
 

 

저 시-비 리- 경 지 2.0 한민  

는 아래  조건  르는 경 에 한하여 게 

l  저 물  복제, 포, 전송, 전시, 공연  송할 수 습니다.  

다 과 같  조건  라야 합니다: 

l 하는,  저 물  나 포  경 ,  저 물에 적 된 허락조건
 명확하게 나타내어야 합니다.  

l 저 터  허가를 면 러한 조건들  적 되지 않습니다.  

저 에 른  리는  내 에 하여 향  지 않습니다. 

것  허락규약(Legal Code)  해하  쉽게 약한 것 니다.  

Disclaimer  

  

  

저 시. 하는 원저 를 시하여야 합니다. 

비 리. 하는  저 물  리 목적  할 수 없습니다. 

경 지. 하는  저 물  개 , 형 또는 가공할 수 없습니다. 

http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/


Doctor of Philosophy 

 

 

 

 

 

 

 

 

Development of Driver States Detection System Based on 

Electrocardiography using Artificial Neural Network 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Graduate School of the University of Ulsan 

Department of Industrial Engineering 

Amir Tjolleng

[UCI]I804:48009-200000501138[UCI]I804:48009-200000501138



Development of Driver States Detection System Based on 

Electrocardiography using Artificial Neural Network 

 

 

 

 

 

Supervisor: Prof. Kihyo Jung 

 

 

A Dissertation 

 

Submitted to  

the Graduate School of the University of Ulsan 

In Partial Fulfillment of the Requirements  

for the Degree of 

 

Doctor of Philosophy 

 

by  

 

Amir Tjolleng 

 

 

 

 

 

 

Department of Industrial Engineering 

University of Ulsan, Ulsan, Korea 

August 2021  



Development of Driver States Detection System Based on 

Electrocardiography using Artificial Neural Network 

 

 

This certifies that the dissertation of Amir Tjolleng is approved 

 

 

 

Committee Chair: Dr. Sudong Lee 

 

 

 

 

Committee Member: Dr. Joonho Chang 

 

 

 

 

Committee Member: Dr. Wonsup Lee 

 

 

 

 

Committee Member: Dr. Gyusun Hwang 

 

 

 

 

Committee Member: Dr. Kihyo Jung 

 

 

 

 

 

 

Department of Industrial Engineering 

University of Ulsan, Korea 

August 2021 



i 
 

ABSTRACT 

Cognitive overload and drowsy driving are considered as significant 

contributing factors of traffic accidents and well-known as significant causes of traffic 

accidents. These risky driving conditions deteriorate driver’s performance, impair 

vigilance, and degrade reaction time to driving environments, in which may lead to 

vehicle crashes. Thus, early detection system of cognitive overload and/or drowsy 

driving with preeminent accuracy is needed to reduce the occurrence probability of 

accidents and improve the traffic safety on the road.  

The present study was intended to develop artificial neural network (ANN) 

models that enable to identify the level of a driver’s states whether under cognitive load 

or drowsiness based on electrocardiography (ECG) by taking into account the individual 

variability in heart responses. This study has four specific objectives: (1) developed an 

ANN model to classify driver’s cognitive load levels based on ECG, (2) developed 

ANN model to classify driver’s drowsiness levels, (3) developed ANN model to classify 

driver’s states, and (4) developed a real-time detection systems of the driver’s cognitive 

load levels. 

First, an ANN model was proposed to classify the level of a driver's cognitive 

load levels using ECG. The ECG was measured on 15 male participants while they 

performed a simulated driving task as a primary task with/without an N-back task as a 

secondary task. Six ECG measures in time and frequency domains were quantified. To 

deal with the individual differences in heart response, a three-step data processing 

procedure was established for each participant: (1) selection of two most sensitive ECG 

measures, (2) definition of three (low, medium, and high) cognitive load levels, and (3) 

normalization of the selected ECG measures. The ANN model was established using a 

feed-forward network and scaled conjugate gradient as a back-propagation learning rule. 

The accuracy of the ANN classification model was found satisfactory for both of 

learning data (95%) and testing data (82%).  

Second, an ANN model that could detect an early sign of drowsy driving 

(fighting-off drowsiness) was developed based on ECG. The ECG of 20 out of 43 

participants who suffered drowsiness while performing a simulator-based monotonous 

driving for 20 minutes were used in the analysis. Three driver states (normal, fighting-

off drowsiness, and drowsy) were determined by means of participant’s subjective 
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report and video recording analysis. Six ECG measures in time and frequency domains 

were derived from the ECG and pre-processed to compensate individual variations in 

heart response in two steps: (1) normalization and (2) selection of two sensitive ECG 

measures for ANN inputs. The ANN model was trained using a feed-forward network 

with a scaled conjugate gradient, and its average accuracy was over 99% for the training 

and testing data.  

Third, we established several ANN models to find the accurate model that can 

cope with individual variability in detecting the driver’s state based on ECG. The ECG 

was measured for 65 participants while driving a vehicle simulator under cognitive load 

or drowsiness. We defined five driver’s states from low alertness to high alertness 

(drowsiness, fighting-off drowsiness, normal, low load, and high load). Analysis of 

variance (ANOVA) on the ECG revealed significant changes as the driver’s state 

changed from low to high alertness. The results showed that the classification accuracy 

of ANN models with capable of controlling individual variability were over 95% for 

both of training and testing data sets. 

Lastly, a real-time detection system was developed to classify the driver’s status 

into either normal or overload using multi-layer ANN model based on ECG. The ECG 

obtained from 22 participants under two different driving conditions (1: normal driving, 

2: driving while doing a two-back task). The real-time detection system was developed 

using the ANN model, and its usefulness was evaluated by a simulator-based driving 

experiment with two participants who drove under two driving conditions (normal 

driving, driving while performing an arithmetic task). As a result, the real-time 

detection system successfully detected the change of participant status with a reasonable 

time delay (mean = 4.5 seconds). 

The proposed driver’s states classification models either under cognitive load or 

drowsiness presented in this study would be useful and could be adapted into the 

development of driver’s states detection system to provide early warning to the driver at 

the onset of potentially risky driving states. 

Keywords: driver states, cognitive overload, drowsy driving, fighting-off drowsiness, 

artificial neural network, electrocardiography, heart rate variability, intelligent vehicle 
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Chapter 1  

INTRODUCTION 

1.1.      Background of the Study 

Cognitive overload and drowsiness while driving are considered as leading 

contributors of traffic collisions and global safety issues in transportation. These 

hazardous conditions deteriorate in most of driver’s performance, impair vigilance, and 

degrade responses or reaction time to driving environments, in which may lead to 

vehicle crashes on the road with severe injuries and even mortality. Based on the 

statistics, the National Safety Council (NSC) announced that cognitive load (distraction 

or inattention) causes 21% of all crashes (NSC, 2012). The National Highway Traffic 

Safety Administration (NHTSA) estimated that 100,000 accidents per year in the USA 

were caused by driver drowsiness (Rau, 2005). NHTSA also estimated that 

approximately 25% of police-reported crashes involve driver inattention related to either 

cognitive overload or drowsy driving (Ranney et al., 2001; Stutts, et al., 2001). 

Meanwhile, the AAA Foundation for Traffic Safety (2018a) and the National Highway 

Traffic Safety Administration (2017) reported that drowsiness causes 8.8 to 9.5% of 

vehicle crashes and 2.3 to 2.5% of fatal crashes. In addition, Owens et al. (2018) found 

that drivers experienced drowsiness for over 3 minutes directly before vehicle accident. 

As a consequence, an early detection system of cognitive overload and drowsy driving 

with high accuracy is urgently needed to decrease the incidence probability of accidents 

and enhance the traffic safety on the road (Persson et al., 2020; de Naurois et al., 2018; 

Nilsson et al., 2017; Filtness, 2017; Murata et al., 2017; Wang et al., 2017; Awais et al., 

2017; Lenné and Jacobs, 2016; Aidman et al., 2015; Williamson et al. 2011; Engström 

et al., 2005; Verwey and Zaidel, 1999; Patel et al., 1995; Pack et al. 1995; Wong and 

Huang, 2009; Collect et al., 2009). 

Several advanced measurement techniques to identify the driver’s conditions 

either under cognitive overload or drowsy driving have been developed in many 

published works (Persson et al., 2020; Lee et al., 2019; Sunugawa et al., 2019; Lohani 

et al., 2019; Chacon-Murguia and Prieto-Resendiz, 2015; Dong et al., 2011; de Naurois 

et al., 2018; Chowdhury et al., 2018). The methods typically could be classified into 

several groups according to the source of information being used, for example, based 
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on: (1) vehicle-based performance, such as steering-wheel position, handle movement, 

velocity, acceleration, and lane departures performances, (2) driver behavior, such as 

yawning, eye blinking, eye features, and head motions, and (3) physiological responses, 

such as electrocardiography (ECG) or heart rate signal, electroencephalography (EEG) 

or brain signal, electromyography (EMG) or muscle activity, electrooculography (EOG) 

or eye-related activity, electrodermal activity (EDA) or galvanic skin response, and 

respiration rate.   

The vehicle-based performance measures have the advantage of being non-

invasive and relatively accurate; however, they are highly dependent with driver’s 

driving skills, road conditions, and vehicle characteristics. Similarly, the driver 

behavioral measures also non-invasive, easy to use and included in many researches 

with deep learning approaches; nevertheless, the measures are sensitive and still 

struggling on estimation quality of image processing, camera movement, driver’s face 

motions, lighting conditions, weather, and the surrounding environment, in which may 

lead to unstable performance in detecting the accurate driver conditions. On the other 

hand, the physiological measures currently are becoming more available and could be 

used as an alternative of vehicle-based or behavioral measures in the detection of 

driver’s states which are relatively simple, easy to measure while driving, and it could 

detect tell-tale sign about driver’s state (Persson et al., 2020; Lohani et al., 2019; Lee et 

al., 2019; Reimer and Mehler, 2011). 

Many existing studies have researched on the detection of driver cognitive load 

and drowsiness using physiology-based approach including ECG, EEG, EMG, and/or 

EOG. For example, Eoh et al. (2005) and Jagannath and Balasubramanian (2014) noted 

that alpha increased and beta decreased in EEG activity associated with drowsiness. 

Nguyen et al. (2017) and Han and Chong (2016) found systematic changes in delta, 

theta and alpha of EEG signals when a driver felt drowsy. Mayser et al. (2003) revealed 

a slight increase in EMG on the lateral frontalis as cognitive load was imposed. 

Sahayadhas et al. (2013) and Kurt et al. (2009) observed reduced EMG activity on 

trapezius muscle and chin muscles during drowsy driving. Genno et al. (1997), Ohsuga 

et al. (2001), and Yamakoshi et al. (2008) discovered a decrease in skin temperature 

with increased of cognitive load and drowsiness. Milosevic (1997), Yang et al. (2010), 

and Patel et al. (2011) found a decrease in mean inter-beat interval (IBI) of ECG with 
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increased cognitive load and an increased in mean IBI with increased drowsiness. In 

addition, Wang et al. (2018), Awais et al. (2017), and Rodriguez-Ibañez et al. (2012) 

observed significant changes in ECG (e.g., increase in mean inter-beat interval; decrease 

in low frequency power) when a driver experienced drowsiness. Lastly, Wang and Xu 

(2016), Chen et al. (2015), Hu and Zheng (2009), Sakai et al. (2011) and Kurt et al 

(2009) observed slowed eyelid closure and increased duration of eye closure from EOG 

signals during drowsy driving. 

Among the aforementioned physiological responses, ECG is considered a 

practical and reliable measure in reflecting the drivers’ conditions (Murugan et al., 

2020; Huang et al., 2020; Babaeian et al., 2019; Awais et al, 2017; Jung et al., 2014; 

Sahayadhas et al., 2013; Reimer and Mehler, 2011). Nowadays, due to the fast and 

active development of sensor technologies, ECG sensor can be embedded in the steering 

wheel (Choi et al., 2018; Jung et al., 2014), the seat belt (Leonhardt et al., 2018) or the 

driver’s seat (Singh et al., 2016; Yu, 2009) to measure the driver’s conditions in an 

effective, practical, and non-intrusive way without direct contact with driver unlike 

other physiological signals.  

The heart rate is controlled by the autonomic nervous system. Thus, heart rate 

variability (HRV) derived from ECG reflects the human ongoing internal physiological 

state that cannot be hidden (tell-tale sign) and manipulated as well as continuously 

available (Piotrowski and Szypulska, 2017, Sahayadhas et al., 2013; Patel et al., 2011; 

Apparies et al., 1998). In general, the HRV measures extracted from ECG typically can 

be categorized in terms of time and frequency domains. Time domain measures include 

mean inter-beat intervals (mean IBI), standard deviation of IBIs (SDNN), and root mean 

squared difference of adjacent IBIs (RMSSD). The IBI is inversely related to heart rate 

which is the interval between successive heart beats. These time domain measures 

decrease when the level of cognitive workload increases (Berntson et al., 1997; 

Brookhuis and Waard, 2001; Mehler et al., 2009; Mehler et al., 2012; Wood et al., 

2002). Meanwhile, frequency domain measures include power in low frequency (LF: 

0.04-0.15 Hz), power in high frequency (HF: 0.15-0.4 Hz), and LF/HF ratio 

(Chowdhury et al., 2018; Tarvainen et al., 2014; Shaffer and Ginsberg, 2017; 

Combatalade, 2010; Yang et al., 2010; Tal and David, 2000; Malik et al., 1996; 

Calcagnini et al., 1994). The LF and LF/HF ratio increase and the HF decreases as the 
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level of cognitive load increase (Wood et al., 2002). For drowsiness, previous studies 

reported that drowsiness increased mean IBI, SDNN, RMSSD, and HF; but decreased 

LF and LF/HF (Awais et al., 2017; Piotrowski and Szypulska, 2017; Borghini et al., 

2014; Miyaji, 2014; Sahayadhas et al., 2013; Rodriguez-Ibañez et al., 2012; Vicente et 

al. 2011; Lal and Craig, 2001). 

Although several advanced classification approaches have been proposed in 

cognitive load and drowsy driving detection, the classification accuracy needs to be 

improved. Zhang et al. (2014) applied a regression method to categorize the extent of 

cognitive load into two levels (normal or elevated load) and showed an accuracy of 

62.5%. In addition, Solovey et al. (2014) employed multi-methods (decision tree 

method, logistic regression method, multilayer perceptron method, Naïve Bayes 

method, and nearest neighbor method) to classify the extent of load into the two levels 

with an accuracy of 71.5% to 74.1%. On the other hand, Patel et al. (2011) adopted an 

artificial neural network to identify the existence of driver drowsiness and reported a 

classification accuracy of 90%. Lastly, Vicente et al. (2011) used a linear discriminant 

analysis to distinguish driver states into either alert or drowsy and revealed a 93% and 

85% of specificity and sensitivity, respectively. 

Moreover, detecting the driver’s state change prior to onset of drowsiness is also 

critical and challenging research to provide effective measures for accident prevention. 

During monotonous driving, the driver’s state can alter gradually from awake to drowsy. 

Driver may try to remain alert to drive (fighting-off drowsiness) when he/she is starting 

to experience a light drowsiness. Since the fighting-off drowsy state is a pre-stage of 

drowsiness, detection of this state before a driver falls into deeper drowsiness is 

advantageous in two aspects. First, it can notify a driver to prevent further development 

toward drowsy in a timely manner. This is more useful than waiting to signal the driver 

until he/she is actually drowsy, because it is hard to return to the normal state after the 

onset of true drowsiness (AAA Foundation for Traffic Safety, 2018b; Watson et al., 

2015; Sleep Health Foundation, 2011; Tefft, 2010). Second, it can be adapted to an 

autonomous vehicle so that driving control is automatically switched from the driver to 

the vehicle at the onset of the fighting-off drowsy state. Despite the fact that the 

detection of this fighting-off drowsy state is important, it has not been comprehensively 

investigated since existing studies have emphasized on classifying driver’s state into 
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either normal or drowsy (Awais et al., 2017; Li et al., 2017; Vicente et al., 2016; Chen 

et al., 2015; Jo et al., 2014; Sahayadhas et al., 2013; Tsuchida et al., 2010).  

Furthermore, most of prior studies are also focused on the detection of cognitive 

load and drowsiness, separately. Although the detection of cognitive overload and 

drowsy driving conditions is important (Soares et al., 2020; Murugan et al., 2020; 

Lohani et al., 2019; Nilsson et al., 2017), it has not been comprehensively investigated 

since most previous works have focused on developing such a detection algorithm either 

for cognitive load condition (Huang et al., 2020; Tjolleng et al., 2017; Solovey et al., 

2014; Son et al., 2013; Reimer and Mehler, 2011; Mehler et al., 2011b; Wong and 

Huang, 2009) or drowsiness-related condition (Gwak et al., 2020; Babaeian et al., 2019; 

Lee et al., 2019; de Naurois et al., 2019; Awais et al., 2017; Wang et al., 2017; Wang 

and Xu, 2016; Vicente et al., 2016; Sahayadhas et al., 2013). For example, Huang et al. 

(2020) developed a convolutional neural network to distinguish driver’s cognitive load 

levels with reported testing accuracy of 92.8%. Son et al. (2013) adopted support vector 

machine to classify the driver cognitive load based on driving performance, 

physiological measures (heart rate and skin conductance level), and eye movement in 

which achieved accuracy of 89%. Babaeian et al., 2019 proposed logistic regression to 

identify the drowsy driving state with accuracy 92.5%. de Naurois et al. (2019) applied 

an artificial neural network to detect drowsy state with promising results (mean square 

error = 0.22). However, to date, there are no study that have considered both of the 

cognitive load and drowsiness at the same time in detecting the driver’s states. 

