration values that occurred 

during motion tasks were measured by an inertial measurement unit (IMU) (EBIMU-

9DOFV3, E2box, South Korea) affixed to the moving body part. 

 

3.1.2. Experimental setup and signal quality index 

3.1.2.1. Experiments of driving and movement tasks 

In all, 23 heathy participants volunteered for the measurement experiments with 

the biochair system. Participants were asked to sit on the chair, and fasten the seat 

belt (Figure 3-1c), and to refrain from any motion in the resting state, including 

speech. 

Participants were asked to wear the clothes they would wear in their daily lives 

except for the reflective trousers, which were used to saturate the cPPG signal of the 

photodetectors. All the participants wore shirts or T-shirts over underwear in 

consideration of cECG compatibility [66]. 

The 16 participants (ranging from 24–38 years old, 8 women) drove virtually in 

the experiments. Virtual driving for the reaction was conducted in the same 

environmental setup of the ear canal EEG experiment of Chapter 2.1.1. The drive 

continued for 55–70 minutes to keep the vehicle within its lane against lateral car 
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movements (i.e., at 5 km/h to the left or right) at random intervals (5–19 s). The mean 

(SD) room temperature was 25 (5) degrees Celsius with 50 (4) % humidity. 

Seven men (24–33 years old) participated in the two movement experiments (i.e., 

three sessions, respectively). The first movement experiment involved actual driving 

sessions at three speeds (i.e., 2 km/h, 4 km/h, and 6 km/h) in a powered wheelchair 

for a distance of 100 m inside a building. The second movement experiment involved 

three types of motion sessions. The motion sessions were typically composed of 15 

repetitions of alternating motion periods (6 s) and rest periods (6 s). The first motion 

session was intended to vibrate vocal cords when speaking at the voice level of 

ordinary conversations (i.e., reading a book out loud). The second motion session 

involved swinging both arms to assess upper body movements during driving or 

while handling objects. The third motion session involved shaking the right leg to 

assess lower body movements that mimic typical habits or pedaling motions. The 10 

s data before every different session were used for template creation. The mean (SD) 

room temperature was 27 (3) degrees Celsius with 55 (6) % humidity. 

None of the participants had any psychological or neurological disorders. All the 

participants provided informed consent for inclusion before participating in the study. 

The study was conducted in accordance with the Declaration of Helsinki, and the 

study protocol was approved by the Institutional Review Board of the Seoul National 

University Hospital (IRB No. H-1509-117-705). 

The datasets were processed and analyzed using MATLAB R2017b technical 

computing software (MathWorks, USA). Bandpass filtering (5th order Butterworth) 

was applied to attenuate noise. The filters were used for cECG (8–13 Hz), seat cPPG 

(0.3–2.4 Hz), and BCG (0.6–5 Hz) to emphasize the systolic peaks, as shown in 
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Figure 3-2a. The first 20 s of data should be excluded from all filtered signals to 

eliminate transitional waveforms; therefore, recording started 20 s in advance of the 

start time of the experiments. To distinguish task periods based on quantitative 

inspections, the mean absolute acceleration for the 3-axis acceleration data 

(abbreviated as ‘acceleration’ in this paper) was calculated to avoid the directionality 

differences depending on each motion after lowpass filtering (1 Hz).  
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Figure 3‑2. (a) BCG with reference ECG and accelerometer signals; (b) BCG template 

(Bold) using serially validated peaks in the rest state of p1. 
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3.1.2.2. Template for Signal Quality Index 

After the measurement, the signal quality was quantified as an index. Methods of 

calculating the quality index of biological signals can be diverse depending on the 

target information. For example, the cross-correlation coefficient (CC) between a 

measured signal and a reference signal forms a clear method if we want to estimate 

bit by bit similarity to the conventional method [23]. 

However, the acquired signal characteristics should be considered through our 

unobtrusive methods without direct skin contact. Fundamentally, the material 

between the skin and the sensors causes signal morphology distortion even under 

ideal transmission conditions. This means that the signal's morphological similarity 

with the reference could be less informative if timing accuracy (e.g., HR) of the 

specific peak occurrence during heartbeat cycles is a target. Instead, the signal 

reliability affected by the various motions could be inspected using quantitative 

analyses of systolic peak detection results because the physiologically true peak is 

important for obtaining reliable heartbeat information. Additionally, biological 

signals have complex time domain structures, which the separation of the signal and 

noise bandwidths in the frequency domain to be difficult in the signal-to-noise ratio 

(SNR) calculation. To overcome this ambiguity, a method to reconstruct ideal signals 

using the signal template and phase information from the reference ECG for SNR 

was introduced in [67] in an unconstrained measurement study. The templates were 

typically derived by averaging the systolic peak-to-peak signals by referring to the 

clear conventional signal with direct skin contacts. However, the goal of this research 

was to develop a convenient device that could assess the acquired signal reliability 

in everyday situations. For practical evaluations of signal reliability without a 
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reference signal, a mixed method that implies the template and cross-correlation 

approaches was created. 

When using the target signal only, verification of the systolic peak detections that 

define a heartbeat cycle was essential during template creation. For the validation 

procedure, instead of a reference, the cross correlation between peaks as detected by 

the Pan-Tompkins (PT) algorithm [41] (i.e., a basic detection method that is 

objectively reproducible within a specific time window) was applied. The PT 

algorithm determines a local peak as a systolic peak using adaptive thresholds (e.g., 

noise level) calculated from early samples. If a specific time span around a detected 

peak to inspect the signal shape is chosen, the signal candidates for the template can 

be defined for each peak. 

Therefore, the similarity of the observed peak signal to the other peak signals 

represented as the mean CC for all peak combinations could function as the quality 

criteria when selecting a component to create the template. 

 

3.1.2.3. Peak Signal Comparison for Template Creation 

Figure 3-3 shows a flowchart for comparing peaks using interpeak CC. The 

detailed procedures with equations are as follows. 

 

1) Cross Correlation Between Signals Around Peaks  

For a 6-s time window, the peak points were detected in their original order i = 1, 

…, M as 

 [𝑝𝑒𝑎𝑘[1], 𝑝𝑒𝑎𝑘[2], … , 𝑝𝑒𝑎𝑘[𝑀]]. (1) 

N samples of the time series around each peak were stored in a signal vector, 
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 𝑥→𝑝𝑒𝑎𝑘[𝑖] = [𝑥1, … , 𝑥𝑁] (2) 

The samples within the time span (S) around the peak are represented by 

 𝑥→𝑝𝑒𝑎𝑘[𝑖]±𝑆 = 𝑥→𝑝𝑒𝑎𝑘[𝑖] (𝑡 = −𝑆,… , 𝑆). (3) 

The CCs were calculated using pairs of 𝑥→𝑝𝑒𝑎𝑘[𝑜𝑟𝑑𝑒𝑟]±𝑆 (i.e., two different peaks). 

