
COMBINING ELECTROENCEPHALOGRAPHY AND FUNCTIONAL 

NEAR INFRARED SPECTROSCOPY TO IMPROVE ACCURACIES IN 

INTERPRETING INTENT DURING MOTOR IMAGERY TASKS FOR 

USE IN BRAIN COMPUTER INTERFACES 

 

 

by 

 

Amir Moslehi 

 

 

 

 

A thesis submitted to the Department of Mechanical & Materials Engineering 

In conformity with the requirements for 

the degree of Doctor of Philosophy 

 

 

 

 

 

Queen’s University 

Kingston, Ontario, Canada 

(May 2021) 

 

Copyright © Amir Moslehi, 2021 



 

 

ii 

Abstract 

A Brain Computer Interface (BCI) system can bypass impaired systems in the brain, nervous 

system, and muscles to enable alternate function and allow the user to reconnect with the outside 

environment. Measurements for these systems usually include the collection of brain signal activity from 

sensors mounted on the surface of the scalp. Electroencephalography (EEG) and functional near infrared 

spectroscopy (fNIRS) are two commonly used non-invasive brain imaging modalities in BCI systems. EEG 

records the electrical activity produced by neuronal activations whereas fNIRS measures the concentration 

changes of oxy- (HbO) and deoxyhemoglobin (HbR) molecules in the brain cortex. In this thesis, both EEG 

and fNIRS data collected during a bilateral right- and left-hand motor imagery task were used to detect 

brain signals that suggest intent to move. Feature extraction and classification are two important 

components of a BCI in which discriminant features are extracted from the brain signals and then decoded 

to interpret the user’s intent. Using the fNIRS data in the first part of this thesis, different features were 

extracted (mean, peak, minimum, skewness, and kurtosis) and classification algorithms (linear (LDA) and 

quadratic discriminant analysis (QDA), support vector machine (SVM), Logistic Regression, and Naïve 

Bayes) were compared to find the set of features and classifiers with the highest accuracy. The mean, peak, 

and minimum of HbO, as well as the mean of HbR and mean of difference between HbO and HbR produced 

the highest accuracies among features, whereas skewness and kurtosis of HbO resulted in the lowest 

accuracies. Furthermore, QDA and SVM with polynomial and Gaussian kernel functions resulted in the 

highest accuracies compared to other classifiers. Using QDA and SVM, this study assessed a channel 

selection algorithm to reduce the number of sensors in the BCI examining a strategy to use fNIRS results 

to target the placement of EEG electrodes. Lastly, the feasibility of hybrid EEG and fNIRS system was 

investigated by comparing corresponding classification accuracies to EEG and fNIRS alone. The combined 

EEG and fNIRS system resulted in significant improvements in classification accuracies compared to EEG 

or fNIRS alone. 
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Chapter 1  

Introduction 

1.1 Motivation 

According to the Government of Canada’s latest survey of disability in 2017, about one in 

five Canadians aged 15 years and older have at least one type of disability (e.g. pain, flexibility, 

mobility, mental health, seeing and hearing, and dexterity) that limits their daily activities (Morris 

et al., 2018). Furthermore, an estimated 43% of Canadians with disabilities have “severe” disability 

and experience lower school enrollment, lower rate of employment, lower income when employed, 

and higher risk of living in poverty compared to other individuals with disabilities. In this survey, 

the severity of a disability was calculated based on the number of disability types a person has, the 

difficulty in performing certain tasks, and the frequency of limitations in daily activities. 

Assistive technologies (ATs) have been developed to enhance function of individuals with 

disabilities and to help them overcome limitations in performing their daily activities. Access to 

ATs is a problem for persons with disabilities worldwide. In developing countries, only 5-15% of 

persons with disabilities have access to ATs (World Health Organization, 2010). In these countries, 

issues such as little awareness about different ATs, high costs, low availability, and poor quality of 

devices inhibit individuals with disabilities from taking advantage of ATs. In Canada, about 24% 

of persons with disabilities aged 15 and higher have an unmet need for ATs. Furthermore, 

Canadians with more severe disabilities have higher unmet needs for ATs compared to those with 

milder disabilities (Morris et al., 2018). 

This thesis focuses on brain computer interfaces (BCIs) which are emerging and promising 

technologies that enable persons with severe disabilities to interact with their surroundings using 

control signals generated from their brain without the need to use muscles (Shih et al., 2012). BCIs 

provide a communication pathway to an external device such as a computer, prosthetic limb, speech 
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synthesizer, or other assistive devices by relaying the intention of a person to conduct an activity 

through the use of brain signals. As a result, BCIs are a viable solution to enable access to the 

environment by persons with disabilities such as those with neuromuscular injuries or 

neurodegenerative diseases. BCIs can enhance function of these individuals by enabling them to 

perform many daily activities using brain signals rather than requiring the use of their motor control 

system. With applications in neurorehabilitation, and control of devices such as prosthetic limbs, 

wheelchairs, and computers, it is of no surprise that BCIs have gained a lot of attention among 

researchers. Furthermore, commercially available BCI headsets have been developed for the 

general public for different applications such as gaming or meditation (Bhayee et al., 2016). These 

developments could potentially result in making BCIs more mainstream and reduce its costs for the 

users.    

Figure 1-1 illustrates different components of BCI systems (Nicolas-Alonso et al., 2012). 

As shown in this figure, a BCI is a set of hardware and software systems that follow three main 

stages of signal acquisition, signal processing, and interface control. During the signal acquisition 

stage, brain signals are recorded and operations such as signal amplification are the primary focus, 

while noise and artifact removal may also be performed. In the signal processing stage, operations 

such as signal filtering, artifact removal, channel selection, feature extraction, and signal 

classification take place. During artifact removal, artifacts such as electromyography (EMG) and 

electrooculography (EOG) signals are removed from the brain signals. To reduce computational 

complexity of BCIs and to make these systems more user friendly, channel selection is sometimes 

performed to minimize the number of sensors on the scalp by identifying the active areas of the 

brain for BCI operations. To be able to interpret the signals effectively, feature extraction involves 

identifying discriminative attributes in the brain signals. Signal classification then involves 

integrating a set of algorithms that use the discriminative features obtained previously to classify 

signals (Hong et al., 2018). Selecting appropriate discriminative features is essential for effective 
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pattern recognition and decoding of users’ intentions. The classification algorithms are commonly 

evaluated using the classification accuracy metric. It is defined as ratio of number of correct 

predictions by the total number of predictions made by the classifier. The classification accuracy is 

usually reported in percent accuracy (Thompson et al., 2014). In the final stage, the control 

interface translates the classified signal into a meaningful command for any connected external 

device such as a computer or prosthetic arm.  

 

 

Figure 1-1: BCI components. Sensors on the scalp record brain signals. After some signal 

processing, the brain signals are translated into commands to control an external device such as a 

spelling software, wheelchair, or prosthetic arm. Feedback from the output devices help users 

modify their brain signals to maintain or improve device performance. 

 

This thesis focuses on signal acquisition and signal processing stages of the BCI system 

during performance of motor imagery tasks. Motor imagery is defined as mental rehearsal of a 

motor action without overt movement. In the data acquisition stage, two different non-invasive 

brain imaging methods of electroencephalography (EEG) and functional near infrared spectroscopy 

(fNIRS) were explored by analyzing their signals and their corresponding classification accuracies. 

The EEG electrodes recorded the electrical activities of the brain generated by many neurons during 

motor imagery tasks. The fNIRS sensors (also known as optodes) monitored the brain’s blood flow 

during the motor imagery tasks (Chiarelli et al., 2017).  

Signal Acquisition Signal Processing 

- Filtering 

- Artifact removal 

- Channel selection 

- Feature extraction 

- Classification 

 

Control Interface 

Feedback 
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Using the data collected from EEG and fNIRS, different feature extraction and 

classification algorithms were investigated in this thesis. Furthermore, a channel selection 

algorithm was used to identify the most important areas of the brain during motor imagery tasks. 

Lastly, the impact of combining different brain imaging modalities to increase classification 

accuracies compared to single modality systems were investigated in this thesis. 

1.2 Objectives & Hypotheses 

1.2.1 Objective 1 

The first objective was to compare different feature extraction and classification techniques 

in a fNIRS-based BCI. It was hypothesized that features calculated from the concentration changes 

of oxyhemoglobin (HbO) molecules would result in higher classification accuracies compared to 

those obtained from the concentration changes of deoxyhemoglobin (HbR) molecules. Previously, 

it has been shown that the HbO signal exhibits greater levels of change in comparison to HbR 

during motor imagery tasks (Coyle et al., 2007). Therefore, the majority of the studies have only 

calculated the features from the HbO signal (Hong et al., 2018; Naseer et al., 2015). The second 

hypothesis was that classifiers with non-linear decision boundaries would produce higher 

accuracies compared to those with linear decision boundaries as was shown previously in the 

literature (Abtahi et al., 2017; Moslehi et al., 2020). 

1.2.2 Objective 2 

The second objective was to evaluate whether a focused setup of sensors over a specific 

area of the brain would result in similar or improved classification accuracies during motor imagery 

tasks compared to a full set of sensors over the entire head. It was hypothesized that sensors placed 

over the motor cortex would achieve higher classification accuracies relative to other areas of the 

brain, and similar or higher classification accuracies compared to a full set of sensors over the entire 

head. It was previously shown that motor imagery tasks activated the motor cortex of the brain 
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(Beisteiner et al., 1995; Sheng Ge et al., 2017; Lotze et al., 1999), and therefore, it would be possible 

to decode the brain signals with high accuracy by recording the signals only from this area of the 

brain. 

1.2.3 Objective 3 

Objective 3 sought to minimize the number of sensors required for effective decoding of 

intent. For a system to be acceptable to the general population and persons with disabilities, it must 

be easy to apply and easy to use. This objective included the use of a channel selection algorithm 

to reduce the number of sensors while understanding the trade-offs between accuracy and sensor 

numbers. It was hypothesized that a reduced set of sensors selected by the channel selection 

algorithm would achieve similar or higher classification accuracy compared to using the entire set 

of sensors mounted over the entire head. Previously, it was shown that channel selection algorithms 

improved classification accuracies for both EEG (Franklin Alex Joseph et al., 2021) and fNIRS 

(Aydin, 2020). 

1.2.4 Objective 4 

After individually assessing the results of both EEG and fNIRS modalities, the final aim 

of this thesis was to investigate the impact of combining EEG and fNIRS in terms of classification 

accuracy compared to each modality independently. The literature supports the use of combined 

EEG and fNIRS systems to increase BCI accuracy (S. Ahn et al., 2017; Fazli et al., 2012; Hong et 

al., 2017). Therefore, it was hypothesized that combining EEG and fNIRS signals in a BCI would 

lead to higher classification accuracies compared to EEG or fNIRS alone. 

1.3 Thesis Layout 

Chapter 2 provides a review of the literature discussing the key concepts used within this 

thesis. Chapter 3 describes the general methodology that was used to conduct data processing for 

Chapters 4 to 7. Chapter 4 applied different feature extraction and classification techniques to the 



 

 

 

6 

fNIRS signals and compared their corresponding classification accuracies. Chapter 5 classified the 

fNIRS signals over different areas of the brain and compared their corresponding classification 

accuracies. Additionally, a channel selection algorithm was used to reduce the number of fNIRS 

sensors over each area of the brain and their classification accuracies were compared to using the 

entire set of sensors. Chapter 6 compares the classification accuracies of the EEG signals over 

different areas of the brain. Furthermore, using the fNIRS channels identified by the channel 

selection algorithm in Chapter 5, the EEG electrodes over the active areas of the brain (as identified 

by fNIRS) were selected and their corresponding classification accuracies were compared against 

a full set of EEG electrodes. Chapter 7 investigated the accuracy when using features identified for 

each of the independent modalities and then combining the signals from the EEG and fNIRS 

sensors. Chapter 8 illustrates the results of a pilot study that collected the fNIRS signals during 

motor imagery tasks in the laboratory. This study was published and presented in the 42nd Annual 

International Conference of the IEEE Engineering in Medicine & Biology Society in Montreal, 

QC, Canada in July 2020. 

One major limitation of the work presented herein was the necessity to rely on EEG and 

fNIRS data for motor imagery and motor control from an online open-access data source. Chapter 

8 discusses the results of the pilot study from data collected within our laboratory. We were 

scheduled to collect data from additional participants within our laboratory the same week that the 

laboratory was ordered closed as the COVID-19 pandemic took hold within Canada. This thesis 

underwent significant modifications to meet the objectives as laid out without the use of our own 

data.      

Finally, Chapter 9 summarizes and discusses the findings of this thesis, providing 

suggestions on how to potentially design a BCI with high classification accuracies. This chapter 

also discusses the limitations of this thesis. Chapters 4 to 8 were written as independent manuscripts 

and there is some overlap between the introduction section of each chapter. 
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Chapter 2 

Literature Review 

2.1 Brain Anatomy 

The human brain is the most complex part of our bodies. It is the main organ of the human 

central nervous system, and it enables us to have memories, to process information, and to perform 

very complicated tasks. Figure 2-1 displays different components of a human brain. The brain stem 

is located at the bottom and is the oldest part of the brain. It consists of the midbrain, pons, and 

medulla. The brain stem’s main role in our body is to control autonomic processes such as heartbeat, 

breathing, bladder function, and sense of equilibrium (Biga et al., 2021; Carter et al., 2019).  

 

Figure 2-1: The brain anatomy. The left and right pictures display the rear-view and side view of 

the brain, respectively. Left figure is adapted from (IMOTIONS, 2016). 

 

The limbic system comprises of the thalamus, hypothalamus, and amygdala, and is located 

deep within the brain. The limbic system plays a major role in fight and flight situations. The 

cerebellum is located on both sides of the brain and is responsible for receiving and processing 

Brain stem 

Limbic system 

Cerebellum 

Cerebrum 
Frontal lobe 

Temporal lobe 

Parietal lobe 

Occipital lobe 
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information from the sensory systems of the central nervous system to enable us with fine-tuned 

motor movements, posture, and balance. It is claimed that about 80% of all the brain neurons exist 

in the cerebellum (Biga et al., 2021; Carter et al., 2019; Najarian et al., 2016). 

The cerebrum or cerebral cortex is the largest part of the brain and is the area of focus for 

this thesis. It is located in the left and right hemispheres, and is divided into four different lobes as 

shown in Figure 2-1. These lobes include occipital, temporal, parietal, and frontal lobes. The 

occipital lobe is located at the rearmost part of the brain and is the brain’s visual processing center. 

It performs visual and spatial processing (i.e., orientation and spatial frequency), color 

differentiation, and motion perception. Damage to this part of the brain can result in visual 

hallucinations, colour, or movement agnosia, and even blindness (Biga et al., 2021; Carter et al., 

2019; Najarian et al., 2016; Sörnmo et al., 2005). 

The temporal lobe is responsible for long-term memory, navigation, and biographic 

memory encoding and retrieval. The left hemisphere’s temporal lobe is claimed to be responsible 

for language comprehension, processing, and production. Damage to this lobe can cause difficulties 

in reading or talking (Biga et al., 2021; Carter et al., 2019; Najarian et al., 2016; Sörnmo et al., 

2005). 

The role of the parietal lobe in our brain is to integrate all the information from the internal 

and external sensory sources from our body such as muscles, limbs, and eyes, and to combine this 

information into a representation of how our body spatially relates to the environment and vice 

versa. For instance, when we want to grasp different objects, the parietal lobe helps us to process 

the shape, size, and orientation of the objects. Without this lobe, many of our daily activities such 

as eye and limb movement, and eye and limb coordination would not be possible. Additionally, the 

parietal lobe is claimed to be responsible for self-referential processing and feelings of agency. 

Damages to this lobe can create problems for our motor actions, our interaction with objects, and 
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can even cause out of body experiences (Biga et al., 2021; Carter et al., 2019; Najarian et al., 2016; 

Sörnmo et al., 2005). 

The frontal lobe is located at the front of the brain. This is the lobe in which most of our 

conscious thoughts and daily decisions are developed. The frontal lobe is also responsible for our 

voluntary motor actions such as the movement of our limbs and eyes. Other functions of this lobe 

include planning, short-term memory, attention, reward, and motivation. (Biga et al., 2021; Carter 

et al., 2019; Najarian et al., 2016; Sörnmo et al., 2005). 

2.2 Neuroimaging Methods in BCI 

BCI systems are categorized as invasive and non-invasive as summarized in Table 2-1.  

Invasive BCI systems record brain signals from electrodes implanted on the surface of cortex 

(electrocorticography (ECoG)) or inside the cortex (multielectrode array (MEA)) while the non-

invasive systems acquire brain signals from outside the skull. The non-invasive methods include 

electroencephalography (EEG), magnetoencephalography (MEG), functional magnetic resonance 

imaging (fMRI), and functional near infrared spectroscopy (fNIRS). 

Table 2-1: Summary of neuroimaging methods (Gürkök et al., 2012; Nicolas-Alonso et al., 2012; 

Ramadan et al., 2017). 

Neuroimaging 

Method 

Activity 

Measured 

Deployment Spatial 

Resolution (mm) 

Temporal 

Resolution (s) 

Portability 

MEA Electrical Invasive ~ 0.05 to 0.1 ~ 0.003 Portable 

ECoG Electrical Invasive ~ 1 ~ 0.003 Portable 

EEG Electrical Noninvasive ~ 10 ~ 0.05 Portable 

MEG Magnetic Noninvasive ~ 5 ~ 0.05 Nonportable 

fMRI Metabolic Noninvasive ~ 1 ~ 1  Nonportable 

fNIRS Metabolic Noninvasive ~ 5 ~ 1 Portable 

 

Compared to the non-invasive BCI systems, the invasive techniques (i.e., ECoG and MEA) 

provide higher quality signals (i.e., higher signal to noise ratio), and higher temporal and spatial 

resolution (Ball et al., 2009; Engel et al., 2005). However, due to the surgery involved in the 

invasive BCI systems, these methods pose significant health risks such as infection and tissue 
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damage to the users. Also, negative reaction of brain tissue to the implanted electrode (Polikov et 

al., 2005) and changes in electrode’s sensitivity over time (Lauer et al., 2000) may cause additional 

issues for these techniques. As a result, the use of invasive BCI systems is not typically encountered 

in a laboratory setting. 

EEG measures electrical activity from neurons firing inside the brain by means of surface 

electrodes placed on the scalp. EEG has high temporal resolution, is inexpensive, portable, and safe 

to use. As a result, EEG has been the most common method to record brain signals in BCI systems 

(Nicolas-Alonso et al., 2012). One disadvantage of using EEG is that the electrical signals are 

significantly attenuated as they pass through the dura mater, skull, and scalp which can lead to loss 

of information and lower signal-to-noise ratio (Akhtari et al., 2002; Akhtari et al., 2000). 

Furthermore, the EEG signals are susceptible to noise from electromyography (EMG) signals due 

to facial muscle activities, electrocardiography (ECG) signals due to heart beats, and 

electrooculography (EOG) signals due to eyes movements and blinking (Dora et al., 2019; 

Fatourechi et al., 2007). Therefore, appropriate signal amplification and artifact removal techniques 

must be used to improve the signal to noise ratio.  