Lastly, a real-time detection system of driver’s cognitive load with high accuracy 

is also required to provide timely interventions on the early onset of cognitive load. 

However, there are rooms to improve previous studies in terms of accuracy and 

practicality. The accuracies of the existing approaches were varied largely (e.g., 62.5% 

~ 95%) (Zhang et al., 2014; Solovey et al., 2014; Tjolleng et al., 2017) since detecting 

driver’s status using physiological signals is a challenging task due to presence of 

individual variability. In addition, only few works attempted to establish a real-time 

detection system of driver’s cognitive load. However, they showed two drawbacks in 

terms of accuracy and detection delay. For instance, Rigas et al. (2011) developed a 

real-time detection system of driver’s cognitive load using ECG, electrodermal activity, 

and respiration based on Bayesian network with accuracy of 82%. Next, Liao et al. 
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(2016) also proposed a real-time detection system of driver cognitive load using support 

vector machine (SVM) through eye movement and driving performances and reported 

detection delay up to 9 seconds.  

1.2.      Objectives of the Study 

The main objective of the present study was to develop artificial neural network 

(ANN) models, which is one of the supervised learning method, that can be used to 

classify the driver’s states whether under cognitive load or drowsy driving based on 

physiological signal of ECG obtained from different experiments. The ANN classifier 

which is known as a type of non-linear supervised machine learning algorithm is used in 

this study since it capable to extract information from noisy data, can avoid overfitting, 

and also more robust than other methods (de Naurois et al., 2019; Dong et al., 2011). 

The experiments of this study are performed under simulated-driving environment since 

the harmfulness of allowing participants to drive on the road with risky conditions. This 

study has four specific objectives: (1) developed ANN model to classify driver’s 

cognitive load levels based on ECG, (2) developed ANN model to classify driver’s 

drowsiness levels, (3) developed ANN model to classify driver’s states (cognitive load 

and drowsiness), and (4) developed a real-time detection systems of the driver’s 

cognitive load levels as depicted in Figure 1.1.  

 

Figure 1.1. Illustration of the objectives of the study 
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Driver’s Cognitive Load

Classification of 

Driver’s Drowsiness

Classification of 

Driver’s States

Development of Real-time Detection 

System of Driver’s Cognitive Load
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The first objective was to develop an ANN model to classify driver’s cognitive 

load levels based on ECG. The ECG data are measured while participants performed a 

simulated driving task as primary task with/without a working memory task (N-back) as 

a secondary task. The ECG measures either time domain (mean IBI, SDNN, and 

RMSSD) or frequency domain (LF, HF, and LF/HF) were extracted and fed into the 

ANN models as inputs. In addition, ECG data normalization was also completed to 

compromise with individual variations on the heart rate activity. Lastly, our proposed 

ANN model was trained using a feed-forward and back-propagation learning rule and 

its performances were evaluated in terms overall accuracy, sensitivity, and specificity. 

The second objective was to develop an ANN model to classify driver’s 

drowsiness levels based on ECG. ECG data were quantified while participants 

performed a long monotonous driving under simulated driving task. To compensate with 

the individual variability, while performing the different driving tasks, signal processing 

procedures were established to the ECG of participant, such as, selection of most 

sensitive ECG measures, definition of driver’s states, and normalization of the selected 

ECG measures. The ANN model were trained using a feed-forward network and back-

propagation learning rule and their performances were comprehensively evaluated. 

The third objective was to establish several ANN models to find the accurate 

model that can cope with individual variability in detecting the driver’s state on ECG. 

This study utilized the ECG obtained in our previous studies, which had measured them 

while driving a vehicle simulator under normal, cognitive load, or drowsy. The ECG 

was quantified in time domain measures and fed into ANN models as inputs. We 

defined five driver’s states from low alertness to high alertness (drowsiness, fighting-off 

drowsiness, normal, low load, and high load).  

The fourth objective was to develop a real-time detection systems of the driver’s 

cognitive load levels into either normal or overload using ANN based on ECG. The 

ECG obtained from thirteen participants under two different driving conditions (1: 

normal driving, 2: driving while doing a two-back task). The real-time detection system 

was developed using the ANN model, and its usefulness was evaluated by a simulator-

based driving experiment with a participant who drove under two driving conditions 

(normal driving, driving while performing an arithmetic task).  
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In addition, the following research questions were proposed in this study: 1) how 

to develop model that could classify the driver’s cognitive load, drowsiness, and both of 

these conditions? and 2) how to develop a system that enable to detect the driver’s 

cognitive load levels in real-time?  

1.3.      Significance of the Study 

This study presents three significant findings of theoretical and practical aspects. 

First, the proposed classification model of driver’s states level either in cognitive load or 

drowsiness based on ECG using ANN in this study would be useful to be applied in 

classifying the driver’s status under simulated driving condition. In addition, the key 

contributions of the current study are consideration of two different driver’s states 

(cognitive load and drowsiness) and inter-individual variations in the development of 

classification model for the driver’s states. Second, the comprehensive literature review 

regarding the cognitive overload, drowsiness, heart rate variability, and artificial neural 

network are helpful to figure out the state of art of the driver’s states classification. 

Lastly, the proposed driver’s states classification models presented in this study can be 

adapted into the development of driver’s states detection system to provide early 

warning to the driver at the onset of potentially risky driving states.  

1.4.      Organization of the Dissertation 

The remainder of this dissertation is organized into eight chapters. Chapter 2 

reviews the literatures that is relevant to the present study, including introduction of 

cognitive load and drowsiness, cardiovascular system, heart rate variability, ECG, 

relationship between ECG and driver’s states (cognitive load and drowsiness) as well as 

introduction of artificial neural network concept. Next, Chapter 3 explains the 

development of the ANN model to classify driver’s cognitive load levels based on ECG. 

Chapter 4 describes the development of the ANN model to classify driver’s drowsiness 

levels based on ECG. Chapter 5 presents the development of the ANN model to classify 

driver’s cognitive load and drowsiness levels. Chapter 6 proposes the development of 

real-time detection systems of the driver’s cognitive load using ANN model. Chapter 7 

discusses the findings and the effectiveness of the present study. Lastly, Chapter 8 

presents concluding remarks and suggests several considerations for future studies.  
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Chapter 2  

LITERATURE REVIEW 

2.1. Cognitive Load 

The large amount of information from environment was processed to support our 

daily activities in accomplishing goals. A poor match between man-made tools or 

systems (environment) and the human information processing system may lead to low 

performances. Studies related to human information processing have been investigated 

in psychology area of research for over 100 years. The human information processing 

system can be represented in different types at which information gets transformed: (1) 

perception of information about the environment, (2) central processing or transforming 

that information, and (3) responding to that information (Wickens et al., 2004). Several 

terms have been used to address this topic, such as, cognitive psychology, cognitive 

engineering, and engineering psychology.  

The model of human information processing that affect to cognition (perceiving, 

thinking about, and understanding the world) was shown in Figure 2.1 (Wickens et al., 

2004; Wickens and Flach, 1988). The sensory system on the left of the figure aimed to 

collect information (stimuli or events) from environment (perception) and enable to 

provide meaningful information of what is sensed based on prior knowledge. The prior 

knowledge is stored in the long-term memory of working memory. Working memory is 

a temporary, effort-demanding store. The information in long-term memory are 

constantly maintained and retrieved at later times (minutes, hours, days, or years later). 

Learning is a process of storing information in long-term memory. Specific procedures 

that are designed to facilitate learning are called training. Information from long-term 

memory is retrieved every time once a person perceives familiar information. In 

addition, long-term memory can be categorized by whether it involved memory for 

general knowledge (semantic memory: memory for facts or procedures) or memory for 

specific events (event memory).  

Perception sometimes leads directly to the selection and execution of response or 

action. However, an action is delayed or not executed at all as a person manipulate the 

perceived information in his/her working memory. In this phase, the human information 

processing system controls a wide variety of mental activities consciously, such as, 
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rehearsing, planning, understanding, visualizing, decision making, as well as problem 

solving. Many of the stages of the information processing depend upon mental or 

cognitive resources as can be observed at the top of Figure 2.1. The cognitive resources 

are a sort of pool of attention or mental effort that is of limited availability and can be 

allocated to process as required (Wickens et al., 2004). 

  

Figure 2.1. A model of human information processing (Wickens and Flach, 1988) 

The attention to define and develop the measures for mental workload has 

dramatically increased since middle to late 1970s (Sanders & McCormick, 1993). 

Mental workload or mental load is defined as a measurable quantity of information 

processing demands placed on an individual by a task (Sanders & McCormick, 1993). 

Identification and evaluation of mental workload is important in order to minimize 

human-errors and improve human performance or productivity. Assessment of the 

mental workload is one central topic in ergonomics and human factors research. The 

mental workload can be evaluated using several valid methods and can be used for: (1) 

assigning functions and tasks between human and machines based on predicted mental 

workload, (2) analyzing other equipment and task designs in terms of workloads 

burdened, (3) monitoring operators of complex equipment to accustom the task 

difficulty or allocation of function related to mental workload, and (4) selecting 

operators with higher mental workload capacities in handling the task (Sanders & 

McCormick, 1993; Tjolleng, 2017).   
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Mental workload can also be defined as difference between the amount of 

resources available within a person and the amount of resources demanded by task 

situation. The numerous measures of mental workload can be categorized into four 

types: (1) primary task measures, (2) secondary task measures, (3) physiological 

measures, and (4) subjective measures. In cognitive psychology area, cognitive 

workload referred as the total amount of mental workload being used in the working 

memory. Several terms have been also used to indicate the cognitive workload in the 

research area of psychology, such as cognitive load, processing load or effort (Sweller, 

1988; Paas & Merriënboer, 1994; Beatty, 1982; Kahneman, 1973; Klingner, 2010).  

Cognitive workload or overload measurement plays a substantial role in many 

application areas including human-computer interface (HCI) design, such as air traffic 

control, in-car safety (e.g., Advanced Driver Assistance Systems (ADAS), website 

design, and gaming. The assessment of cognitive overload levels supports to estimate 

the performance of the operator or system through evaluating the mental efforts being 

utilized by a person when doing a particular task. It is well-known that huge amount of 

information that presented to a person or an operator potentially decrease the task 

performance, productivity, as well as harmful. For instance, in the driving situation, a lot 

of information provided on a vehicle interface and handheld devices to a driver may 

increase driver’s cognitive workload (overload) and lead to deteriorate the driving 

control performance and increase traffic collisions risk (Mehler et al., 2009; Reimer et 

al., 2009; Brookhuis & Waard, 2001; Wu & Liu, 2007).   

Cognitive overload states can be assessed using various methods, such as 

performance-based measures, self-report or subjective measures, behavioral 

observation, and physiological measures as summarized in Table 2.1. (Lohani et al., 

2019; Mehler et al., 2009; Brookhuis & Waard, 2001; Wickens & Hollands, 2000; 

Sanders & McCormick, 1993). The performance-based measures during driving include 

steering wheel reversals, velocity, and lane-keeping measures. Next, the subjective 

measures were obtained using a scale or questionnaire and can be limited once the 

evaluation was performed under real-time task. In addition, humans may not always be 

accurate in reporting their judgements with respect to their internal and cognitive states 

(Lohani et al., 2019; Schmidt et al., 2009). Meanwhile, the behavioral observation 

measures include head movement, verbal, and or facial observations. Lastly, some 



12 
 

physiological measures have been widely investigated in many areas, such as heart rate 

variability, skin conductance, brain potential activity, pupillary response, respiration 

rate, and body fluid chemistry. Existing studies reported that the accuracy of cognitive 

overload detection significantly increased when the physiological measures were used 

in the detection (Lohani et al. 2019; Solovey et al. 2014). In addition, some studies also 

pointed out that the physiological measures were sensitive to the alteration of cognitive 

loads while performing secondary tasks (Lohani et al., 2019). 

Table 2.1. Methods for driver’s cognitive load evaluation  

Method Measures Previous studies 

Performance-based 

measures 

- Steering-wheel position 

- Handle movement 

- Velocity/acceleration 

- Lane-departures 

Rahman et al. (2020); Liang and 

Pitts (2019); Foy & Chapman 

(2018); Lyu et al. (2017); Son et al. 

(2013) 

Self-report/ 

subjective measures 

- Subjective rating (NASA-  

TLX) 

Yan et al. (2019); Foy & Chapman 

(2018); Lyu et al. (2017);  

Driver behaviors 

- Eye blinking/features 

- Body movements 

- Verbal/facial observations 

Yahoodik et al. (2021); Foy & 

Chapman (2018); Barua et al. 

(2019) 

Physiological signal 

- EEG/brain signal 

- EMG/muscle signal 

- ECG/heart rate activity 

- EDA/skin activity 

- Respiration rate 

Becerra-Sánchez et al. (2020); Kim 

et al. (2018); Tjolleng et al. (2017); 

Solovey et al. (2014); Son et al. 

(2013); Yamakoshi et al. (2008); 

Mayser et al. (2003)   

 

2.2. Drowsiness 

Drowsiness can be defined as a state of sleepiness and apathy in which leads to 

falling asleep (Kundinger et al., 2020; Awais et al., 2017; Sahayadhas et al., 2012). It 

could be equivalent to other terms such as sleepiness, micro sleep, falling asleep, 

inattention, tiredness, distraction, and loss of vigilance (Penzel et al., 2019; Chacon-

Murguia and Prieto-Resendiz, 2015). Drowsiness also can be referred as a transitional 

or intermediate condition between wakefulness or vigilance and sleep that leads to 

reduced attention and alertness for all the tasks being performed (Penzel et al., 2019; 

Slater, 2008; Johns, 1998). The term “drowsy” is synonymous with sleepy, which means 

a tendency to fall asleep (Sahayadhas et al., 2013). Meanwhile, Higgins et al. (2017) 

defined sleepiness as “an inescapable biological phenomenon with profound effects on 

the mind and body.”  
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In the literature review, it is common to find the terms of drowsiness and fatigue 

interchangeably. Drowsiness and fatigue are sometimes considered as equivalent states. 

Nevertheless, they are different concepts. Fatigue refers to the reluctance to continue a 

task as a result of physical or mental exertion or a prolonged period of performing the 

same task. On the other hand, drowsiness or sleepiness refers to the urge to fall asleep. 

It is the result of a biological need to sleep that can be irresistible. Drowsiness can be 

considered as a consequence of fatigue. Despite of the different underlying concept, 

existing studies stated that fatigue and drowsiness could be regarded as similar 

conditions due to their consequences (Chacon-Murguia and Prieto-Resendiz, 2015; Liu 

et al., 2009; Beirness et al., 2005; Karrer et al., 2004). 

Meanwhile, the human sleep cycle typically can be divided into three stages: 1) 

wakefulness or awake, 2) non-rapid eye movement (NREM), and 3) rapid eye 

movement (REM) sleep. The first state, wakefulness, is a state of consciousness in 

which a person is fully alert and enable to perform physical and mental tasks while 

maintaining attention. Next, the second state, NREM, is a condition of reduced attention 

towards any tasks being performed. This states can be subdivided into three phases: 

drowsy (transition from awake to asleep), light sleep, and deep sleep. Each phase can 

last from 5 to 15 min. Lastly, REM, is a state in which characterized by the rapid 

movement of the eyes in various directions. This state usually occurs 90 min after a 

person fall asleep. In addition, most dreams happen during the REM sleep phase 

(Felson, 2018; Awais et al., 2017; Sahayadhas et al., 2013). 

Driver drowsiness generally refers to driver’s tendency to fall asleep at wheel 

(Liu et al., 2009). Drowsy while driving may disrupt driver’s decision making, reduce 

alertness, and slower reaction times (Barua et al., 2019; Sahayadhas et al., 2013; He, 

2013). These conditions are hazardous and may cause to fatal and serious accidents, 

traffic injuries, and significant financial losses. As aforementioned, the AAA Foundation 

for Traffic Safety (2018a) and the National Highway Traffic Safety Administration 

(2017) reported that drowsiness causes 8.8 to 9.5% of vehicle crashes and 2.3 to 2.5% 

of fatal crashes. The National Sleep Foundation in 2002 estimated that 51% of adult 

drivers had driven a vehicle while drowsy and 17% had actually fallen asleep at wheel 

(He, 2013). In addition, data from the U.S. based 100-car naturalistic driving study 



14 
 

indicated that drowsy driving resulted in a five-fold increase in risk of a crash or near-

crash (Liu et al., 2009). 

Existing studies investigated several characteristics that contribute to the traffic 

accidents due to drowsy driving, such as: (a) occur late at night (0:00 am – 7:00 am) or 

during mid-afternoon (2:00 pm – 4:00 pm); (b) involve a single vehicle running off the 

road; (c) occur on high-speed roadways; (d) driver is often alone; (e) driver is often a 

young male (16 – 25 years old); and (f) no skid marks or indication of braking 

(Sahayadhas et al., 2012; National Highway Traffic Safety Administration, 1998). 

Driver drowsiness could be hard and challenging to determine as a causal factor 

in a traffic accident and can only be inferred once other potential causes have been 

excluded (Liu et al., 2009). Horne and Reyner (1995) used data from police databases 

and on-site interview to investigated the sleep-related vehicle accidents in U.K. They 

proposed a set of criteria to identify the subset of drowsiness-related accidents, such as: 

(a) blood alcohol level below the legal driving limit; (b) vehicle ran off the road or onto 

the back of another vehicle; (c) no sign of brakes being applied; (d) no mechanical 

defect in the vehicle; (e) good weather conditions and clear visibility; (f) elimination of 

“speeding” or “driving to close to the vehicle in front’ as potential causes; (g) the police 

officer at the scene suspects sleepiness as the primary cause; and (h) for several seconds 

prior to crash, the driver could have seen the run off point. Determination of 

drowsiness-related accidents based on these criteria is clearly a difficult, error-prone, 

and time-consuming task (Sahayadhas et al., 2012; Liu et al., 2009).  