The choice of S affects the observed signal morphology; here, it and was selected to 

be 0.4 s in BCG. For a given instance, the CC between the peak[1] signal and the 

peak[2] signal was denoted as  

 𝐶𝐶2&1 = 𝑐𝑜𝑟𝑟𝑐𝑜𝑒𝑓(𝑥
→
𝑝𝑒𝑎𝑘[2]±𝑆 , 𝑥

→
𝑝𝑒𝑎𝑘[1]±𝑆). (4) 

The CCs between each combination of two stored signals were stored in a column 

(i.e., for each peak order) of an (M-1) x M matrix for M peaks.  
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Figure 3‑3. Flow chart to search serially correlated peaks. 
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2) Mean Cross-correlation for Each Peak  

I defined 𝑝𝑒𝑎𝑘𝐶𝐶[𝑖] as the mean value of the CCs in each column resulting from 

combinations, including 𝑥→𝑝𝑒𝑎𝑘[𝑖]±𝑆. For an example with 𝑝𝑒𝑎𝑘[1], the average was 

calculated for all the CCs derived from combinations of 𝑥→𝑝𝑒𝑎𝑘[1]±𝑆and the other 

peak-centered signals in the first column of (5) for 𝑝𝑒𝑎𝑘[1] as 

 𝑝𝑒𝑎𝑘𝐶𝐶[1] = 𝑚𝑒𝑎𝑛(𝐶𝐶2&1, 𝐶𝐶3&1, … , 𝐶𝐶𝑀&1). (6) 

Then, each 𝑃𝑒𝑎𝑘𝐶𝐶[𝑖] was stored in each column. 

 [𝑝𝑒𝑎𝑘𝐶𝐶[1], 𝑝𝑒𝑎𝑘𝐶𝐶[2], … , 𝑝𝑒𝑎𝑘𝐶𝐶[𝑀]]. (7) 

 

3) Template Formation Using Serially Correlated Peaks  

The 𝑃𝑒𝑎𝑘𝐶𝐶of the array in (7) indicated the stability of each systolic peak signal. 

To create reliable templates and HRs, the procedure must be conducted in 

continuously stable periods. Therefore, serially correlated peaks (𝑆𝐶𝑝𝑒𝑎𝑘[𝑗]) were 

defined if both 𝑝𝑒𝑎𝑘𝐶𝐶[𝑖]and 𝑝𝑒𝑎𝑘𝐶𝐶[𝑖+1] exceeded a defined threshold (i.e., 0.6 

for reference ECG) in the new sequence j = 1, …, L as 

 [𝑆𝐶𝑝𝑒𝑎𝑘[1], 𝑆𝐶𝑝𝑒𝑎𝑘[2], … , 𝑆𝐶𝑝𝑒𝑎𝑘[𝐿]]. (8) 

The template was constructed using the average of these serially correlated peak 

signals as follows: 

 𝑇𝑒𝑚𝑝𝑙𝑎𝑡𝑒  𝑦→ = 𝑚𝑒𝑎𝑛(𝑥→𝑆𝐶𝑝𝑒𝑎𝑘[1]±𝑆 , … , 𝑥
→
𝑆𝐶𝑝𝑒𝑎𝑘[𝐿]±𝑆). (9) 

Then, the verified template was extracted from the signal to observe. Using the 

created template as shown in Figure 3-2b, the template-matching method was 

applied to assess the signal quality. 



 
71 

 

 

3.1.2.4. Template-matching for the Signal Quality Index 

Using the verified signal template, then the similarity of the full data in the 

observation window to the template using template matching was observed. 

Consider a time series 𝑧→, whose sample index, n=1,…,N, can be represented as 

 𝑧→ = [𝑧1, … , 𝑧𝑁]. (10) 

The signal starting from index n in the observation period and with the same length 

as the template can be represented as follows: 

 𝑧→[𝑛] = 𝑧→(𝑡[𝑛] = 0,… ,2𝑆). (11) 

The matching method yielded a new signal composed of the CC between the 

template and the observation period of the motion signal and included every other 

sample. The templateCC (tCC) array was defined as these CC results after template 

matching by substituting tCC[n] = 0, where CC < ψ (i.e., a noise threshold, 0.5 for 

SQI) to eliminate noise: 

 𝑡𝐶𝐶[𝑛] = 𝑐𝑜𝑟𝑟𝑐𝑜𝑒𝑓(𝑦→ , 𝑧→[𝑛]). (12) 

Then, the metrics for representing the CC between the template and the entire 

observed signal are 

 𝑡𝐶𝐶𝑚𝑒𝑎𝑛 = 𝑚𝑒𝑎𝑛(𝑡𝐶𝐶). (13) 

The quality decrease induced by the noisy state can be represented as the absolute 

difference in 𝑡𝐶𝐶𝑚𝑒𝑎𝑛between the noise-free state and the observation state, 

 𝑡𝐶𝐶𝑚𝑒𝑎𝑛, 𝑒𝑟𝑟𝑜𝑟 = |𝑡𝐶𝐶𝑚𝑒𝑎𝑛, 𝑛𝑜𝑖𝑠𝑒−𝑓𝑟𝑒𝑒 − 𝑡𝐶𝐶𝑚𝑒𝑎𝑛, 𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛|. (14) 

Finally, 𝑆𝑄𝐼𝑡𝐶𝐶was defined by the similarity between the averaged tCC in the 

noise-free signal and the observation signal window to consider the physiological 
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characteristics: 

 𝑆𝑄𝐼𝑡𝐶𝐶 =
𝑡𝐶𝐶𝑚𝑒𝑎𝑛, 𝑛𝑜𝑖𝑠𝑒−𝑓𝑟𝑒𝑒

𝑡𝐶𝐶𝑚𝑒𝑎𝑛, 𝑛𝑜𝑖𝑠𝑒−𝑓𝑟𝑒𝑒+𝑡𝐶𝐶𝑚𝑒𝑎𝑛, 𝑒𝑟𝑟𝑜𝑟
⋅ 100 [%]. (15) 

When a 𝑡𝐶𝐶𝑚𝑒𝑎𝑛,𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛in a too-noisy observation period is compared to the 

template, the 𝑆𝑄𝐼𝑡𝐶𝐶 approaches to 0 %. 

By inspecting the signal quality, our goal was to enhance the possibility of 

achieving medical interpretation from reasonably qualified signals. Among the 

possible health information, an achievable target was to obtain reliable intervals 

between systolic peaks in heartbeats using the chair. In the present paper, SQI 

denotes 𝑆𝑄𝐼𝑡𝐶𝐶. 