MEG measures the brain’s magnetic activity (instead of electrical activity) using magnetic 

induction. In MEG, the flow of intracellular currents through dendrites produce magnetic fields 

that are measurable outside of the head (Waldert et al., 2009). These magnetic fields are detected 

by superconducting quantum interference devices (Burmistrov et al., 2013). One advantage of 

MEG compared to EEG is that magnetic fields are less distorted by the skull and scalp than 

electrical fields, however, they are distorted more easily by the ambient signals in the environment 

(Lee Gregory et al., 2015). MEG offers high spatiotemporal resolution (Singh, 2014), low user 

training time (Mellinger et al., 2007), and localizes active regions inside the brain (Wang et al., 

2010). However, MEG-based BCIs are bulky and expensive, and therefore, may not be suitable in 

BCI outside the laboratory setting (Nicolas-Alonso et al., 2012).  
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fMRI uses electromagnetic fields to measure cerebral blood flow, changes in local cerebral 

blood flow, and changes in oxygenation levels during brain’s neural activities (Nicolas-Alonso et 

al., 2012). Although fMRI has poor temporal resolution, it has high spatial resolution and can be 

used to localize active regions of the brain during different activities (deCharms et al., 2004; 

Ramadan et al., 2017). However, due to its inherent response delay (Weiskopf et al., 2004) and its 

susceptibility to head movement artifacts (Ramadan et al., 2017), fMRI may not be suitable for 

real-time BCI systems. Moreover, fMRI-based BCIs require expensive hardware and lack 

portability (Nicolas-Alonso et al., 2012).   

fNIRS uses infrared light to detect changes in oxyhemoglobin and deoxyhemoglobin 

concentrations in the outer cortical layer (Nicolas-Alonso et al., 2012). Similar to fMRI, it suffers 

from inherent hemodynamic response delay since vascular changes occur after their corresponding 

neural activities (Coyle et al., 2007). fNIRS’s spatial and temporal resolutions are lower than fMRI 

and EEG respectively (Gürkök et al., 2012; Taga et al., 2007). However, fNIRS-based BCIs are 

non-invasive, low cost, and portable which make them an attractive alternative to EEG-based BCIs. 

While all these systems can be used to detect brain signals, the ones that are most often 

used for real-time BCI systems continue to be EEG and, to a lesser extent, fNIRS. This thesis 

focuses on both of these signals to be able to accurately interpret user intent through motor imagery.  

2.3 Electroencephalography (EEG) 

The human brain consists of billions of neurons. Each neuron typically comprises of a cell 

body, dendrites, and synapses. The role of the synapses is to propagate information or prevent its 

passage from one neuron to another. The excitatory or inhibitory function of the synapses are 

triggered by the release of neurotransmitters such as dopamine, epinephrine, or acetylcholine which 

create voltage change across the neuron’s cell membrane. Postsynaptic potential refers to the 

electrical field that is created by the synaptic activities. The electrical field created by a single 

neuron is too small to be detected. However, when the voltage change occurs across a group of 
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neurons, the summation of the neurons’ postsynaptic potentials creates a much bigger electrical 

field (Greenfield et al., 2009; Schomer et al., 2018; Sörnmo et al., 2005). Due to the non-

conductivity of the skull, not all the electrical fields can be detected from the outside the head 

(Akhtari et al., 2002). 

The electrical activities that are detectable from the outside are attributed to the 

synchronized activities of pyramidal or triangular shaped neurons called pyramidal neurons. These 

neurons are located in the brain’s cortex. They are oriented perpendicular to the cortical surface, 

with their dendrites pointing to the surface while their cell bodies point toward the center of the 

brain (Greenfield et al., 2009; Schomer et al., 2018). Figure 2.2 depicts a pyramidal neuron in the 

brain. This orientation of pyramidal neurons is claimed to be the reason for generation of stable 

electrical fields that can be measured from the outside the head (Greenfield et al., 2009; Schomer 

et al., 2018). 

 

Figure 2-2: Structure of a pyramidal neuron. Retrieved from (IMOTIONS, 2016) 
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By placing EEG electrodes on the scalp, the brain’s electrical activities can be measured 

noninvasively. The most common method to determine the position of the EEG electrodes on a 

head is the 10-20 system developed by (American Electroencephalographic Society, 1994; 

Greenfield et al., 2009; Najarian et al., 2016). In this system, first, the vertical line between the 

nasion and inion, and the horizontal line between the left and right preauricular points are measured. 

Then, the electrodes are placed at points that are 10% and 20% of the vertical and horizontal lines 

measured previously (Greenfield et al., 2009). This process is illustrated in Figure 2-3. 

 

Figure 2-3: The EEG electrode locations in a standard 10-20 system. (Fp = frontopolar; F = frontal; 

C = central; P = parietal; O = occipital; T = temporal). Electrodes with even and odd numbers 

represent right and left hemispheres, respectively. Electrodes placed on the midline are represented 

by “z” which means zero distance from the midline. The number representing the electrode 

increases as the distance between the electrode and the midline becomes bigger. Retrieved from 

(American Electroencephalographic Society, 1994). 

 

The frequency content of the EEG signals typically ranges from 0.5 to 30-40 Hz, and can 

be classified into five frequency bands of delta (1-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), beta (14-

30 Hz), and gamma (>30 Hz) (Schomer et al., 2018; Sörnmo et al., 2005). A graphical 

representation of these frequency bands is displayed in Figure 2-4.  
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Figure 2-4: Brain rhythms. Adapted from (IMOTIONS, 2016). 

 

The delta rhythms represent brainwaves with the highest amplitude and slowest frequency 

in the range of 1 to 4 Hz. Delta rhythms are observed during sleep, and they become stronger as 

the sleep becomes deeper. These rhythms are claimed to be stronger in the right hemisphere, and 

the source of these signals is typically in the thalamus (Greenfield et al., 2009; Louis et al., 2016; 

Najarian et al., 2016; Schomer et al., 2018; Sörnmo et al., 2005).  

The theta rhythms refer to brain rhythms that occur in the frequency range from 4 to 8 Hz. 

These rhythms are typically observed during drowsiness and certain stages of sleep (Greenfield et 

al., 2009; Louis et al., 2016; Najarian et al., 2016; Schomer et al., 2018; Sörnmo et al., 2005).  

The alpha rhythms are the brain rhythms that occur in frequencies between 8 and 13 Hz. 

They are most prominent during an awake and relaxed state with eyes closed. As the eyes open, 

the activity of these rhythms become suppressed. The amplitude of the alpha rhythms is said to be 

the strongest in the occipital lobe of the brain (Greenfield et al., 2009; Louis et al., 2016; Najarian 

et al., 2016; Schomer et al., 2018; Sörnmo et al., 2005). 

The beta rhythms are brainwaves in the frequency range of 14 to 30 Hz and occur mostly 

in the frontal and central areas of the brain. These rhythms are strongest during active and busy 

Gamma 

 

Beta 

 

Alpha 

 

Theta 

 

Delta 



 

 

 

15 

thinking and concentration. Additionally, they become prominent during planning and execution 

of motor movements (Greenfield et al., 2009; Louis et al., 2016; Najarian et al., 2016; Schomer et 

al., 2018; Sörnmo et al., 2005).  

The gamma rhythms refer to brain rhythms with frequencies above 30 Hz. They are related 

to active information processing of the brain (Schomer et al., 2018; Sörnmo et al., 2005). 

For the tasks described within this thesis (motor imagery and motor control), the 

frequencies that are expected to be most prominent are the alpha and beta bands (Wriessnegger et 

al., 2018b).  

2.3.1 Control Signals in EEG-based BCI 

As described previously, a BCI’s purpose is to record the brain signals and then interpret a 

user’s intentions to perform a task by means of signal processing. To decode user’s intentions, a 

BCI takes advantage of neuro-mechanisms (also known as control signals) in the brain which 

correspond to certain external stimuli or events. Examples of such events include voluntary 

movements of body parts (e.g., arms or legs), looking at an object on screen of a monitor, or 

involuntary reaction to a stimulus such as an error (Gürkök et al., 2012; Nicolas-Alonso et al., 

2012). When these events occur, the neuro-mechanism in the brain creates distinct changes in the 

brain signals that can be identified by a BCI so that the user’s intentions can be decoded (Ramadan 

et al., 2017). 

Event-related potentials (ERPs) are one of the neuro-mechanisms that are commonly used 

in EEG-based BCIs. They are characterized by short amplitude deflections that occur in the brain 

signal in reaction to a certain event. ERPs are time-locked to an event which means that they take 

place at a fixed positive or negative latency with respect to the event (Gürkök et al., 2012). 

Therefore, by monitoring a person’s signal amplitudes at this fixed latency, researchers are able to 

decode the person’s intention or reaction to the event. Two of the commonly used ERPs in BCI 

research include P300 and steady-state evoked potential (SSEP).  
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P300 is a positive peak in the EEG signal that occurs about 300 ms after a person is exposed 

to an infrequent or surprising stimulus. A P300-based BCI normally uses an oddball paradigm in 

which a set of stimuli is presented to a person. When the person sees a surprising stimulus (one that 

he/she does not expect to see or one that is different compared to other stimuli) during that set of 

stimuli, the P300 phenomenon takes place (Polich, 2007). The less probable the stimulus, the higher 

the amplitude of P300 (Polich et al., 1996). P300-based BCIs do not require user training. However, 

it is reported that their performance may get affected (i.e. P300 amplitude becomes smaller) as the 

user becomes accustomed to the infrequent stimuli (Ravden et al., 1999). Some applications of 

P300-based BCIs include selecting letters, numbers, symbols or commands from a matrix (Farwell 

et al., 1988; Kaufmann et al., 2014; Mugler et al., 2010), selecting and controlling different items 

in a virtual apartment (Edlinger et al., 2009), and selecting and dialing contacts on a mobile phone 

(Campbell et al., 2010). A major disadvantage of P300-based BCIs is that they have a very low rate 

of information, and require many trials which may be tiring for users (Ramadan et al., 2017). High 

numbers of trials are required to observe the P300 phenomenon by calculating an ensemble profile 

of the brain signals from the trials. 

When a person attends to a repeating stimulus with a certain frequency, the brain generates 

a signal with enhanced amplitudes at the same frequency as the stimulus. This phenomenon is 

called SSEP (Regan, 1977). In a SSEP-based BCI, the stimulus can be visual, auditory, or vibratory. 

When a visual stimulus is used, the response is called a steady-state visual evoked potential 

(SSVEP). In a SSEP-based BCI, several stimuli are presented to a person with each repeating at a 

different frequency. Each stimulus can correspond to a certain message or command. By 

monitoring the brain signals, we can interpret the person’s thought or intention (Gürkök et al., 

2012). In a study that recruited five healthy participants, a SSVEP-based BCI was used to simulate 

car navigation by flickering each direction (i.e. right, left, up, and down) at a distinct frequency on 



 

 

 

17 

a computer screen (Martinez et al., 2007). An average rate of success to evaluate direction achieved 

an accuracy of over 90% in this study. 

Slow cortical potentials (SCPs) are slow positive or negative voltage variations of cortical 

activity that can last a second to several seconds. SCP is observed in low frequency EEG signals 

under 1 Hz. Negative and positive SCPs correspond to increased and decreased neuronal activity 

respectively (Birbaumer et al., 1990). SCP-based BCIs have been used to control external devices 

such as moving a cursor or selecting objects on a computer screen. However, these types of BCIs 

require extensive amount of user training to ensure the users are able to generate appropriate SCPs. 

Performance of SCP-based BCIs are said to be dependent on many factors such as users’ physical 

and psychological state, motivation, social context, sleep quality, trainer-user relationship, and 

users’ learning capability to modulate these signals (Hinterberger et al., 2004). These types of BCI 

systems provide a low rate of information and they require continuous practice for several months. 

As a result, SCP-based BCIs are not commonly used in research (Nicolas-Alonso et al., 2012; 

Ramadan et al., 2017).   

Sensorimotor rhythms (SMR) consist of oscillations in the brain’s motor cortex with 

frequencies in the Rolandic mu (8-13 Hz) and beta (14-30 Hz) bands. Alpha and mu bands are in 

the same frequency bands. However, while the alpha band occurs in the posterior and occipital 

areas, the mu band takes place in the sensorimotor areas of the brain (Hobson et al., 2016). The 

amplitudes of SMR change in response to a motor task (i.e., moving an arm) or motor imagery 

(Jeannerod, 1995; Pfurtscheller et al., 1999). As a result of a motor action or a motor imagery task, 

SMR undergoes two closely related neuro-mechanisms of event related synchronization (ERS) and 

event related desynchronization (ERD) which are amplitude enhancement and suppression of brain 

rhythms, respectively (Pfurtscheller et al., 1999). By analyzing SMR and identifying ERS/ERD 

during a motor imagery task, it is possible to design a BCI that can interpret a person’s motor 

intentions, and subsequently help them interact with their surroundings using their thoughts rather 
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than their muscles. For instance, Pfurtscheller et al (2006) were able to understand when the 

individuals imagined movement of their hands, feet, and tongue by analyzing their SMR 

(Pfurtscheller et al., 2006). In a different study, the authors took advantage of SMR and the 

ERS/ERD phenomena to help the participants navigate in a virtual environment using motor 

imagery (Scherer et al., 2007). In this study, linking the motor actions to commands in an 

application made it possible to control that application without doing any actual movements. 

Although SMR-based BCIs sound promising for persons with disabilities, training is required to 

generate appropriate brain rhythms that can be interpreted by the BCI (Neuper et al., 2005). 

2.4 Functional Near Infrared Spectroscopy 

As explained previously in section 2.2, fNIRS monitors the brain’s hemodynamic response 

to brain’s neural activation by measuring the changes in the concentration of oxygenated (HbO) 

and deoxygenated (HbR) hemoglobin molecules in blood. The changes in the concentration of these 

molecules are directly related to the cerebral blood fluid which increases in response to an increase 

in brain’s activity (León-Carrión et al., 2012).  

In a fNIRS system, a transmitting optode transmits light with a wavelength in the range of 

700-900 nm to the tissue while a receiving optode measures the light reflected from the tissue. The 

principle of fNIRS is based on the fact that in the near infrared region between 700 and 900 nm, 

the HbO and HbR possess characteristic optical properties. In this region, the light passes through 

water, the main constituent of the biological tissues, with minimal absorption as shown in Figure 

2-5 (Jobsis, 1977).  
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Figure 2-5: Distinct absorption properties of HbO and HbR within the optical window of 700-900 

nm allows fNIRS to measure concentration changes of these molecules in the biological tissue. As 

shown, the amount of light absorption by water in this region is minimal compared to both HbO 

and HbR. Retrieved from (León-Carrión et al., 2012). 

 

To calculate the concentration changes of HbO and HbR in the brain, the fNIRS systems 

use the “modified Beer-Lambert Law” as shown below in Eq. 2-1:  

𝑂𝐷𝜆 = log
𝐼𝑜

𝐼
= 𝜀𝜆. 𝑐. 𝐿. 𝐵 + 𝑂𝐷𝑅,𝜆   Eq. 2-1 

where ODλ is the optical density of the medium under measurement, Io is the incident radiation, I 

is the transmitted radiation, ελ is the extinction coefficient of HbO or HbR, c is the concentration of 

the HbO or HbR, L is the distance between the light entry and light exit points, λ is the wavelength 

used, B is a dimensionless pathlength correction factor (also known as Differential Pathlength 

Factor (DPF)) to account for the increase in optical pathlength due to the light scattering in the 

tissue, and ODR,λ is a factor representing light loss due to scattering in the tissue. 

By calculating the optical density change at two different wavelengths and by assuming 

that ODR,λ remains constant during a measurement, we can compute the concentration change of 

HbO or HbR as follows:  

∆𝑐 =  
∆𝑂𝐷𝜆

𝜀𝜆𝐿𝐵
     Eq. 2-2 
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Blood oxygenation and total blood volume can be calculated as follows: 

𝑂𝑥𝑦𝑔𝑒𝑛𝑎𝑡𝑖𝑜𝑛 =  Δ𝑐𝐻𝑏𝑂 − Δ𝑐𝐻𝑏𝑅   Eq. 2-3 

𝐻𝑏𝑇 =  Δ𝑐𝐻𝑏𝑂 + Δ𝑐𝐻𝑏𝑅     Eq. 2-4 

where HbT is the total blood volume. 

In a fNIRS measurement, the proportion of arterial and venous compartments in cerebral 

vasculature is assumed constant. Therefore, for accurate measurements, head movements must be 

minimized since changes in head position can cause alterations in the proportion of arterial and 

venous compartments. Moreover, the inter-optode distance between the transmitter and receiver 

diodes directly affects the depth of light penetration into the brain cortex. The bigger the inter-

optode distance, the deeper the light penetration. However, as the inter-optode distance is increased, 

the intensity of the received light by the receiver optode decreases. Also, dark skin and hair can 

absorb most of the transmitted light. Therefore, it is best to move the hair aside before the 

measurements, and to use a shorter inter-optode distance (León-Carrión et al., 2012). For 

measurement of the brain signals, an inter-optode distance of 3 cm is recommended. An inter-

optode distance of less than 1 cm results in signals that contain skin layer contribution (Gagnon et 

al., 2012; Gratton et al., 2006). 

2.5 Motor Imagery 

Motor imagery is defined as mental rehearsal of a motor action without overt movement 

(Jeannerod, 1995). It has been reported that motor execution and motor imagery activate neural 

networks in the same brain areas located in the primary motor, premotor, supplementary motor 

area, and parietal cortices (Lotze et al., 1999). Since the main target population for BCIs identified 

in this thesis, is individuals with severe disabilities that affect motor control, this study focused on 

motor imagery tasks as the participants cannot be required to perform any motor movement. There 

are two types of motor imagery: kinesthetic and visual imagery. Kinesthetic imagery involves 

kinesthetic experiences using a first-person imagery whereas visual imagery is imagination from a 
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third-person perspective (Roberts et al., 2008). Kinesthetic imagery has been shown to be more 

effective in motor training such as coordination and timing compared to visual imagery (Fery, 

2003). Furthermore, the kinesthetic motor imagery has been shown to produce higher classification 

accuracies and to activate patterns near the sensorimotor hand area whereas no clear activation 

pattern was found for the visual motor imagery (Neuper et al., 2005). For improvements in BCI 

applications, the users should be asked to perform kinesthetic motor imagery as it is a natural 

extension of movement intention (Batula et al., 2017; Neuper et al., 2005; Roberts et al., 2008). 

Compared to paradigms used in SSVEP- and P300-based BCIS, BCIs that adopt motor 

imagery paradigms provide an interface with the surroundings that is more similar to the way we 

interact with our environment using our muscles. Decoding movement intentions using a SMR-

based BCI through motor imagery that can relate to a specific command is more natural and 

ergonomic compared to other paradigms (e.g., watching strobe light repeatedly on a screen); 

however, user training may be required for proper operation and signal interpretation of a BCI 

(Friedrich et al., 2009; Wierzgala et al., 2018).  

2.6 Multi-Modal Integration of EEG and fNIRS in a BCI 

As described previously, due to the non-invasiveness, portability, high temporal resolution, 

and relatively low cost of EEG compared to other neuroimaging methods, EEG-based BCIs have 

been the most commonly used BCIs in the literature. Although BCIs that utilize ERPs such as 

SSVEP have demonstrated high and reliable performance in recent years, SMR-based BCIs still 

suffer from low performance with low classification accuracies (S. Ahn et al., 2017). As a result, 

SMR-based BCIs may not be feasible to use outside the laboratory yet.  

The low performance of SMR-based BCIs can be attributed to various reasons. For 

instance, and as mentioned previously, although EEG provides high temporal resolution, they have 

lower spatial resolution compared to other imaging modalities. Additionally, signal contamination 

by EOG (i.e., eye movement and blinking) and EMG artifacts, and the inherent non-conductivity 
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of the skull, result in a low signal to noise ratio. Although the signal quality can be improved by 

removing artifacts during signal processing, the inter-subject variation caused by different brain 

structures can still reduce the performance of a BCI (M. Ahn et al., 2015). Moreover, it has been 

reported that some users are not able to produce SMR that are classifiable by BCIs (Blankertz et 

al., 2010).  

In recent years, some researchers have integrated EEG with fNIRS hoping that by acquiring 

both electrical and hemodynamic responses from the brain, the classification accuracy, signal 

detection time, and number of control commands of BCIs can be improved (Hong et al., 2017). 

Similar to fMRI, fNIRS monitors cerebral blood flow which is closely related to neural activations. 