2.3. Human Heart 

Autonomic nervous system (ANS) is a part of peripheral nervous system that 

responsible to involuntary regulate human bodily functions, such as blood pressure 

(BP), heart and breathing rate, body temperature, pupillary activity, urination, 

defecation, water and electrolytes balance, body fluids production, metabolism, and 

sexual response (Waxenbaum et al., 2020; Low, 2013; Furness, 2009). This system 

works autonomously, in which means without a conscious or attentive effort.  

Generally, sympathetic nervous system assigns to deal with human body’s 

stressful or under emergency conditions (e.g. fight, flight, fear, stress). Thus, activation 

of sympathetic nervous leads to increase heart rate and blood pressure, increases 
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muscular strength, releases stored energy, as well as dilates pupils. Contrarily, the 

parasympathetic nervous system promotes to maintain the body process under normal 

condition or “rest and digest” processes. Hence, activation of this system reduces heart 

rate and decrease blood pressure.  

The cardiovascular system is sometimes called the circulatory or blood-vascular 

system. It is an organ system that allows blood to circulate and distribute nutrients, 

oxygen, carbon dioxide, hormones, and blood cells to and from the cells in the body to 

deliver oxygen and nutrients to the organ of body, remove waste products from organs, 

stabilize temperature and power of hydrogen (pH), as well as to maintain homeostasis. 

In the circulatory system, the blood is pumped by the heart around a complex closed 

network of blood vessels as it passes again and again via the various “circulations” 

throughout organs, tissues, and cell of the body as illustrated in Figure 2.3. Thus, to 

support the cardiovascular system, several primary components are needed, including 

the blood, closed system of blood vessels (arteries, veins, and capillaries), heart and 

lymphatic system (Iaizzo, 2007, Innerbody, 2016).  

Heart is a muscular organ in humans that continuously pumps blood to the whole 

body via the closed blood vessels of the circulatory system (Cotterill, 2014; Iaizzo, 

2007). Thus, it is well-known as one of the substantial organ in cardiovascular system of 

human. The heart is positioned at the center of the circulatory system. The human 

heart’s size is approximately as same as clenched fist and located in the middle of the 

chest, directly above the diaphragm in the region of the thorax or middle mediastinum. 

In addition, about 2/3 of the heart’s mass is found on the left side of the body and the 

other 1/3 is on the right (Cotterill, 2014; Movahed et al., 2009; Iaizzo, 2007; Innerbody, 

2016).   

Heart is controlled by electrical impulse via a specialized conduction pathway 

within the myocardium’s layer.  This pathway is comprised of five parts: 1) sino-atrial 

(SA) node, 2) atrio-ventricular (AV) node, 3) bundle of His, 4) left and right bundle 

branches, and 5) Purkinje fibres (Movahed et al., 2009; Iaizzo, 2007). Each beat of 

normal heart or sinus rhythm starts with the stimulation of the SA node which is located 

in the upper part of the right atrium. The SA is well-known as a natural pacemaker of 

the heart that produces depolarization of cardiac muscle. The electrical stimulus from 

SA node is depolarized the atria. The electrical signal then reaches the AV node in the 
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right atrium and is delayed for a short time, so that the contracting atria have enough 

time to pump all the blood into the ventricles. The valves between the atria and 

ventricles will be closed whenever the atria are unfilled of blood. At that time, the atria 

starting to refill and the electrical stimulus passes over the AV node. Consequently, the 

impulses arrive in the bundle of His, the bundle branches, and Purkinje fibres (Movahed 

et al., 2009; Iaizzo, 2007).  

2.4. Electrocardiography and Heart Rate Variability 

Electrocardiography (ECG) is defined as a process of recording the electrical 

signal activity generated by heart over a period of time (Chatterje et al., 2012; 

Combatalade, 2010: Chavan et al. 2008; Sasikala & WahidaBanu, 2011; Task Force, 

1996). The etymology of ECG is derived from Greek (electro, related to electrical 

activity; kardio, for heart; and graph: to write). Every beat of heart pushes blood 

through the body’s arteries and veins to deliver oxygen and nutrients to the organ and 

muscles. The rhythmic contractions are controlled by natural pacemaker of SA and AV 

node. The nodes sequence in pumping blood of heart’s atrial and ventricular cavities in 

an average rate between 60-100 contractions per minute. The graph of voltage versus 

time generated by the recording the heart signal is called as electrocardiogram. 

ECG can be utilized to quantify the rhythm of heartbeats, the size and positions 

of heart’s chambers as well as cardiovascular disease detection. In psychophysiology, a 

lead II configuration (i.e., placing the negative electrode in the region of right collar 

bone, the ground near the left collar bone, and the positive electrode on the lower left 

ribcage) is widely used to record the electrical activity of the heart (Lohani et al., 2019). 

A typical ECG consist of three recurrent wave sequence: (1) P wave (atrial 

depolarization), (2) a QRS complex (ventricular depolarization) and (3) T wave 

(ventricular repolarization) as illustrated in Figure 2.2.  

The reliable detection of P and T wave are more difficult than QRS complex due 

to their low amplitudes, low signal-to-noise ratio, amplitude and morphological 

variability as well as the possibility to be overlapped between P wave and QRS complex 

(Clifford, 2002; Mehta & Lingayat, 2008; Chatterje et al., 2012). 
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Figure 2.2. Illustration of ECG wave with PQRST points (Gacek, 2012) 

Heart rate (HR) is the number of heartbeats in 1 min (in beats per minute or 

bpm) (Lohani et al., 2019; Jennings et al., 1981). A heartbeat is an adequately complex 

series of electrical occurrence in which include depolarization and repolarization of 

muscle fibers, activating the contraction in the atria and then in the ventricles. Normal 

heart rate ranges between 60 and 100 beats per minute (bpm). While heart rate is a 

count of beat per minute, heart period (also called inter-beat interval) is the time in 

milliseconds between successive R peaks. Heart rate is commonly derived by 

converting mean heart period (in milliseconds) to heart rate (in beats per minute) 

(Lohani et al., 2019; Berntson et al. 2007).  

Heart rate variability (HRV) is the degree of fluctuation or variability in the 

length of intervals between heart beats (Lohani et al., 2019; Shaffer and Ginsberg, 2017; 

Berston et al., 2007; Malik & Camm, 1995;). In other words, HRV refers to the 

alteration of beat to beat or commonly called the RR interval (Paritala, 2009). It 

provides one of the most promising markers of heart activity and can be derived from 

ECG data over a period of time ranging from short intervals (~1-5 min) up to longer 

intervals (~24 h) (Lohani et al., 2019; Bernston et al., 1997; Myllymäki, 2006; Task 

Force, 1996).  

Several factors have been reported might affect the HRV, such as age, gender, 

health condition, behavior and nutritional aspects (Mehler et al., 2009; Myllymäki, 

2006; Wood et al., 2002). Older age, inactive habits, obesity, hyperglycemia, insulin 

resistance, coronary artery disease, hypertension, elevated fatty acids, and pollution 

have been investigated to be corresponded with decreased HRV, while exercise training 

and improved physical condition mostly associated with increased HRV (Myllymäki, 
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2006; Singh et al. 2003, Achten & Jeukendrup 2003; Wood et al., 2002). Therefore, it is 

obvious that there is significant individual difference in HRV that needs to be 

considered in interpreting the HRV analysis results. 

Heart rate variability can be quantified by several methods, such as time domain 

methods (statistical and geometrical), frequency domain methods, and nonlinear 

methods. Time and frequency domain-based methods have been widely used in 

analyzing the HRV. In a continuous ECG signal, each QRS complex is detected and 

then so-called normal-to-normal (NN) intervals or inter-beat interval (IBI) (intervals 

between adjacent QRS complexes resulting from sinus node depolarization).  

The time domain measures that can be quantified include mean IBI, mean heart 

rate, the difference between the longest and shortest NN interval, the difference between 

night and day heart rate, etc. as summarized in Table 2.2. A few time-domain measures 

also represent geometric shape of R-R interval distributions, such as HRV triangular 

index and baseline width of the RR intervals histogram (TINN) (Lohani et al., 2019; 

Shaffer and Ginsberg, 2017; Task Force, 1996; Combatalade, 2010; Malik & Camm, 

1995). The summary of time domain measures including statistical and geometrical 

measures is also listed in Table 2.2. 

 Table 2.2. Time domain measures of HRV 

Measures Unit Description 

Mean IBI ms The mean of inter-beat intervals or NN intervals 

SDNN ms Standard deviation of all NN intervals  

SDANN ms 
Standard deviation of the averages of NN intervals in all 5 

min. portion of the whole recording   

RMSSD ms 
The square root of the mean of the sum of the squares of 

differences between adjacent NN intervals 

SDNN index ms 
Mean of the standard deviations of all NN intervals in all 5 

min. portion of the whole recording     

SDSD ms 
Standard deviation of differences between adjacent NN 

intervals 

NN50  
Number of pairs of adjacent NN intervals differing by 

more than 50 ms in the whole recording 

pNN50 % 
NN50 count divided by the total number of all NN 

intervals 

HRV triangular 

index 
- 

Total number of all NN intervals divided by the height of 

the histogram of all NN intervals measured on a discrete 

scale with bins of 7·8125 ms (1/128 s) 

TINN ms 
Baseline width of the minimum square difference 

triangular interpolation of the highest peak of the 
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histogram of all NN intervals 

Differential index ms 

Difference between the widths of the histogram of 

differences between adjacent NN intervals measured at 

selected heights  

Logarithmic index - 
Coefficient 𝜑  of the negative exponential curve 𝑘. 𝑒−𝜑𝑡 
which is the best approximation of the histogram of 

absolute differences between adjacent NN intervals 

 

Frequency domain methods transform the beat-to-beat variations in heart beat 

(R-R intervals) into frequency power bands through Fourier analysis (Lohani et al., 

2019; Shaffer and Ginsberg, 2017; Task Force, 1996). They select bands of frequency 

and then calculated the number of NN intervals that appropriate with each band. This 

method requires a series of normalized NN intervals be processed through a 

mathematical operation (e.g. FFT). The result is presented on a power spectrum that 

shows oscillations contained in each epoch. These methods can be measured under 

short-term recordings (2-5 min.) and long-term recordings (24 h) (Lohani et al., 2019; 

Shaffer and Ginsberg, 2017; Combatalade, 2010; Task Force, 1996). All frequency 

domain measures are listed in Table 2.3.  

Table 2.3. Frequency domain measures of HRV 

Measures Unit Description Frequency range 

5 min total 

power 
ms2 

The variance of NN intervals over the 

temporal portion 
~ ≤ 0.4 Hz 

ULF ms2 Power in the ultra-low frequency range ≤ 0.003 Hz 

VLF ms2 Power in the very low frequency range ≤ 0.04 Hz 

LF ms2 Power in the low frequency range 0.04-0.15 Hz 

LF norm n.u. 
LF power in normalized units 

LF/(Total power-VLF) x 100 
- 

HF ms2 Power in the high frequency range 0.15-0.4 Hz 

HF norm n.u. 
HF power in normalized units 

HF/(Total power-VLF) x 100 
- 

LF/HF  The ratio between LF and HF - 

24 h total power ms2 
Variance of all NN intervals for entire 

24 h signal recording  
~ ≤ 0.4 Hz 

𝛼 - 
Slope of the linear interpolation of the 

spectrum in a log-log scale 
~ ≤ 0.04 Hz 

Lastly, non-linear methods for HRV analysis have been figure out to obtain 

valuable information of physiological information of HRV. These methods are useful in 

capturing the unpredictability and dynamic nature of heart-rate time series data. Non-
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linear phenomenon in ECG is caused by complex interactions of hemodynamic, 

electrophysiological and humoral variables, as well as autonomic and central nervous 

control might occurred in HRV analysis. Several non-linear domain methods for HRV 

analysis have been reported, such as 1/f scaling of Fourier frequency, H scaling 

exponent, Coarse Graining Spectral Analysis (CGSA), Poincare plots, correlation 

dimension (D2), Largest Lyapunov Exponents (LLE), Detrended Fluctuation Analysis 

(DFA), Approximate Entropy (ApEn), Sample Entropy (SampEn) and Kolmogorov 

entropy (Lohani et al., 2019; Shaffer and Ginsberg, 2017; Laborde et al., 2017; 

Berntson et al., 2007; Task Force, 1996). 

2.5. Relationship between HRV and Driver States 

Heart rate is a common measure index of physiological arousal that used to 

examine the response of change in driving demands (Lohani et al., 2019). Numerous 

studies have been investigated the relationships among HRV, cognitive load, and 

drowsiness (Awais et al., 2017; Sahayadhas et al., 2013; Rodriguez-Ibañez et al., 2012; 

Mehler et al., 2012; Lenneman and Backs, 2009; Mehler et al., 2009; Wood et al., 2002; 

Lal and Craig, 2001; Brookhuis and Waard, 2001; Berntson et al., 1997). It has been 

reported that over-arousal or cognitive overload increases heart rate and decreases HRV. 

Time domain measures decreased while the level of cognitive load increased (Berntson 

et al., 1997; Brookhuis and Waard, 2001; Lenneman and Backs, 2009; Mehler et al., 

2009; Mehler et al., 2012; Wood et al., 2002). Meanwhile, LF and LF/HF ratio 

increased and the HF decreased as the level of cognitive load increased (Wood et al., 

2002). Similarly, other studies also found that cognitive overload increase HR and 

decrease HF (Shapiro et al., 2000; Isowa et al., 2006). 

Furthermore, heart rate and heart rate variability also sensitive to low-arousal 

states, such as drowsiness. Existing studies reported that time domain measures 

increased with an increase in the level of drowsiness, which can be explained by the role 

of the sympathetic and parasympathetic nervous system as illustrated in Figure 2.3. The 

parasympathetic nervous is activated under drowsiness condition in which leads to a 

fluctuation in heart rate. In contrast, in an alert state, the sympathetic nervous is 

activated and stabilizes heart rate and cardiac outputs (Borghini et al., 2014; Sahayadhas 
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et al., 2013; Rodriguez-Ibañez et al., 2012; Lal and Craig, 2001; Low, 2013; Malik et 

al., 1996).  

Meanwhile, HF and LF/HF changed in the opposite way as driver’s condition 

changed from normal to drowsy. The pattern of changes in HF and LF/HF can be 

explained by the autonomic modulation of the human cardiac function. LF and HF are 

regulated by the sympathetic and parasympathetic nervous system, respectively. Those 

two nervous systems work in an opposite way to balance the cardiac system (Piotrowski 

and Szypulska, 2017). For example, the parasympathetic nervous system controls the 

human body in the resting condition (e.g., slowed heart rate and/or reducing blood 

pressure) and dominates during sleep. When a driver is drowsy due to a prolonged 

driving task, his/her parasympathetic system is activated and causes an increase of HF. 

Therefore, as the driver condition changed from normal to drowsy, HF significantly 

increased, while LF and LF/HF decreased (Awais et al., 2017; Piotrowski and 

Szypulska, 2017; Miyaji, 2014; Sahayadhas et al., 2013; Rodriguez-Ibañez et al., 2012; 

Vicente et al. 2011; Lal and Craig, 2001). 

 

Figure 2.3. Illustration of the relationship of ECG and driver states 

2.6. Artificial Neural Network 

Artificial neural networks (ANNs) are composed of multiple nodes that inspired 

from the structure and function of biological neurons of human brain. ANNs are defined 

as networks of simple processing elements (neurons) operating on their local data and 
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communicating with other elements. Each neuron in the network enable to receive input 

signals, to process them and to deliver an output signal. Each neuron is connected at 

least with one neuron, and each connection is evaluated by a real number (weight 

coefficient) that indicates the level of importance of the given connection in the network 

The networks enable to respond input stimuli and adapt with the environment.  

A simple single ANN neuron with three inputs and a single output is illustrated 

Figure 2.4. The primary advantage of neural networks is they are enable to use some a 

priori unseen information in data. The process of “capturing” the unseen information is 

called as “learning or training of neural network”. Mathematically, training the neural 

network indicates to adjust the weight coefficient in such a way until some conditions 

are completed (Svozil et al., 1997).   

 

Figure 2.4. Illustration of a simple ANN with three inputs and one output 

The neuron performs as activation or mapping function 𝑓(∙)  generating an 

output 𝑦 = 𝑓(𝑛𝑒𝑡) as illustrated in Figure 2.5. The net is cumulative input stimuli to the 

neuron and frequently stated as the weighted sum of the inputs (Equation 1). The 

function of 𝑓 is generally a nonlinear function of net.  

 

Figure 2.5. Schematic diagram of a single neuron (adapted from Patterson, 1996) 
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𝑛𝑒𝑡 = 𝑥1𝑤1 + 𝑥1𝑤1 + 𝑥1𝑤1 =∑𝑥𝑖𝑤𝑖

3

𝑖=1

 (1) 

Several examples of activation functions 𝑓(𝑛𝑒𝑡)  such as identity function, 

binary step function, binary sigmoid function, bipolar sigmoid and hyperbolic tangent 

function are commonly used in ANN as depicted in Figure 2.13. In most cases, a 

nonlinear activation function is used. The threshold term 𝜃 is sometime included in the 

definition of net, but this can be replaced by placing a fixed bias input of +1 × 𝑤0 on 

one of the input links and setting the value of 𝑤0 = −𝜃 (Fauset, 1994; Patterson, 1996). 

There are three learning strategies usually applied in ANN: (1) supervised, (2) 

unsupervised, and (3) reinforcement learning (Patterson, 1996; Shiffman, 2016; Svozil 

et al., 1997; Fauset, 1994). In common, ANNs are powerful as computing systems. 