 

3.1.2.5. Utilization of the Templates in Systolic Peak Detection 

When using the previous procedures to create templates, the PT algorithm was 

able to detect systolic peaks. However, morphological differences between the 

measured signals and the conventional ECG were observed. Unlike the ECG or PPG 

with direct skin contacts, the cECG and BCG signals were affected by media, which 

also caused distortions. In particular, the BCG measured by the EMFi sensor 

included a more confusing pressure signal because a smaller amplitude difference 

occurred between the systolic peak and the other samples (e.g., noise peaks) in a 

cardiac cycle. For example, PT falsely detected peaks from the original BCG (Figure 

3- 4a) of a 6-s time window after the arm swing task of p2. This result occurs because 

the algorithm was designed to detect the outstanding peaks (i.e., R-peak) of clean 

conventional ECGs despite the removal function of the following peaks (e.g., T-

waves).  
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To solve this problem, the template matching method [68] was utilized. Figure 3-

2b shows a template created from the average stable signals in a resting state. The 

templateCC yielded by the template matching is shown in Figure 3-4b. The 

decreased complexity of templateCC compared to the original signal was the major 

effect of applying the method. This simplification occurred because the template was 

created with samples that centered the systolic peak among complex local peaks. 

Thus, the neighboring peaks of the original signal could disappear around the systolic 

peak in templateCC. Under the enhanced dominance of the systolic peak, 

templateCC was more appropriate for threshold-based peak detection than was the 

original signal.  

 

3.1.2.6. Threshold Effect in Template-based Peak Detection 

Given the more prominent systolic peaks compared to the original signal (Figure 

3-4b), the possibility of enhancing the accuracy of peak detection was observed. For 

example, the local peaks from templateCC that were over the thresholds of ψ = 0.5 

(Figure 3-4b) and ψ = 0.7 (Figure 3-4c) were found considering the physiological 

refractory periods (i.e., 200 ms) between systoles. The templateCC (without PT) over 

both thresholds yielded successful detection of the first true systolic peak (at 0.76 s) 

and omission of the first noise peak (at 0.45 s) that was falsely detected by PT in 

Figure 3-4a. This superiority was also apparent with other noise peaks (i.e., at 1.3 s 

and 1.82 s) detected by PT for the original BCG. The 0.5 of the templateCC threshold 

yielded peaks at 1.536 s, where PT skipped the systolic peak. In contrast, 0.7 of the 

templateCC threshold were unable to find a local peak during the noise period. In 

other words, the lower threshold could possibly cause false positives, whereas the 
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higher threshold yielded false negative peak detections in noisy conditions. Through 

this analysis, the detections of peaks were defined as positives. Therefore, the 

relationship between the reliability and coverage percentage of time windows that 

satisfied the HR error criteria (e.g., 3 BPM) was analyzed. 

Noise interference even in a resting state yielded inappropriate signals for practical 

use in the postprocess. Therefore, following evaluation procedures for HR estimated 

by verified peaks was applied to confirm the reliability of biosignals measured by 

the chair system.  
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Figure 3‑4. Peaks detected by (a) Pan-Tompkins (PT) algorithm for original BCG (b) 

templateCC (tCC) over 0.5 (c) templateCC over 0.7; ψ is noise threshold. 
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3.1.2.7. Evaluation of HR estimated by detected peaks, 

Physiologically, the timing of systolic peaks caused by physical blood 

transmission (i.e., PPG) and forces (i.e., BCG) were different from the electrical 

peaks of the reference ECG [23]. Therefore, using the timing similarity between each 

‘single peak’ estimated by dissimilar modalities is not recommended for making 

judgments of the success or failure of actual peak detections. Because of the above 

relationship, the signal reliability as the ‘accuracy of HR’ was evaluated using 

estimated intervals between the detected peaks in each window. Additionally, the 

HR error (HRerror) metric was defined as the absolute difference between HRref and 

HRest. An HR similarity index [69] was defined for the direct comparison whose 

maximum value was 100% by using the HR error in the denominator as follows: 

𝐻𝑅𝑒𝑟𝑟𝑜𝑟 = |𝐻𝑅𝑟𝑒𝑓 −𝐻𝑅𝑒𝑠𝑡| (16) 

  

3.1.3. Estimation of drowsiness 

Utilizing the HRV and four nonlinear features (i.e., H, HFD, SpEn, and PmEn) 

[14] of measured signals by unconstrained methods, random Forest (RF) was used 

for classifications. To avoid biased results, a cross-validation (CV) process was 

performed by overfitting the trained RF predictive model with a large number of 

features as follows. First, we separated the optimization set into observation data. 

Two-thirds of these observation data were repeatedly separated into training sets (i.e., 

4/5 of the optimization set) and validation sets (i.e., 1/5 of the optimization set) in 

order to perform a 5-fold CV process. The minimum mean squared error (MSE) of 

classification of the 5-fold CV defined the condition for an optimal number of ranked 
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features. A reliability analysis was performed using the remaining one-third 

observation data for the final test set.  

The ground truth of state for statistical analysis was labeled by the reaction time 

(RT) of steering to the forced random movement of a virtual car for objectively 

judging the attention states of a driver. The reaction was perceived in the simulation 

program when the difference in steering angle exceeded 10 after the forced move 

events. The instantaneous reaction time could be obtained through temporary 

inattention or the steering angle error perceived by the program. Therefore, we 

applied the average of 5 reaction times to consider the past and future reaction times 

as the equation [70]: 

 5 − RT average (𝑡)  =  ∑  
𝑅𝑇 (𝑘)

5

𝑡+2

𝑘=𝑡−2

 (17) 

where t is the index of each RT for the random forced movements. The 

combination of instantaneous and continuous reaction information could determine 

not only a state of temporary distraction or waking up but also a state of severe 

drowsiness. The determination algorithm judged a driver to be in the awake state if 

both the temporary RT and 5-RT average are less than 1.2 s. Furthermore, a driver 

was judged to be in an actual drowsy state if both the temporary RT and 5-RT 

average are greater than 1.5 s (Figure 3-5).  
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Figure 3‑5. The reaction time (RT) distribution from driving results of participant 1 
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3.2. Results 

3.2.1. Signal quality index of measured signals 

I observed that the biosignal chair system successfully measured cECG, cPPG, 

and BCG during the resting period before the movement tasks of all the participants 

began. In the resting state, the shirts of all participants without outer clothing were 

compatible with cECG. Additionally, the cPPG apparatus showed the ability to 

obtain hemodynamic information from thigh vessels inside the trousers of all 

participants. However, the movement sessions—from virtual driving to extreme 

motions—yielded unstable physiological signals. For example, representative 6-s 

signals measured by an unobtrusive biosignal chair during arm movement as one of 

the extreme movements were observed. The signal qualities of the back and chest 

cECGs (Figure 3-6) and BCG (Figure 3-8) were too noisy to detect systolic peaks. 