However, unlike fMRI which is expensive and bulky, fNIRS offers portability and lower cost. By 

utilizing the optical characteristics of oxygenated (HbO) and deoxygenated hemoglobin (HbR) in 

the near-infrared light, fNIRS is capable of measuring HbO and HbR concentrations in the 

superficial layer of brain cortex (León-Carrión et al., 2012). Furthermore, fNIRS is reported to be 

less susceptible to electrical noise and movement artifact than EEG (S. Ahn et al., 2017). 

In arguably the first study that combined EEG and fNIRS in a BCI, 14 participants were 

instructed to perform both motor imagery and motor execution of hand gripping. Their results 

showed that simultaneous recording of EEG and fNIRS significantly improved classification 

accuracy in about 90% of the participants with an average accuracy boost of 5% compared to EEG 

alone (Fazli et al., 2012). Since then, other researchers have started investigating the potential of 

simultaneous EEG and fNIRS measurement during motor imagery tasks to improve the 

classification accuracies of BCIs. In one study, 10 patients with tetraplegia and 12 healthy controls 

underwent both motor imagery and motor execution of finger tapping while both EEG and fNIRS 

were recorded from their brain (Blokland et al., 2014). The results indicated significant 

improvement in classification accuracy (i.e., about 7%) among the patient group during combined 
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EEG and fNIRS measurement compared to EEG alone. While the classification accuracy increased 

in the controls group (i.e., about 2%) as well, this improvement was not statistically significant.  

In contrast to other studies in which features from both EEG and fNIRS data were used to 

classify motor imagery tasks, Koo et al. designed a self-paced EEG-fNIRS BCI system that detects 

the occurrence of task onset using the fNIRS data, and distinguishes the type of the task (i.e. left- 

or right-hand grasping motion) using the EEG signal (Koo et al., 2015). By developing a BCI 

system this way, the authors were able to achieve an average true positive rate of 88% and a false 

positive rate of 7% among six users. In another study, six typically developed participants were 

instructed to imagine hand clenching with different forces and speeds while their brain signals were 

measured by both EEG and fNIRS (Yin et al., 2015b). The authors reported that using features 

from both EEG and fNIRS improved the classification accuracy by up to 5% compared to a sole 

EEG or fNIRS BCI system.  

Yunfa et al. reported similar findings in which simultaneous collection of EEG and fNIRS 

during hand clenching with different speeds and forces improved the classification accuracies 

compared to EEG or fNIRS alone (Fu et al., 2017). In (Sheng et al., 2017), 12 participants 

performed left and right hand motor imagery while both EEG and fNIRS were collected. Their 

study reported that using features from both EEG and fNIRS led to significant improvement in 

classification accuracy (i.e., about 6.5% and 14.4% compared to EEG and fNIRS alone, 

respectively). In (Rihui Li et al., 2017), although the participants performed motor execution of left 

and right hand movement and not the motor imagery, the measurement of both EEG and fNIRS 

significantly increased the classification accuracy compared to EEG by about 5.4% and fNIRS by 

about 5.5%. In another study, 15 participants performed left- and right-hand squeezing motor 

imagery while both EEG and fNIRS were measured (Chiarelli et al., 2018). The authors reported 

an improvement of about 10% in classification accuracy when features from both EEG and fNIRS 

were used compared to EEG or fNIRS alone. Lastly, (Shin et al., 2018) used a hybrid EEG and 
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fNIRS BCI to classify three different brain activation patterns generated by mental arithmetic, 

motor imagery, and idle rest. The use of combined EEG and fNIRS showed an improvement in 

classification accuracy of about 6.1% and 18.1% compared to single EEG and fNIRS, respectively.  

This section has shown that the integration of EEG and fNIRS in a BCI may be beneficial 

in improving the classification accuracies of a BCI compared to an EEG or fNIRS. One drawback 

of the hybrid BCI model is the increased number of sensors as a result of combining two imaging 

modalities. Therefore, minimizing the number of sensors by identifying the important areas of the 

brain during motor imagery tasks is crucial in designing a hybrid BCI to be used with patient 

populations.  

Since the same dataset was used for the following analyses in Chapters 4 through 7, it was 

important to identify the accuracy of intent detection using different classification methods and 

features identified independently using EEG and fNIRS. While the present study was conducted 

with individuals who were typically developed, a patient population may benefit from one modality 

compared to the other, or the use of one modality might indicate the use of another.  For example, 

a study by (Taherian et al., 2016) suggested that EEG signals from a commercially available 

fourteen electrode system did not provide signals that were sufficiently interpretable to conduct 

tasks after six weeks of training. The researchers suggested that the lack of flexibility in 

manipulating the location of the electrodes was an issue, especially as the participants had cerebral 

palsy. Since cerebral palsy results from damage to the developing brain, the nature of the 

impairment suggests that flexibility in electrode placement is important. fNIRS might be able to 

identify the locations of the brain that are most responsive, and EEG may be used to target specific 

areas for control. For this reason, this thesis undertook a systematic approach to obtaining 

information from fNIRS, then EEG before combining them together.   
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Chapter 3 

Methodology 

For chapters 4 to 7 that follow, an open-access dataset published by (Shin et al., 2017) was 

used. This dataset contains both electroencephalography (EEG) and functional near infrared 

spectroscopy (fNIRS) data that was collected from 29 participants during motor imagery tasks. 

This chapter provides a description of the participants and data acquisition methods that were used 

to collect this dataset. Furthermore, pre-processing for both the EEG and fNIRS signals is 

explained. 

3.1 Participants 

The data was collected from 29 healthy individuals who reported no neurological and 

brain-related diseases. The participants consisted of 14 males and 15 females with an average age 

of 28.5 ± 3.7 years old (mean ± standard deviation). 

3.2 Data Acquisition 

The EEG data was recorded at 1000 Hz using 30 active electrodes by BrainAmp EEG 

system (Brain Products GmbH, Gilching, Germany). The EEG data was later down-sampled to 200 

Hz by (Shin et al., 2017). The linked mastoid electrodes were used as reference. The electrodes 

were placed onto a fabric cap (EASYCAP GmbH, Herrsching am Ammersee, Germany) according 

to the international 10-5 system as shown in Figure 3-1. The locations of the 30 active electrodes 

included AFp1, AFp2, AFF1h, AFF2h, AFF5h, AFF6h, F3, F4, F7, F8, FCC3h, FCC4h, FCC5h, 

FCC6h, T7, T8, Cz, CCP3h, CCP4h, CCP5h, CCP6h, Pz, P3, P4, P7, P8, PPO1h, PPO2h, POO1, 

and POO2. An additional electrode was placed at Fz as a ground electrode. 

The fNIRS data were recorded at 12.5 Hz by NIRScout (NIRx GmbH, Berlin, Germany), 

and down-sampled to 10 Hz by (Shin et al., 2017). A total of 14 transmitters and 16 detectors were 
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placed over the entire head resulting in 36 fNIRS channels (see Figure 3-1). The optodes were 

installed on the same cap as the EEG. The frontal, motor, and occipital regions consisted of 9, 24, 

and 3 channels, respectively. The inter-optode distance was kept at 3 cm. 

 

Figure 3-1: EEG electrodes and fNIRS optodes locations. The EEG electrodes are shown as yellow 

hexagons. The fNIRS transmitters and detectors are shown by red and blue circles, respectively. 

Each line connecting the circles forms a channel. The frontal, motor, and occipital regions are 

separated by dashed rectangles. Adapted from (Shin et al., 2017). 

3.3 Experimental Paradigm 

Each participant performed three sessions of left- and right-hand motor imagery. Figure 3-

2 depicts the paradigm for each session. As shown, each session began by 1 minute of rest, followed 

by 20 repetitions of the task, and ended with 1 minute of rest. The task period started with 2 seconds 

of visual instructions indicating the hand with which the motor imagery task was to be performed. 

Fpz 

C3 C4 

Oz 

Fz 

Cz T7 T8 

Pz 

- EEG active electrode 

- EEG reference electrode 

- fNIRS transmitter 

- fNIRS detector 
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Following the instructions, the participants performed the task by imagining opening and closing 

their hands as if they were squeezing a ball at a rate of 1 Hz. Each task period ended by a short rest 

period which was randomized to be between 15 and 17 seconds. Each hand motor imagery task 

was performed 10 times in each session (30 in total for all three sessions). 

 

3.4 Data Pre-Processing 

All the data pre-processing steps were done in MATLAB R2020b Ver. 9.9 (MathWorks in 

Natick, MA, USA). 

3.4.1 EEG 

The EEG data was pre-processed using the EEGLAB toolbox in MATLAB (Delorme et 

al., 2004). First, the raw EEG data were bandpass filtered from 0.5 to 50 Hz with a FIR filter. Then, 

an automatic artifact rejection tool based on independent component analysis was used to remove 

artifacts from the EEG signals (Winkler et al., 2011). Finally, the data were filtered using a 2nd 

order Butterworth bandpass filter from 8 to 30 Hz to only include signals containing the mu and 

beta frequency bands (Chiarelli et al., 2018) 

3.4.2 fNIRS 

The raw fNIRS data were converted to data that represented concentration changes of HbO 

and HbR according to the modified Beer-Lambert law (Delpy et al., 1988) by the SPM-fNIRS 

toolbox in MATLAB (Tak et al., 2016). The HbO and HbR data were bandpass filtered from 0.01 

Instruction Task Rest Post-Rest Pre-Rest 

← or → 

60 s            2 s       0 s        10 s    15-17 s     60 s 

20 repetitions 

Figure 3-2: Experimental paradigm. Adapted from (Shin et al., 2017). 
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to 0.2 Hz using a 4th order recursive Butterworth filter to remove artifacts associated with cardiac 

and respiration noise, and the slow physiological drift in signal (Buccino et al., 2016; R. Li et al., 

2017; Moslehi et al., 2020). Baseline correction was achieved by averaging the data between -5 

and 0 s and subtracting the average value from the corresponding task data (Wriessnegger et al., 

2018a). 

3.5 Classification Accuracy 

To compare the results of this thesis to other studies that have used the same dataset, the 

classification accuracy metric was utilized, and was calculated according to Eq. 3-1: 

% 𝐶𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
) × 100  Eq. 3-1 

Two other studies calculated sensitivity and specificity as well as classification accuracy 

using the same dataset described in this chapter. The first study used mean derivative and Hilbert 

transform to extract EEG features and used k-nearest neighbour (KNN) to classify those features. 

Their classification accuracy, sensitivity and specificity values were 82.2, 76.1 and 88.3%, 

respectively (Yavuz et al., 2017). The second study used Katz Fractal Dimension method for EEG 

feature extraction and used KNN as classifier. The classification accuracy, sensitivity and 

specificity values in this study were 76.1, 76.5 and 75.8 %, respectively (Ergün et al., 2020). The 

sensitivity and specificity in combination with the values of accuracy from these two papers suggest 

that the data from Shin et al, is balanced. As a result, this thesis used accuracy as a representation 

of successful measure of classification of brain signals from motor imagery tasks based on this 

dataset.  

In this thesis, classification accuracy was evaluated using a 10-fold cross validation 

technique. In a 10-fold cross validation method, the feature matrix is split into 10 folds or groups 

that are independent (i.e., there is no overlap in the data). Then, a classifier is trained using the data 

in nine folds and tested with the data in the 10th fold, and the resulting classification accuracy is 

calculated. This process is repeated 10 times such that the data in each fold is used for testing by 
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the classifier. At the end, the average accuracy of the classifier is calculated by averaging the 

accuracies from all the 10 runs.  

3.6 Summary 

This chapter provided a description of an open-access dataset which involved EEG and 

fNIRS data from 29 healthy individuals during right- and left-hand motor imagery tasks. Following 

the pre-processing procedures explained in this chapter, the processed EEG and fNIRS data were 

used in Chapters 4 to 7 to perform operations such as feature extraction, channel selection, 

classification, and data analysis. These operations are explained in detail within each chapter.  
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Chapter 4 

Comparison of Different Feature Extraction and Classification 

Techniques in a fNIRS-Based BCI 

4.1 Introduction 

Feature extraction and classification are arguably the most important components of a BCI. 

During feature extraction, the BCI identifies discriminative attributes in the brain signals. These 

attributes are known as features which are then fed as input to the classifier in the BCI. The 

classifier involves a set of algorithms that use these features to calculate the user’s intentions. The 

results are then sent to external devices as control commands. Selecting appropriate discriminative 

features and using the right classifier are essential for effective pattern recognition and decoding of 

users’ intentions in a BCI. 

Many studies have investigated different feature extraction and classification techniques in 

fNIRS-based BCIs. Most feature extraction methods calculate the features in the temporal domain 

from the amplitudes of hemodynamic signals (e.g., HbO, HbR, and HbT) instead of the light 

intensity signals. Some examples of these methods include signal mean, slope, variance, peak, 

minimum, skewness and kurtosis, and they have shown good performance in obtaining high 

accuracies in the literature (Naseer et al., 2015). These features are normally calculated after the 

hemodynamic signals are pre-processed and noise is removed from the signals.  

Some studies have shown that different brain activities generate different filter coefficients, 

and therefore, the researchers have suggested the use of filter coefficients as classification input. 

Filter coefficients are obtained by applying a filtering algorithm on the brain signals. Some 

examples of this method include Kalman filtering (Abdelnour et al., 2009), recursive least square 

estimation (Aqil et al., 2012), and wavelet transform (B. Abibullaev et al., 2012). Although the 

filter coefficient techniques have produced good classification accuracies, the accuracies have not 
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been shown to be significantly higher than those described in the preceding paragraph (Naseer et 

al., 2015).  

In addition to feature extraction methods, many studies in the literature have examined 

different classifiers and obtained high classification accuracies. The most popular classifier used in 

fNIRS BCIs is linear discriminant analysis (LDA) followed by support vector machine (SVM) 

(Hong et al., 2018). One of the main reasons for LDA’s popularity is its simplicity and low 

computational demand which make it a suitable classifier for online BCIs. Additionally, it has 

shown good accuracies in fNIRS BCIs at measuring intent of the user during different tasks (Hong 

et al., 2015; Naseer et al., 2013; Stangl et al., 2013).  

The main aim of this chapter was to investigate different feature extraction and 

classification methods of fNIRS signals to determine whether a combination of feature and 

classifier exists that produces high accuracies across all participants. An open access dataset was 

used to address the objectives of this chapter (see Chapter 3 for details). After the pre-processing 

steps described in Chapter 3, different features from the signal amplitude of concentration changes 

of oxygenated (HbO) and deoxygenated hemoglobin (HbR) in the temporal domain were 

calculated. Then, each type of feature was provided as an input to different classifiers independently 

to calculate the classification accuracy of using the feature/classifier combinations for each of the 

29 participants who undertook the study conducting a motor imagery task.  

The first hypothesis was that features calculated from the HbO signal would result in a 

higher classification accuracy than the feature calculated from the HbR. Previous studies have 

shown distinct and greater levels of changes in the HbO signal compared to the HbR during motor 

imagery tasks (Coyle et al., 2007; Coyle et al., 2004). As a result, most studies have only considered 

the HbO signal for feature extraction and classification (Hong et al., 2018; Naseer et al., 2015; 

Robinson et al., 2016; Yin et al., 2015a).  
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The second hypothesis was that classifiers with nonlinear decision boundaries produce 

higher accuracies compared to those with linear boundaries (e.g., LDA and SVM with linear kernel 

function). Most studies have used classifiers with linear decision boundaries due to their simplicity 

and lower processing demands and they have achieved good accuracies in the fNIRS-based BCIs. 

On the other hand, classifiers with nonlinear decision boundaries offer more versatility at the 

expense of higher computational demands. However, they have been shown to produce higher 

classification accuracies when compared to linear classifiers (Moslehi et al., 2020) 

4.2 Methods 

The following sections explain the calculations to extract features from the HbO and HbR 

signals, followed by a description of classifiers used in this study. Statistical analysis is described 

in section 4.2.3 which details the methods used to assess the significant differences in classification 

accuracies as a result of different feature extraction and classification techniques.  

Feature extraction and classification were done in MATLAB R2020b Ver. 9.9 (MathWorks 

in Natick, MA, USA). Statistical analysis was done in IBM SPSS Statistics Ver. 27 (IBM Corp. in 

Armonk, NY, USA). 

4.2.1 Feature Extraction 

Prior to the calculation of features, the data from each channel for each trial during the task 

was divided into 10 segments resulting in 200 sub-trials per session (i.e., 10 segments × 20 trials 

per session) with each sub-trial being one second long (Chiarelli et al., 2018; Robinson et al., 2016). 

For each participant, the size of the feature matrix was 600 × 36 resulting in 600 rows (i.e., 3 

sessions × 200 sub-trials per session) and 36 columns (i.e., 36 fNIRS channels) of data. 

A total of seven different feature types were calculated in this study including the mean 

(mHbO), peak (pHbO), minimum (minHbO), skewness (sHbO) and kurtosis (kHbO) calculated 

from the amplitude of the HbO signal, the mean amplitude of the HbR signal (mHbR), and the 
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mean amplitude of the difference between HbO and HbR signals (mHbD). Prior to calculating the 

mHbD feature, the HbR signal was subtracted from the HbO during each trial to produce HbD. 

4.2.1.1 Signal Mean (mHbO/ mHbR/ mHbD) 

The signal mean of HbO, HbR, and HbD (i.e., HbO - HbR) signals were calculated as 

follows:  

𝜇𝑤 =
1

𝑁𝑤
∑ ∆𝐻𝑏𝑋(𝑘)

𝑘2
𝑘=𝑘1

    Eq. 4-1 

where w denotes window size (for the calculations that follow, the window is one second), µw is 

the mean for the given window, k1 and k2 are the start and end of the window, Nw is the number of 

observations in the window and is equal to 10 (i.e., 10 Hz × 1 s), and ΔHbX is the HbO, HbR, or 

HbD data within that window. 

4.2.1.2 Signal peak (pHbO) 

The signal peak of HbO was calculated by finding the peak value of HbO signal during 

each window in each trial. 

4.2.1.3 Signal minimum (minHbO) 

The signal minimum of HbO was computed by finding the minimum value of the HbO 

signal during each window in each trial. 

4.2.1.4 Skewness (sHbO) 

The skewness of HbO was computed as follows: 

𝑠𝑘𝑒𝑤𝑤 =  
𝐸(∆𝐻𝑏𝑂𝑤−𝜇𝑤)3

𝜎3     Eq. 4-2 

where E is the expectation of ΔHbO, and σ is the standard deviation of ΔHbO for the given window. 

4.2.1.5 Kurtosis (kHbO) 

The kurtosis of HbO was calculated according to Eq. 4-3: 

𝑘𝑢𝑟𝑡𝑤 =  
𝐸(∆𝐻𝑏𝑂𝑤−𝜇𝑤)4

𝜎4      Eq. 4-3 
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4.2.2 Classifiers 

Following feature extraction described above, 11 different supervised machine learning 

algorithms were used to classify the motor imagery tasks using the feature matrices obtained from 

section 4.2.1 as input. For each feature extraction and classification technique, a 10-fold cross 

validation was used to calculate the classification accuracy for every participant. A brief description 

of each classifier is given below: 

4.2.2.1 Discriminant Analysis 

Discriminant Analysis involves projecting the data onto a new subspace such that the 

distance between the means and the covariance among classes are maximized while the within class 

covariance is minimized. Linear discriminant analysis (LDA) assumes that the covariance matrix 

of each class is identical, and therefore, the decision boundary between classes is linear. However, 

quadratic discriminant analysis (QDA) does not make this assumption about the covariance 

matrices which results in quadratic decision boundaries (Bishop, 2006b; Buccino et al., 2016; Fazli 

et al., 2012). 

4.2.2.2 Logistic Regression 

Logistic regression calculates the posterior probability p(y|x) (the probability of datapoint 

x belonging to class y) using the logistic sigmoid function (Blokland et al., 2014). Posterior 

probability is the probability that the true class of a trial is y given the trial data x. 

4.2.2.3 Support Vector Machine (SVM) 

SVM is a commonly used classification technique in BCI studies. It involves finding a 

hyperplane between classes such that the distance between the hyperplane and the closest data 

points (support vectors) are maximized. If the data are not linearly separable, kernel trick is used 

to map the data into a higher dimensional space where a hyperplane is found to linearly separate 

the data  (Bishop, 2006b; Koo et al., 2015; R. Li et al., 2017). 