ANNs continue to behave well when part of the network is disabled or offered noisy 

data. It can be explained due to the “knowledge” saved in an ANNs is distributed over 

many neurons and interconnections. Consequently, mappings stored in ANNs have 

some degree of redundancy built in via this knowledge distribution. ANNs with their 

ability to learn and adjust their structure over time make it useful in the field of artificial 

intelligence.  

Multi-layer feed-forward (MLF) neural network or sometimes called multilayer 

perceptron is one type of supervised learning. MLF neural networks trained with a back-

propagation learning algorithm are the most well-known neural networks (Patterson, 

1996; Svozil et al., 1997; Fauset, 1994). MLF neural networks connect the perceptrons 

in which data and calculation flow in a single direction from input to output. There are 

no loops or cycles in this network. A MLF neural network composes of neurons in 

series of layers. The first and last layer are called as input layer and output layer, 

respectively. Meanwhile, the layers between first layer and last layer are called hidden 

layers. Each neuron in a specific layer is connected with all neurons in the next layer 

and characterized by the weight and threshold value. The weight reflects the importance 

degree of the given connection in network.  
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Chapter 3  

CLASSIFICATION OF DRIVER’S COGNITIVE LOAD LEVELS 

BASED ON ECG USING ANN MODEL 

3.1. Participants 

A total of fifteen male participants were recruited for the cognitive load 

experiment in this study. Their average of age was 27.7 (SD: 3.0). The inclusion criteria 

were participants have driving license with at least 3 years of driving experience. In 

addition, participants were healthy, without cardiovascular diseases as well as no 

discomfort or pain on the body reported on the day of experiment. The experimental 

objectives and procedures were explained to the participants, and they gave written 

informed consent prior to the experiment. Their participation in the experiment of this 

study was also compensated. 

3.2. Equipment 

The driving task experiment in this study was performed in a simulated driving 

environment. A driving simulator (STISIM DriveTM, Systems Technology Inc., USA) 

was used for the experiment as shown in the Figure 3.1.a. The driving simulator 

consisted of a vehicle and a large screen (resolution: 1024 × 768) to display a driving 

scene to driver (3.1.b). The driving scenario of the experiment was to drive on a two-

lane highway (width of a lane: 4.57 m) at a speed of about 100 km/h.  

 

Figure 3.1. Illustration of the driving simulator (a) and driving scene (b)  

used in the simulated-driving experiment of this study 



25 
 

During the driving experiment, the ECG of drivers were recorded. A MEDAC 

System/3 ECG system (NeuroDyne Medical Corp., Cambridge, MA, USA) was 

employed to measure the ECG while the participants drove the driving simulator. Three 

ECG sensors were attached just below the left clavicle, right clavicle, and left rib 

(Figure 3.2). In addition, the sampling rate of the ECG was set to 250 Hz based on 

Mehler et al. (2011a, 2011b). 

 

Figure 3.2. Placement of the ECG sensors on driver’s body 

3.3. Experimental Procedures 

This study prepared two different driving tasks in the driving simulator to 

comprehensively examine the cognitive workload levels of driver which are primary 

and secondary task. The primary driving task was conducted by asking the participants 

to perform a normal driving in two-lane highway at a speed of about 100 km/h. 

Meanwhile, the secondary task was carried out through asking participants to drive as in 

the primary task while they are performing an N-back task. 

The N-back task was added to induce the driver’s cognitive workload. This task 

was to recall the N step’s earlier number by participants or driver when an experiment 

instructor or system presented a sequence of arbitrary numbers (Hong et al., 2014; 

Reimer and Mehler, 2011; Mehler et al., 2011a; Son et al., 2010). The difficulty level of 

the N-back task used in this experiment could be adjusted based on the number of N 

(e.g., 0, 1, 2). In our study, four different driving tasks (driving without N-back task, 

driving with 0-back task, driving with 1-back task, and driving with 2-back task) were 

accomplished to stimulate multitasking or distraction while driving with different levels 

of difficulty. The driving without N-back task could be referred as normal driving or 
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baseline. Meanwhile, the driving with 0-back task, driving with 1-back task, and driving 

with 2-back task could be associated with the low, medium, and high level of driver’s 

cognitive workload, respectively.  

 

a) 0-back task 

 

b) 1-back task 

 

c) 2-back task 

Figure 3.3. Illustration of N-back task (Hong, 2012) 

The experiment in this study was performed in the following four steps 

procedures. In the first step, the objective and all procedures of the experiment was 

explained to the participant. The informed consent from participant was also obtained in 

this phase. In the second step, the ECG sensors were placed to the body of participants, 

and then practice in driving was allowed to be accustomed with the simulator driving 

and N-back tasks for about 10 min. The next step, the primary experiment was 

performed and ECG data were recorded during the four driving tasks lasting 2 min. for 
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each session. Lastly, a debriefing period was completed with the participant regarding to 

the experiment results.  

3.4. ECG Processing  

The heart rate responses data collected from the experiment were analyzed to 

obtain ECG measures through signal processing techniques. The quantification for six 

ECG measures in time (mean IBI, SDNN, and RMSSD) and frequency (LF, HF, and 

LF/HF) domains were conducted in the following four steps. First, IBI data were 

quantified from the raw ECG using the R-peak detection algorithm (Billauer, 2012) with 

windowed filter coded in Matlab R2016a (MathWorks, Inc., USA) as illustrated in 

Figure 3.4. Second, the IBI data between 10 and 110 sec. out of 120 sec. were selected 

in the subsequent analysis (Figure 3.5). The data measured during the initial and last 10 

seconds were not included to avoid possible ECG contamination due to the transition 

effect of a participant’s status change from rest to driving or from driving to rest. Since 

the sampling rate was set as 250 Hz, the number of data were 25,000 for each 

conditions. Third, the three-time domain measures were quantified using Equation 2, 3, 

and 4, respectively. Lastly, three frequency domain measures were obtained by fast 

Fourier transformation (FFT) algorithm in Matlab. For frequency analysis, this study 

determined the appropriate time window to be 100 sec based on Clifford (2002). The 

frequency bands for LF (0.04 - 0.15 Hz; unit: ms2) and HF (0.15 - 0.4 Hz; unit: ms2) 

were defined according to existing studies (Tjolleng et al., 2017; Combatalade, 2010; 

Malik et al., 1996). 

 

Mean IBI =
 𝐼𝐵𝐼𝑖
𝑛
𝑖=1

𝑛
  

where: n = number of inter-beat intervals, 

        𝐼𝐵𝐼𝑖= ith inter-beat interval 

 

(2) 

SDNN = √
 (𝐼𝐵𝐼𝑖−𝐼𝐵𝐼̅̅̅̅̅)2𝑛
𝑖=1

𝑛−1
  

where: n = number of inter-beat intervals, 

       𝐼𝐵𝐼𝑖 = ith inter-beat interval, 

        𝐼𝐵𝐼̅̅ ̅̅  = average of inter-beat intervals 

(3) 
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RMSSD = √
 (𝐼𝐵𝐼𝑖+1−𝐼𝐵𝐼𝑖)

2𝑛−1
𝑖=1

𝑛−1
  

where: n = number of inter-beat intervals, 

        𝐼𝐵𝐼𝑖= ith inter-beat interval 

(4) 

 

Figure 3.4. Illustration of the raw ECG signal and IBIs 

 

Figure 3.5. Illustration of the ECG data selection  
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Existing studies have pointed out that the heart responses of participants may 

varied due to the inter-variability among them (Hong et al., 2014; Lee et al., 2010; Lal 

and Craig, 2001). The variation of heart rate responses can be observed from: 1) 

sensitive ECG measures, 2) sensitivity of ECG measures to the different levels task, and 

3) magnitude of ECG measures (Tjolleng et al., 2017). First, an effective ECG measure 

clearly varies among participants. For illustration, the RMSSD of Driver A in Figure 

3.6.a changes more by cognitive tasks than other ECG measures; while, the mean IBI of 

Driver B in Figure 3.6.b is more distinctly altered than the other measures. Next, heart 

sensitivity to cognitive tasks of different levels varies individually. As can be observed, 

a low cognitive load task for Driver A in Figure 3.6.a can be differentiated from medium 

and high cognitive load tasks, while a high cognitive load task for Driver B in Figure 

3.6.b can be discriminated from low and medium load tasks. Lastly, the magnitudes of 

ECG measures also vary among individuals. For example, Driver A in Figure 3.6.a 

shows a smaller mean IBI than Driver B in Figure 3.6.b for all cognitive tasks. 

 

a) Illustration of IBIs for Driver A 
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b) Illustration of IBIs for Driver B 

Figure 3.6. Illustration of ECG changes based on cognitive load for two drivers 

In order to compensate with the individual variability in the heart response, the 

following three-step signal processing procedure was carried out: (1) selection of two 

sensitive ECG measures, (2) definition of three cognitive load levels, and (3) 

normalization of the selected ECG measures. In the first step, the two sensitive ECG 

measures out of the six ECG measures for each participant were chosen. Two ECG 

measures which best segregated the driving tasks were selected for each participant 

since the sensitivities of the ECG measures were varied among participants. For 

illustration, mean IBI and RMSSD were selected as sensitive measures for a participant 

because of they demonstrated a systematic trend of change with different driving tasks 

(Figure 3.7.a).  
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a) Selection of two sensitive ECG measures 

 

b) Definition of the three cognitive load levels based on driving tasks 

 

c) Normalization of the ECG measure 

Figure 3.7. Illustration of correction for the individual variability (D: driving, D+0: 

driving with 0 back task, D+1: driving with 1 back task, D+2: driving with 2 back task) 

Grouping
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In the second step, three levels of perceived cognitive load were personally 

determined for each participant by grouping from the four driving tasks. The four 

driving tasks of each participant were categorized into three cognitive load categories 

(low, medium, and high) since the level of perceived cognitive load based on the driving 

tasks different among participants. For illustration, as shown in Figure 3.7.b., a 

participant was less sensitively changed during the driving and driving with 0-back 

tasks than during other driving tasks. Thus, the participant’s perceived cognitive load 

level was defined as low (driving and driving with 0-back tasks), medium (driving with 

1-back task), and high (driving with 2-back task).  

The determination of the perceived level of cognitive load was assumed in the 

present study more important to prevent a vehicle accident. For example, suppose that 

two drivers (drivers A and B) perform the same cognitive task (secondary task) while 

driving (primary task). Driver A with a high mental capability would conduct both the 

dual tasks without difficulty since the perceived level of cognitive load is low. However, 

driver B with a low mental capability would not well-perform since the perceived level 

of cognitive load is high. 

In the last step, the normalization was used to rescale the range of ECG 

measures values in a same scale. In this study, the two selected ECG measures were 

normalized by their median values. The magnitude of the ECG measures differed 

significantly not only among participants but also among the ECG measures. To obtain 

values of a common scale, measurements of the selected ECG measures for each 

participant were normalized using the corresponding participant’s median values 

(Equation 5), which were considered as those of medium cognitive load level. The 

median normalizing process for a participant was illustrated in Figure 3.7.c. The 

medium workload level was set as benchmark or reference in the normalization step. 

For example, suppose a ECG measure revealed an increment trend as the driving 

cognitive load levels changed from low to high. Then, for the normalized ECG value < 

1 (smaller than the medium cognitive load level) the perceived cognitive load level is 

low and for the opposite of the normalized ECG values (> 1) the perceived cognitive 

load level is high. All normalized ECG measures showed value equal to 1 for the 

medium cognitive load.  
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N𝑖 =
𝑥𝑖

�̃�
  

where: 𝑁𝑖= ith normalized data 

                        𝑥𝑖= ith data 

                        �̃� = median 

(5) 

3.5. ANN Model 

The driver’s cognitive load levels in this study were classified using ANN 

model. The structure of the ANN model comprised of three layers (input, hidden, and 

output layers) as illustrated in Figure 3.8. The input layer had two nodes to denote the 

two normalized ECG measures either in time and/or frequency domains. Next, the 

hidden layer had 15 neurons and were used to process the normalized ECG measures 

using the sigmoid activation function. It should be noted that, the number of neurons in 

the hidden layer affected the classification accuracy of the ANN model; however, 

currently, none accepted rule of thumb exists for predetermining the optimal number of 

neurons (Acharya et al., 2003). Hence, the optimal number of neurons was chosen as 15 

by varying it from 5 to 30 with an interval of 5 until the network reached the highest 

performance in accuracy, sensitivity, and specificity. Meanwhile, the output layer had 

three nodes to represent the three levels (low, medium, and high) of cognitive load 

considered in this study. 

 

Figure 3.8. Three-layer feed-forward neural network structure 

This study established a standard feed-forward and back-propagation of artificial 

neural network. A three-layer feed-forward neural network was coded in the Neural 
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Network Toolbox of Matlab. The transfer function of hidden layer was activated using a 

hyperbolic tangent sigmoid function. Meanwhile, the transfer function of output layer 

was triggered using a linear transfer function. The scaled conjugate gradient was 

adopted as a back-propagation network learning function of the network. In addition, 

the ECG data obtained from the fifteen participants were randomly partitioned into 

learning and testing data sets. A total of 70% of the ECG data were assigned for the 

learning or training of the ANN model and the rest data (30%) were used as the testing 

data sets of the proposed neural network model. 

3.6. Statistical Analysis 

All statistical analyzes were conducted using Minitab v14.0 (Minitab Inc., 

USA). To statistically examine the significance of the ECG measures performances as 

the driver’s cognitive workload altered from low to high cognitive load, a one-factor 

(workload levels) within-subject’s analysis of variance (ANOVA) test was done at 

significance level of α = 0.05. The independent variables were the driver’s cognitive 

load levels (three levels: low, medium, and high cognitive load). Meanwhile, the 

dependent variables were the six normalized ECG measures in time (mean IBI, SDNN, 

and RMSSD) and frequency domains (LF, HF, and LF/HF) measures. In addition, 

Tukey tests were conducted for post-hoc analysis at the same significance level.  

In addition, the classification performance results were also showed with a 

confusion matrix in terms of overall accuracy, sensitivity/recall (true positive rate), 

specificity (true negative rate), precision, and F1 score using Equation 6.  

 

                             Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
× 100%  

              Sensitivity/Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100%  

                           Specificity =
𝑇𝑁

𝑇𝑁+𝐹𝑃
× 100% 

                             Precision =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100% 

                               F1 score = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
  

(6) 

where: 𝑇𝑃 = number of true-positives, 

           𝑇𝑁 = number of true-negatives, 
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           𝐹𝑃 = number of false-positives, and 

          𝐹𝑁 = number of false-negatives. 

3.7. ECG Measures Performance 

The performance of all the ECG measures related to the change of the driver’s 

cognitive load levels were evaluated in terms of systematic trends and statistical 

significance. As shown in the Figure 3.9, the time domain measures were more sensitive 

to changes in cognitive load than frequency domain measures. The trend was consistent 

with the trend in Mehler et al. (2011b). The results revealed that the time domain 

measures (normalized mean IBI, SDNN, and RMSSD) gradually decreased as the 

cognitive load level increased. For example, the normalized mean IBI was 1.05 (0.80 

sec) for the low cognitive load, 1.00 (0.77 sec) for the medium cognitive load, and 0.94 

(0.72 sec) for the high cognitive load. On the other hand, the frequency domain 

measures (normalized LF, HF, and LF/HF ratio) showed insignificant changes with 

change in cognitive load. For instance, the normalized LF was 0.99 (0.1107 m2) for the 

low cognitive load, 1.00 (0.1117 m2) for the medium cognitive load, and 1.01 (0.1137 

m2) for the high cognitive load. 

  

Figure 3.9. Normalized ECG measures for different cognitive loads 

(different alphabet letters indicate statistically significant differences at the 0.05 level) 
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Moreover, the ANOVA analysis results of the six normalized ECG measures 

revealed that the normalized mean IBI (F(2, 28) = 17.58, p < 0.001) and normalized 

RMSSD (F(2, 28) = 9.84, p = 0.001) were significantly changed by the cognitive load 

level at 5% of significance level. Tukey tests analysis results classified the cognitive 

load levels into three groups (Group A: low cognitive load, Group B: medium cognitive 

load, and Group C: high cognitive load) for the normalized mean IBI and two groups 

(Group A: low cognitive load, Group B: medium and high cognitive load) for the 

normalized RMSSD. Meanwhile, the normalized SDNN and the three frequency 

measures (normalized LF, HF, and LF/HF) showed a systematic trend as the progress of 

cognitive load, however, it was statistically insignificant (normalized SDNN: F(2, 28) = 

1.64, p = 0.212; normalized LF: F(2, 28) = 1.84, p = 0.178; normalized HF: F(2, 28) = 

0.91, p = 0.414; normalized LF/HF: F(2, 28) = 2.42, p = 0.108). 

3.8. ANN Model Performance 

The proposed ANN model of this study showed satisfactory classification 

accuracy performance for both the learning and testing data sets. In order to rigorously 

validate the performance of the developed ANN, a cross evaluation was repeated 100 

times in the Matlab program.  

The classification performances of the proposed model were displayed in a 

confusion matrix. On the confusion matrix plot, the rows correspond to the classified 

condition and the columns indicate to the actual conditions. The diagonal cells 

correspond to observations that are correctly classified. Meanwhile, the off-diagonal 

cells indicate to incorrectly classified observations.  

In this study, the average classification accuracies for the learning and testing 

sets were 95% (SD = 2.77) and 82% (SD = 8.58), respectively. In addition, no 

systematic bias was observed in the recall/sensitivity (true positive rate), precision 

(positive predictive value), specificity (true negative rate), and F1 score in the learning 

and testing data sets as shown using confusion matrix in Figure 3.10. For example, in 

the learning data, it can be observed that 962 out of 1,051 low cognitive load cases were 

correctly classified as low level of cognitive load. However, 89 low level cases were 

incorrectly classified as medium level (86 cases) and high level (3 cases).   