The SQI close to 50 % was able to successfully distinguish the difference between 

noisy states and noise-free signals. The tCC gave us information concerning signal 

measurement reliability because a lower CC represented a higher probability of noise 

interference or unstable contacts. Interestingly, in several periods, the cPPGs (Figure 

3-7) measured under the lower body were less distorted than were the other signals 

despite the upper body motions. Unlike the BCG, which showed complex small 

differences between the systolic peak and the other peaks, the PPG proved to be far 

more robust under upper body part movements, resulting in SQI values of 

approximately 90%. The signals in resting states show the signal stability and 

outstanding systolic peaks despite the fact that the signal was measured after the 

sensor detachments caused by motions.   
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Figure 3‑6. SQIs of cECG during a movement task and a resting task of p7 with the 

templateCC (ψ>=0.5) derived from original signals; ψ is noise threshold. The average of 

values of dashed line over the threshold equals the SQI. 
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Figure 3‑7. SQIs of cPPG during a movement task and a resting task of p7 with the 

templateCC (ψ>=0.5) derived from original signals; ψ is noise threshold. The average of 

values of dashed line over the threshold equals the SQI. 
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Figure 3‑8. SQIs of BCG during a movement task and a resting task of p7 with the 

templateCC (ψ>=0.5) derived from original signals; ψ is noise threshold. The average of 

values of dashed line over the threshold equals the SQI. 
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For the quantitative analysis, Table 3-1 shows the mean SQI for all the participants 

in each movement session. The mean (SD) of total number of 6-s observed windows 

for whole virtual driving session was 148 (45) as balanced state dataset. In the virtual 

driving task, the average of signal quality level was 79 % for all participants. The all 

physiological signals show SQI lower than real driving of powered wheelchair and 

arm movements. One of reasons was urgent steering motions because of the lane-

keeping task much harder than the straight forward control of wheelchair. 

Additionally, the drowsy state that shows the inability to control the body could 

cause the disconnection between sensors and body. Therefore, the actual signal 

quality in the awake state was different from the signal quality during drowsy states. 

The SQI of BCG in drowsy state increased 0.4 % because of slower reactions. 

In the real driving of a powered wheelchair, a speed influence on SQI was expected. 

Movements at higher speeds cause larger vibrations because the collisions between 

the faster wheel rotations and the corridor ground are affected by gravity. The 

decrease of SQI was a common phenomenon in all the signals except for the cECG 

on the chest because the belt maintained pressure between the sensors and chest. 

Because a seatbelt is essential for driving safely, the cECG on chest could be a robust 

method under the less adequate conditions caused by high-speed movements.  

During the actual driving task with 2 km/h speed, the mean SQI of cECG were 

86.4 % on the chest and 85.5 % on the back, while the mean SQI of cPPG were 88.1 % 

on the hip and 91.4 % on the thigh. Finally, BCG had a mean SQI of 69.5 %. With 

the increase of speed to 4 km/h, the SQI of cPPGs and BCG decreased about 5 %. 

Except the BCG found no tCC over 0.5 with the speed of 6 km/h, the 1% of SQI 

decrease for the other physiological signals were observed.  
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Table 3‑1. Mean SQI of unobtrusive biosignals depending on sessions. The different 

effects on each modality were observed according to the movement type.  

Signal 
Sim. a 
Awake 

Sim. 
Drowsy 

2 

km/h 

Drive 

4 

km/h 

Drive 

6  

km/h 

Drive 

Vocal 
Mov. 

Arm 
Mov. 

Arm 
Rest 

Leg 
Mov. 

Leg 
Rest 

           

cECG 

(Chest) 
83.7 82.7 86.4 88.3 87.9 91.1 81.3 88.3 89.1 91.5 

cECG 

(Back) 
73.2 73.4 85.5 87.7 86.7 86.5 80.2 86.7 75.1 91.7 

           

cPPG 

(Hip) 
85.5 84.8 88.1 81.7 80.5 93.7 90.6 93.3 81.2 91.8 

cPPG 

(Thigh) 
83.7 83.2 91.4 87.8 86.8 94.3 85.5 93.1 87.6 91.8 

           

BCG 69.6 70.0 69.5 64.9 N.A.b 74.4 61.7 81.4 63.4 84.5 
           

a Sim: Driving Simulation     

b N.A.: Not available datum 
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The lowest signal quality stability in BCG among the biosignals was related to the 

sensitivity of the EMFi sensor to motion. The morphology and robustness of BCG 

could be varied depending on electromechanical sensor characteristics. The BCG 

was corrupted by distortions. As mentioned in the signal morphology during the 

upper body movement experiment, each modality has different strong points that 

complement each other considering the diverse motions that occur during long-term 

monitoring. The noise level in the BCG also reflected the greater impacts. Therefore, 

the BCG is unsuitable for reliable data interpretations not only for HR analysis but 

also when determining states related to physical system impacts. 

Similar to real driving results, 90 s vocal movement caused by speaking affected 

the BCG because of the added vibration. Except for the 74.4 % of BCG SQI, all the 

other physiological signals during vocal movements achieved high SQI values in the 

range of 86.5–94.3 % similar to the SQI values in the resting states after the motion 

states. This means that the biosignal chair system is capable of acquiring suitable 

cECG and cPPG signals during conversations, which occur frequently. Both extreme 

arm and leg movements demolished the contacts between sensors and the moving 

body part. However, supplementary results were observed through the 

measurements of the other body parts. After the movements, the metrics of 81.4%-

91.8% close to the maximum value demonstrate the stability of the unobtrusive 

sensors. This result confirmed that unobtrusive measurements could be regained 

after movements. In other words, the unconstrained signal measured by the biosignal 

chair system in the resting time immediately after daily life motions has a satisfactory 

quality for accumulation of health data. It is because the signal quality SQI levels 

increased during the resting tasks without any assistance by the researchers.  
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3.2.2. Heart rate estimation accuracy of biosignal chair 

For the systolic peak detection of unconstrained signals, we applied the template-

based method with the threshold ψ to assess the signal characteristics. As mentioned 

in the Methods section, the threshold used for systolic peak detection affects the 

𝐻𝑅𝑒𝑟𝑟𝑜𝑟and its coverage satisfied the criteria. This was because the threshold could 

change the observed target CC area. Therefore, we analyzed the HR estimation 

results by varying the threshold, as shown in Table 3-2. 

Among the various signals, the cECG on the back was notably affected by the 

peak detection method during the resting states after leg movements. The averaged 

result for all the participants showed the possibility that an optimal threshold exists 

in the range of 0.5–0.7 in the example of cECG on back. Similar procedures we could 

derive the best threshold to estimate minimized 𝐻𝑅𝑒𝑟𝑟𝑜𝑟for each window as shown 

in Table 3-3. Although there were individual differences in the threshold effect, 

higher HR accuracies of 0.34-1.07 BPM were achieved through the estimations with 

the template matching method. The optimal threshold calculated through the 

selection’s frequency of Ψ, the value was in the range of 0.42-0.46 except 0.55 for 

BCG because of its characteristics of complex morphology. 