There are three types of kernel functions in SVM that can be developed in MATLAB: 

linear, polynomial, and gaussian. Eq. 4-4 shows the equation for the linear kernel function in SVM: 
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𝐺(𝑥𝑗, 𝑥𝑖) = 𝑥𝑗
𝑇𝑥𝑖     Eq. 4-4 

where x is the input feature matrix, xj and xi are multi-dimensional vectors representing 

observations j and i in x, and G(xj, xi) is element (j, i) of the Gram matrix. In this study, SVM with 

linear kernel function was named “SVM_Lin”. 

 The polynomial kernel function in SVM is shown in Eq. 4-5: 

𝐺(𝑥𝑗, 𝑥𝑖) = (1 + 𝑥𝑗
𝑇𝑥𝑖)

𝑞
    Eq. 4-5 

where q is the order of the polynomial. If q = 2, Eq. 4-5 becomes a quadratic kernel function 

whereas if q = 3, this equation represents a cubic kernel function. In this study, the SVM with the 

quadratic and cubic polynomial kernel functions were named SVM_Quad and SVM_Cubic, 

respectively. 

The Gaussian kernel function (or Radial Basis Function) is represented below in Eq. 4-6: 

𝐺(𝑥𝑗, 𝑥𝑖) = exp (−
‖𝑥𝑗−𝑥𝑖‖

2

2𝜎2 ) = exp (−𝛾‖𝑥𝑗 − 𝑥𝑖‖
2

)  Eq. 4-6 

where σ is the width of the kernel. If σ approaches zero, the SVM model causes overfitting. 

However, if it becomes very large, underfitting may result (Liu et al., 2015). The Fine, Medium, 

and Coarse Gaussian kernel functions are determined by the value of γ and are defined below: 

𝛾 = √
𝑛

4
  for Fine Gaussian   Eq. 4-7 

𝛾 = √𝑛  for Medium Gaussian   Eq. 4-8 

𝛾 = 4√𝑛 for Coarse Gaussian   Eq. 4-9 

where n is the number of features. In this study, the Fine, Medium, and Coarse Gaussian SVM 

models were named SVM_Fine, SVM_Med, and SVM_Coarse, respectively. 

4.2.2.4 Naïve Bayes 

Naïve bayes is a commonly used classifier that is based on a probabilistic approach and 

assumes all the features are independent. It is shown in Eq. 4-10: 
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𝑃(𝑐|𝑥) =
𝑃(𝑥|𝑐)𝑃(𝑐)

𝑃(𝑥)
     Eq. 4-10 

where P(c|x) is the feature probability for the class c for a given feature, P(x|c) is the probability of 

feature given class, P(x) is the feature prior probability and P(c) is the class prior probability (R. A. 

Khan et al., 2018; Naseer et al., 2016; Shin et al., 2014). 

 Two implementations of Naïve Bayes were calculated in MATLAB. First, it was assumed 

that the predictors in each class followed Gaussian (normal) distribution. In this case, Naïve Bayes 

computed a separate Gaussian distribution for each class, and calculated the mean and standard 

deviation of the training data in each class. This Naïve Bayes model was named Naïve_Gauss. 

 A second type of Naïve Bayes classifier was developed in this study and was named 

Naïve_Kernel. In this model, it was assumed that the predictors in each class followed a continuous 

distribution (not Gaussian).  

4.2.3 Statistical Analysis 

Prior to performing a repeated measures ANOVA on the accuracies from the feature and 

classification results, the normality and sphericity assumptions were tested. For the normality 

condition, the Shapiro-Wilk test was used for the dependent variable (i.e., classification accuracy) 

at each level of independent variables (i.e., 7 features × 11 classifiers). Then, a Mauchly test of 

sphericity was done to test the null hypothesis which stated that the variances of all pairwise 

differences between variables were equal. If the null hypothesis was rejected (p < 0.05), depending 

on the value of Epsilon, Greenhouse-Geisser (for Epsilon smaller than 0.75) or Huynh-Feldt (for 

Epsilon equal or higher than 0.75) adjustments were performed for the repeated measures ANOVA. 

These adjustments were done by making changes to the degrees of freedom of the F statistic which 

was done automatically in the SPSS software, and is explained in detail in (Davies, 2003). 

To analyze the differences in classification accuracy between different feature extraction 

and classification techniques, a two-way (factors: features and classifiers) repeated measures 

ANOVA was used to test for significant main effects and interactions of features and classifiers. 
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The level of significance, alpha, was set at 5% and Bonferroni correction was used prior to pairwise 

comparison. In the case of significant interaction effects, simple effects were analyzed by running 

a one-way repeated measures ANOVA twice: once with features as factor, and the second time 

with classifier as factor. 

4.3 Results 

Table 4-1 displays results of the normality test on each independent variable in this study. 

As shown in this table, there were only five cases in which the assumption of normality could not 

be met (p < 0.05). Appendix A Figure A-1 shows the histogram and normal Quantile-Quantile (Q-

Q) plots for the five variables that are non-normally distributed.  

Figure 4.1 depicts the average classification accuracies across all participants that were 

calculated using different feature extraction and classification techniques. As shown in this figure, 

the features of skewness (sHbO) and kurtosis (kHbO) resulted in the lowest accuracies when 

compared to other features regardless of the classifier. Other features (mHbO, mHbR, mHbD, 

pHbO, and minHbO) appear to result in similar accuracies across different classifiers. mHbR does 

perform slightly better than other features, especially when SVM_Fine, SVM_Med, SVM_Coarse, 

Naïve_Gauss, and Naïve_Kernel were used as classifiers. Appendix A Table A.1 details the 

average classification accuracies for different feature extraction and classification methods. 
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Table 4-1: The results of normality test using Shapiro-Wilk. The p values below 0.05 indicate non-

normal distribution. The independent variables with non-normal distribution (p < 0.05) are enclosed 

by red rectangles. 

Dependent Variable Sig. Dependent Variable Sig. Dependent Variable Sig. 

mHbO_LDA 0.902 mHbR_LDA 0.236 mHbD_LDA 0.208 

pHbO_LDA 0.522 minHbO_LDA 0.344 sHbO_LDA 0.17 

kHbO_LDA 0.871 mHbO_QDA 0.808 mHbR_QDA 0.238 

mHbD_QDA 0.261 pHbO_QDA 0.076 minHbO_QDA 0.517 

sHbO_QDA 0.739 kHbO_QDA 0.666 mHbO_LogReg 0.192 

mHbR_LogReg 0.356 mHbD_LogReg 0.337 pHbO_LogReg 0.512 

minHbO_LogReg 0.142 sHbO_LogReg 0.24 kHbO_LogReg 1 
mHbO_SVM_Lin 0.227 mHbR_SVM_Lin 0.664 mHbD_SVM_Lin 0.382 

pHbO_SVM_Lin 0.557 minHbO_SVM_Lin 0.038 sHbO_SVM_Lin 0.318 

kHbO_SVM_Lin 0.782 mHbO_SVM_Quad 0.467 mHbR_SVM_Quad 0.241 

mHbD_SVM_Quad 0.173 pHbO_SVM_Quad 0.201 minHbO_SVM_Quad 0.437 

sHbO_SVM_Quad 0.513 kHbO_SVM_Quad 0.165 mHbO_SVM_Cubic 0.374 

mHbR_SVM_Cubic 0.105 mHbD_SVM_Cubic 0.313 pHbO_SVM_Cubic 0.332 

minHbO_SVM_Cubic 0.316 sHbO_SVM_Cubic 0.081 kHbO_SVM_Cubic 0.61 

mHbO_SVM_Fine 0.041 mHbR_SVM_Fine 0.235 mHbD_SVM_Fine 0.021 

pHbO_SVM_Fine 0.065 minHbO_SVM_Fine 0.057 sHbO_SVM_Fine 0.36 

kHbO_SVM_Fine 0.799 mHbO_SVM_Med 0.063 mHbR_SVM_Med 0.223 

mHbD_SVM_Med 0.007 pHbO_SVM_Med 0.017 minHbO_SVM_Med 0.075 

sHbO_SVM_Med 0.316 kHbO_SVM_Med 0.778 mHbO_SVM_Coarse 0.357 

mHbR_SVM_Coarse 0.47 mHbD_SVM_Coarse 0.816 pHbO_SVM_Coarse 0.688 

minHbO_SVM_Coarse 0.253 sHbO_SVM_Coarse 0.201 kHbO_SVM_Coarse 0.857 

mHbO_Naive_Gauss 0.168 mHbR_Naive_Gauss 0.224 mHbD_Naive_Gauss 0.095 

pHbO_Naive_Gauss 0.483 minHbO_Naive_Gauss 0.067 sHbO_Naive_Gauss 0.296 

kHbO_Naive_Gauss 0.387 mHbO_Naive_Kernel 0.522 mHbR_Naive_Kernel 0.915 

mHbD_Naive_Kernel 0.206 pHbO_Naive_Kernel 0.715 minHbO_Naive_Kernel 0.301 

sHbO_Naive_Kernel 0.594 kHbO_Naive_Kernel 0.592   
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Figure 4-1: Average classification accuracies for different features and classifiers. 

 

Table 4-2 shows the results of other studies that have used the same dataset. As can be 

seen in this table, the accuracies are generally lower than the ones obtained in the current study. 

 

Table 4-2: The classification accuracies reported by other studies that used the same dataset. CNN: 

convolutional neural network; LDA: linear discriminant analysis; SVM_Lin: support vector 

machine with linear kernel function; SVM_RBF: support vector machine with radial basis kernel 

function.  

Study Feature Classifier % Accuracy 

(Sun et al., 2020) 
HbO signal CNN 67.0* 

HbR signal CNN 69.3* 

(H. Kim et al., 2020) 
Mean and slope of 
HbO and HbR 

LDA 54.9 

SVM_Lin 52.2 

SVM_RBF 53.1 

(Jiang et al., 2019) 
Mean of HbO LDA 65.9* 

Mean of HbR LDA 66.2* 

(Shin et al., 2017) 

Mean and slope of 

HbO 

Shrinkage LDA 63.5* 

Mean and slope of 
HbR 

Shrinkage LDA 66.5* 

* This is maximum classification accuracy calculated using a sliding window over the task. 
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The results of the ANOVA indicated significant main effects for both feature (p < 0.001) 

and classifier (p < 0.001) and a significant interaction effect (p < 0.001). Pairwise comparison of 

the features revealed that mHbR resulted in the highest classification accuracy when compared to 

other features (p < 0.001). While the differences in accuracies were not significant among mHbO, 

mHbD, pHbO and min HbO (p > 0.05), each resulted in lower accuracy than mHbR, but with better 

accuracy than both sHbO and kHbO (p < 0.001). Lastly, the difference between sHbO and kHbO 

was not statistically significant (p > 0.05). The differences between features for different classifiers 

are shown visually in Figures 4-2a and 4-2b. As depicted in Figure 4-2b, regardless of the type of 

classifier, sHbO and kHbO produced the lowest accuracies when compared to other features. 

Furthermore, mHbR generally had higher accuracies compared to other features. 
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* indicates significant difference from mHbR (p < 0.001) 
+ indicates significant difference from mHbO, mHbD, pHbO, and minHbO (p < 0.001) 

# indicates significant difference from sHbO and kHbO (p < 0.001) 

 

 

Figure 4-2: (a) average classification accuracies of all classifiers for different features. Standard 

deviation is shown by the error bars. (b) classification accuracies of each classifier for different 

features. 

 

Figures 4-3a and 4-3b illustrate the differences between classifiers for different features. 

The pairwise comparison of classifiers indicated that QDA and SVM_Cubic led to the highest 

accuracies, followed by the pair of SVM_Quad and SVM_Fine. The SVM_Coarse, Naïve_Kernel 

and Naïve_Gauss were the lowest performing classifiers in this study. 
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* indicates significant difference from QDA and SVM_Cubic (p < 0.05) 

+ indicates significant difference from SVM_Quad and SVM_Fine (p < 0.05) 

# indicates significant difference from SVM_Med (p < 0.05) 

& indicates significant difference from LogReg and LDA (p < 0.05) 
Δ indicates significant difference from SVM_Lin (p < 0.05) 

Ω indicates significant difference from SVM_Coarse and Naïve_Kernel (p < 0.05) 

¥ indicates significant difference from Naïve_Gauss (p < 0.05) 
 

 

Figure 4-3: (a) average classification accuracies of all features for different classifiers. Standard 

deviation is shown by the error bars. (b) classification accuracies of each feature for different 

classifiers. 
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Since the results indicated significant interaction effects, a one-way repeated measure 

ANOVA was run for each feature (section 4.3.1), and then for each classifier (section 4.3.2) to 

analyze the simple effects (see section 4.2.3 for more detail). The results of this analysis are 

described below: 

4.3.1 Comparison of Features 

For each classifier, a one-way repeated measures ANOVA (factor: feature) was undertaken 

to determine which features resulted in the highest and lowest classification accuracies for each 

classifier. Figure 4-4 shows the differences in accuracies among features for each classifier. For 

every classifier, skewness (sHbO) and kurtosis (kHbO) had the lowest accuracies compared to other 

features (p < 0.05), and therefore, they were not included in this figure. For LDA, QDA, LogReg 

and SVM_Lin, the accuracies among the mean (mHbO, mHbR, and mHbD), peak (pHbO), and 

minimum (minHbO) were not significantly different (p > 0.05). However, for the rest of the 

classifiers (SVM_Quad, SVM_Cubic, SVM_Fine, SVM_Med, SVM_Coarse, Naïve_Gauss, and 

Naïve_Kernel), mHbR led to significantly higher accuracies compared to other features (p < 0.05). 
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* indicates significant difference from mHbR (p < 0.05) 

+ indicates significant difference from mHbO (p < 0.05) 

# indicates significant difference from mHbD (p < 0.05) 

& indicates significant difference from pHbO (p < 0.05) 

Δ indicates significant difference from minHbO (p < 0.05) 

Figure 4-4: Average classification accuracies for each classifier when different features are used. The sHbO and kHbO features were omitted from 

this figure due to their poor results.
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4.3.2 Comparison of Classifiers 

Similar to the previous section and as described in 4.2.3, a one-way repeated measures 

ANOVA (factor: classifier) was run to find the classifiers with the highest and lowest classification 

accuracies for each feature. The results are illustrated in Figure 4-5. As shown, for all features, the 

four classifiers of QDA, SVM_Cubic, SVM_Quad and SVM_Fine produced the highest accuracies 

when compared to other classifiers. The differences between these four classifiers were statistically 

significant (p < 0.05) and were dependent on the feature used (see Figure 4-5). Furthermore, for all 

features except sHbO and kHbO, the SVM_Coarse and Naïve Bayes classifiers produced the lowest 

accuracies compared to other classifiers (p < 0.05). 
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* indicates significant difference from LDA (p < 0.05) 

+ indicates significant difference from QDA (p < 0.05) 
# indicates significant difference from LogReg (p < 0.05) 

& indicates significant difference from SVM_Lin (p < 0.05) 

α indicates significant difference from SVM_Quad (p < 0.05) 
€ indicates significant difference from SVM_Cubic (p < 0.05) 

γ indicates significant difference from SVM_Fine (p < 0.05) 

£ indicates significant difference from SVM_Med (p < 0.05) 

 

  
 

Figure 4-5: Average classification accuracies for each feature when different classifiers are used. The sHbO and kHbO features, and the 

SVM_Coarse and Naïve Bayes classifiers were omitted from this figure due to their poor results. 
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4.4 Discussion 

This chapter examined various feature extraction and classification techniques on fNIRS 

data recorded from 29 participants. The results showed that the average classification accuracies 

across all participants were the highest when mHbR was used as feature, and when either QDA or 

SVM_Cubic was used as classifier (see Figures 4-2a and 4-3a). The two features of sHbO and 

kHbO and the three classifiers of Naïve Bayes (Naïve_Gauss and Naïve_Kernel) and SVM_Coarse 

produced the lowest average accuracies across all participants. In general, this study was able to 

produce classification accuracies similar to the ones reported in previous studies that analyzed the 

same dataset (see Table 4-2). However, this study incorporated different features and classifiers 

that resulted in higher accuracy than the aforementioned studies. 

One of the findings of this study was that the mHbR consistently resulted in high 

classification accuracies compared to other features regardless of the classifier used (see Figure 4-

2b and Figure 4-4). In the literature, studies have shown greater levels of concentration changes in 

HbO compared to the HbR signal during motor imagery (Coyle et al., 2007; Coyle et al., 2004; 

Holper et al., 2010; Kober et al., 2014; Robinson et al., 2016; Sitaram et al., 2007). As a result, 

most fNIRS studies have only analyzed the HbO signal for feature extraction and classification 

during motor imagery tasks (Berdakh Abibullaev et al., 2017; Holper et al., 2012b; Holper et al., 

2011; Hong et al., 2015; Robinson et al., 2016; Stangl et al., 2013; Yin et al., 2015a). In fact, Naseer 

et al. (2015) have recommended using HbO in fNIRS-based BCIs as they claim HbO is more robust 

than HbR and HbT (i.e., HbO + HbR), and it offers more reliability and stability during the tasks 

compared to the HbR signal. On the contrary, other studies have shown similar classification results 

for both mHbO and mHbR (Aydin, 2020; A Janani et al., 2020; Peng et al., 2018) indicating that 

the pattern of the HbR signal changes in response to motor imagery tasks. Based on the results of 

the current study, it is recommended that both the HbO and HbR signals are considered for feature 

extraction and classification when building a BCI with high classification accuracies. 
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This study reported similar accuracies among the four features of mHbO, mHbD, pHbO, 

and minHbO for most classifiers. However, when SVM_Fine or SVM_Med were used as 

classifiers, mHbD produced higher accuracies as compared to mHbO, pHbO, and minHbO. Also, 

when SVM_Quad was used as classifer, mHbO resulted in significantly higher accuracies 

compared to minHbO but similar accuracies to mHbD and pHbO. Although most studies have only 

used mHbO as feature during motor imagery tasks (Hong et al., 2018; Naseer et al., 2015; Robinson 

et al., 2016; Yin et al., 2015a), the results of the current study have shown that other features such 

as peak and minimum of HbO, and the use of other signals such as HbR and HbD can produce high 

classification accuracies and should be considered for classification in fNIRS BCIs. 

This study has shown poor classification accuracies when skewness (sHbO) and kurtosis 

(kHbO) were used as features (around 50% accuracy on average). This is consistent with the results 

of another study that compared different features during a motor imagery task and found 

significantly lower accuracies for skewness and kurtosis as compared to other features (Moslehi et 

al., 2020). Another study that used these two features in combination with other features such as 

mean or variance during finger tapping motor imagery achieved accuracies of around 70% (Holper 

et al., 2011). Using skewness alone (i.e., not combining with other features) for only one 

participant, they obtained an accuracy of 70.8%, which is low in comparison to the results achieved 

using other features in the present study. It is suggested that the two features of skewness and 

kurtosis not to be used as features during motor imagery tasks since other features such as mean, 

peak, and minimum perform significantly better. 

Additionally, this study compared 11 different classifiers with seven different features and 

found that QDA and SVM_Cubic resulted in significantly higher average classification accuracies 

than the other classifiers. SVM_Quad and SVM_Fine performed almost as well when compared to 

other classifiers (see Figure 4-3a). As shown in Figures 4-3 and 4-5, these four classifiers 

consistently achieved higher accuracies when compared to other classifiers regardless of the feature 
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used. With the exception of sHbO and kHbO, the SVM_Coarse and the Naïve Bayes classifiers 

produced the lowest accuracies for all features. Therefore, SVM_Coarse and the Naïve Bayes are 

not recommended for accurate classification of fNIRS signals during motor imagery tasks.  