37 
 

 

a) Learning data set 

 

b) Testing data set 

Figure 3.10. Confusion matrix of training and testing data sets 

 

Furthermore, the sensitivity/recall and precision of the learning data sets were 

varied between 91% ~ 98%. Meanwhile, the sensitivity/recall and precision of the 

testing data sets were varied between 70% ~ 91%. The specificity for the learning (95% 

~ 98%) and testing (81% ~ 96%) were also varied. In addition, the F1 score for learning 

data sets were 94%, 92%, and 98% for low, medium, and high levels, respectively. The 

F1 score for testing data sets were 86%, 77%, and 84% for low, medium, and high 

levels, respectively. 
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Chapter 4  

CLASSIFICATION OF DRIVER’S DROWSINESS LEVELS  

BASED ON ECG USING ANN MODEL 

4.1. Participant 

In the experiment of this study, a total of forty-three university students (male: 

25, female: 18) in their 20s were voluntarily participated in the drowsiness experiment 

under simulated driving. Their average of age was 23.14 years (SD: 1.55) and ranged 

from 20 to 28 years. The inclusion criteria of the participants for the experiment were 

healthy, had a normal or corrected-to-normal vision, had no cardiovascular diseases, and 

took no medication. Participants reported that they were no sleep deprivation on the day 

of the experiment. In addition, the participants were also requested to abstain from any 

alcohol and caffeine prior participating in the experiments. They also signed an 

informed consent form and were provided a description of the experimental objectives 

and procedures. 

4.2. Equipment 

The driving task for drowsiness experiment in this study was also performed in a 

simulated driving environment. A driving simulator (Logitech G27 DriveTM, 

Switzerland) was utilized for the experiment as shown in Figure 4.1. The driving 

simulator consisted of a seat, a steering wheel, a monitor, and two pedals for braking 

and acceleration. To provide a driving scene to participants, a simulated driving 

program (Driving Simulator 2012, Excalibur Publishing Ltd., United Kingdom) was 

used in this study. The driving scenario in this experiment was a monotonous driving 

(no other vehicle) on a two-lane highway at a speed of about 60 km/h for about 20 min 

to induce drowsiness. The length of monotonous driving task period used in the 

experiment of this study was based on previous studies (Nguyen et al., 2017; Li and 

Chung, 2013; Sahayadhas et al., 2012).  

To connect the driving simulator with the driving program, we used a desktop 

computer (Model 32MB25HM, LG Electronics Inc., South Korea). In addition, a 

notebook computer (Model SENS R60F, Samsung Electronics Co., Ltd., South Korea) 

was employed to process the driver’s ECG signal during simulated driving using a P400 



39 
 

digital physiograph device and iDaq-400 module (PhysioLab Co., South Korea). Three 

ECG electrodes were attached on both wrists and the right ankle of driver. The sampling 

rate was set to 500 Hz as suggested in the earlier works (Goldberger and Ng, 2010; 

Ziemssen et al., 2008). Lastly, a full HD handy camcorder (Model HDR-PJ675, Sony 

Corp., Japan) was placed in front side of driver and used to continuously record driver’s 

face and behaviors during the entire driving experiment phases. The ECG and video 

recording were time synchronized to enable splitting of the data for further processing. 

 

Figure 4.1. Illustration of the driving simulator and driving scene                               

used for the drowsiness experiment of this study 

4.3. Experimental Design 

The present study defined three driver’s states related to drowsiness: (1) normal, 

(2) fighting-off drowsiness, and (3) drowsy as listed in Table 4.1. First, we defined the 

normal state as a state of alertness or wakefulness in which the participant fully 

concentrates on the driving task. This condition was similar to drowsiness level 0 

(which means not drowsy) that proposed by Wierwille and Ellsworth (1994) as 

summarized in Table 4.2. In the study, they categorized the drowsiness levels into five 

levels (level 0: not drowsy, 1: slightly drowsy, 2: moderately drowsy, 3: very drowsy, 4: 

extremely drowsy). Second, the fighting-off drowsiness state was defined as a state in 

which the driver is attempting to remain alert to prevent falling into drowsiness as 

illustrated in Figure 4.2. The fighting-off drowsiness is referred as an ongoing internal 

state (pre-stage) of drowsiness. This state can be regarded as: (1) a transient period from 

normal to drowsy (Schumann et al., 2017; Han and Chong, 2016; Sahayadhas et al., 

monitor
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2013) or (2) drowsiness level 1 (slightly drowsy) which is the onset stage of drowsiness 

as defined by Wierwille and Ellsworth (1994). Lastly, the drowsy state was referred as a 

state in which the participant is experiencing drowsy and has reduced attention on the 

driving task (Awais et al., 2017; Han and Chong, 2016; Sahayadhas et al., 2013). This 

condition can also be considered as drowsiness level equal to or higher than 2 

(moderately drowsy). 

Table 4.1. Definition of the three driver’s drowsiness-related states of this study 

State Drowsy level Description 

Normal 0 (alert or awake) 
A driver can fully concentrate on the 

driving task. 

Fighting-off 

drowsiness 
1 (slight drowsy) 

A driver needs an extra effort to 

keep the driving task. 

Drowsy  2 (moderately drowsy) 

A driver experiences drowsy and has 

reduced attention on the driving 

task. 

 

Figure 4.2. Illustration of characteristics of the three driver’s states 

Table 4.2. Drowsiness level proposed by Wierwille and Ellsworth (1994) 

Level Drowsiness state Video image indicators 

0 not drowsy 

Normal fast eye blinks, often reasonably regular; 

apparent focus on driving with occasional fast sideways 

glances; normal facial tone; occasional head, arm and 

body movements. 

1 slightly drowsy 

Increase in duration of eye blinks; possible increase in 

rate of eye blinks; increase in duration and frequency of 

sideway glances; appearance of “glazed eye” look; 

appearance of abrupt irregular movements – rubbing; 

face/eyes, moving restlessly on the chair; abnormally 

large body movements following drowsiness episodes; 

occasional yawning 

a

Normal driving
Fighting-off

drowsiness driving
Drowsy driving

• drowsy level 0 (alert)

• alert/awake

• fully concentrates on 

driving task

• drowsy level 1

• onset of light drowsy

• extra effort to keep 

driving task

• drowsy level ≥ 2

• ↑ eye closure interval

& yawning

• reduce attention on

driving task
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2 moderately drowsy 

Occasional disruption of eye focus; significant increase 

in eye blink duration; disappearance of eye blink 

patterns observed during alert state; reduction on degree 

of eye opening; occasional disappearance of facial tone; 

episodes without any body movements 

3 very drowsy 

Discernable episodes of almost complete eye closure; 

eyes never fully open; significant disruption of eye 

focus; periods without body movements (longer than for 

level 2) and facial tone followed by abrupt large body 

movements 

4 extremely drowsy 

Significant increase in duration of eye closure; longer 

duration of episodes of no body movement; followed by 

large isolated “correction” movements 

The drowsiness experiment of this study was carried out in the two different 

time windows of the day (morning: 9:00 – 12:00; afternoon: 1:00 – 4:00) in the 

following five-step procedure. The experiment time windows were considered based on 

the human circadian rhythms that have been proposed in the existing studies 

(Chowdhury et al., 2018; Sahayadhas et al., 2012; Khushaba et al., 2011). In the first 

step, each participant was explained about the objectives and procedures of the 

experiment and obtained participant’s consent. In the second step, three ECG electrodes 

were attached to a participant and a short practice driving was allowed for about 5-10 

min. to allow him/her to become familiarized with the driving environment and driving 

task. The experiment was performed in a quiet room to exclude external disturbances 

and provide a suitable condition to induce the drowsiness. In the third step, a participant 

was asked to drive under the driving scenario while recording his/her ECG. The 

participant was allowed a slight postural change while driving if needed. A video was 

recorded during driving to help in deciding participant’s state. The participant was 

requested to verbally notice his/her driving state (normal, fighting-off drowsiness, or 

drowsy) directly to the experimental instructor at the onset of each state while keep 

performing the driving task since drowsiness is a hidden ongoing condition. The 

participant was asked to inform his/her state with minimum notice to avoid distraction 

that potentially elicit any bias. The experimenter recorded the onset time of driver’s 

state on a prepared form. In the next step, the participant was asked to rate his/her 

subjective drowsiness level after completion of the whole driving task using a 9-point 

Karolinska Sleepiness Scale (KSS) (1: extremely alert, 3: alert, 5: neither alert nor 

sleepy, 7: sleepy, no effort to stay awake, 9: very sleepy; Schmidt, 2017; Sahayadhas et 
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al., 2013; Shahid et al., 2011) as listed in Table 4.3. Finally, a debriefing session was 

done with respect to the experiment results of the participant. 

Table 4.3. Karolinska Sleepiness Scale (KSS) 

Scale Description 

1 Extremely alert 

2 Very alert 

3 Alert 

4 Rather alert 

5 Neither alert nor sleepy 

6 Some signs of sleepiness 

7 Sleepy, but no effort to keep awake 

8 Sleepy, some effort to keep awake 

9 
Very sleepy, great effort to keep awake, 

fighting sleep 

In order to extract six measures in time (mean IBI, SDNN, and RMSSD) and 

frequency (LF, HF, and LF/HF) domains for three different driver’s states (normal, 

fighting-off drowsiness, and drowsy), an analysis software was coded using Matlab 

R2017b (MathWorks, Inc., USA). The graphic user interface (GUI) of the software 

developed in this study consists of three panels: (1) data import, (2) video panel, and (3) 

analysis results, as shown in Figure 4.3.  

First, the data import panel allowed user to load or import the ECG raw signal 

data into the system, set data processing parameters (peak threshold and outlier 

criterion), as well as plot the IBI of ECG signal. The peak threshold to detect R-peak 

points needed to be customized for each participant due to the magnitudes of ECG raw 

signals varied significantly among participants. Meanwhile, the outlier criterion was 

used to eliminate the outliers of IBI that were greater or less than the criterion 

percentage of previous IBI (e.g., 30%). Second, the video panel was used to evaluate 

and validate the ground truth of driver’s state during the experiment by integrating 

video evaluation and participants’ subjective report. This panel was also utilized to 

accurately fine-tune the designated period of driver’s state. Lastly, the analysis result 

panel was designed to present the analysis results of the six measures in time and 

frequency domains for each driver’s state.  
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Figure 4.3. Illustration of the GUI to extract ECG measures 

Video recording and participants’ subjective report were used to identify the 

ground truth of participants’ state during experiment as illustrated in Figure 4.4. In the 

first step, the video data and the ECG data measured during experiment were 

synchronized. Next, several facial features, such as eye closure duration, head-nodding, 

and yawning were identified from the video recordings. Finally, the participant’s state 

was concluded based on the identified facial features and was validated by the 

participant’s subjective report recorded during experiment. 

 

Figure 4.4. Determination of the ground truth of the driver’s drowsiness states 
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4.4. ECG Processing 

Three steps of ECG processing were conducted to quantify the six ECG 

measures in time and frequency domains. In the first step, the raw ECG for 1-min. 

(Takahashi et al., 2017; Sahayadhas et al., 2013; Li and Chung, 2013) of each period of 

driver’s state (normal, fighting-off drowsiness, and drowsy) was analyzed according to 

the video recorded during experiment and participants’ subjective report. In the second 

step, IBI data were computed from the selected ECG raw signals using the R-peak 

detection algorithm (Billauer, 2012) coded in Matlab. In the third step, mean IBI (unit: 

ms), SDNN (unit: ms), RMSSD (unit: ms) in time domain were quantified. Meanwhile, 

LF, HF, and LF/HF in frequency domain were also calculated by using fast Fourier 

transformation algorithm.  

As similar to the ECG signal processing in the cognitive load experiment, the 

quantified six ECG measures had different magnitude and unit among measures and 

participants. Therefore, the ECG measures were normalized to obtain a common scale 

of values as well as enhance the classification performance. We performed the 

normalization of ECG measures for the three states (normal, fighting-off drowsiness, 

and drowsy) by dividing the participant’s normal and drowsy data with his/her data 

from the fighting-off drowsiness state due to normalization with the middle state 

showed better results in Tjolleng et al. (2017). The fighting-off drowsy state was 

regarded as the normalization reference to simply differentiate the participant’s state. 

For instance, suppose a normalized ECG measure showed increment trend as the 

driving condition changed from normal to drowsy. Then, a value of less than 1 indicated 

a normal state, while a normalized ECG value of greater than 1 indicated a drowsy state. 

Existing studies pointed out that the normalized ECG measures differed among 

participants because of individual differences in heart response (Hong et al., 2014; Lee 

et al., 2010; Lal and Craig, 2001). Hence, the measures need to be well-selected before 

using them as inputs to establish model with high accuracy. We manually selected two 

out of the six normalized ECG measures for each participant as significant inputs for the 

ANN model. This study selected the two most sensitive measures for each participant 

that were able to perform clear differentiation on the three states; further, the 

increasing/decreasing trends in these measures with respect to drowsiness agreed with 

existing studies. The existing studies reported that with drowsiness, the mean IBI, 
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SDNN, RMSSD, and HF increased; while, LF and LF/HF decreased (Awais et al., 

2017; Piotrowski and Szypulska, 2017; Miyaji, 2014; Borghini et al., 2014; Sahayadhas 

et al., 2013; Rodriguez-Ibañez et al., 2012; Vicente et al. 2011; Lal and Craig, 2001). 

4.5. Structure of the ANN Model 

In this study, we constructed a standard feed-forward and back-propagation 

ANN model using Matlab to classify driver’s state based on the two sensitive ECG 

measures. The model was developed to correctly identify the driver’s state into three 

levels: 1) normal, 2) fighting-off drowsiness, and 3) drowsy. Figure 4.5 illustrated the 

ANN model proposed in the current study that composed of three layers (input, hidden, 

and output layer). Fully-connected layers were considered in the layers of the model 

which mean that the neurons between two adjacent layers are fully pairwise connected. 

The input layer of ANN model had two units related to the two most sensitive 

ECG measures in time and/or frequency domains. ECG measures that exhibited 

systematic increasing/decreasing trends and consistent with the previous studies were 

treated as the sensitive measures. The sensitive ECG measures were differed 

considerably among participants due to the inter-individual variability. For instance, a 

participant was sensitive in mean IBI and RMSSD as his/her condition altered from 

normal to drowsy; meanwhile, another participant was sensitive in mean IBI and LF/HF 

at the same condition. The proportions of the sensitive measures selection were mean 

IBI (95%), RMSSD (50%), LF/HF (40%) and SDNN (15%) in descending order. 

 

Figure 4.5. The structure of the neural network model of this study 

1

1

2

3

15

1

2

Input layer Hidden layer Output layer

Normal

Fighting-off

.

.

.

3 Drowsy

Sensitive 

ECG measures

4

Driver’s

conditions

2



46 
 

The accuracy of the ANN model is influenced by the number of units in the hidden 

layer. Hence, an optimal number of hidden units need to be decided prior training the 

networks. This study determined the optimal number of hidden units through trials and 

errors by varying it from 5 to 30 with an interval of 5. As a result, the optimal number of 

hidden layer’s unit was 15. In addition, the transfer function of the hidden layer was 

activated with a hyperbolic tangent sigmoid transfer function with output range [-1, 1]. 

Meanwhile, the output layer of the ANN model had three units: 1) normal, 2) 

fighting-off drowsiness, and 3) drowsy. The units of output layer were turn on using 

softmax transfer function. A scaled conjugate gradient was used as learning function for 

the back-propagation method. In addition, a cross entropy function was employed to 

assess the performance of the proposed ANN model.  

The sensitive ECG measures data obtained from the twenty participants were 

randomly partitioned into a learning data set (70%) to construct the ANN model by 

learning and adjusting unit weights of connection layers, and a testing data set (30%) to 

evaluate ANN performances. Moreover, to validate the ANN models over both data sets, 

a cross evaluation program was coded in Matlab and executed for 100 times.  

4.6. Statistical Analysis 

To statistically examine the significance of the ECG measures performances as 

the driver’s drowsiness states changed from normal to drowsy, a one-factor within-

subject’s analysis of variance (ANOVA) was conducted using Minitab v17.0 (Minitab 

Inc., USA) at α = 0.05. The three levels of driver’s state (1: normal, 2: fighting-off 

drowsiness, and 3: drowsy) were considered as independent variables. Meanwhile, the 

six normalized ECG measures in time (mean IBI, SDNN, and RMSSD) and frequency 

domains (LF, HF, and LF/HF) were regarded as dependent variables. Tukey tests were 

done for post-hoc analysis at the same significance level. In addition, to analyze the 

drowsiness level measured using KSS between drowsy group and non-drowsy group, 

one-factor (two levels: drowsy group and non-drowsy group) between-subject ANOVA 

was also performed at α = 0.05 of significance level. 
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4.7. Subjective Drowsiness Score 

The results of the experiment of this study revealed that twenty participants 

(male: 13, female: 7) out of forty-three experienced drowsy during the monotonous 

driving. Their average age and range were 23.2 (SD: 1.3) and 20 - 25, respectively. 

Those participants were considered as a drowsy group and their data was used for ECG 

analysis and development of the ANN model. Meanwhile, the rest participants were 

categorized as a non-drowsy group and eliminated for further analysis since they did not 

show any sign of drowsy during the driving task. The participant’s subjective report on 

drowsiness level and video recording analysis results were used as exclusion reference 

in this study. As a result, average self-reported drowsiness level for the drowsy group 

was significantly higher (mean ± SE; 7.1 ± 0.3 pt., which means sleepy and some effort 

to keep awake) than that of the non-drowsy group (5.2 ± 0.4 pt., which means neither 

alert nor sleepy) (F(1, 41) = 14.16, p = 0.001) (Figure 4.6).  