The cPPG achieved higher accuracy during the virtual driving task than did the 

other physiological signals. This result occurred because the driving simulation 

required only steering motions without pedaling motions. Therefore, this cPPG result 

was not related to acceleration or braking effects during the drive; instead, it was 

related to the abrupt upper body movements that occur in daily life. As shown by the 

SQI values in Table 3-1, the HR resulting from BCG was reliable only for limited 

cases without motion.  
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Table 3‑3. Best 𝐻𝑅𝑒𝑟𝑟𝑜𝑟 using optimal threshold and selected frequency for 

unobtrusive biosignals during leg movements. 

Biosignals Best 𝐻𝑅𝑒𝑟𝑟𝑜𝑟  [BPM] Optimal Ψ 

   

cECG (Chest) 0.34 0.46 

cECG (Back) 1.07 0.42 

   

cPPG (Hip) 0.56 0.43 

cPPG (Thigh) 0.54 0.43 

   

BCG 11.24 0.55 

   

 

Table 3‑2. Mean 𝐻𝑅𝑒𝑟𝑟𝑜𝑟   and coverage ratio of various criteria for 6-s cECG 

windows measured on back in rest states after leg movements depending on each 

peak detection method. The proper range of tCC could be analyzed through the HR 

error and its coverage ratio. 

 cECG Back  Coverage ratio of time windows [%] 

Peak detection 

method 

mean(HRerror) 

[BPM] 
 

HRerror  

< 5 BPM 

HRerror  

< 4 BPM 

HRerror 

 < 3 BPM 

PT a 10.6  82.9 82.9 82.9 

tCC b > 0.4 9.3  64.3 64.3 62.5 

tCC > 0.5 4.2  79.4 79.4 75.8 

tCC > 0.6 0.6  90.5 90.5 86.9 

tCC > 0.7 0.4  90.5 90.5 86.9 

tCC > 0.8 0.9  81.1 81.1 79.4 
a PT: Pan-Tompkins algorithm 
b tCC: templateCC-based algorithm 
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3.2.3. Drowsiness detected by measured biosignals 

In the chapter 2.3.1, HRV and nonlinear features from the sufficient data quantity 

of both PPG and ECG of all participants were required to the classification 

performance enhancement. Therefore, 180 s of unconstrained measured data were 

utilized for RF machine learning. The kappa values of the prior information were all 

above 0.3. We noted that the original HRV features showed differences from the 5-

min data length protocol because shorter data could not be used to evaluate low 

frequency components. The used data information was accurate for the variation of 

CC between the HRVs of each data length and 5-min data [43]. In addition to the 

HRV features, the effect of each nonlinear feature on signal classification can be 

summarized in Table 3-4. The kappa difference between the datasets is represented 

by the column Δκ. Considering the decreased reliability (i.e., -0.051 of Δκ) of 

classification for cPPG under the thigh, the nonlinear information was seen to not 

improve performance. This phenomenon was also observed in the BCG sensitive to 

motion. Contrarily, the nonlinear features of cPPG under the hip increased by 0.075 

for the mean κ. Except for cECG on the chest with binding, the increase of SD of κ 

was generally observed because of the nonlinear feature inclusion. The other 

information yielded both positive and negative effects based on the reliability 

changes. The noise level of the received signal in the unconstrained measurement 

was too high to provide additional details to detect drowsiness among mixed states. 

The randomness of noise confused the classifier with regard to distinguishing 

participants’ states with the 180 s data. The unconstrained signals showed an 

approximately 0.1 lower value for kappa performance than each conventional signal, 

which is the ideal accuracy of the HRV. 
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Table 3‑4. Mean and SD of kappa coefficients yielded by HRV with increments by 

nonlinear features of unconstrained physiological signals. Noisy BCG signal showed 

the decrease of kappa coefficient because of nonlinear features. 

 Mean of κ SD of κ 

Biosignals HRV HRV+N a Δ Mean κ HRV HRV+N Δ SD κ 

       

Reference ECG 0.505 0.479 -0.025  0.091 0.111 0.020  

cECG (Chest) 0.410 0.423 0.013  0.145 0.137 -0.008  

cECG (Back) 0.336 0.344 0.008  0.071 0.100 0.029  

       

Reference PPG 0.444 0.452 0.008  0.136 0.112 -0.024  

cPPG (Hip) 0.335 0.412 0.076  0.175 0.187 0.012  

cPPG (Thigh) 0.420 0.368 -0.051  0.106 0.125 0.019  

       

BCG 0.313 0.291 -0.022  0.162 0.168 0.006  

       

a N: Nonlinear features 
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Chapter 4. Discussion 

4.1. Drowsiness Detection of Ear canal EEG and Heart-

related Signals compared with Previous Physiological DDS 

Studies 

As shown in Table 4-1, the classification results from the present study were 

compared with those of related studies on drowsiness recognition utilizing nervous 

system signals during driving tasks. For single-channel EEG, researchers using Oz 

EEG data characterized by the Mahalanobis distances for the alpha or theta rhythms 

acquired a mean F1 score (i.e., harmonic mean of the sensitivity and positive 

predictive value) of 0.776 for 10 participants [8]. Similar mean F1 scores were 

obtained for the 10 s of ear canal EEG in our study when using a specific ranking 

method. The mean F1 scores increased to 0.992 when using SVM-RBF and 0.990 

when using RF with the 230 s ear canal EEG and the composite ranking method.  

For multiple EEG channels (approximately 30 EEGs), drowsiness studies have 

introduced various feature extraction methods and classifiers to enhance the 

classification performance. An integrated network of independently estimated 

multiple sources from the brain for spectral features yielded an accuracy of 0.887, as 

demonstrated through a leave-one-subject-out cross-validation process for 10 

participants with LIBSVM [70]. The performance using a Bayesian neural network 

was enhanced by ICA with entropy rate bound minimization to an accuracy of 0.882 

and an area under the receiver operating characteristic curve (ROC-AUC) of 0.930 

from 3139 units (2-s segment) for each state of 43 participants [71]. Adaptive 
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boosting (AdaBoost) of the decision tree classifier (maximum depth of tree = 9) 

showed the best performance, with an accuracy of 0.975 and Matthews correlation 

coefficient (MCC) of 0.952, for 28 participants [62]. A back propagation neural 

network achieved the highest accuracy of 0.983 from 3600 units (1-s segment) for 

each state of 12 participants [13]. Most of the enhancement methods in these studies 

compensate for narrow coverages of weak learners or of feature extractions for EEG 

in the way that the composite ranking algorithm of the present study that implies 

diverse ranking filters. 

On the other hand, with PPG or ECG, the performance using 10 s data in our study 

was similar to that from a study conducted using HRVPPG, HRVECG, and ECG-

derived respiration (EDR) to classify 12 participants as ‘awake’ versus ‘sleep stage 

1’ [72] and another study using the LF/HF of HRV from ECG with the neural 

network for the detection of fatigue in 12 participants [73].  