The majority of studies in the literature have used LDA followed by SVM_Lin to classify 

the brain signals in fNIRS BCIs (Hong et al., 2018). The main reason for LDA’s popularity in the 

literature has been its simplicity and low computational power requirement (Naseer et al., 2015). 

SVM is another commonly used classifier which has shown good accuracies in decoding motor 

imagery tasks (Chiarelli et al., 2018; Sitaram et al., 2007). One of the main advantages of SVM is 

the use of the kernel function to improve classification accuracy; however, it is at the cost of more 

complexity and a higher computational power requirement (Naseer et al., 2015). Therefore, most 

BCI studies have used SVM with linear kernel function and have achieved similar results to LDA 

(Aydin, 2020). SVM classifiers with non-linear kernel functions such as the polynomial function 

used in this study have been shown to significantly improve classification accuracies when 

compared to linear functions during hand movement tasks (Abtahi et al., 2017). The current study 

reported significantly higher classification accuracies for QDA and SVM with polynomial kernel 

functions (i.e., SVM_Cubic and SVM_Quad) compared to LDA and SVM_Lin despite their 

common use in the literature. This can also be seen visually in Figures 4-3 and 4-5. Therefore, for 

fNIRS-based BCIs with high classification accuracies, it is recommended that QDA, SVM_Cubic, 

or SVM_Quad be used if the computational demand of these classifiers do not pose issues for the 

BCI systems during real time use. Also, these classifiers can provide consistent results across 

different participants as shown by their smaller standard deviation compared to LDA and SVM_Lin 

in Figure 4-5. 

In the current study, differential classification accuracies were observed based on the 

feature and classifier used (see Figures 4-4 and 4-5). The literature has reported both intra- and 

inter-subject variability during motor imagery tasks (M. Ahn et al., 2015; Holper et al., 2012a). 
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Additionally, it has been suggested that the features selected in a BCI could be dependent on the 

type of the task being done (Naseer et al., 2015). For a more accurate fNIRS BCI, a subject-specific 

feature and classifier set is desired since only one person will use that system for an extended period 

of their life. This can be achieved by testing different feature extraction and classification methods 

for each person (as done in this study) and selecting the ones that produce the highest accuracy. 

Future studies could consider the potential of feature augmentation to improve 

classification accuracy as shown in (Holper et al., 2011). While some studies have simply 

concatenated different types of features and classified the new larger feature matrices (Erdogan et 

al., 2019; Holper et al., 2011; R. A. Khan et al., 2018; Trakoolwilaiwan et al., 2018), others have 

used a feature selection algorithm following concatenation of the features to classify only the 

features that are most important (Aydin, 2020; Noori et al., 2017). Also, neural networks should be 

investigated as they have shown promising results in fNIRS-based BCIs (Chiarelli et al., 2018; 

Moslehi et al., 2020). 

4.5 Conclusion 

In summary, the features that included the mean of HbO, HbR and HbD, as well as the 

peak and minimum of HbO produced high classification accuracies in a fNIRS-bsed BCI during 

motor imagery tasks. Also, the QDA and SVM classifiers with polynomial and fine gaussian kernel 

functions are good classifiers for BCIs with high accuracies. On the other hand, the features of 

skewness and kurtosis, and classifiers of Naïve Bayes and SVM with coarse Gaussian kernel 

function are not recommended in fNIRS-based BCIs for classifying brain signals during motor 

imagery tasks as they produced poor classification accuracies. 
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Chapter 5 

Comparison of Classification Accuracies Between Different Brain Areas 

During a Two-Class Motor Imagery in a fNIRS-Based BCI 

The following chapter was published and presented in the 10th International Conference of 

the IEEE Engineering in Medicine and Biology Society (EMBC) on Neural Engineering, May 

2021. 

A. H. Moslehi, T. C. Davies. “Comparison of Classification Accuracies Between Different 

Brain Areas During a Two-Class Motor Imagery in a fNIRS Based BCI”, 2021 International 

IEEE/EMBS Conference on Neural Engineering (NER), 2021, pp. 702-705. 

5.1 Introduction 

One of the challenges of a BCI is selecting the appropriate area of the brain from which 

the signals are recorded.  In a fNIRS-based BCI, sensors (also known as optodes) are placed on the 

scalp of the user. Since BCIs are aimed to be used by persons with disabilities, it is important that 

as few sensors as possible are used without compromising a BCI’s performance. A BCI system 

with few sensors not only reduces the data collection time in a laboratory, but also makes the system 

more practical for the patient population. 

Previous studies have shown neural activations in the motor cortex (near the crown of the 

head) during motor imagery (Beisteiner et al., 1995; Sheng Ge et al., 2017). However, one of the 

main drawbacks of the fNIRS-based BCIs is the sensitivity of the fNIRS signal to the skin color 

and the presence of hair (Coyle et al., 2007), so much so that some studies have used a questionnaire 

to evaluate participants’ suitability for fNIRS measurements by recording their hair and skin 

characteristics (e.g. hair length, hair color, hair density, hair structure, and skin color) (Nagels-

Coune et al., 2020) while others have built customized fNIRS optodes for better skin contact (B. 
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Khan et al., 2012). To minimize the effects of these drawbacks, some studies have recorded data 

from the frontal cortex where there is less hair and reported good classification accuracies (Peng et 

al., 2018). 

In addition to comparing different areas of the brain, the present study investigated a 

channel selection algorithm to understand how reducing the number of fNIRS channels focused on 

specific areas of the brain would impact the classification accuracy of the BCI. In general, there are 

three types of feature and channel selection techniques: filtering, wrapping, and embedded. The 

aim of all these techniques is to speed up the learning process and the performance of a machine 

learning algorithm by reducing the dimensionality of the data caused by eliminating the redundant 

or irrelevant channels or features. The wrapper methods use a predictor (i.e., classifier) to evaluate 

a given subset of channels whereas the filter methods rank the channels by analyzing the intrinsic 

properties of the data without relying on a classifier. As a result, filter methods are computationally 

less demanding compared to the wrapper methods and are more suitable for data with a large 

number of channels or features (Alotaiby et al., 2015; Baig et al., 2019). The wrapper techniques 

tend to produce better results compared to the filter methods (Aydin, 2020). A drawback of the 

wrapper methods is their lack of generality since their solution is dependent on the classifier used 

during channel selection evaluation. In other words, the optimum set of channels or features 

selected by the wrapper methods is specific to that classifier. On the other hand, a drawback of the 

filter methods is that they generally evaluate the importance of each channel separately without 

analyzing its interactions with other sets of channels. In contrast to the wrapper and filter methods, 

embedded methods incorporate channel selection inside the learning part of a classifier. The 

channels are selected according to the criteria that are generated during the learning/training stage 

of a classifier. Compared to the wrapper methods, embedded techniques are less computationally 

demanding and less prone to overfitting (Alotaiby et al., 2015; Baig et al., 2019). 
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The aim of this study was to evaluate fNIRS data from optodes placed over different areas 

of the brain and to compare their corresponding classification accuracies during motor imagery 

tasks. Different features and classifiers were used to investigate whether similar results would be 

observed for different algorithms. Because motor imagery is shown to mainly activate the motor 

cortex, it was hypothesized that the optodes placed over this area would result in significantly 

higher classification accuracy than those in other areas of the brain.  

Secondly, this study incorporated a channel selection algorithm to select an optimum set 

of channels from the frontal and motor cortices, compared to channels that collected data from the 

entire head. The resulting classification accuracies were compared against the full set of channels 

over the frontal and motor cortices, and the entire head. The entire head dataset was deemed to be 

the “gold standard” of achievable results although having too many sensors may lead to 

redundancies. It was hypothesized that by eliminating the redundant and irrelevant channels 

through channel selection, similar accuracies could be achieved relative to the full set of channels. 

5.2 Methods 

The following sections describe the procedures for feature calculation, channel selection, 

and classification. Furthermore, statistical analysis is described to examine the significant 

differences in classification accuracies as a result of selecting different fNIRS channels for 

classification. 

Feature extraction, channel selection, and classification were done in MATLAB R2020b 

Ver. 9.9 (MathWorks in Natick, MA, USA). Statistical analysis was performed in IBM SPSS 

Statistics Ver. 27 (IBM Corp. in Armonk, NY, USA). 

5.2.1 Feature Extraction 

Prior to the calculation of features, the data from each channel in each trial during the task 

was divided into 10 segments resulting in 200 sub-trials per session (i.e., 10 segments × 20 trials 

per session) with each sub-trial being one second long (Chiarelli et al., 2018; Robinson et al., 2016). 
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For each participant, the size of the feature matrix was 600 × 36 meaning 600 rows (i.e., 3 sessions 

× 200 sub-trials per session) and 36 columns (i.e., 36 fNIRS channels) of data. 

In this chapter, the mean of HbO and HbR signals were used as features, and they were 

calculated as shown below: 

𝜇𝑤 =
1

𝑁𝑤
∑ ∆𝐻𝑏𝑋(𝑘)

𝑘2
𝑘=𝑘1

    Eq. 5-1 

where w denotes window size (i.e., one second), µw is the mean for the given window, k1 and k2 

are the start and end of the window, Nw is the number of observations in the window and is equal 

to 10 (i.e., 10 Hz × 1 s), and ΔHbX is the HbO or HbR data within that window. 

5.2.2 Channel Selection 

One of the goals of this study was to compare the classification accuracies of the signals 

collected from different areas of the brain. This helps to understand whether recording the fNIRS 

signals from a specific part of the brain achieves similar accuracy compared to signals collected 

from the entire head. Figure 5-1 below shows the placement of fNIRS optodes on the head. Table 

5-1 depicts the locations of each channel according to the international 10-5 system (Oostenveld et 

al., 2001). As shown, the frontal, motor, and occipital areas of the brain contain 9, 24 (12 on each 

hemisphere), and 3 channels, respectively. The first part of this study compared the classification 

accuracies between these areas and all the channels from the head. 
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Figure 5-1: fNIRS optode locations. The fNIRS transmitters and detectors are shown by red and 

blue circles, respectively. Each line connecting the circles forms a channel. The frontal, motor, and 

occipital regions are separated by dashed rectangles. 

 

Table 5-1: fNIRS channel numbers and locations according to the international 10-5 system. 

Channel # Channel 

Name 

Channel # Channel 

Name 

Channel # Channel 

Name 

1 'AF7Fp1' 13 'C5CP5' 25 'C2FC2' 

2 'AF3Fp1' 14 'C5FC5' 26 'C2CP2' 

3 'AF3AFz' 15 'C5C3' 27 'C2C4' 

4 'FpzFp1' 16 'FC3FC5' 28 'FC4FC2' 

5 'FpzAFz' 17 'FC3C3' 29 'FC4C4' 

6 'FpzFp2' 18 'FC3FC1' 30 'FC4FC6' 

7 'AF4AFz' 19 'CP3CP5' 31 'CP4CP6' 

8 'AF4Fp2' 20 'CP3C3' 32 'CP4CP2' 

9 'AF8Fp2' 21 'CP3CP1' 33 'CP4C4' 

10 'OzPOz' 22 'C1C3' 34 'C6CP6' 

11 'OzO1' 23 'C1FC1' 35 'C6C4' 

12 'OzO2' 24 'C1CP1' 36 'C6FC6' 
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In the second part of this study, a filter-based channel selection algorithm named ReliefF 

was used to reduce the number channels for classification by selecting the most relevant channels. 

This algorithm is a computationally efficient channel selection technique that uses the k nearest 

neighbours (KNN) approach to assign a weight to each channel (Kononenko, 1994; Urbanowicz et 

al., 2018). It selects a random instance (xi) and searches its k nearest neighbours and records the 

number of its neighbours that belong to the same class (hit) and the number of neighbors that belong 

to a different class (miss). Based on the number of hits and misses, a weight is assigned to each 

channel. Then, channels are ranked based on their corresponding weights, with those that have the 

highest weights being the most relevant for classification. In this study, a k value of 10 was selected 

(Franklin Alex Joseph et al., 2021; S. Ge et al., 2019). 

The ReliefF algorithm was used in two ways: first, it was programmed to select the top 

five channels with the highest weights out of all 36 recorded channels. This was done to find out 

whether similar classification accuracies could be achieved with minimal number of fNIRS 

channels compared to the full set of 36 channels.  

Additionally, the ReliefF algorithm selected top three channels from the frontal and each 

hemisphere of the motor cortex (six in total from the motor cortex) to understand how reducing the 

number of channels from each area of the brain can affect the classification accuracies. The task in 

this study involves bilateral hand movement imaginations. It has been shown that both real and 

imagined hand movements result in neural activities in the motor cortex of the contralateral 

hemisphere (Beisteiner et al., 1995). It was expected that the data from electrodes resulting in the 

highest accuracy would depend on the hemisphere, so three from each were evaluated, rather than 

three from the motor cortex in general.     

Based on results from the first part of the study, for the second part, only mHbO was used 

as feature. Both LDA and SVM were used to evaluate the classification accuracies of the optodes 

selected by the ReliefF algorithm. 
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5.2.3 Classification 

The feature matrices, as calculated in section 4.2.1, were used as input for two different 

supervised machine learning algorithms of linear discriminant analysis (LDA) and support vector 

machine (SVM) with quadratic kernel function. In Chapter 4, QDA and SVM with polynomial 

kernel functions were shown to produce high classification accuracies for the fNIRS signals. The 

accuracies from LDA were shown to be moderate, however, LDA was used in this chapter to allow 

for comparison with other studies since it has been the most commonly used classifier in the BCI 

literature (Hong et al., 2018). For each feature extraction and classification technique, a 10-fold 

cross validation was used to evaluate the classification accuracy for every participant. 

5.2.4 Data Analysis 

Prior to conducting the statistical analyses, Shapiro-Wilk test of normality was used to 

ensure that all the dependent variables followed a normal distribution. 

5.2.4.1 Comparison of Features and Classifiers 

For each type of optode configuration (frontal, occipital, motor, and all), a two-way 

repeated measures ANOVA (factors: features and classifiers) was used to test for significant main 

effects and interactions. The significance level (alpha) was set at 5%, and Bonferroni correction 

was used prior to pairwise comparison. This analysis sought to identify differences between feature 

extraction (mHbO and mHbR) and classification techniques (LDA and SVM). 

5.2.4.2 Comparison of Optode Selections 

For each feature and classifier, a one-way (factor: brain area) repeated measures ANOVA 

was used to test for significant main effect. The alpha was set at 5%, and Bonferroni correction was 

used prior to pairwise comparison. The results of this test determine whether using the optodes over 

the entire head result in a significantly higher classification accuracy than a subset of the electrodes 

over a specific area of the head.  
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Similar statistical analyses compared the classification accuracies of fNIRS channels 

selected by ReliefF algorithm against the full set of channels over each brain area and the entire 

head. 

5.3 Results 

The Shapiro-Wilk test of normality showed that all the dependent variables in this study 

followed normal distribution. Figure 5-2 shows the visual representation of average classification 

accuracies for different optode selections (i.e., frontal, occipital, motor, and all optodes). For the 2-

way ANOVA, there was a significant main effect of classifier such that SVM was better than LDA 

(p < 0.05) for all frontal, occipital, motor, and combined set of optodes (Table 5-1). There was no 

significant difference among the features. However, the occipital area showed interactions of the 

classifier and features that was not further explored due to the low calculated accuracies. 

 

 

Figure 5-2: Average classification accuracies for different optode selections across different 

features (mHbO and mHbR) and classifiers (LDA and SVM). 
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Table 5-2: Percent classification accuracies (average ± standard deviation) for different optode 

selections (frontal, occipital, motor, and all), features (mHbO and mHbR), and classifiers (LDA 

and SVM). 

 Optodes
#
 

Feature Classifier* Frontal Occipital Motor All 

mHbO 
LDA 62.5±5.4 56.6±5.0 73.6±5.5 78.5±5.3 

SVM 77.2±4.1 57.9±4.5 91.2±2.6 95.0±1.8 

mHbR 
LDA 63.3±5.7 56.1±5.4 74.1±6.2 79.6±5.8 

SVM 79.5±3.7 59.2±3.6 92.9±2.4 96.5±1.3 

* indicates significant difference (p < 0.05) between LDA and SVM was found for each feature (mHbO and 

mHbR) and optode selections (frontal, occipital, motor, and all). 

# indicates significant difference (p < 0.05) between every optode selections (frontal vs. occipital vs. motor 

vs. all) was found for each feature (mHbO and mHbR) and classifier (LDA and SVM). 

 

The statistical analysis revealed a significant main effect for brain area (p < 0.05). When 

using the data from all optodes, the highest classification accuracy was compared to each other 

brain area. Optodes over the motor cortex led to significantly higher classification accuracy than 

either frontal or occipital optodes. Lastly, occipital optodes resulted in the lowest accuracy 

compared to other brain areas. 

As indicated above, although the accuracy from motor cortex optodes and the entire head 

were similar, their difference was statistically significant. To assess the agreement between the 

accuracies measured by the motor cortex and the entire head, a Bland Altman plot was created and 

is shown in Figure 5-3. A Bland Altman plot examines the agreement between two different 

quantitative measurements by evaluating the bias and limits of agreement within which, 95% of 

the data points should lie (Bland et al., 1999; Giavarina, 2015). From Figure 5-3 we can see that 

the difference in accuracies range from about 0.2 to 8.2% with an average difference (bias) of about 

3.6% across all participants. Secondly, we can observe a trend showing a decrease in difference as 

we move to the right of plot. This indicates that for participants that produced high classification 



 

 

 

63 

accuracies, the difference in accuracies between the motor cortex and the entire head became closer 

together (or showed less difference). 

 

Figure 5-3: Bland Altman plot. The vertical axis is the difference between classification accuracies 

of motor cortex and entire head when mHbR and SVM were used as feature and classifier, 

respectively. The horizontal axis is the mean of these accuracies. 

 

Table 5-3 shows the channels selected by the ReliefF algorithm for every participant. 

Figure 5-4 illustrates the classification accuracies for channels selected by this algorithm. As 

shown, when LDA was used, applying the Relief algorithm on the entire head (Top 5), motor (M-

6) and frontal (F-3) cortices resulted in classification accuracies that were not found to be 

statistically significantly different from each other (p > 0.05). Furthermore, while “Top 5” and “M-

6” resulted in similar accuracies as when all the frontal channels (F-9) were selected (p > 0.05), 

they produced lower accuracies compared to the accuracy resulting from all motor channels (M-

24) or channels from the entire head (All). Lastly, reducing the nine frontal channels (F-9) to three 

channels (F-3) led to significantly lower accuracies (p < 0.05).  

When SVM was used as the classifier, the channels selected by the ReliefF algorithm for 

Top 5, M-6 and F-3 resulted in significantly lower accuracies (p < 0.05) as compared to “F-9”, “M-

24”, and “All”. 
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Table 5-3: Results of fNIRS channel selection using the ReliefF algorithm. The selected channels shown for each category (e.g., Top 5, F-3, and 

M-6) are not displayed in order of importance and are participant specific. P#: participant number. 