  

 
Figure 4.6. KSS for non-drowsy and drowsy group 

(alphabet letters indicate significant differences at α = 0.05) 
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4.8. ECG Measures and ANN Model Performance 

The performance of all the ECG measures related to the change of the driver’s 

drowsiness states were evaluated in terms of systematic trends and statistical 

significance. All ECG measures except SDNN and LF differed significantly by driver’s 

state as shown in Figure 4.7 (mean IBI: F(2, 38) = 43.77, p < 0.001; RMSSD: F(2, 38) 

= 4.95, p = 0.012; HF: F(2, 38) =9.99, p < 0.001; and LF/HF: F(2, 38) = 10.49, p < 

0.001). These results showed that mean IBI, SDNN, RMSSD, and HF increased as the 

drowsy level elevated (from normal to drowsy); meanwhile, LF and LF/HF decreased. 

No significant difference (SDNN: F(2, 38) = 2.11, p = 0.135) was found for SDNN, 

although it tended to increase as the drowsiness level elevated. Similarly, LF decreased 

as the drowsy levels changed; however, the change was also not statistically significant 

(LF: F(2, 38) = 0.47, p = 0.629). 

 

Figure 4.7. Normalized ECG measures for three different states 

(alphabet letters indicate significant differences at  = 0.05) 

Moreover, Tukey tests categorized participants’ state into several groups as 

plotted in Figure 4.6. Normal, fighting-off drowsiness, and drowsy states in mean IBI 
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were statistically classified into a lower group, a medium group, and a higher group, 

respectively. On the other hand, the normal and fighting-off drowsiness states in 

RMSSD were classified into a lower group; meanwhile, fighting-off drowsiness and 

drowsy states were grouped into a higher group. Next, the normal driving state in HF 

was classified into a lower group; meanwhile, fighting-off drowsiness and drowsy states 

were grouped into a higher group. In contrast, the normal state in LF/HF was classified 

into a higher group, while fighting-off drowsy and drowsy states were grouped into a 

lower group. 

The classification accuracies of the proposed ANN model of this study were 

satisfactory for both of the learning and testing data sets. Average classification 

accuracies for the learning and testing sets of the ANN model were 100% and 99.3% 

(SD = 2.0%), respectively. Figure 4.8 showed the confusion matrixes of the ANN 

model. Each row of the matrix indicates a classified class, while each column of the 

matrix represents to an actual class. All correct predictions are positioned in the 

diagonal matrix. For illustration, in the testing data, it can be observed that 576 out of 

578 drowsy driving cases were correctly classified as drowsy. However, 2 drowsy 

driving cases were incorrectly classified as fighting-off drowsiness. The lower right blue 

squares of each confusion matrix indicate average classification accuracies. In addition, 

the performances of the proposed model were also examined in terms of 

sensitivity/recall (the true positive rate in the bottom row of confusion matrix), 

precision, specificity, and F1 score. 

The sensitivity/recall and precision of the learning data sets were 100%. 

Meanwhile, the sensitivity/recall and precision of the testing data sets were varied 

between 97.9% ~ 100%. The specificity for the learning and testing data sets were 

(100%) and (99% ~ 100%), respectively. In addition, the F1 score for learning data sets 

were 100% and same for normal, fighting-off drowsiness, and drowsy driving 

conditions. The F1 score for testing data sets were 99%, 99%, and 100% for normal, 

fighting-off drowsiness, and drowsy driving conditions, respectively. 



50 
 

 

a) Learning data set 

 

b) Testing data set 

Figure 4.8. Confusion matrixes of the proposed ANN model for 100 repetitions 
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Chapter 5  

CLASSIFICATION OF DRIVER’S STATES BASED ON ECG  

USING ANN MODEL 

5.1. ECG under Cognitive Load 

In this study, we combined two sets of ECG data which had been measured 

under two different cognitive load related tasks (N-back task and arithmetic task) while 

performing a simulated driving. The simulated driving task was the primary task and the 

cognitive tasks were a secondary task to induce cognitive load to a driver. The ECG 

data for cognitive load induced by N-back task were obtained from our earlier work 

(Tjolleng et al., 2017) and for cognitive load induced by an arithmetic task that 

presented in this study. 

We included more experiment data for cognitive load that induced by an 

arithmetic task. Nine male participants of university students (mean age ± SD: 23.6 ± 

1.4 years; range age: 22-27) were voluntarily took part in the experiment. They were in 

a good health condition and had no discomfort on the day of experiment. They signed 

an informed consent form and were given a description of the experimental purposes 

and procedures. The driving simulator used for the cognitive load experiment induced 

by an arithmetic task was the same as used in the drowsiness experiment (see section 

2.2 of equipment for more details).  

In addition, for cognitive load experiment induced with arithmetic task, it was 

carried out under two different driving conditions: 1) normal driving, and 2) high 

cognitive load driving. In the normal driving condition, the driver was asked to drive on 

a two-lane highway at a speed of about 60 km/h for 2 min. Meanwhile, the high 

cognitive load driving condition involved driving on the same two-lane highway at a 

speed of about 100 km/h (primary task) while performing an arithmetic task as a 

secondary task.  

The arithmetic task was to do subtraction or addition of a 3-digit random 

numbers with 1-digit random numbers. For example, if the participant heard the 3-digit 

series of “5 3 9” followed by “plus 3”, then the correct response would be “8 6 12”. 

ECG was measured during 2 minutes for each of the two conditions (with/without an 

arithmetic task). The arithmetic task program used in this study was coded in Visual 
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Basic 6.0 (Microsoft Inc., USA) and was presented as a series of two 3-digit numbers to 

the participant through a speaker to carry out the addition or subtraction. Then, the 

participant was requested to verbally report the correct answer. Lastly, a debriefing with 

participant was also done in accordance with the experiment results. 

5.2. ECG under Drowsiness 

The present study used the ECG data for drowsy measured in our previous study 

(Tjolleng and Jung, 2019). A total of forty-three university students (male: 25, female: 

18) in their 20s (mean age: 23.1 ± 1.6 years, range age: 20-28 years) were involved in 

the drowsiness-induced experiment. The participants were instructed to drive a driving 

simulator on two-lane monotonous highway (no other vehicle) for about 20 min. The 

length of driving was determined based on the existing studies to naturally induce 

drowsy (Nguyen et al., 2017; Li and Chung, 2013; Sahayadhas et al., 2012).  

We defined three driver’s states: 1) normal, 2) fighting-off drowsiness, and 3) 

drowsy as explained in detail in Section 4.3. Twenty participants (male: 13, female: 7, 

mean age: 23.2 ± 1.3 years) out of forty-three experienced drowsy during the 

monotonous driving. Those participants were regarded as a drowsy group and their data 

were included in this study. The inclusion was confirmed based on the participant’s 

facial video recording analysis. The remaining participants were regarded as a non-

drowsy group and their data were considered as normal driving data in this study. 

5.3. ECG Processing 

A program coded in Matlab (MathWorks, Inc., USA) was employed in 

analyzing the ECG collected from our prior experiments to extract the three ECG 

measures in the time domain (mean IBI, SDNN, and RMSSD). Three consecutive step 

procedures were conducted in this study regarding the ECG processing. In the first step, 

we calculated the inter-beat interval (IBI) data from the raw ECG using the R-peak 

detection algorithm developed by Billauer (2012).  

In the second step, the IBI data for about 1 to 2 min were selected in order to be 

used for the subsequent analysis by referring to the existing studies (Tjolleng et al., 

2017; Takahashi et al., 2017; Sahayadhas et al., 2013; Li and Chung, 2013). Lastly, the 

three-time domain measures of ECG were quantified by referring to the previous works 



53 
 

(Tjolleng et al., 2017; Tarvainen et al., 2014; Combatalade., 2010; Malik et al., 1996). 

We used the time domain measures since they were more sensitive to change with the 

alteration of driver’s conditions than that of the frequency domain measures (Huang et 

al., 2020; Tjolleng et al., 2017; Mehler et al., 2011b). 

In this study, we explicitly defined five states of driver (drowsiness, fighting-off 

drowsiness, normal, medium load, and high load) from different experiments by 

considering the extent of alertness. The medium and high cognitive load obtained from 

cognitive load experiments were normalized with the low/normal cognitive load; while, 

the fighting-off drowsiness and drowsy were normalized with the normal state as 

illustrated in Figure 5.1. Then, the normal cognitive load and normal state of drowsiness 

experiment were grouped and considered as normal condition since they revealed 

similar characteristic.  

 

Figure 5.1. Illustration of determination of five driver’s states 

Moreover, the time domain of ECG measures linearly decreased as the level of 

alertness increased from the drowsiness state to the high cognitive load as can be 

observed from Figure 5.2. It revealed that the average of ECG measures for the normal 

condition obtained from the drowsiness experiment (mean IBI: 0.76 s; SDNN: 0.037 s; 

RMSSD:0.031 s) and normal condition from the cognitive load experiment (mean IBI: 

0.80 s; SDNN: 0.043 s; RMSSD: 0.034) were quite similar (mean IBI: t(63) = -1.44, p = 

0.153; SDNN: t(63) = -1.45, p = 0.153; RMSSD: t(63) = -0.72, p = 0.475); although, 

they were separately measured in the different experiments. Hence, we combined the 
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Low cognitive load
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ECG data for the normal state measured from both of the cognitive load experiment and 

drowsiness experiment. 

 

Figure 5.2. The performance of the time domain ECG measures as the driver’s states 

altered from drowsy to high cognitive load 

5.4. ANN Model Development 

This study established 16 (4 × 4) artificial neural network models to objectively 

examine and compare the effects of different ECG measures normalization methods on 

intra-individual variability (4 levels: no normalization (raw data); normalization with 

normal state; normalization with range; and normalization with normal state and range) 

and different input of ECG measures in the time domain (4 levels: mean IBI; mean IBI 

and SDNN; mean IBI and RMSSD; and mean IBI, SDNN, and RMSSD).  

In order to optimize the neural networks training, enhance the classification 

performance, as well as to deal with the presence of individual variability in heart rate 

responses among participants and ECG measures (Persson et al., 2020; Tjolleng et al., 

2017; Hong et al., 2014; Lee et al., 2010; Lal and Craig, 2001), we preprocessed the 

ECG measures using several normalization methods prior passing into the ANN 

models. The normalization methods considered in this study were normal normalization, 

range normalization, and combination of both normal and range normalization. The 

normal normalization was performed through dividing the both driver’s cognitive load 

and drowsiness-related conditions with their normal state values data as proposed in 

Tjolleng et al. (2017). Meanwhile, the range normalization was quantified using the 

SE

Drowsiness Cognitive load
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formula as expressed in Equation (7) by referring to previous studies (Li and Zhou, 

2016; Hu and Zheng, 2009). Lastly, the combination of both normal and range 

normalization for the ECG data was introduced in this study and completed using 

normal normalization followed with range normalization. 

 

𝑥𝑖
′ =

𝑥𝑖 − 𝑥𝑖,𝑚𝑖𝑛

𝑥𝑖,𝑚𝑎𝑥 − 𝑥𝑖,𝑚𝑖𝑛
 (7) 

where: 𝑥𝑖
′ = range normalized value for ith ECG measure of a participant, 

            𝑥𝑖 = ith ECG measure for a participant, 

            𝑥𝑚𝑖𝑛 = minimum value of ith ECG value for a participant, and 

            𝑥𝑚𝑎𝑥 = maximum value of ith ECG value for a participant.  

 

A comparison of the performances of these ECG data with normalization 

(normal normalization, range normalization, and combination of both normal and range 

normalization) were also quantitatively made with the ECG data without normalization 

(raw ECG measures data) in term of ANN model accuracy for both of training and 

testing data sets. Additionally, we also deliberated mean IBI with its variability-related 

measures (e.g., mean IBI and SDNN; mean IBI and RMSSD; and mean IBI, SDNN, and 

RMSSD) to be fed into the neural networks models in order to explore the effects of 

input measures of time domain ECG measures on ANN model performances. 

Furthermore, several ANN models with standard feed-forward and back-

propagation were constructed to distinguish the driver’s states based on time domain of 

ECG measures. The proposed models aimed at classifying the driver’s states into five 

levels (drowsiness, fighting-off drowsiness, normal, medium load, and high load). The 

learning function for the back-propagation method was activated using Levenberg-

Marquardt algorithm (Levenberg, 1944). As illustrated in Figure 5.3., our proposed 

ANN topology consisted of three layers (input, hidden, and output layer). The layers of 

the proposed ANN model were fully-connected layers in which neurons between two 

adjacent layers were fully pairwise connected. The input layer’s nodes changed from 1 

to 3 (1 node: mean IBI; 2 nodes: mean IBI and SDNN, mean IBI and RMSSD; and 3 

nodes: mean IBI, SDNN, and RMSSD). 
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Figure 5.3. Illustration of a structure of ANN model with three layers (input: 2 nodes, 

hidden: 10 nodes, output: 5 nodes) to classify driver’s conditions based on time domain 

ECG measures. The input layer’s nodes varied from 1 to 3 (1 node: mean IBI; 2 nodes: 

mean IBI & SDNN, mean IBI & RMSSD; and 3 nodes: mean IBI, SDNN, and RMSSD) 

In this study, the appropriate number of units in the hidden layer of the ANN 

model was chosen as 10 by changing it from 5 to 30 (step of 5) through trials and errors. 

The transfer function of the hidden layer was activated using a hyperbolic tangent 

sigmoid function (tan-sigmoid transfer function) with output range [-1,1]. The output 

layer of the model had five nodes: drowsiness, fighting-off drowsiness, normal, medium 

load, and high load. These nodes were triggered using softmax transfer function. In 

addition, a cross entropy was used as a loss or error function to evaluate the 

performance of the ANN model. During the iterative back-propagation process, the loss 

function was used in order to optimize the weights of the networks. 

The sixty-five participant’s data on the sensitive ECG measures were randomly 

divided into training (70%) and testing (30%) data sets. Two participant’s data were 

removed for further analysis due to problems in data acquisition and signal processing. 

The training data was used during the network training and for adjusting unit of weights 

of the connection layers. The neural network was trained to obtain the underlying 

relationship between the input and target. Meanwhile, the testing data sets was used as a 

completely independent measure of the network performance for the data which were 

hidden during the training process. The classification performances of the ANN models 

were evaluated using overall accuracy for both of training and testing data sets. A cross 
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evaluation program was also coded in Matlab and repetitively executed for 100 times to 

precisely justify the reliability and performance of the proposed neural network model. 

5.5. Statistical Data Analysis 

To examine whether the time domain of ECG measures (mean IBI, SDNN, and 

RMSSD) are significantly different in a systematic pattern of change as the driver’s 

states changed from drowsy to high cognitive load, a one-factor within-subject’s 

analysis of variance (ANOVA) was performed at 5% significance level using Minitab 

v17.0 (Minitab Inc., USA). The independent variables of this study were the driver’s 

states (5 levels: drowsy, fighting-off drowsiness, normal, medium load, and high load). 

Meanwhile, the dependent variables were the three ECG measures in time domain (3 

levels: mean IBI, SDNN, and RMSSD). In addition, Tukey tests were also conducted as 

post-hoc analysis at the same significance level.  

5.6. ECG Measures Performance 

The statistical analysis of ANOVA results showed that all time domain measures 

significantly decreased with respect to the extent of alertness elevated from drowsy to 

high cognitive load (mean IBI: F(4, 66) = 24.22, p < 0.001; SDNN: F(4, 66) = 2.79, p = 

0.033; and RMSSD: F(2, 8) = 6.28, p < 0.001) as plotted in Figure 5.4. For example, 

mean IBI for the drowsiness, fighting-off drowsiness, normal, medium load, and high 

load conditions were 0.85 sec, 0.82 sec, 0.78 sec, 0.75 sec, and 0.70 sec, respectively. In 

addition, RMSSD for the drowsiness, fighting-off drowsiness, normal, medium load, 

and high load conditions were 0.04 sec, 0.04 sec, 0.03 sec, 0.03 sec, and 0.02 sec, 

respectively. The three ECG measures have previously been observed to be more 

sensitive to change and they were supported with the findings reported in the existing 

studies (Huang et al., 2020; Tjolleng et al., 2017; Mehler et al., 2011a; Reimer and 

Mehler, 2011).  

Moreover, Tukey tests on mean IBI, SDNN, and RMSSD of ECG measures 

statistically categorized the five driver’s states into four, two, and three groups, 

respectively as shown in Figure 5.4. Tukey tests on mean IBI grouped the five driver’s 

states into four different groups (group A: drowsiness and fighting-off drowsiness; 

group B: normal; group C: medium load; group D: high load). These results indicate 
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that the perceived states of driver either drowsiness or cognitive load were more 

sensitive to change in mean IBI. Meanwhile, Tukey test grouped the SDNN into two 

groups (group a: drowsiness, fighting-off drowsiness, normal, medium load; group b: 

fighting-off drowsiness, normal, medium load, and high load). Lastly, Tukey test 

classified the RMSSD into three groups (group α: drowsiness and fighting-off 

drowsiness; group β: fighting-off drowsiness, normal, and medium load; group γ: 

medium load and high load). 

 

Figure 5.4. Comparison of five driver’s states from drowsy to high cognitive load in 

time domain of ECG (alphabet letters indicate significant differences at α = 0.05) 

5.7. ANN Model Performance 

This study developed several ANN models to classify the five driver’s states into 

either under cognitive load, normal, or drowsiness-related conditions. The classification 

performances in terms of accuracy of the ANN model were summarized in Table 5.1, 

where the best accuracy results were given in bold. 