Several studies have reported improved drowsiness classification performance 

utilizing a combination of EEG and heart-related sensors. Higher accuracy (nearly 

0.970) was obtained using an EEG, EOG, and ECG dataset than using ECG data 

only (0.875) or EEG data only (nearly 0.960) [10] with machine learning using 

features extracted from fuzzy mutual information-based wavelet-packet transforms. 

An increase in accuracy from 0.764 when using 5-channel EEG to 0.809 when using 

the combination of ECG and one EEG channel was demonstrated [30]. Our results 

are consistent with those of related previous studies because the RF and SVM-RBF 

classifiers yielded kappa coefficients in the range of 0.840–0.991 for the multiple 

sensor types, greater than the results for a single modality (i.e., 0.778–0.981 for ear 

canal EEG or 0.818–0.978 for ECG). In this regard, the combination of multiple 
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sensor types including ear canal EEG, PPG, and ECG were a feasible approach for 

recognizing drowsiness with these machine learning methods. 

Table 4‑1. Arithmetic mean of statistical measures of classification performance in related 

studies using biosignal features [14]. 

Author 
Representative 

classifier 

Biosignal  

(# of channels) 
Arithmetic mean 

Performance 

measure 

# of participants 

(age) 

Lin  

et al. 

 Mahalanobis 

distance 
EEG (1; Oz) 

0.776  

0.883  

F1 score 

Sensitivity 

15 

(NA) 

      

Chuang 

et al. 
SVM-RBF EEG (30) 0.887  Accuracy 

10  

(NA) 

      

Chai  

et al. 

Bayesian  

Neural Network 
EEG (32) 

0.930 

0.882 

ROC-AUC§ 

Accuracy 

43 

(18–55 years) 

      

Hu  

et al. 

Adaptive 

Boosting 
EEG (30) 

0.952 

0.975 

MCC§§ 

Accuracy 

28 

(19–24 years) 

      

Min  

et al. 

Back 

propagation 

Neural Network 

EEG (30) 0.983 Accuracy 
12 

(19–24 years) 

      

Lee  

et al. 

Kernel-based 

Fuzzy-C-Mean 

PPG + ECG 

+EDR§§§ 
0.883  Accuracy 

12  

(38±16 years) 
      

Patel  

et al. 
Neural Network ECG 0.900  Accuracy 

12  

(47±11 years) 
      

Khusha

ba et al. 
LDA 

ECG 0.875  

Accuracy 
31  

(20–69 years) 
EEG (3) + ECG + 

EOG 
0.970  

      

Awais 

et al. 

SVM 

[Pearson VII 

function-based 

universal kernel] 

EEG (5) 0.764 

Accuracy 
22 

(18–35 years) 
ECG 0.700 

EEG (1) + ECG 0.809 

   10 s 230 s   

Present 

study 
SVM-RBF 

Ear canal EEG 

0.778 0.983 Kappa 

16 

(25–32 years) 

0.889 0.992 Accuracy 

0.898 0.992 Sensitivity 
    

PPG 

0.595 0.944 Kappa 

0.798 0.972 Accuracy 

0.817 0.986 Sensitivity 
    

ECG 

0.818 0.969 Kappa 

0.909 0.985 Accuracy 

0.891 0.994 Sensitivity 
    

Ear canal EEG + 

PPG + ECG 

0.905 0.990 Kappa 

0.952 0.995 Accuracy 

0.949 0.998 Sensitivity 
§ ROC-AUC: Area under the curve of the receiver operating characteristic curve 
§§ MCC: Matthews correlation coefficient 
§§§ EDR: ECG-derived Respiration 
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For comparisons of features with other heart-related sleepiness studies, Table 4-2 

lists the importance of each feature where both PPG and ECG features were utilized 

for predicting drowsiness. Among the various spectral features, the LF/HF ratio was 

the most important feature for both sets of 10 s PPG and ECG data. The ratio of the 

two frequency bands has been utilized as an informative feature in other sleepiness 

studies using HRV with driving tasks. There were various interpretations regarding 

the relation of the LF/HF ratio to the nervous system. In some studies, the mean 

value of the LF/HF ratio decreased during transition from an attentive state to a 

fatigued state without the need to perform any specific task [17], [63]. On the other 

hand, an increase in the mean value of the LF/HF ratio was confirmed in experiments 

with more complex tasks that required reactions (e.g., forced moves or incoming 

vehicles) [29], [74], [75]. In our experiment, no specific trend with respect to an 

increase in spectral features was observed. The possibility of ecological fallacy in a 

feature should be cautious considering individual differences. This is because our 

perspective about drowsiness could include abrupt state changes and struggling to 

escape from a forced loss of consciousness. Overall, the top three spectral features 

were obtained from ECG data and not PPG data . This important result could explain 

the higher reliability results of ECG compared with those of PPG data. Although 

both ECG and PPG commonly utilized HRV information derived by systolic peaks, 

the features were not identical. In terms of systolic timing consistency, ECG peaks 

were superior to PPG peaks because the pulse transit time (PTT) of the blood is 

affected by blood vessel conditions [76]. Changes in PTT were observed in relation 

to blood pressure (BP) under the specific condition in many experiments. If we 

consider arterial wave propagation models that establish the relationship between 
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arterial elasticity and PTT, PPG pulses could provide physiological and physical 

information, including that of blood vessels. However, inconsistent pulse timings 

could negatively affect investigations on the period between electrical impulses 

produced by the sinoatrial node. In other words, PPG information on blood vessel 

contains noises when extracting HRV features for predicting drowsiness. 

The ECG_H and ECG_SpEn in the 10 s data and the complexity features of ECG 

in the 200 s data were highly ranked among nonlinear features. The high ranks of 

ECG_HFD and ECG_RMSSD in the 200 s data are consistent with those of related 

work using ECG when driving in an actual road [18]. In the reference, HFD and 

RMSSD were on the list of the top ten ranked features. However, there was no 

similarity between PPG and ECG data with respect to the importance of nonlinear 

features. The fact that the nonlinear features had no importance rankings emanated 

from the fundamental difference between PPG and ECG shapes measured by 

different sensors. Unlike HRV, which only uses systolic peaks, nonlinear features 

use various waveforms (e.g., PQST waves in ECG and notch in PPG) in the dataset. 

The RF model was made robust by the amount of information available, but we have 

to be careful about minor errors when added information may cause uncertainty or 

noise when predicting drowsiness. 