P# Top 5 F-3 M-6 (left hemisphere) M-6 (right hemisphere) 
1 OzO1 AF4Fp2 C5CP5 AF8Fp2 CP4CP2 AF3Fp1 AF4AFz AF8Fp2 CP3CP5 FC3FC1 C5CP5 C2C4 C6CP6 FC4FC2 

2 C6CP6 FpzFp2 CP4CP6 AF8Fp2 AF7Fp1 FpzFp2 AF8Fp2 AF4AFz C5CP5 C5C3 C5FC5 C6CP6 CP4CP6 FC4FC6 

3 OzO1 C2C4 OzO2 FC4FC6 C5FC5 AF3Fp1 AF4AFz FpzFp2 C5FC5 FC3FC5 C1FC1 C6FC6 C2C4 FC4FC2 

4 C6FC6 FC3FC5 AF7Fp1 C5FC5 C2FC2 AF7Fp1 AF4Fp2 AF8Fp2 C5FC5 FC3FC5 C1FC1 C6FC6 C2FC2 C6C4 

5 AF4Fp2 FpzFp2 C5FC5 AF8Fp2 OzPOz AF8Fp2 AF7Fp1 FpzFp2 C5FC5 FC3FC5 FC3C3 C6CP6 FC4FC2 CP4CP6 

6 FpzFp2 AF7Fp1 OzO1 AF8Fp2 CP4CP6 FpzFp2 AF7Fp1 AF8Fp2 FC3FC1 C1FC1 C5FC5 C6CP6 C6FC6 CP4C4 

7 C5FC5 C6FC6 C6CP6 OzO2 AF4AFz AF7Fp1 AF8Fp2 FpzAFz C5FC5 C5CP5 C5C3 C6FC6 C6CP6 FC4FC6 

8 FC3FC5 OzO2 OzO1 AF4AFz FpzAFz AF3Fp1 FpzAFz AF4Fp2 FC3FC5 C5FC5 C5CP5 C6CP6 CP4CP2 C2C4 

9 AF4Fp2 AF8Fp2 AF3Fp1 CP4CP6 AF7Fp1 AF4Fp2 FpzFp2 AF3Fp1 C5FC5 FC3FC5 FC3FC1 C2FC2 C6FC6 C6C4 

10 FC3FC5 AF8Fp2 AF7Fp1 AF3Fp1 C5FC5 AF3Fp1 AF8Fp2 AF7Fp1 FC3FC5 C5FC5 C5CP5 C6FC6 C2CP2 C2FC2 

11 C5FC5 AF8Fp2 AF4Fp2 C1CP1 OzO1 AF7Fp1 AF8Fp2 AF4AFz C5FC5 FC3FC1 C5CP5 FC4FC2 C6FC6 C6CP6 

12 C6CP6 CP4C4 FpzFp2 AF8Fp2 C5FC5 AF3Fp1 FpzFp1 FpzFp2 C5CP5 CP3CP5 CP3CP1 C6CP6 FC4FC6 FC4C4 

13 AF8Fp2 FC4FC6 FC3FC5 OzO1 C6FC6 AF3Fp1 FpzFp2 AF4Fp2 FC3FC5 C5FC5 C5C3 C6FC6 C6C4 CP4CP6 

14 FpzFp2 C6C4 FpzFp1 CP4CP6 AF8Fp2 FpzFp2 FpzFp1 AF8Fp2 C5CP5 FC3FC1 FC3C3 C6C4 C6FC6 CP4C4 

15 FpzFp1 AF8Fp2 AF7Fp1 OzO1 AF4Fp2 FpzFp1 AF8Fp2 FpzFp2 C5FC5 CP3C3 CP3CP5 FC4FC6 C6CP6 C6FC6 

16 C6FC6 AF8Fp2 AF7Fp1 AF4Fp2 C6CP6 AF7Fp1 AF8Fp2 AF4Fp2 CP3C3 C5CP5 C5C3 C6CP6 C6FC6 CP4CP6 

17 AF8Fp2 FpzFp2 C5CP5 FC3FC5 AF7Fp1 AF7Fp1 AF8Fp2 FpzFp2 C5CP5 FC3FC5 C5FC5 C6FC6 CP4C4 FC4FC2 

18 C6CP6 C5CP5 AF7Fp1 AF8Fp2 AF4Fp2 AF7Fp1 FpzAFz AF8Fp2 C5CP5 CP3CP5 C5FC5 C6CP6 FC4FC2 C6FC6 

19 C2FC2 CP3CP5 OzO1 FC3C3 C1C3 FpzAFz AF8Fp2 AF7Fp1 FC3C3 CP3CP5 C1C3 CP4CP2 FC4FC6 C2CP2 

20 CP4CP2 AF8Fp2 C6C4 FC4FC6 C6FC6 AF7Fp1 AF4Fp2 FpzFp1 C5C3 C5FC5 CP3C3 C6C4 FC4FC6 C6FC6 

21 C6C4 AF8Fp2 C6FC6 C6CP6 FC3FC5 AF7Fp1 AF8Fp2 AF4AFz C5FC5 FC3FC1 FC3FC5 C6CP6 CP4CP6 C6FC6 

22 C2FC2 C6FC6 C6CP6 AF8Fp2 AF7Fp1 AF8Fp2 AF7Fp1 AF4Fp2 FC3FC5 C5CP5 C5C3 C6FC6 FC4FC2 C6CP6 

23 AF7Fp1 FC3C3 CP4CP6 C5FC5 FC3FC1 AF7Fp1 AF3AFz AF3Fp1 C5FC5 FC3FC5 CP3CP1 FC4FC2 C2FC2 C6FC6 

24 C1CP1 C2FC2 C1C3 C1FC1 AF8Fp2 AF8Fp2 AF7Fp1 AF3AFz C1FC1 C5FC5 C1C3 C2FC2 CP4CP6 C2CP2 

25 AF8Fp2 C5FC5 C1FC1 FpzFp1 AF7Fp1 AF3Fp1 FpzFp1 AF7Fp1 CP3CP1 C5FC5 C1CP1 C6FC6 C2FC2 FC4FC6 

26 AF8Fp2 AF7Fp1 AF4Fp2 FC4FC2 OzO2 AF8Fp2 AF4Fp2 AF3Fp1 FC3FC5 C5FC5 FC3FC1 FC4FC2 C6CP6 FC4FC6 

27 AF8Fp2 FpzAFz AF7Fp1 C6FC6 FpzFp2 AF4AFz FpzAFz AF8Fp2 C1FC1 FC3FC5 C5C3 C6FC6 FC4FC6 C6CP6 

28 AF8Fp2 FC4C4 AF4Fp2 CP4CP2 C1C3 AF4Fp2 AF8Fp2 AF7Fp1 FC3FC5 CP3CP1 FC3FC1 FC4C4 FC4FC6 C6C4 

29 C5CP5 FC3FC5 C2CP2 C2FC2 C5FC5 AF7Fp1 AF8Fp2 AF4Fp2 C5CP5 FC3FC5 C5FC5 C2FC2 C2CP2 FC4FC6 
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* indicates significant difference (p < 0.05) from “All”. 

# indicates significant difference (p < 0.05) from “M-24”. 

+ indicates significant difference (p < 0.05) from “F-9”. 
Δ indicates significant difference (p < 0.05) from “Top 5” and “M-6”. 

Ω indicates significant difference (p < 0.05) from “F-3”. 

Figure 5-4: Classification accuracies as a result of different optode selections. The top and bottom 

plots illustrate accuracies calculated by LDA and SVM classifiers, respectively. All: all optodes 

over the head; M-24: all 24 channels (12 on each hemisphere) over the motor cortex; F-9: all 9 

channels over the frontal cortex; Top 5: the top five ranked channels selected by the ReliefF 

algorithm from the entire head; M-6: top six channels (three on each hemisphere) selected by the 

ReliefF algorithm from the motor cortex; F-3: top three channels selected by the ReliefF algorithm 

from the frontal cortex. 
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5.4 Discussion 

BCIs provide persons with severe disability an alternative communication pathway to 

interact with their environment using their brain signals rather than their muscles (Shih et al., 2012). 

To make the use of fNIRS-based BCIs more feasible and convenient for their users, it is necessary 

to reduce the number of optodes to as few as possible without compromising the system’s accuracy. 

Therefore, the aim of this study was to analyze the fNIRS data from 29 participants during a motor 

imagery task to determine whether the classification accuracy depended on different areas of the 

brain. Additionally, this study examined a channel selection algorithm to see whether reducing the 

number of channels using this approach would achieve similar accuracies compared to the full set 

of channels. 

One of the findings of this study was that for each feature and brain area, SVM produces 

significantly higher classification accuracy than LDA and outperforms that of Shin et al. (who 

collected the original data) (Shin et al., 2017). Additionally, for each classifier and brain area, this 

study found no significant differences between mHbO and mHbR. Previously in Chapter 4, it was 

shown that both mHbO and mHbR produce high classification accuracies in different classifiers, 

and are therefore, important features in a fNIRS-based BCI.  

Furthermore, this study compared the classification accuracies among different brain areas 

and found significantly higher accuracy for the motor cortex compared to both frontal and occipital 

areas. fNIRS channels over the occipital area resulted in the lowest accuracy. This suggests that 

signals collected from this area of the brain are not suitable for discriminating between right- and 

left-hand motor imagery tasks. The highest accuracy was obtained when all channels from the head 

were used. 

Motor imagery and motor execution are thought to activate neural networks over similar 

brain areas including primary motor, premotor, and supplementary motor cortices (Lotze et al., 

1999). Therefore, most studies have recorded brain signals only from the motor cortex during motor 
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imagery tasks while studies with other paradigms (e.g., mental arithmetic, music imagery, and 

mental counting) have focused on the prefrontal cortex (Derosiere et al., 2013; Naseer et al., 2015). 

However, due to the sensitivity of the fNIRS signal to the presence of hair, the prefrontal cortex 

has been analyzed during motor imagery tasks and it has achieved good classification accuracies 

(Peng et al., 2018). Although the frontal area of the brain offers better coupling between the optodes 

and the scalp, our study has shown an average classification accuracy of less than 80% which is 

significantly lower than what we obtained from the motor cortex (> 90%) when SVM was used as 

classifier. This suggests that if motor imagery is used as paradigm, the motor cortex may be a more 

viable option than frontal area when a system with high classification accuracy is desired.  

Although the differences in accuracy between the motor cortex and the entire head were 

statistically significant, the differences were small as shown in Figure 5-3 and Figure 5-4. A 

limitation of this study was an unequal number of fNIRS channels over different areas of the brain 

(e.g., 24 motor cortex channels vs. 9 frontal channels). A higher number of optodes leads to higher 

amount information being recorded which may result in higher classification accuracy. Since this 

study relied on previously collected data, this was a limitation that could not be addressed. In future, 

collection of data could better distribute these optodes. 

Lastly, this study used the ReliefF algorithm to select a reduced set of the highest ranked 

channels from the entire head (Top 5), and also from the frontal (F-3) and motor cortices (M-6). A 

variety of commercially available BCI systems have been developed with small number of sensors 

which enable the users to perform different tasks using the device manufacturer’s software. For 

instance, Emotiv Insight and EPOC include five and 14 sensors, respectively. However, they have 

been shown to produce poorer results when compared to research grade systems (McCardle et al., 

2019a; McCardle et al., 2019b), or when used in a patient population suffering from cerebral palsy 

(Taherian et al., 2017). Therefore, an objective of this chapter was to identify the active areas using 

only five sensors (like those in the Emotiv Insight commercially available BCI systems) using a 
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channel selection algorithm. The ReliefF algorithm used in the current study was previously used 

in the literature to reduce the number of sensors and features successfully. For instance, Franklin 

Alex Joseph and Govindaraju (2021) were able to reduce the number of electroencephalography 

(EEG) electrodes from 118 to 10 during a motor imagery task, and achieved an average 

classification accuracy of over 88% (Franklin Alex Joseph et al., 2021). Another study used this 

algorithm to reduce the number of features by about 97% during motor imagery tasks in an fNIRS-

based BCI and achieved an average accuracy of over 60% (Aydin, 2020). However, the results of 

the current study showed significantly lower classification accuracies for the channels selected by 

the ReliefF algorithm compared to using all channels over the entire head irrespective of the 

classifier used. For instance, when LDA was used, Top 5 channels produced about 19% lower 

classification accuracy compared to “All” channels. This difference became higher (about 27%) 

when SVM was used as the classifier. While using a channel selection algorithm can help eliminate 

redundant channels that do not provide any useful information, it may lead to removal of useful 

channels when selecting very few channels. This can be seen in (Aydin, 2020) which showed that 

when more features are eliminated using the Relief algorithm during a motor imagery task, the 

classification accuracies tend to decrease by about 5% when using LDA or SVM with linear kernel 

function.  

Future work involves investigating different channel selection algorithms to compare their 

results to the ones obtained in the current study. Studies have developed different algorithms for 

channel selection, and they have achieved different results. For example, some studies have used a 

general linear model technique to select the fNIRS channels with the highest t-value for 

classification during different tasks such as bilateral hand motor execution (R. Li et al., 2017), and 

mental drawing and spatial navigation (Nagels-Coune et al., 2020). Another study performed a one-

way ANOVA on the HbO data between the task (motor execution of hand and arm movements) 

and rest, and selected top four channels (two from each hemisphere over the motor cortex) with the 
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highest F-scores (A. Janani et al., 2018). An additional study used maps of brain activation patterns 

during bilateral hand motor imagery tasks to determine suitable fNIRS and EEG channels for 

classification (Sheng Ge et al., 2017). Furthermore, a recursive channel selection algorithm has 

been developed and used to select 20 out of 45 fNIRS channels during hand motor imagery, and 

achieved higher classification accuracies compared to when all channels were classified (Berdakh 

Abibullaev et al., 2017). The authors reported differential activation patterns across participants, 

with the informative regions being close to the motor cortex for most participants. Lastly, Stangl et 

al. (2013) used sequential forward feature selection algorithm to select up to three out 24 fNIRS 

channels during motor imagery and mental arithmetic tasks. They found different combinations of 

optimal channels for each participant and over different data collection sessions which indicated 

that there were intra- and inter-subject variabilities over different BCI recording sessions (Stangl 

et al., 2013). Therefore, a subject-specific channel selection algorithm is recommended so that the 

BCI system can adapt to each individual's brain activity.   

5.5 Conclusion 

In summary, the fNIRS signals collected from the motor cortex resulted in higher 

classification accuracies than both frontal and occipital areas. Although the results appeared 

similar, the differences in accuracy between the motor cortex and the use of all channels over the 

head were statistically significant. Furthermore, while the accuracies produced by mHbO and 

mHbR were not significantly different, SVM showed significantly higher accuracies than LDA for 

every optode set selection (frontal, occipital, motor, and all). While the Relief algorithm was able 

to reduce the number of fNIRS channels by ranking them in terms of importance, their 

corresponding classification accuracies were significantly lower than full set of channels over the 

entire head, and those placed over frontal or motor cortices as well as being different for each 

participant.  
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Chapter 6 

EEG Electrode Selection for a Two-Class Motor Imagery Task in a BCI 

Using Prior Data from fNIRS 

The following chapter was submitted to in the 43rd Annual International Conference of the 

IEEE Engineering in Medicine & Biology Society (EMBC) in Nov 2021. 

A. H. Moslehi, T. C. Davies, " EEG Electrode Selection for a Two-Class Motor Imagery Task in a 

BCI Using fNIRS Prior Data.," 2021 43rd Annual International Conference of the IEEE 

Engineering in Medicine & Biology Society (EMBC), 2021 (submitted). 

6.1 Introduction 

Electroencephalography (EEG) is a non-invasive technique that offers high temporal 

resolution, low cost, and portability. A drawback of EEG is its relatively poor spatial resolution 

compared to functional magnetic resonance imaging (fMRI) and functional near infrared 

spectroscopy (fNIRS) (Nicolas-Alonso et al., 2012). The brain’s electrical activities are produced 

by voltage changes across the neurons’ cell membranes. The electrical activity generated by a single 

neuron is too small to be detected by EEG electrodes. Therefore, each EEG electrode records the 

resultant electrical activities of many neurons. Each EEG signal consists of a combination of signals 

originating from different areas of the brain (Wolters et al., 2006). When attempting to detect EEG 

signals, the skull and the scalp attenuate the electrical signals produced by the brain’s neuronal 

activities making it more difficult for an EEG system to identify the source of electrical current in 

the brain (Akhtari et al., 2002; Akhtari et al., 2000).  

The fNIRS method is another non-invasive imaging approach that measures the 

concentration changes of oxy- (HbO) and deoxy-hemoglobin (HbR) molecules in the superficial 

layer of brain’s cortex. These changes occur due to the brain’s neuronal activities that also produce 
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the EEG signals. Like EEG, it is portable and low cost compared to fMRI and 

magnetoencephalography (MEG), and is a suitable option for use outside the laboratory. 

Furthermore, it offers good spatial resolution, and is less sensitive to electrooculography (EOG) 

and electromyography (EMG) artifacts compared to EEG (Derosiere et al., 2013). By monitoring 

the blood flow changes in the brain cortex, fNIRS systems can detect areas of the brain that are 

active or nonactive during different tasks. A drawback of the fNIRS is its inherent delay due to 

slower hemodynamic response compared to the brain’s electrical activities. Therefore, using an 

fNIRS-based BCI in real time may pose challenges due to fNIRS having a slower response to the 

brain’s neural activities.  

Research has shown that standard EEG electrode placement on commercial systems may 

not target the areas of highest activity in children with cerebral palsy (Taherian et al., 2017). The 

main aim of this study was to investigate the use of fNIRS signals to detect active brain areas during 

motor imagery tasks, and to use this information to select an optimum set of EEG electrodes for 

classification. Minimizing the number of sensors in a BCI reduces the computational complexity 

and the set-up time. By combining the advantages of both EEG and fNIRS systems (i.e., fNIRS 

spatial resolution and EEG’s high temporal resolution), this study could potentially lead toward the 

possibility of patient specific BCIs with electrodes located in positions of greatest brain activity. 

6.2 Methods 

The data used for this chapter included the open-source data as presented in Chapter 3.  All 

data processing was done in MATLAB R2020b Ver. 9.9 (MathWorks in Natick, MA, USA). 

Statistical analysis was done in IBM SPSS Statistics Ver. 27 (IBM Corp. in Armonk, NY, USA). 

6.2.1 Feature Extraction 

The event related synchronization (ERS) and desynchronization (ERD) measures were 

obtained by calculating the relative changes in power during the motor imagery task compared to 

baseline (rest), and are shown in Eq. 6-1 (Pfurtscheller, 2001; Pfurtscheller et al., 1999): 
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𝐸𝑅𝐷 𝐸𝑅𝑆⁄ =
𝑃𝑡𝑎𝑠𝑘−𝑃𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒

𝑃𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒
    Eq. 6-1 

where Ptask is the average power over one second during the task, and PBaseline is the average power 

over one second prior to the task onset.  

 ERD and ERS phenomena are observed during sensory stimulation, motor imagery and 

motor execution, and they involve amplitude suppression (ERD) and enhancement (ERS) of the 

sensorimotor rhythms (SMR) (Pfurtscheller et al., 1999). Since the tasks in this study were bilateral 

right- and left-hand motor imagery, the features were calculated using the ERD/ ERS phenomena 

to reflect changes in the SMR due to motor imagery. 

For each participant, the size of the feature matrix was 600 × 30 meaning 600 rows (i.e., 3 

sessions × 20 trials × 10 one-second segments) and 30 columns (i.e., 30 EEG electrodes) of data 

when using all electrodes. When using electrodes from the frontal, motor, and occipital areas only, 

the sizes of the feature matrices were 600 × 10, 600 × 9, and 600 × 4, respectively. 

6.2.2 Electrode Selection 

As described in Chapter 4, two different methods were evaluated using the ReliefF 

algorithm. First, the top five fNIRS channels with the highest weights of all 36 channels were 

identified. Second, the top three channels from each brain area were calculated: the frontal, and 

each hemisphere of the motor cortices. Three motor channels from each hemisphere were selected 

due to the bilateral hand movement imagery tasks which would result in neural activities in the 

motor cortex of the contralateral hemisphere (Beisteiner et al., 1995). 

To minimize the number of EEG electrodes, those immediately adjacent to the top five 

fNIRS channels identified in Chapter 5, were selected. The resulting electrodes were named “Top 

5E”. Similarly, the EEG electrodes adjacent to the top three frontal and top six motor cortex fNIRS 

channels were identified. These electrodes were named “F-3E” and “M-6E”, respectively. 
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6.2.3 Classification 

Three different supervised machine learning algorithms of linear discriminant analysis 

(LDA), quadratic discriminant analysis (QDA), and support vector machine (SVM) with quadratic 

kernel function were used in this study. To evaluate the classification accuracies, a 10-fold cross 

validation was used for each classifier. 

6.2.4 Data Analysis 

Prior to performing the repeated measures ANOVA, the normality and sphericity 

assumptions were tested.  