As aforementioned, the baseline and sensitivity among participants were varied 

due to the existence of heart response variability across the participants. Thus, the 

normalizations methods were used in this study to deal with this limitation as well as to 

improve the classification accuracy. In addition, the effects of several variations of time-

domain ECG measures (e.g., mean IBI and SDNN; mean IBI and RMSSD; and mean 
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IBI, SDNN, and RMSSD) as ANN inputs were examined with the accuracy 

performance of the proposed ANN models.   

As a result, the accuracies were largely varied depending on the ECG measures 

normalization methods and the number of ECG measures being fed into the ANN 

models. The worst accuracies in training (58-80%) and testing (33-37%) data sets were 

found in the performances of ANN models using time domain ECG measures without 

normalization (raw data). Next, the performances of ANN models using ECG measures 

with range normalization also varied in training (66-76%) and testing (45-54%) data 

sets.  

Table 5.1. The ANN model accuracies on training and testing data sets across different 

normalization methods and input nodes of ECG measures 

Normalization 

methods 

Data 

sets 

ECG Measures Combinations for ANN Input 

IBI 
IBI & 

SDNN 

IBI & 

RMSSD 

IBI, SDNN, 

& RMSSD 

No normalization 
Training 58.1(3.4)* 74.6(4.3) 67.3(4.8) 80.1(4.0) 

Testing 37.1(7.5) 34.4(6.8) 33.6(6.4) 34.0(6.8) 

Normalization 

with normal state 

Training 84.9(3.1) 95.3(2.8) 93.5(3.7) 96.4(2.7) 

Testing 72.8(6.4) 73.3(6.7) 68.5(6.6) 71.7(6.0) 

Normalization 

with range 

Training 66.7(2.7) 72.6(2.8) 72.3(3.2) 75.6(3.1) 

Testing 53.7(6.3) 48.0(7.1) 52.7(6.5) 45.6(6.7) 

Normalization 

with normal state 

and range 

Training 96.9(5.5) 98.3(3.0) 97.0(2.4) 98(2.4) 

Testing 95.0(6.3) 90.7(4.2) 91.4(4.2) 90.6(4.8) 

*The value represents mean (standard deviation) of ANN model accuracy for 100 repetition 

Meanwhile, the performances of ANN models using ECG measures with normal 

normalization showed variation in training (84-96%) and testing (68-73%) data sets, in 

which slightly better than using raw data and range normalization. Contrarily, the ANN 

model using mean IBI and SDNN measures normalized with the combination of normal 

and range normalization achieved highest and satisfactory performances for training 

(98.3 ± 3.0%); meanwhile, ANN model using only mean IBI showed highest 

performances for testing data set (95 ± 6.3%). It was observed that combining normal 

and range normalization prior to neural networks training enhanced the classification 

accuracy up to 98%. 
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Chapter 6  

DEVELOPMENT OF REAL-TIME DETECTION SYSTEM OF 

DRIVER’S COGNITIVE LOAD BASED ON ECG USING ANN 

 

6.1. Development of the Real-time Detection System 

6.1.1. Acquisition of ECG Data Sets 

This study utilized two ECG data sets under different levels of driving speed (60 

km/h, 100 km/h) and different impose methods of cognitive load (arithmetic task and 

two-back task). The first ECG data set was collected from 9 male participants (mean 

age ± SD: 23.6 ± 1.4 years) (Tjolleng and Jung, 2020). They had no discomfort on the 

day of experiment and signed an informed consent form. They were given an 

explanation about the experimental purposes and procedures. Two driving conditions 

were defined in this study: 1) normal driving, and 2) overload driving. In the normal 

driving, the participant was asked to drive on a two-lane highway at a speed of about 60 

km/h for 2 min. In the overload driving, the participant performed driving on the same 

two-lane highway at a speed of about 60 km/h (primary task) for 2 min while 

performing an arithmetic task (secondary task). The arithmetic task was to do 

subtraction or addition of a 3-digit random number with a 1-digit random number. An 

arithmetic task program coded in Visual Basic 6.0 (Microsoft Inc., USA) was used to 

randomly provide an arithmetic task to the participant. Then, the participant verbally 

reported his correct answer.  

The second ECG data set was obtained from our previous study (Tjolleng et al., 

2017), which measured 13 male participants (mean age ± SD: 26.3 ± 2.7 years) while 

driving a simulator (primary task) with/without a two-back task (secondary cognitive 

task). Two out of 15 participants from our prior study were discarded due to trend 

analysis problem. The experimental protocols of our previous work have been briefly 

explained. Driving conditions were also defined as 1) normal driving and 2) overload 

driving. In the normal driving, the participant drove on a two-lane highway at a speed of 

about 100 km/h for 2 min. In the overload driving, the participant drove on the same 

track, speed, and duration while performing a two-back task. The two-back task was to 

recall the two step’s earlier number when the experimental computer presented arbitrary 
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numbers with an interval of one second by referring from the existing studies (Hong et 

al., 2014; Mehler et al., 2011a). 

6.1.2. Data Pre-processing and Selection of Sensitive ECG Measures 

The ECG was preprocessed prior to construct an ANN model that classifies the 

driver’s status into either normal or overload according to Tjolleng et al. (2017). In the 

first step, six ECG measures in time domain (mean IBI, SDNN, and RMSSD) and 

frequency domain (LF, HF, and LF/HF) were quantified from the ECG. IBI data were 

quantified from the raw ECG using the R-peak detection algorithm (Billauer, 2012) with 

windowed filter coded in Matlab. The three frequency domain measures were obtained 

by fast Fourier transform (FFT) algorithm.  In addition, the window size adopted in this 

study was 120 seconds. In the second step, the six ECG measures were normalized as 

depicted in Figure 6.1 with the ECG measures for normal driving in order to eliminate 

the individual differences existing in the ECG from different drivers (Hong et al., 2014; 

Lee et al., 2010; Lal and Craig, 2001). Lastly, two sensitive ECG measures were 

selected out of the six ECG measures for each participant, in which changed as reported 

in previous studies (Mehler et al., 2009, 2012; Gabaude et al., 2012; Brookhuis and De 

Waard, 2001) as the driving condition changed (from normal driving to overload 

driving, or vice versa).  

In this study, two sensitive measures (mean IBI and RMSSD) out of six were 

selected by considering statistical significance and repeatability. An analysis of variance 

(ANOVA) was conducted in Minitab v14.0 (Minitab Inc., USA) to statistically examine 

the significance of the ECG measures as the driver’s status changed (α = 0.05). The 

analysis results demonstrated that mean IBI, RMSSD, LF, and LF/HF measures showed 

significant trends in response to the change of driver’s condition from normal to 

overload driving as shown in Figure 6.1 (mean IBI: F(1, 21) = 31.48, p < 0.001; 

RMSSD: F(1, 21) = 31.72, p < 0.001; LF: F(1, 21) = 4.70, p =0.042; and LF/HF: F(1, 

21) = 8.11, p =0.010). All time domain measures and HF decreased as the driver 

condition changed; meanwhile, LF and LF/HF increased. Although SDNN and HF 

showed systematic trend with elevation of cognitive load, they were not statistically 

significant (SDNN: F(1, 21) = 3.70, p = 0.068; HF: F(1, 21) = 0.59, p = 0.452). On the 

other hand, standard deviations of the time domain measures (mean IBI = 0.16, SDNN 
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= 0.41, RMSSD = 0.43) were relatively smaller than those of the frequency domain 

measures (LF = 0.98, HF = 0.79, LF/HF = 1.20). 

 

Figure 6.1 Trends of normalized ECG measures for the two driving conditions (normal 

driving and overload driving) (alphabet letters indicate significant difference; α = 0.05) 

 

6.1.3. Establishment of Multi-Layer Artificial Neural Network 

A multi-layer feed-forward and back-propagation neural network model was 

constructed and trained in Matlab (MathWorks, Inc. USA) to classify the driver’s status 

into either normal or overload condition. The scaled conjugate gradient algorithm was 

utilized as a learning function of the back-propagation method. The normalized 

sensitive ECG measurements obtained from the 22 participants were randomly 

partitioned into training (70%) and testing (30%) data set. The training data was used 

during the network training and for adjusting unit of weights of the connection layers. 

Meanwhile, the testing data was used as a completely independent measure of the 

network performance for the data which were unseen during the training process. The 

classification performances of the ANN models were evaluated using overall accuracy, 

specificity, and sensitivity for both of training and testing data sets.  

The multi-layer ANN model consisted of four layers (one input, two hidden, and 

one output layer) as shown in Figure 6.2. The input layer had two nodes for the two 
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normalized sensitive ECG measures. The hidden layers had 10 neurons and were 

activated by a sigmoid function (tan-sigmoid transfer function) with output range [-1,1]. 

Lastly, the output layer had two nodes which were associated with the two driver’s 

states (normal and overload driving). As a result, the multi-layer ANN model showed 

perfect accuracy (100%), sensitivity (100%), and specificity (100%) for both of the 

training and testing data sets.  

 

Figure 6.2 Illustration of the artificial neural networks model used in this study 

6.1.4. Implementation of the Real-time Detection System 

This study developed a real-time detection system that consisted of an ECG 

device and analysis software. The ECG device (Physiograph P400, PhysioLab Co., 

South Korea) recorded ECG from a driver in real-time at a sampling rate of 500 Hz 

(Goldberger and Ng, 2010; Ziemssen et al., 2008). The analysis software consisted of 

three modules (ECG measure calculation module, driver’s status classification module, 

and graphic user interface (GUI) module) as shown in Figure 6.3. In the system, the 

selected sensitive ECG measures of user was input into the system. Meanwhile, the 

ECG measure calculation module quantified and normalized two sensitive ECG 

measures every second (update interval) from the ECG recorded for the previous 2 

minutes (time window). The normalization was done in this study to deal with the 

variations in heart responses.  
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Figure 6.3. Illustration of developed graphic user interface (GUI)  

for the real-time detection system 

In addition, the peak thresholds to detect R-peak points were customized for 

each participant due to the magnitudes of ECG raw signals varied significantly among 

participants. The outlier criterion was also used to exclude the outliers of IBI that were 

greater or less than the criterion percentage of previous IBI (e.g., 30%). The driver’s 

status classification module classified the driver’s status into either normal or overload 

using the proposed ANN model. The window span and update rate of the real-time 

detection system were 120 seconds and 1 second, respectively. Lastly, the GUI module 

displayed the analysis results on a screen as captured in Figure 6.3. For research 

purposes, the GUI module displayed all setting parameters, raw ECG in a graph, and 

classification results in a graph. All computational algorithms used to develop the real-

time detection system were adopted from Tjolleng et al. (2017). The flowchart of the 

proposed real-time detection system of the driver’s cognitive load was shown in Figure 

6.4. 

mV
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Figure 6.4 Flowchart of the real-time detection system of driver’s cognitive load 
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6.2. Performance Evaluation of the Real-time Detection System 

6.2.1. Methods and Materials 

Two young male participants (mean age ± SD: 27.0 ± 1.41 years) voluntarily 

took part in the evaluation experiment of the proposed real-time detection system. The 

participants were healthy, had a normal or corrected-to-normal vision, and without 

cardiovascular diseases. The participants were asked to refrain from any alcohol and 

caffeine prior participating in the main experiment of this study. They signed an 

informed consent form and were given a description of the experimental objective. 

The driving simulator used for the real-time detection system evaluation was the 

same as used in the drowsiness experiment (Figure 6.5). In addition, a desktop computer 

(Model ST2410b Dell, China) was used for simulated driving by connecting the driving 

simulator with the driving program. A desktop computer (Model Flatron 24EN43V, LG 

Electronics Inc., South Korea) was also utilized for the real-time detection system, 

which recorded the ECG and displayed the classification results in a real-time. 

 

Figure 6.5 Illustration of the experimental setup of this study  

6.2.2. Experimental design 

An experiment was performed under two different driving conditions: 1) normal 

driving, and 2) overload driving in order to validate the effectiveness of the proposed 

real-time detection system. In the normal driving condition, the driver drove on a two-
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lane highway at a speed of about 60 km/h. Meanwhile, the overload driving condition 

involved driving on the same two-lane highway at a speed of about 60 km/h (primary 

task) while performing an arithmetic task as a secondary task. The arithmetic task was 

to do subtraction or addition of a 3-digit random numbers with 1-digit random numbers. 

The arithmetic task program used in this study was coded in Visual Basic 6.0 (Microsoft 

Inc., USA). It was designed to present a series of two 3-digit numbers to the participant 

via a speaker. The participant was asked to verbally reply the correct answer.  

The experiment was divided into two sessions: 1) pre-experiment session and 2) 

post-experiment (main experiment) session as illustrated in Figure 6.6. In the first 

session, a pre-experiment was performed to obtain the ECG for the participant while 

operating the simulator under two different driving conditions. These ECG were used to 

extract two sensitive ECG measures of the participant to be used later in the main 

experiment. The pre-experiment was performed in three steps. First, the participant was 

explained the objective of the pre-experiment and was asked for his consent. Second, 

three ECG sensors were placed on the driver’s wrists and right ankle. A practice trial 

was carried out for about 5 min to become accustomed with the driving simulator and 

arithmetic tasks. Lastly, the participant was instructed to drive under the two driving 

conditions lasted for 2 min each. The pre-experiment was conducted two times (one in 

the morning and one in afternoon on the same days). The participants were allowed to 

do slight postural movement while driving if necessary to avoid postural fatigue. In 

addition, the experiment order was counterbalanced across the repetitions. 

In the second session, the post-experiment (main experiment) was carried out to 

evaluate the real-time detection system for the same person who participated in the first 

session. The main experiment was performed with the following five steps. First, the 

participant was informed of the objective of the main experiment and signed his 

consent. Second, three ECG sensors were attached to the participant, and a short 

practice drive was allowed for about 5 min. Third, the two sensitive measures selected 

from the pre-experiment were input into the real-time detection system. Next, the 

baseline for the participant was measured under normal driving for 2 min. Fourth, the 

participant was instructed to drive under normal and overload driving conditions for 2 

min each while the ECG was recorded. The ECG was processed by the real-time 
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detection system, and the analysis results were displayed on a screen in real-time. 

Lastly, a short debriefing was conducted regarding the experimental results. 

 

 

Figure 6.6. Illustration of scheme for the real-time detection system  

In this study, the driver’s status either under normal or overload driving 

conditions were classified based on the ECG data obtained in real-time. A pre-generated 

ANN model constructed from 22 participants was used to classify the driver’s status. 

Normalizations of sensitive ECG measures based on the baseline condition for each 

participant were completed to deal with the variations in heart responses. These 

normalized sensitive ECG measures were fed into the system to be as ANN inputs.  

6.2.3. Results 

Two sensitive ECG measures (mean IBI and RMSSD) for both participants were 

the same as explained in chapter 6.1.2. For example, the participant #1 in Figure 6.7a 

demonstrated change directionality that consistent with the results of existing studies 

(Tjolleng et al., 2017; Mehler et al., 2009, 2012; Gabaude et al., 2012; Wood et al., 

2002; Brookhuis and De Waard, 2001; Bernston et al., 1997), except SDNN. In 

addition, for participant #1, mean IBI, RMSSD, and HF decreased by 10%, 8%, and 

56%, respectively, due to the cognitive load, whereas LF and LF/HF increased by 45% 

and 235%, respectively. In general, the time domain measures showed smaller standard 

deviations than those of the frequency domain measures. 
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Furthermore, the experimental results of proposed real-time system using the 

two sensitive measures detected a status change as the driving condition changed from 

normal to overload, as shown in Figure 6.8. It can be observed that the normalized mean 

IBI and RMSSD of the both participants gradually decreased after the driving condition 

changed at the time 240 seconds. For example, the normalized mean IBI and RMSSD of 

the participant #1 were 0.99 and 0.91 for the normal driving and 0.87 and 0.75 for the 

overload driving, respectively.  

As can be observed, although the real-time detection system correctly identified 

the status change of the both participants, some delays were observed until detecting the 

status change, as shown in Figure 6.8. In this study, the driving condition changed at 

240 seconds which was the right after the normal driving (time to start the secondary 

task); however, the real-time detection system detected the status change at 246 seconds 

for the participant #1, which indicates a delay of 6 seconds. Similarly, for the participant 

#2, the real-time detection system identified the status change at 243 seconds, which 

corresponds to a delay of 3 seconds. As a result, the average of time delay for both 

participants were 4.5 seconds. 
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(b) 

Figure 6.7. Normalized ECG measures for two driving conditions  

for (a) participant #1 and (b) participant #2 
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(b) 

Figure 6.8. The results of the real-time detection system  

for (a) participant #1 and (b) participant #2 
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Chapter 7  

DISCUSSION 

7.1. Classification of Driver’s Cognitive Load and Drowsiness 

In this study, two ANN models firstly developed to classify the driver’s 

conditions either under cognitive overload or drowsiness. First, ANN model was 

constructed to accurately classify the level of drivers’ cognitive load using ECG data by 

considering individual variability in heart responses. Two sensitive ECG measures of 

each participant were selected to deal with the individual variations in the sensitivity of 

ECG measures. Three levels (low, medium, and high) of cognitive workload were 

determined for each participant by grouping four driving tasks (driving without N-back 

task, driving with 0-back task, driving with 1-back task, and driving with 2-back task) to 

adjust the individual difference in the perceived extent of workload. Then, the ECG 

measures were normalized by their median values to compensate with the individual 

difference in the magnitude of ECG measures. The ANN model for cognitive load 

classification proposed in this study showed high classification accuracies for both the 

learning (95%) and testing (82%) data sets.  