Sufficient HRV and nonlinear information with RF machine learning helped in 

achieving kappa values above 0.5 when predicting drowsiness using both 

conventional and unconstrained methods. To investigate the characteristics of each 

nonlinear feature, the SD (i.e., errorbar) of kappa values for all participants could be 

compared using datasets without and with the nonlinear features of heart-related 

signals (Figure 4-1). Different nonlinear features had a different effect on reliability 
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enhancements with HRV features from each PPG and ECG data. The first error bar, 

denoting the maximum value of SD (0.363 in PPG and 0.367 in ECG) indicates 

insufficient information of HRV only in the 10 s data, including unavailability of the 

VLF feature. Every nonlinear feature compensated the HRV feature with lower SD 

in the 10 s data. On the other hand, a nonlinear feature could not help in classifying 

drowsiness with HRV features. Although almost all combinations exhibited 

enhancements, the performance of some combinations with nonlinear features was 

lower than that of HRV. The inclusion of a nonlinear feature, such as H of 60 s PPG, 

SpEn of 180 s PPG, SpEn of 30 s ECG, and SpEn of 180 s ECG decreased prediction 

performance. These features of specific data length yielded lower mean and larger 

SD values than those obtained using only  HRV features. In these cases, additional 

information resulted in confusion in machine learning, despite the generalization 

ability of RF. The amount of data required for feature extractions could be similar to 

other sources of HRV (i.e., PPG or/and ECG) as shown in Figure 4-1. Almost all 

performances entered the plateau at the 120 s data length in this experiment. 
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Table 4‑2. Feature Importance and Ranking derived in 10 s data and 200 s data for 

RF. The LF/HF ratio and nonlinear features were highly ranked. 

Rank 
10 s 200 s 

Feature Importance Feature Importance 

1 ECG_LF/HF 0.965 ECG_HFD 0.688 

2 ECG_H 0.920 ECG_H 0.567 

3 ECG_SpEn 0.512 ECG_SDNN 0.364 

4 PPG_LF/HF 0.417 ECG_LF/HF 0.352 

5 PPG_HFD 0.366 ECG_LF 0.352 

6 PPG_NNI 0.362 ECG_RMSSD 0.325 

7 ECG_NN20 0.300 ECG_ NNI 0.317 

8 PPG_RMSSD 0.287 PPG_ NNI 0.299 

9 PPG_pNN20 0.271 PPG_pNN20 0.295 

10 PPG_SpEn 0.270 ECG_TF 0.255 
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Figure 4‑1. Mean kappa coefficients with SD error bars using HRV features only versus 

HRV with each nonlinear feature derived from (a) PPG (b) ECG 
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4.2. DDS system for practical use 

Despite the many features of machine learning, the reliability of heart-related 

signals could not overcome the limitation of the origin difference with EEG, 

including the ear canal EEG. Conventional scalp EEG had the highest accessibility 

to the neuronal information inside the brain. However, the usability and aesthetic 

appeal of ear canal EEG with earsets was higher than that of the traditional method, 

which involves cumbersome wearing procedures and is not visually appealing. 

Furthermore, measurements could be conducted effortlessly by the proposed 

biosignal chair for sleepiness estimation.  

Improved sensing technologies have been developed for ubiquitous healthcare 

[77]. Researchers have developed chair systems to perform cECG and cPPG to 

obtain information about cardiac cycles during resting and driving [1]. Motion 

artifacts can frequently occur during unconstrained measurements and corrupt health 

information. Therefore, the effects of motion on cECG and cPPG signals obtained 

through unconstrained measurements using a clothing-based collective chair system 

were inspected. The signal quality and performance of heart rate (HR) estimations 

using inter-beat intervals were analyzed.  

The major limitation of practical cPPG is the difficulty in measurement when 

faced with different types of clothes because the measurement depends on light 

permeability. A contributing factor in this limitation is the difficulty of increasing the 

intensity of light-emitting diodes (LEDs) and sensitivity of photodetectors (PDs). In 

a previous study on the cPPG chair, researchers revealed a potential safety issue: 

despite additional heat sink configurations, LED temperatures increase with the 

increasing current, which is required to penetrate thick clothes [23]. The heat 
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problem in a cPPG system was solved with respect to long-term use as a sensor of a 

DDS. The temperature did not increase during the continuous preparation of the 

experiment and there was no report of discomfort felt by participants. The key 

finding was the signal reliability of cPPG during upper body movement and in actual 

driving situations. Gravity enabled consistent contact even though moving vibrations 

still remained (Figure 4-2). Additionally, two cPPG systems 20 cm apart placed 

under the lower body showed different values of stability depending on the posture 

and movements of the participants. In contrast, the leg movement dominantly 

affected the measurements of a cPPG system placed on the seat base. Therefore, 

multimodal sensors were suitable for unconstrained biosignal measurements to 

enable use in diverse situations. Multiple vital signs of an individual can be 

monitored when they sit on a biosignal chair, even if the chair is placed in a car. 

People with industrialized lifestyles sit in chairs frequently; thus, a chair providing 

biosignals can not only confirm vital signs but also acquire a large amount of 

cumulative daily physiological information. Accumulating daily data outside of a 

hospital environment increases the potential to obtain solutions for preventing an 

illness or for curing chronic diseases [78] such as cardiovascular disease (e.g., heart 

attacks and stroke), cancer, diabetes, epilepsy, seizures, and obesity.  
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Figure 4‑2. SQIs during a 2km/h real driving task of p7 with the templateCC (ψ>=0.5) 

derived from original signals; ψ is noise threshold. The PPGs showed high SQI despite the 

wheelchair movement. The cECG by fastening chest belt is excluded. 



 
101 

 

Chapter 5. Conclusions 

The present study used EEG and heart-related signals with machine learning to  

demonstrate that physiological features related to the nervous system can be used to 

recognize the loss of attention caused by drowsiness. Our main contribution is the 

demonstration that the earplug format for in-ear EEG and unobtrusive biosignal chair 

might be one of the most accessible tools utilizing advances in physiological DDS 

to enhance user comfort [79], [80]. Based on the physiological attributes obtained 

using this device, the classification ability of an intelligent system to differentiate 

between drowsy and awake states was demonstrated while completing tasks that 

required sustained attention. The system was robust regardless of gender or time 

since waking. Furthermore, the relation between the ear canal EEGs with the 

conventional PPG and ECG was evaluated considering a DDS system or user-

friendly devices. For a broader insight, common nonlinear features and variations in 

data length were applied. Diverse machine learning algorithms and feature ranking 

filters were utilized to develop a comprehensive view of the reliability of the analysis. 

For all the classifications, the reliability values for every signal increased with 

increasing data lengths, and they were stable when the data length was approximately 

120 s, with an increase in the statistically significant differences in features between 

states. In addition, the number of participants who displayed feature significance 

according to the t-test increased with the data length. The continuous measurement 

of biological signals has been a challenge for practical monitoring systems [1]. It 

was difficult to sustain the quality of physiological data, which affected the 

classification performance for transitional states. In this regard, integrating 
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information from the ear canal EEG with PPG and ECG has the advantage of 

enhancing classification reliability, while requiring shorter data acquisition length. 

For the DSM system, the ear canal EEG exhibited good detection ability for shorter 

data lengths using optimized features after filtering the less important features of the 

conventional PPG and ECG. In the optimized model, the general importance of each 

attribute was studied using the IPS with ranking filters. In the analysis of feature 

importance, the nonlinear features were superior to the individual standard features 

of the ear canal EEG and heart-related signals. IPS will be meaningful when 

integrating real-life data while considering individual differences. The preservation 

of individual information on physiological differences (e.g., age, gender, and 

ethnicity) with IPS can supplement the loss of details in grouped data. Through 

composite ranking of the features according to the mean IPS values (i.e., information 

from various ranking filters) enhanced the classification performance.  