To examine differences in classification accuracies among electrode selections and 

classifiers, a two-way (factors: electrode locations and classifiers) repeated measures ANOVA was 

used to test significant main effects and interactions. The significance level (alpha) was set at 5% 

and Bonferroni correction was used prior to pairwise comparison. In the case of significant 

interaction effects, simple effects were analyzed by running one-way repeated measures ANOVA 

twice: once with electrodes selection as factor, and a second time with classifier as factor.   

6.3 Results 

The results of the Shapiro-Wilk test indicated normal distribution (p > 0.05) for all 

independent variables. Figure 6-1 and Table 6-1 depict the average classification accuracies across 

all participants for different electrode selections (i.e., all, motor, frontal, M-6E, Top 5E, occipital, 

and F-3E), and classifiers (SVM, QDA, and LDA). As shown, the highest accuracy is obtained 

when using all electrodes for classification, followed by the accuracy obtained when using 

electrodes over the motor and frontal cortices.  
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Figure 6-1: Average classification accuracies for different EEG electrode locations and classifiers. 

 

Table 6-1: Average classification accuracies (in percent) for different electrode locations and 

classifiers. 

Electrode Locations 

Classifier 

SVM QDA LDA 

All 76.3±3.8 82.2±3.9 69.7±4.5 

Motor 66.3±4.1 64.9±4.3 60.3±4.0 

Frontal 65.5±3.9 64.0±3.8 60.1±4.4 

M-6E 62.0±4.5 60.2±4.5 58.7±4.6 

Top 5E 60.7±3.3 59.3±3.1 58.3±4.0 

Occipital 59.0±4.4 58.6±3.2 59.0±3.9 

F-3E 55.6±3.8 56.7±3.2 55.8±4.1 

 

Table 6-2 shows the results of other studies that have used the same dataset. As can be seen 

in this table, the accuracies are close to or lower than the ones obtained in the current study when 

all EEG electrodes were used for classification. 
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Table 6-2: The classification accuracies reported by other studies that used the same dataset. LDA: 

linear discriminant analysis; KNN: k-nearest neighbour; CNN: convolutional neural network; 

SVM_RBF: support vector machine with radial basis kernel function; CSP: common spatial 

pattern; PSD: power spectral density. 

Study Feature Classifier % Accuracy 

(Yavuz et al., 2017) 
Mean derivative and 

Hilbert transform 

LDA 78.1 

KNN 82.2 

(Sun et al., 2020) N/A CNN 71.6* 

(Ergün et al., 2020) Katz Fractal Dimension KNN 76.1 

(Y. Kim et al., 2019) CSP SVM_RBF 69.3** 

(Jiang et al., 2019) 
PSD SVM*** 73.1* 

CSP LDA 63.4* 

(Shin et al., 2017) CSP Shrinkage LDA 65.6* 

* This is maximum classification accuracy calculated using a sliding window over the task. 

** This is the median value. 

*** Authors did not indicate the type of kernel function that they used for the classifier. 

 

The statistical analysis revealed significant main effects for both electrode selections (p < 

0.001) and classifier (p < 0.001), and a significant interaction effect (p < 0.001). Pairwise 

comparison of the electrode locations showed that using all and the F-3E electrodes resulted in the 

highest and lowest classification accuracies, respectively, compared to other electrode locations (p 

< 0.05) (see Figure 6-2). Secondly, the electrodes placed over the motor and frontal cortices led to 

accuracies that were not shown to be significantly different (p > 0.05).  
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* indicates significant difference from “All” (p < 0.05). 

+ indicates significant difference from “Motor” and “Frontal” (p < 0.05). 
# indicates significant difference from “M-6E”, “Top 5E”, and “Occipital” (p < 0.05). 

& indicates significant difference from “F-3E” (p < 0.05). 

Figure 6-2: (a) average classification accuracies of all classifiers for different electrode locations. 

Standard deviation is shown by the error bars. (b) classification accuracies of each classifier for 

different electrode locations. 
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The pairwise comparison of the classifiers indicated that both SVM and QDA resulted in 

classification accuracies that were not statistically significant from each other (p > 0.05), and they 

were both higher than LDA (p < 0.05) (see Figure 6-3). 

 

 

 
* indicates significant difference from “SVM” and “QDA”. 

# indicates significant difference from “LDA”. 

Figure 6-3: (a) average classification accuracies of all electrode locations (All, Motor, Frontal, M-

6E, Top 5E, Occipital, and F-3E) for different classifiers (SVM, QDA, and LDA). Standard 

deviation is shown by the error bars. (b) classification accuracies of each type of electrode locations 

for different classifiers. 
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6.3.1 Comparison of Electrode Locations 

Figure 6-4 illustrates the results of the one-way repeated measures ANOVA to compare 

the classification accuracies among different electrode locations (All, motor, Frontal, M-6E, Top 

5E, Occipital, and F-3E) for each classifier (SVM, QDA, and LDA). As shown, using all EEG 

electrodes led to the highest accuracies for every classifier. For SVM and QDA, the electrodes 

placed over the frontal and motor cortices led to lower accuracies than “All” electrodes, but higher 

accuracies than other electrodes (p < 0.05). Secondly, the M-6E and Top 5E electrodes had 

accuracies that were not statistically significant from each other while the occipital and F-3E 

electrodes had the lowest accuracies. For LDA, the motor, frontal, M-6E, Top 5E, and occipital 

electrodes had accuracies that were not significantly different from each other (p > 0.05). Like 

SVM and QDA, the F-3E electrodes resulted in the lowest accuracies when LDA was used as 

classifier. 

6.3.2 Comparison of Classifiers 

A second one-way repeated measures ANOVA compared the classifiers’ accuracies when 

different electrode configurations were used (All, motor, frontal, M-6E, Top 5E, occipital, F-3E), 

and the results are shown in Figure 6-5. QDA had the highest classification accuracy followed by 

SVM when all electrodes were used for classification. For the motor, frontal, and M-6E electrodes, 

SVM resulted in the highest accuracies followed by QDA. For the Top 5E electrodes, the accuracies 

of QDA and LDA were not significantly different from each other (p > 0.05), but they were lower 

that the SVM (p < 0.05). Finally, there were no significant differences (p > 0.05) among the 

classifiers when occipital or F-3E electrodes were used for classification. 
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     * indicates significant difference from “All”. 

     + indicates significant difference from “Motor” and “Frontal”. 

     # indicates significant difference from “M-6E” and “Top 5E”. 
     Ω indicates significant difference from “Occipital”. 

     ¥ indicates significant difference from “F-3E”. 

Figure 6-4: Comparison of classification accuracies among different electrode locations (All, motor, Frontal, M-6E, Top 5E, Occipital, and F-3E) 

for each classifier (SVM, QDA, and LDA). Standard deviation is shown by the error bars. 
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* indicates significant difference from “SVM”. 

& indicates significant difference from “QDA”. 

# indicates significant difference from “LDA”. 

Figure 6-5: Average classification accuracies of classifiers (SVM, QDA, and LDA) for different 

electrode locations (All, motor, Frontal, M-6E, Top 5E, Occipital, and F-3E). Standard deviation 

is shown by the error bars. 

 

6.4 Discussion 

BCIs are technologies that have the potential to help individuals with severe disability 

interact with their environment using their thoughts rather than requiring the movement of limbs 

using their muscles. However, electrode placement may vary as compared to a population without 

disability. For instance, studies have shown brain white matter injury in patients with cerebral palsy, 

with the injury pattern being variable across different patients (Nagae et al., 2007). Furthermore, 

the BCI performance is driven by the quality of different brain structures, and therefore, an injury 

to these areas can create difficulties in using BCIs effectively (Halder et al., 2011). Thus, while in 

the healthy population, we can analyze different combinations of sensors in different locations of 

the brain, patients with brain damage such as those with cerebral palsy have certain brain areas that 

are damaged which prevent us from combining and iterating across different areas of the brain. 

Furthermore, to make the BCIs more usable for the patients outside the laboratory, the number of 

sensors should be minimized and located effectively. Therefore, this chapter sought to locate active 
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areas of brain using only a few electrodes by means of a novel technique. A BCI system with few 

sensors also reduces the computational complexity of the BCI by removing the redundant or 

irrelevant sensors from the system. Currently, there are several commercially available BCI 

systems with small number of sensors (such as Emotive Insight with five sensors), however, they 

have shown poor results in the literature (McCardle et al., 2019a; McCardle et al., 2019b; Taherian 

et al., 2017). These systems were designed for the general population, and they lack the ability to 

adjust the sensor locations to suit every individual’s brain structure which is necessary for those 

with brain diseases.  

As explained previously in Chapter 5, a channel selection algorithm (ReliefF) was used to 

identify the highest ranked fNIRS channels over the entire head (Top 5), and the frontal (F-3) and 

motor (M-6) cortices. In the current chapter, the EEG electrodes adjacent to the highest ranked 

fNIRS channels (identified in Chapter 5) were selected and used for classification to ensure 

placement over the areas of highest brain activity. The proposed method in this study resulted in 

average accuracies of 56.1, 60.3, and 59.4% for F-3E, M-6E, and Top 5E electrodes, respectively. 

While these accuracies are significantly lower than when all electrodes were used for classification, 

the difference in accuracy between all the motor cortex electrodes and the M-6E electrodes was 

less than 2% for LDA. This difference was larger for SVM and QDA but was less than 5%. Other 

algorithms can be explored to find out whether the current results can be improved. For instance, 

Morioka et al. showed the merit of the proposed methodology and estimated the cortical current 

source during spatial attention tasks by Variational Bayesian Multimodal Encephalography 

algorithm and the fNIRS signals. Using this method, they were able to classify the EEG signals 

with an accuracy of close to 80% which was higher than when the fNIRS signals were not used for 

current source estimation (about 70%) (Morioka et al., 2014). While the results of Morioka et al. 

were promising, they used a different task than the one used in this thesis. Furthermore, the 

feasibility of this technique for fast and real-time BCIs has not been investigated yet. Another study 
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used source localization technique to identify the active areas of the brain during motor imagery 

tasks. Using this method, they reduced the number of EEG electrodes from 64 to only 3, and 

achieved an accuracy of 74.7% (Sheng Ge et al., 2017). Different EEG feature extraction technique 

should be assessed as well, since different techniques result in different accuracies (Lotte et al., 

2018).   

6.5 Conclusion 

This study proposed a method to identify the location of the brain in which the highest 

activity occurred using fNIRS to target EEG electrode placement. While this technique provided 

some insight, the results showed that the reduced number of EEG electrodes did not perform much 

better than chance. There are several ways to address this concern, one is to perform more research 

to improve the localization accuracy using the proposed method, while another would be to 

combine the EEG and fNIRS results together to evaluate accuracy using a reduced set of electrodes 

but with complementary modes, as shown in Chapter 7.  
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Chapter 7 

Assessing Impact of Reducing Sensor Numbers in a Hybrid EEG-fNIRS 

BCI to Discriminate a Two-Class Motor Imagery Task 

7.1 Introduction 

Electroencephalography (EEG) systems have been used extensively in brain computer 

interface (BCI) research to record and interpret brain signals. This is due to the several benefits that 

these systems offer including non-invasiveness, portability, low cost, and high temporal resolution. 

However, like most technologies and as explained previously, they suffer from drawbacks that 

affect the classification accuracies in a BCI. As a result, studies have begun exploring 

complimenting the EEG systems with other non-invasive imaging techniques in the hope of 

improving the BCIs’ classification accuracies. These BCI systems are known as hybrid systems. 

An imaging system commonly used to compliment EEG in a BCI is the functional near 

infrared spectroscopy (fNIRS). Like EEG, the fNIRS systems are non-invasive, portable, and 

inexpensive. These systems work by measuring concentration changes of oxy- (HbO) and 

deoxyhemoglobin (HbR) molecules in the brain’s cortex during different activities. Furthermore, 

they offer sub-second temporal resolution, and a spatial resolution of about 1 cm2 which is higher 

than that of EEG (Schroeter et al., 2006). Also, the fNIRS signals are not affected by electrical 

noise, and electrooculography (EOG) and electromyography (EMG) artifacts. The main drawback 

of the fNIRS is its inherent hemodynamic delay in response to neuronal activations.  

 In the past decade, to overcome the limitations of single modality BCI systems, researchers 

have explored combining EEG and fNIRS in a BCI for motor imagery tasks and they have achieved 

higher classification accuracies compared to a standalone EEG or fNIRS BCI (Fazli et al., 2012). 

While hybrid BCIs have been shown to improve the classification accuracies, they pose a few 

challenges. For instance, combining two imaging modalities in a hybrid BCI leads to higher number 
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of sensors which in turn, increases system complexity and computational demands as a result of 

more data being recorded. Additionally, since the BCIs are meant to be used by patients with severe 

disabilities, having smaller number of sensors on the head is favourable as long as there is no effect 

on the BCI’s accuracy. A set-up with smaller number of sensors significantly reduces data 

collection preparation time and makes the BCI more comfortable to use for the target users.   

Another challenge of hybrid BCIs is the method of data fusion from different imaging 

modalities. While some have fused the signal features from the two sources of brain signals prior 

to classification (also known as feature-based level fusion) (Chiarelli et al., 2018), others have 

designed a meta-classifier (Fazli et al., 2012; Shin et al., 2017), or used different algorithms such 

as multi-resolution singular value decomposition to fuse data from the two imaging modalities (M. 

U. Khan et al., 2020). Regardless of the approach, the combined EEG and fNIRS BCI resulted in 

higher classification accuracies compared to EEG or fNIRS alone. 

The aim of this study is two-fold. First, the objective is to examine the impact of combining 

EEG and fNIRS for a two-class motor imagery task by comparing its resulting classification 

accuracies against EEG and fNIRS alone. This study used a feature-based level fusion (also known 

as linear fusion) to implement the hybrid BCI. As indicated previously, studies have shown 

improved classification accuracies when combining EEG and fNIRS in a BCI compared to using 

EEG or fNIRS alone. Therefore, it was hypothesized that a hybrid BCI would result in higher 

classification accuracies in the current study. 

A second component of this study was to investigate how the reduction in the number of 

sensors in a hybrid EEG and fNIRS BCI using a channel selection algorithm changes the accuracy 

of the system. Previously, in Chapters 5 and 6 of this thesis, the ReliefF algorithm was used to 

identify the most important fNIRS channels and used those to determine the EEG sensors that 

matched activity of the brain. However, it was shown that their corresponding classification 

accuracies were significantly lower than when all sensors were used. This chapter investigated 
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whether using this same algorithm in a hybrid EEG and fNIRS BCI would result in higher 

classification accuracies. 

7.2 Methods 

The following sections describe the procedures that were used for feature extraction, 

channel selection, and classification of EEG and fNIRS signals. All data processing was done using 

MATLAB R2021a (MathWorks in Natick, MA, USA), and the data analysis was performed using 

IBM SPSS Statistics Ver. 27 (IBM Corp. in Armonk, NY, USA).  

7.2.1 Feature Extraction 

For EEG signals, the ERD/ERS feature was used which was previously explained and used 

in Chapter 6. For fNIRS, the features were calculated by obtaining the mean of HbO (mHbO). This 

feature was previously used in Chapter 4 and achieved high classification accuracies. 

7.2.2 Channel Selection 

The fNIRS channels chosen from Chapter 5 combined with the EEG electrodes from 

Chapter 6 were used to evaluate the combined effects. In the current study, the “Top 5” fNIRS and 

“Top 5E” EEG sensors were combined to form a reduced hybrid BCI setup. The “F-3” fNIRS and 

“F-3E” EEG sensors, and then, the “M-6” fNIRS and “M-6E” EEG sensors were combined to 

create a hybrid BCI setup with reduced set of frontal and motor sensors, respectively. From now 

on, the “Top 5H”, “F-3H”, and “M-6H” locations refer to the combined fNIRS and EEG channels 

that were closely located in an attempt to maximize signal strength based on brain activity as 

identified by fNIRS. 

7.2.3 Classification 

Prior to classification, the features from EEG and fNIRS signals were combined to create 

a new feature matrix with higher dimension. For instance, if features from all sensors were 

combined, the resulting feature matrix for each participant would have a size of 600 × 66 (600 



 

 

 

87 

datapoints over three sessions, and 66 columns calculated by adding 30 EEG electrodes and 36 

fNIRS channels). Three different supervised machine learning algorithms of linear discriminant 

analysis (LDA), quadratic discriminant analysis (QDA), and support vector machine (SVM) with 

quadratic kernel function were used in this study. To evaluate the classification accuracies, a 10-

fold cross validation was used for each classifier as described previously in Chapter 3. 

7.2.4 Data Analysis 

As with the statistical analyses in the previous three chapters, prior to the statistical 

analyses below, the normality and sphericity assumptions were tested.  

7.2.4.1 Comparison of Sensor Locations and Classifiers 

As discussed previously, to compare the differences among sensor locations (All, Motor, 

Frontal, Occipital, Top 5H, F-3H and M-6H) and classifiers (QDA, SVM, and LDA), a two-way 

((factors: sensor locations and classifiers) repeated measures ANOVA was used to test for 

significant main effects and interactions. The significance level (alpha) was set at 5%, and 

Bonferroni correction was used prior to pairwise comparison. In the case of significant interaction 

effects, simple effects were analyzed by running one-way repeated measures ANOVA twice: once 

with sensor locations as factor, and a second time with classifier as factor.  

7.2.4.2 Comparison of Single Modality and Hybrid BCI 

To examine whether combining EEG and fNIRS features would improve the classification 

accuracies as compared to EEG or fNIRS alone, a one-way (factor: modality) repeated measures 

ANOVA for each classifier and sensor location was used to test for significant main effect. The 

significance level (alpha) was set at 5%, and Bonferroni correction was used prior to pairwise 

comparison. 
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7.3 Results 

7.3.1 Comparison of Sensor Locations and Classifiers in a Hybrid BCI 

Figure 7-1 illustrates the average classification accuracies of the hybrid BCI across all 

participants for different brain areas and classifiers. As shown, the highest accuracy is obtained 

when using all sensors for classification, followed by the sensors over the motor and frontal 

cortices. The statistical analysis revealed significant main effects for both sensor locations (p < 

0.001) and classifier (p < 0.001), and a significant interaction effect (p < 0.001). Pairwise 

comparison of the sensor locations indicated significantly higher classification accuracies when all 

EEG and fNIRS were used, followed by the sensors over the motor and frontal cortices. The 

occipital and F-3H sensors led to the lowest accuracies (see Figure 7-2a). Additionally, the pairwise 

comparison of the classifiers showed significantly lower classification accuracies by LDA 

compared to both SVM and QDA, but no significant differences between accuracies of SVM and 

QDA (see Figure 7-2b). 

 

 

Figure 7-1: Average classification accuracies for different sensor locations and classifiers. 
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* indicates significant difference from “All” (p < 0.05). 

+ indicates significant difference from “Motor” (p < 0.05). 
& indicates significant difference from “Frontal” (p < 0.05). 

# indicates significant difference from “M-6H” and “Top 5H” (p < 0.05). 

Δ indicates significant difference from “Occipital” and “F-3H” (p < 0.05). 
 

 
* indicates significant difference from “QDA” and “SVM”. 

# indicates significant difference from “LDA”. 

Figure 7-2: (a) average classification accuracies of all classifiers for different sensor locations. 

(b) average classification accuracies of all sensor locations for different classifiers. Standard 

deviation is shown by the error bars in both figures. 
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Table 7-1 shows the results of other studies that have used the same dataset. As can be seen 

in this table, the accuracies are close to or lower than the ones obtained in the current study when 

all sensors were used for classification. 

 

Table 7-1: The classification accuracies reported by other studies that used the same dataset. LDA: 

linear discriminant analysis; CNN: convolutional neural network; SVM_Lin: support vector 

machine with linear kernel function; HMM: hidden Markov model; CSP: common spatial pattern; 

PSD: power spectral density. 