Second, ANN model was developed in this study to correctly classify driver’s 

drowsiness levels into three categories (normal, fighting-off drowsiness, and drowsy) 

based on ECG. The fighting-off drowsiness state of this study was referred as a 

transition condition from normal to drowsy in which a driver struggles against 

drowsiness. The ECG measures for each state were normalized by the fighting-off 

drowsiness state to obtain a common magnitude among measures. In addition, two most 

sensitive ECG measures for each participant from either time-domain (mean IBI, 

SDNN, and RMSSD) or frequency-domain (LF, HF, and LF/HF) measures were 

selected as input to the ANN model. The ANN model showed high classification 

accuracies for both learning (100%) and testing (99.3%) data sets. 

The classification accuracy of the developed ANN models for driver’s cognitive 

load and drowsiness levels were higher compared to existing studies (Awais et al., 2017; 

Zhang et al., 2014; Solovey et al., 2014; Li and Chung, 2013; Patel et al., 2011; 

Tsuchida et al., 2010; Hayashi et al., 2005). Zhang et al. (2014) adopted a regression 

method to classify the extent of cognitive load and showed an accuracy of 62.5%. 
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Solovey et al. (2014) examined several classification methods to classify the extent of 

cognitive load into the two levels and reported accuracies of 71.5% to 74.1%. 

Meanwhile, Awais et al. (2017) and Li and Chung (2013) employed ECG to classify the 

driver state (either alert or drowsy) using support vector machine (SVM) and reported a 

classification accuracy of 70% and 95%, respectively. Tsuchida et al. (2010) used ECG 

to identify the driver state (either alert or drowsy) using neural network-based decoding 

error-correcting output coding (ECOC) with reported accuracy of 96.76%. Patel et al. 

(2011) applied an ANN model to identify the existence of driver drowsiness and 

reported a classification accuracy of 90%. Lastly, Hayashi et al. (2005) also used ECG 

to estimate driver drowsiness state using ANN and achieved accuracies from 74 to 88%.  

Alteration of driver’s state for the cognitive load and drowsiness significantly 

affected to mean IBI of ECG measures. Mean IBI gradually decreased to deal with an 

oxygen demand as the cognitive load level increased. This study found that the 

normalized mean IBI was 1.05 for the low cognitive load, 1.00 for the medium 

cognitive load, and 0.94 for the high cognitive load, which can be explained by the 

relationship between cognitive workload and oxygen demand. A cognitive load 

promotes oxygen demand by cells and leads to the production of more cardiac output by 

increasing heart rate. Since heart rate is inversely proportional to mean IBI (heart rate = 

60 sec/mean IBI), increased cognitive load is generally associated with a decrease in 

mean IBI (Brookhuis et al., 1991; Brookhuis and Waard, 2001; Lenneman et al., 2005; 

Mehler et al., 2009).  

In contrast, mean IBI gradually increased to come up with an oxygen demand as 

the drowsiness level increased from normal to drowsy during monotonous driving task. 

The normalized mean IBI in this study was 0.96 for the normal state, 1.00 for fighting-

off drowsiness state, and 1.03 for drowsy state. These results were expected since 

drowsiness is associated with a reduction of oxygen demand and leads to a drop in 

cardiac output through slowed heart rate. Thus, an increased drowsiness level led to 

increasing mean IBI. This trend agreed with the results reported in earlier works 

(Borghini et al., 2014; Sahayadhas et al., 2013; Rodriguez-Ibañez et al., 2012; Lal and 

Craig, 2001). 

As expected, SDNN and RMSSD also decreased (increased) with an increment 

in the level of cognitive load (drowsiness), which can be explained by the role of the 
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sympathetic and parasympathetic nervous systems in the autonomic nervous system 

(ANS). The ANS controls internal body processes (e.g., heart rate, blood pressure, and 

body temperature) through activating either of the sympathetic nervous system and the 

parasympathetic nervous system, which have opposite effects on the heart. The 

sympathetic nervous system is generally activated under a high cognitive load and 

stabilizes heart rate to produce more cardiac outputs (Camm et al., 1996; Low, 2013). 

Conversely, under drowsiness, the parasympathetic nervous is activated, leading to a 

fluctuation in heart rate (Low, 2013; Malik et al., 1996).  

Moreover, LF and HF changed in the opposite way as the level of cognitive load 

and drowsiness increased from low to high cognitive load and normal to drowsy, 

respectively. The pattern of changes in HF and LF/HF can be explained by the 

autonomic modulation of the human cardiac function. LF and HF are regulated by the 

sympathetic and parasympathetic nervous system, respectively. Those two nervous 

systems work in an opposite way to balance the cardiac system (Piotrowski and 

Szypulska, 2017). For example, the parasympathetic nervous system controls the human 

body in the resting condition (e.g., slowed heart rate and/or reducing blood pressure) 

and dominates during sleep. The sympathetic nervous system promoted to responsible 

in a mental stress; while, the parasympathetic nervous system linked to a mental peace 

or resting condition (e.g., slowed heart rate and/or reducing blood pressure) and 

dominates during sleep (Piotrowski and Szypulska, 2017; Zhao et al. 2012). Since LF 

was dominantly affected by the sympathetic nervous system (Billman, 2013; Bezerianos 

et al., 1999), a high cognitive load increased LF by activating the sympathetic nervous 

system. On the other hand, HF was mainly influenced by the parasympathetic nervous 

system; thus, as the driver condition changed from normal to drowsy, HF significantly 

increased by activating the parasympathetic nervous system, while LF and LF/HF 

decreased. These trends were consistent with earlier findings (Awais et al., 2017; 

Piotrowski and Szypulska, 2017; Miyaji, 2014; Sahayadhas et al., 2013; Rodriguez-

Ibañez et al., 2012; Vicente et al. 2011; Lal and Craig, 2001).  

As can be observed from the findings of this study, cognitive load affected ECG 

measures differently from drowsiness and driving fatigue. The mean IBI decreased as 

cognitive load increased in this study; while the mean IBI increased as drowsiness (Lal 

and Craig, 2001; Rodriguez-Ibañez et al., 2012) or driving fatigue (Lal and Craig, 2002; 
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Li et al., 2004; Zhao et al., 2010; Milosevic, 1997) increased. In addition, the LF/HF 

ratio calculated in this study increased when the difficulty of the cognitive load 

increased; on the other hand, the LF/HF ratio significantly decreased with drowsiness 

(Elsenbruch et al.,1999; Tasaki et al., 2010; Miyaji, 2014) or driving fatigue (Calcagnini 

et al., 1994; Patel et al., 2011; Yang et al., 2010). Therefore, it is implied that cognitive 

load modulates the sympathetic and parasympathetic nervous systems in an opposite 

manner from drowsiness and driving fatigue. 

The proposed ECG-based assessment methodology can be adopted to the 

development of a system that can identify the periods of driver's elevated cognitive load 

or drowsiness level. The ANN models developed in the present study showed good 

classification accuracies; hence, it might be applied for developing an intelligent vehicle 

in order to inform or support the driver in a variety of ways. An intelligent vehicle 

provides biofeedback to the driver about becoming over-aroused or under-aroused; then, 

the driver will adjust his behavior to return to the optimal level of arousal. However, the 

proposed methodology has a weakness because learning over a certain period of time is 

required to select two distinctive ECG measures for each driver. Although the step of 

selecting distinctive ECG measures can improve the accuracy of a classification model 

by personalizing to an individual driver, the learning step needs some time from a driver 

before activating a biofeedback system in the driving context. 

7.2. Development of Driver’s States Detection System 

Several ANN models were developed to classify the driver’s state into five 

categories (drowsiness, fighting-off drowsiness, normal, medium load, and high load) 

based on time domain measures (mean IBI, SDNN, and RMSSD) of ECG. The ECG 

was collected from the separate experiments of drowsiness and cognitive load while 

simulated-driving. To test the effects of the inter-individual variability on heart 

response, we established several ANN models with different characteristics. The models 

were then trained using a feed-forward and back-propagation learning with Levenberg-

Marquardt method. The findings of this study revealed that the ANN model with normal 

and range normalization within individual demonstrated the highest classification 

accuracies for both training (98.3 ± 3.0%) and testing (95 ± 6.3%) data sets. 
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As aforementioned, systematic opposite trends were observed between high 

cognitive load and drowsiness on the ECG measures. Mean IBI, SDNN, and RMSSD 

decreased as the cognitive load increased; however, they increased as drowsiness 

increased in which consistent with the results reported in the existing studies (Mehler et 

al., 2011b; Lal and Craig, 2001). The findings of this study can also confirm that the 

high cognitive load and drowsiness control the sympathetic and parasympathetic 

nervous systems of cardiac function in a completely different way (Chowdhury et al., 

2018; Tjolleng et al., 2017; Dong et al., 2011; Piotrowski and Szypulska, 2017; Miyaji, 

2014; Tasaki et al., 2010).  

Previous studies have reported that the heart responses of participants may 

varied due to the inter-variability among them (Hong et al., 2014; Lee et al., 2010; Lal 

and Craig, 2001). The baseline and sensitivity among participants were varied because 

of the difference in heart response across the participant’s states. Thus, normalization 

need to be performed prior to train the models. To cope this limitation as well as to 

improve the classification accuracy, the normalizations methods (normal and range 

normalization) were used in this study. Specifically, the normal normalization was 

performed in order to satisfy with the baseline difference among participants. 

Meanwhile, the range normalization was conducted to cancel out the sensitivity 

difference among participants. The normalization was also used to rescale the range of 

ECG measures values in a same scale. 

This study applied different normalization techniques and objectively examine 

their performances to improve the classification accuracy as well as to satisfy with the 

individual differences. Although the ANN models using the raw data (no normalization) 

of all time domain ECG measures demonstrated a good training accuracy (80.1 ± 4.0%), 

the testing accuracies were the worst (34.0 ± 6.8%). These results can be explained 

because of the high irregularity on raw data affected from the individual differences. In 

contrast, the ANN model using normal and range normalized IBI and SDNN showed 

high classification accuracies for training (98.3 ± 3.0%) and testing (90.7 ± 4.2%) data 

sets. Meanwhile, ANN model using normal and range normalized IBI also revealed high 

performances for training (96.9 ± 5.5%) and testing (95 ± 6.3%) data set. The results 

clearly demonstrated that performing normalization before passing the data into the 

neural networks models improved the classification accuracies of the models. 
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7.3. Development of Real-time Detection System of Driver’s Cognitive Load 

This study also proposed a real-time detection system of driver’s cognitive load 

using the multi-layer ANN model based on ECG. The multi-layer ANN model to 

distinguish the driver’s status into either normal or overload was developed based on the 

ECG obtained from 22 participants in a driving simulator. The ECG data were 

normalized within each participant, and two sensitive ECG measures were selected for 

each participant to compromise with the individual variability in heart response (Hong 

et al., 2014; Lee et al., 2010; Lal and Craig, 2001). This study evaluated the 

performance of the proposed real-time detection system for two young male participants 

in a simulator-based driving experiment.  

The sensitivity of ECG measurement on account of cognitive load varied among 

the participants. In this study, mean IBI demonstrated a consistent decrement for all 

participants as cognitive load was imposed. These results imply that an appropriate 

method to choose sensitive measures for each participant is needed to attain the high 

performance since the sensitivity of the ECG to cognitive load differs among 

participants (Tjolleng et al., 2017; Hong et al., 2014; Lee et al., 2010). 

The findings of this study also revealed that the average changing trend of all 

ECG measures (except SDNN) due to the cognitive load consistent with the results 

obtained in existing studies. The time domain of mean IBI and RMSSD decreased while 

the participants drove under a cognitive load condition. These results were in 

accordance with the findings of existing studies (Berntson et al., 1997; Brookhuis and 

De Waard, 2001; Wood et al., 2002). At the same time, LF and LF/HF increased and HF 

decreased when the participants drove under a cognitive load condition. These findings 

also in line with the results reported by Wood et al. (2002) and Tjolleng et al. (2017). 

The multi-layer ANN model with two hidden layers adopted in this study 

showed a better accuracy compared to the typical ANN model with a single hidden layer 

used in our earlier work (Tjolleng et al., 2017). The accuracies of the multi-layer ANN 

and ANN models for the training data set were 100% and 95%, respectively. Similarly, 

the accuracies for the testing data set were 100% and 82%. These results demonstrated 

the effectiveness of the proposed model in detecting the status of driver’s cognitive load 

based on ECG. This finding can be explained in relation to the fact that a deeper 
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network such as multi-layer ANN can capture more complex nonlinear relationships in 

the data (Zhang et al., 2019). 

The proposed real-time detection system detected the status change with some 

delays (mean delay = 4.5 seconds) for both participants. This can be explained by the 

effect of transition period and time window being set in the proposed system. First, the 

delay observed in the detection system might be affected by the transition condition 

from the normal driving to the overload driving condition. Second, this study adopted a 

time window of 120 seconds, as suggested by Tjolleng et al. (2017). Thus, the ECG 

measurements calculated at the moment of the status change reflect the 120 seconds 

before the status change. To examine the effect of the time window on detectability, a 

comprehensive follow-up study with a large group of participants is necessary to 

examine the effect of the time window on detectability. 

The real-time detection system showed its usefulness in detecting the driver’s 

cognitive load. Hence, the detection system can be adopted to establish an intelligent 

vehicle that can support a driver by providing timely interventions and/or warnings 

(e.g., visual, audio, vibration) to prevent vehicle accidents and near-accidents.  

However, an in-depth future research is required in order to generalize the findings of 

this study. First, further experiments are suggested involving large samples with diverse 

demographic characteristics such as age, gender, and nationality, since the experiments 

in this study were limited in terms of sample size and demographic characteristics of the 

participants. Second, this study mainly focused on detection of two levels of driver’s 

states of cognitive load (normal or overload). Thus, future works are suggested to 

explore other types of driver’s states, including drowsiness, fatigue, etc. Lastly, 

considering the safety issue, the experiments were conducted in a laboratory with a 

driving simulator. Therefore, a field study with a real vehicle is necessary to confirm the 

findings of this study. 
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Chapter 8  

CONCLUSION 

In conclusion, the present study developed several artificial neural network 

(ANN) models to classify the level of a driver’s states whether under cognitive load or 

drowsiness based on electrocardiography (ECG) signals. First, this study proposed an 

ANN model to classify the level of drivers’ cognitive load on ECG by considering the 

individual differences. To deal with the individual difference, selection of two sensitive 

ECG measures of each participant was conducted. The ECG measures were quantified 

in time and frequency domains using the ECG. Then, three levels (low, medium, and 

high) of cognitive load were determined for each participant by grouping four driving 

tasks (driving without N-back task, driving with 0-back task, driving with 1-back task, 

and driving with 2-back task) to adapt with the individual difference in the perceived the 

different types of cognitive load. The ECG measures were also normalized using 

median values to adjust the individual difference in the magnitude of ECG measures. 

The classification accuracies of the model demonstrated superior performance as of 

95% and 82% for both of learning and testing data sets, respectively. 

Second, this study developed an ANN model to identify the driver’s state into 

one of three levels (normal, fighting-off drowsiness, and drowsy) based on ECG. The 

participant’s ECG was measured while performing a monotonous simulated-driving 

task. The ECG measures were normalized and two most sensitive measures were 

extracted to deal with individual variability. The ANN model was established using a 

feed-forward neural network and was evaluated through repeated cross-evaluation. 

Mean IBI, SDNN, RMSSD, and HF of ECG measures elevated as the drowsy level 

increased (from normal to drowsy); meanwhile, LF and LF/HF decreased. In addition, 

the classification accuracies of the proposed ANN model with three outputs levels was 

satisfactory (over 99%) for both of learning and testing data sets.  

Third, this study established several ANN models to classify driver state based 

on ECG that can cope with individual variability. Five levels of driver state (drowsiness, 

fighting-off drowsiness, normal, medium load, and high load) were considered in 

analysis. A total of three ECG measures in time domain were derived from ECG 

analysis. We consider with/without data normalization and ECG measure combinations 
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to investigate the effect of the individual differences in heart activity. The ANN models 

were established using feed-forward neural networks and evaluated via repeated cross-

evaluations. The results indicated that all ECG measures significantly decreased as the 

extent of alertness increased from drowsy to high cognitive load condition. In particular, 

mean IBI showed more sensitive change than other measures as the driver’s state 

changed. Moreover, the overall classification accuracies of the proposed ANN model 

using normal and range normalized IBI was satisfactory and over 95% for both training 

and testing data sets. The proposed ANN model would be potentially advantageous in 

the future to reduce risk of traffic collisions through the development of real-time 

driver’s states detection system. 

Fourth, this study proposed a real-time detection system of driver cognitive load 

levels using a multi-layer ANN model based on ECG. The proposed model with good 

accuracy was established according to the ECG collected from 22 participants while 

driving under two different conditions (normal driving, driving while performing a two-

back task). This study coded the real-time detection system of a cognitive load using the 

proposed model. An experiment was conducted with two participants who drove the 

driving simulator under two different situations (normal driving, driving while 

performing an arithmetic task) in order to evaluate the effectiveness of the real-time 

detection system. As a result, the real-time detection system correctly identified the 

participant conditions into either normal or overload status. We expected that the 

proposed system can be adopted for the development of an intelligent vehicle to prevent 

vehicle accidents as well as to improve traffic safety. 

The present study has delivered promising and reliable results; however, several 

drawbacks need to be researched in future work to better generalize and confirm the 

findings. First, an in-depth and comprehensive experiment concerning population, age 

groups, and gender is desirable to better investigate the feasibility and reliability of ECG 

measures as a prominent biomarker of the driver’s state. Second, the inducement tasks 

of cognitive load and drowsiness may differently affect to the changes in ECG signal 

(Chowdhury et al., 2018; Sahayadhas et al., 2012). Hence, it would be interesting to 

further examine the effect of miscellaneous inducement tasks on ECG. Finally, a future 

study should also take into account a real driving to improve the fidelity of our findings 

that limited in a well-controlled laboratory conditions. 
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