For comfortable physiological signal monitoring, we implemented a biosignal 

chair with multiple form factors. To quantitatively investigate the effect of 

movement on the signal quality, we developed a similarity index for stable signals 

based on a template constructed from serially correlated peaks. In addition, the 

templateCC-based peak detection method increased the HR estimation accuracy by 

utilizing verified peaks. We investigated the reliability of signals affected by 

movement through quantitative analyses of the systolic peak detection results to 

assess various practical situations. 

In long-term monitoring real-life environments, sensing condition variations 

include different types of motion and varying levels of temperature, humidity, and 

electrical noise. However, the results of the current study were obtained under stable 
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laboratory conditions. We controlled the temperature, humidity, electrical noise, and 

the clothing worn by participants to focus on the effects of movement in the 

experiments. Despite the controlled conditions, we found that using multimodal 

sensors enhanced the opportunities for acquiring reliable information.  

The present results might be limited under laboratory conditions during tasks that 

require sustained attention. The results may lack generality because the number of 

participants was not statistically sufficient, given the lack of age diversity and the 

gender ratio. The performance might be limited to our dataset. Further data collection 

is necessary to establish the effect of age on features associated with drowsiness. The 

physical activity of participants before the experiment was not controlled to study 

their natural state and their daily physical activities. The effect of activity history on 

the drowsiness of each individual will be an important topic for future studies that 

use cumulative physiological signals with convenient sensors and activity 

information. 

Despite the limitations of the present study, the results are meaningful because 

they demonstrate an increase in the classification efficiency by utilizing an advanced 

intelligent system, even when a single physiological signal is used to minimize the 

difficulty in measurement. Furthermore, the results illustrate the advantages of using 

multimodal information to minimize the data length requirements of continuous 

measurements to successfully identify drowsy states. The accumulation of real data 

in future studies, while improving user-friendly methods for physiological signal 

acquisition (e.g., ear canal EEG and heart-related signals [69] with minimized 

constraints) will overcome the limitations. Considering the differences among 

participants and the physiological signals obtained from practical measurements, 
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integrating information and the developed intelligent system will enable a 

comprehensive analyses of body states and prevent drowsiness that may cause 

disasters. 
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국문 초록 

생체 신호의 무구속적 측정 기반 졸음 추정 

 

 집중력을 필요로 하는 행동을 하는 동안 졸음이 온다면 위험을 

초래할 수 있다. 특히, 일상 생활에서 졸음 운전은 지각 상실과 긴급 

상황에 대한 즉각적인 반응이 어렵기 때문에 격심한 피해로 이어진다. 

따라서 졸음을 감지하기 위해 행동 관찰, 운전 정보 및 생체 신호를 

포함한 다양한 기술이 연구되었다. 생리학적으로, 정확한 졸음 분석을 

위해 눈 상태 조사, 뇌파 및 심장 관련 신호가 사용되었다. 일상 중 

이러한 신호를 실제적으로 취득하기 어려운 이유는 전통적인 측정 

방법의 불편함 때문이다. 기존에는 접착력을 띄는 물질이나 밴드로 

고정하는 등의 과정을 거쳐야했다. 위기 예방을 위한 생체 신호 측정의 

접근성을 향상시키기 위해서 본 연구에서는 두 가지 인간공학적 형태와 

추정 기법을 제안한다. 

첫째, 일상적으로 외이도에서 뇌파 측정이 가능하도록 이어버드 

형태의 시스템을 제안한다. 졸음 분류는 졸음의 과도기적 특성을 

고려하여 동일한 생물학적 신호에서 얻은 다양한 길이의 데이터 즉 

정보량 별로 수행하였다. 기계 학습을 이용한 분류 성능의 통계적 

결과는 외이도 뇌파 데이터와 생리적 속성 데이터를 기반으로 한 이 

시스템의 우수함을 나타냈다. 다중 랭킹 기법을 이용한 복합 랭킹 

알고리즘을 이용한 특징 선정 과정과 비선형 특징 정보는 보다 적은 

정보량에 대해서도 졸음 구분 성능의 향상을 가져왔다. 

둘째, 측정이 편안하도록 개발한 생체 신호 의자는 졸음에 대한 

심장 관련 신호인 심전도 (ECG), 광용적맥파 (PPG) 및 심탄도 (BCG)를 

측정할 수 있다. 부가적인 장착이 없는 대신 부정확해질 수 있는 

가능성을 고려하여, 정보의 신뢰성을 조사하기 위해 움직임의 영향을 

연구했다. 직접 피부 접촉이 없는 센서는 기존 방법보다 신체 부위에 
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약하게 연결을 하기 때문이다. 생체 신호 의자를 사용하여 가상 운전 

과제, 세 가지 속력의 동력 휠체어 구동 및 세 가지 유형의 신체 동작을 

수행하였다. 신호 품질 지수는 관측된 신호와 노이즈가 없는 신호 

사이의 유사성에 의해 계수의 개별 템플릿과의 상관 관계의 관점에서 

정의되었다. 이 지표의 목표는 일상 생활에서 의자의 실제 사용을 

평가하기 위해 참조 신호없이 신호를 검증하는 것에 있다. 예상대로, 

모션은 생체 신호의 측정 안정성에 악영향을 미쳤다. 그러나 각 움직임 

특성에 따라 여러 센서 유형 간의 보완 관계를 관찰할 수 있다. 극단적 

인 움직임을 제외하면 신호 품질과 추정된 심박수 오차는 상태 

모니터링에 사용할 수 있는 기준 범위 내에 있었다. 신호의 신뢰성을 

조사함으로써, 안전 및 건강 관리를 개선하기 위해 실제 정보를 수집할 

적정성을 확인할 수 있었다. 검증된 데이터를 바탕으로 기계 학습 방법 

인 랜덤 포레스트 (RF)를 사용하여 졸음을 구분하였다. 두 간편한 측정 

기기의 생리학적 신호를 기계 학습으로 분류하기 위한 깸과 졸음의 

상태는 가상 시뮬레이션의 모의운전에서 지속적인 주의집중을 요구하는 

과제 동안 측정되었다. 실험 결과, 졸음 위험을 예방하기 위한 생체 신호 

감지 장치를 사용 편리성을 고려하여 인체 공학적으로 구현할 수 있음을 

확인할 수 있었다. 제안하는 시스템은 졸음 뿐만 아니라, 다양한 

상황에서 생리 학적 정보 획득의 기회를 증가시킬 것으로 기대된다. 

 

주요어: 무구속적, 비침습적, 졸음, 추정, 예측, 기계학습, 귀속 뇌파, 용량

성 심전도 전극, 투과, 심박. 
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