Study Feature Fusion Method*** Classifier % Accuracy 

(Sun et al., 

2020) 

EEG: pre-processed 

EEG signal 

fNIRS: pre-processed 
HbO and HbR signals 

Linear  CNN 75.3* 

Tensor  75.3* 

5th order 
polynomial 

77.5* 

(H. Kim et al., 

2020) 

EEG: CSP 

fNIRS: mean and 

slope of HbO and HbR 

Linear LDA 60.6 

SVM_Lin 71.4 

EEG: PSD 

fNIRS: same as above 

SVM_Lin 66.1 

(Jiang et al., 

2019) 

EEG: CSP and PSD 

fNIRS: mean of HbO 
and HbR 

Independent 

Decision Path 
Fusion** 

LDA, SVM, 

HMM 

78.6* 

(Shin et al., 

2017) 

EEG: CSP 

fNIRS: mean and 
slope of HbO and HbR 

Meta-classifier Shrinkage 

LDA 

74.2* 

* This is maximum classification accuracy calculated using a sliding window over the task. 

** This method calculated the classification accuracy by combining different feature extraction and 

classification techniques. See (Jiang et al., 2019) for more detail. 
*** The linear fusion technique is similar to the technique used in the current study which 

concatenates features of EEG and fNIRS signals. 

 

7.3.1.1 Comparison of Sensor Locations 

  Figure 7-3 illustrates the results of the one-way repeated measures ANOVA to compare 

the classification accuracies among different sensor locations (All, motor, Frontal, M-6H, Top 5H, 

Occipital, and F-3H) for each classifier (QDA, SVM, and LDA). As shown, using all the sensors 

led to the highest accuracies for every classifier. This was followed by the sensors placed over the 
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motor cortex. Furthermore, the occipital and F-3H sensors led to the lowest accuracies for every 

classifier. 

 

  

 
* indicates significant difference from “All” (p < 0.05). 

+ indicates significant difference from “Motor” (p < 0.05). 
& indicates significant difference from “Frontal” (p < 0.05). 

# indicates significant difference from “M-6H” (p < 0.05). 

Δ indicates significant difference from “Top 5H” (p < 0.05). 
Ω indicates significant difference from “Occipital” (p < 0.05). 

¥ indicates significant difference from “F-3H” (p < 0.05). 

Figure 7-3: Comparison of classification accuracies among different sensor locations (All, motor, 

Frontal, M-6H, Top 5H, Occipital, and F-3H) for each classifier (QDA, SVM, and LDA). Standard 

deviation is shown by the error bars. 
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7.3.1.2 Comparison of Classifiers 

Figure 7-4 shows the results of a second one-way repeated measures ANOVA to compare 

the classifiers’ accuracies when different sensors configurations were used (All, motor, frontal, M-

6H, Top 5H, occipital, F-3H). As can be seen, in all cases, LDA produced the lowest classification 

accuracies. For the All and Motor sensors, QDA resulted in the highest accuracies. For the Frontal 

sensors, the accuracies produced by QDA and SVM were not significantly different from each 

other. Lastly, for Occipital, Top 5H, M-6H and F-3H sensors, SVM resulted in higher accuracies 

than QDA. 
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* indicates significant difference from “QDA” (p < 0.05). 

& indicates significant difference from “SVM” (p < 0.05). 

# indicates significant difference from “LDA” (p < 0.05). 

Figure 7-4: Average classification accuracies of classifiers (QDA, SVM, and LDA) for different 

electrode locations (All, motor, Frontal, M-6H, Top 5H, Occipital, and F-3H). Standard deviation 

is shown by the error bars. 

 

7.3.2 Comparison of Single Modality and Hybrid BCI 

Figure 7-5 depicts the differences in classification accuracies among EEG, fNIRS, and 

hybrid for every classifier and group of sensor locations. As can be seen in this figure, combining 

EEG and fNIRS resulted in higher classification accuracies as compared to EEG or fNIRS alone 

for every sensor location when LDA or QDA were used as classifiers. For SVM, the hybrid BCI 

led to higher accuracies than either EEG or fNIRS for the majority of the sensor locations (see 

Figure 7-5). 
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Figure 7-5: Average classification accuracies for different sensor locations and classifiers for EEG, 

fNIRS and hybrid BCI. 
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Statistical analyses revealed a significant main effect for modality (p < 0.001). Pairwise 

comparisons indicated significantly higher classification accuracies for hybrid BCI compared to 

EEG or fNIRS alone when QDA was used as classifier (see Table 7-1). For LDA, the hybrid BCI 

led to higher accuracies compared to either EEG or fNIRS for every sensor location, except for F-

3H. For the F-3H sensors, while the hybrid BCI produced higher accuracies than fNIRS, the 

difference in accuracies was not statistically significant (p > 0.05). Lastly, for the SVM classifier, 

the hybrid method resulted in higher accuracies than EEG or fNIRS alone for every sensor location, 

except the case in which all or motor sensors were used. When all or only the motor sensors were 

used, fNIRS led to the highest accuracies compared to both EEG and hybrid. This means that the 

impact of hybrid BCI on classification accuracy may be dependent on the type of classifier used. 



 

 

 

97 

Table 7-2: Comparison of the classification accuracies in percent among modalities (EEG vs fNIRS vs Hybrid) for different classifiers and sensor 

locations. 

Sensor 

Location 

QDA SVM LDA 

EEG fNIRS Hybrid EEG fNIRS Hybrid EEG fNIRS Hybrid 

All 82.2±3.9 &# 96.6±1.4 *# 99.1±0.5 *& 76.3±3.8 &# 95.0±1.8 *# 92.1±2.4 *& 69.7±4.5 &# 78.5±5.3 *# 84.1±4.4 *& 

Frontal 64.0±3.8 &# 70.0±3.4 *# 79.5±3.5 *& 65.5±3.9 &# 77.2±4.1 *# 79.1±3.3 *& 60.1±4.4 # 62.5±5.4 # 66.6±4.9 *& 

Motor 64.9±4.3 &# 90.0±2.7 *# 94.0±1.7 *& 66.3±4.1 &# 91.2±2.6 *# 89.4±3.5 *& 60.3±4.0 &# 73.6±5.5 *# 76.0±5.2 *& 

Occipital 58.6±3.2 # 58.0±4.7 # 64.0±3.2 *& 59.0±4.4 # 57.9±4.5 # 65.5±3.5 *& 59.0±3.9 # 56.6±5.0 # 61.5±3.5 *& 

Top 5H 59.3±3.1 &# 63.7±4.5 *# 69.6±4.4 *& 60.7±3.3 &# 67.4±5.0 *# 73.9±3.9 *& 58.3±4.0 # 59.6±6.2 # 62.6±5.7 *& 

F-3H 56.7±3.2 &# 59.0±3.3 *# 63.1±3.0 *& 55.6±3.8 &# 60.9±3.4 *# 65.4±3.3 *& 55.8±4.1 # 57.1±4.2    58.3±4.5 * 

M-6H 60.2±4.5 &# 64.9±3.7 *# 72.1±4.3 *& 62.0±4.5 &# 66.9±5.4 *# 75.7±4.0 *& 58.7±4.6 # 59.4±4.8 # 64.7±4.6 *& 

* significant difference from EEG 

& significant difference from fNIRS  

# significant difference from Hybrid 
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7.4 Discussion 

The main aim of this study was to investigate the impact of combining EEG and fNIRS in 

a BCI by comparing the classification accuracies of the combined EEG and fNIRS against EEG 

and fNIRS alone. While the results of hybrid BCIs have been shown to be promising in the 

literature, the current study is novel as it investigates improvements in accuracy over different brain 

and sensor locations as a result of first choosing the fNIRS channels that identify the active areas 

of the brain during motor imagery tasks and targeting EEG electrodes over the active areas 

identified by fNIRS, and then, evaluating the combined effect of both modalities. 

Recently, researchers have started exploring hybrid BCIs that combine different imaging 

modalities to improve the classification accuracies during motor imagery tasks (Hong et al., 2017). 

Most often, this is done by combining EEG with fNIRS due to their non-invasiveness, portability, 

and low-cost (Choi et al., 2017). The integration of two sources of brain signals, neurons’ electrical 

activities and the hemodynamic responses, are thought to make significant improvements in BCIs 

by providing more information to the machine learning algorithms in these devices. In fact, studies 

have shown improvements in classification accuracies during motor imagery tasks when combining 

EEG and fNIRS compared to EEG or fNIRS alone (Chiarelli et al., 2018; Fazli et al., 2012). 

The current study examined the classification accuracies of a combined EEG and fNIRS 

BCI during bilateral hand motor imagery tasks and compared them against the accuracies produced 

by EEG and fNIRS alone. The results indicated statistically significant improvement in accuracies 

in a hybrid BCI compared to either EEG or fNIRS when QDA was used as classifier. Additionally, 

the hybrid system led to significantly higher accuracies in an LDA classifier, though the 

improvement in accuracy was not statistically significant compared to fNIRS for F-3H sensors. For 

SVM, the hybrid BCI led to the highest accuracies for every sensor location, except for the use of 

those only on the motor cortex and when all sensors were used (see Figure 7-5). For these locations, 

fNIRS produced higher accuracies than the combined EEG and fNIRS. This may suggest that the 
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impact of hybrid BCI on classification accuracy could be dependent on the type classifier used, 

Overall, the results of this study confirm the hypothesis that the hybrid BCI improves classification 

accuracies compared to EEG or fNIRS alone, and are consistent with the literature reporting higher 

accuracies in hybrid BCIs compared to a BCI with single modality (S. Ahn et al., 2017; Chiarelli 

et al., 2017). 

Additionally, this study investigated different classifiers and sensor locations in a hybrid 

BCI. Using all sensors resulted in the highest classification accuracies whereas the occipital and F-

3H sensors produced the lowest accuracies regardless of the classifier used. The motor sensors 

produced the second highest classification accuracies using every classifier. This is consistent with 

previous studies that reported similar brain activation patterns between motor execution and 

imagery which occurred over the brain’s motor cortex (Lotze et al., 1999). The current study also 

found that LDA produced the lowest classification accuracies than QDA and SVM for every sensor 

location. 

Overall, combining EEG and fNIRS had promising results as it produced average 

accuracies of up to 99% across 29 participants during a bilateral motor imagery task. By combining 

signal features from different brain imaging modalities, it may be possible to design a BCI with 

higher number of input commands, and achieve good accuracies. For instance, another study used 

a hybrid EEG and fNIRS BCI to decode force and speed of hand clenching motor imagery and 

achieved an average accuracy of over 89% (Yin et al., 2015b). In the current study, we used the 

fNIRS to identify the active areas of the brain and sought to target those areas with EEG electrodes 

as well as the combined modalities. This study showed that it is important to use a combined system 

than just use a single modality to improve accuracies. 

7.5 Conclusion 

This study assessed the impact of designing a BCI system with the combined EEG and 

fNIRS imaging modalities after identifying the areas of most brain activity using the fNIRS system. 
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The results of this study were promising as the proposed hybrid system made significant 

improvements in classification accuracies compared to EEG or fNIRS alone. Furthermore, it was 

found that to achieve high classification accuracies in a hybrid BCI, SVM or QDA should be used 

as they both led to significantly higher accuracies than LDA. Lastly, this study reported 

significantly higher accuracies when all EEG and fNIRS sensors were used, followed by the sensors 

over the motor cortex which had an accuracy of around 90% or higher when QDA or SVM were 

used as classifiers.  
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Chapter 8 

Discrimination of Two-Class Motor Imagery in a fNIRS Based Brain 

Computer Interface 

The following chapter is a case study that was done in the Human Mobility Research 

Laboratory at Kingston General Hospital before the pandemic began. This study was published and 

presented in the 42nd Annual International Conference of the IEEE Engineering in Medicine and 

Biology Society in July 2020. 

A. H. Moslehi, M. Bagheri, A. -M. Ludwig and T. C. Davies, "Discrimination of Two-Class Motor 

Imagery in a fNIRS Based Brain Computer Interface," 2020 42nd Annual International Conference 

of the IEEE Engineering in Medicine & Biology Society (EMBC), 2020, pp. 4051-4054. 

8.1 Introduction 

Brain computer interfaces (BCIs) are technologies that provide a communication pathway 

between the brain and external devices, such as a computer. Three components are required for 

interaction (Nicolas-Alonso et al., 2012). During the first stage (signal acquisition), brain signals 

are recorded and operations such as signal amplification are the primary focus, while noise and 

artifact removal may also be performed. In the second stage (signal processing), operations such as 

signal filtering, artifact removal, feature extraction, and signal classification occur. Feature 

extraction involves identifying discriminative attributes in the brain signals. Signal classification 

involves a set of algorithms that use the discriminative features to classify signals (Hong et al., 

2018). Selecting appropriate discriminative features is essential for effective pattern recognition 

and decoding of users’ intentions. In the final stage, the control interface translates the classified 

signal into a command for an external device such as a computer, wheelchair, or prosthetic limb. 

A functional near infrared spectroscopy (fNIRS) based system was used to record and 

decode brain signals. fNIRS uses infrared light to detect changes in oxygenated (HbO) and 
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deoxygenated (HbR) hemoglobin molecule concentrations in the outer cortical layer of the brain. 

The concentration of each within the cerebral blood fluid changes with respect to brain activity 

(León-Carrión et al., 2012). fNIRS provides a non-invasive, low cost, and portable method to 

develop a BCI. We sought to use fNIRS to discriminate between left- and right-hand motor imagery 

tasks using different feature extraction and classification techniques. Motor imagery is the mental 

rehearsal of a task without any overt movement (Jeannerod, 1995). 

8.2 Methods 

8.2.1 Participants 

The participants in this study included two healthy men (20 years old) with no history of 

neurological disorders. The participants signed an informed consent form approved by the 

Institutional Research Ethics Board. 

8.2.2 Data Acquisition 

8.2.2.1 Recording Hardware and Software 

fNIRS signals were collected by eight transmitters and four receivers using Oxymon 

(Artinis, Zetten, The Netherlands). The signals were recorded at 256 Hz using Oxysoft (Version 

3.2.51.4, Artinis, Zetten, The Netherlands). The fNIRS signals are normally recorded at lower 

sampling frequencies such as 10 Hz (Herold et al., 2018). However, since this paper is part of a 

larger study that records fNIRS and electroencephalography (EEG) (a high frequency signal) 

simultaneously, a higher sampling frequency was selected to allow synchronization of signals.  

This study collected EEG signals as well. However, due to the poor quality of the EEG 

signals, the EEG data were not used for further processing. 

8.2.2.2 Optode Placement 

The fNIRS’ transmitters and receivers were placed uniformly over the motor cortex areas 

in left and right hemispheres as shown in Figure 8-1. A previous study has shown that the motor 
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cortex regions are most activated during a task similar to the one in this study (Sheng Ge et al., 

2017). The inter-optode distance in each hemisphere was 3 cm. 

8.2.2.3 Events 

This study used Psychtoolbox toolbox to display visual cues to the participants (Kleiner et 

al., 2007). The events were synchronized with the fNIRS signals using a custom MATLAB script. 

 

Figure 8-1: fNIRS optodes locations. The red and blue circles depict the fNIRS transmitters and 

receivers, respectively. These transmitters and receivers form 20 channels in total (10 on each 

hemisphere) which cover the motor cortex in left and right hemispheres. The channels are shown 

by dashed orange lines between the transmitters and receivers. 

8.2.3 Experimental Paradigm 

Each participant sat in a comfortable chair in front of a monitor with hands resting on a 

table. The fNIRS optodes were placed on the participant’s head according to Figure 8-1. Before 

installing the optodes, the hair was moved aside to ensure good contact with the scalp. Each trial 

included motor imagery of a right- and left-hand squeezing motion. The participants were 

instructed to perform the hand squeezing motion at a repetition frequency of about 1 Hz. The 
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experiment included a total of 40 trials (20 trials for each hand motor imagery). Figure 8-2 

illustrates the experimental paradigm for this study. As shown in this figure, the trial started with 

15 to 20 s of rest followed by 10 s of left- or right-hand motor imagery. For the rest period, 

Psychtoolbox was used to display a fixation cross on a black screen. For the task period, an arrow 

pointing to the left or right was shown in a randomized order to indicate motor imagery of which 

limb.  

 

 

Figure 8-2: The experimental paradigm. The experiment starts with 15-20 seconds of rest during 

which the participants were shown a fixation cross on a black screen. Then, an arrow pointing to 

the left or right was shown for 10 seconds. During this time, the participants performed right- or 

left-hand (depending on the orientation of the arrow shown) squeezing motion motor imagery at a 

frequency of 1 Hz. The experiment consisted of 20 trials for each hand movement (i.e., 40 trials in 

total). 

8.2.4 Data Pre-Processing 

All data processing was done in MATLAB 9.7 (MathWorks, Natick, MA, USA). The 

signals recorded by the fNIRS system were converted to concentration change of HbO and HbR 

using the Modified Beer-Lambert Law (León-Carrión et al., 2012). The HbO and HbR signals were 

bandpass filtered between 0.01 and 0.2 Hz using a 4th order Butterworth filter to remove cardiac 

40 trials in total 

Rest (15-20 sec) Task (10 sec) 
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and respiration artifacts and the slow physiological drift in signal (Buccino et al., 2016; R. Li et al., 

2017). Each fNIRS trial was segmented from 2 s prior to task onset to 10 s after the onset. Baseline 

correction was performed by subtracting the mean of signal during baseline (-2 to 0 s) from the 

signal during the task period (0 to 10 s) (Fazli et al., 2012; Herold et al., 2018). 

8.2.5 Feature Extraction 

A total of six different features were calculated which included mean (mHbO), peak 

(pHbO), minimum (minHbO), skewness (sHbO) and kurtosis (kHbO) of the HbO signal, and the 

mean of the difference between HbO and HbR (mHbD). These features were previously used in 

Chapter 4. For each of the 20 channels, the features were computed using a one second window 

during each trial which resulted in 400 data points as input for the classifiers (40 trials × 10 seconds 

= 400 datapoints). The data matrix was 400 rows and 20 columns (i.e., 400 rows of data with each 

row consisting of 20 features). Our "true label" data included a matrix with 400 rows and one 

column.  

8.2.6 Classification 

Five different supervised machine learning algorithms were investigated: Linear and 

Quadratic Discriminant Analysis (LDA and QDA), Support Vector Machine (SVM) with quadratic 

kernel function, logistic regression, and K-nearest-neighbor (KNN). KNN finds a sphere containing 

k datapoints around each input point to classify it according to the class label of the majority of the 

datapoints inside the sphere (Bishop, 2006b; Blokland et al., 2014). The LDA, QDA, SVM, and 

logistic regression classifiers were previously explained in Chapter 4. 

Previous studies have successfully implemented LDA (Buccino et al., 2016; Fazli et al., 

2012), SVM (Chiarelli et al., 2018; Koo et al., 2015; R. Li et al., 2017) and logistic regression 

(Blokland et al., 2014) during motor imagery tasks in fNIRS BCIs. Our study examined KNN and 

QDA to compare the results among a more diverse set of classifiers. For each feature calculation 

method and classifier, we used a 10-fold cross validation to calculate the participant accuracy.  
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Additionally, we trained and used a two-layer artificial neural network (ANN) to classify 

the signals. ANNs are information processing systems comprised of multiple layers of processing 

units, known as neurons. Neurons are connected by links with an attached numeric weight, which 

explains the strength and sign of the connections. By applying an activation function to a weighted 

sum of the neuron’s input and a bias associated with it, the output of each unit is calculated (Bishop, 

2006a). Figure 8-3 illustrates a two-layer ANN that was incorporated in this study. The overall 

network function can be represented in Eq. 8-1:  

𝑦𝑘(𝑥, 𝑤) = 𝜎 (∑ 𝑤𝑘𝑗
(2)

ℎ𝑀
𝑗=1 (∑ 𝑤𝑗𝑖

(1)
𝑥𝑖 + 𝑤𝑗0

(1)𝐷
𝑖=1 ) + 𝑤𝑘0

(2)
)   Eq. 8-1 

where xi are input variables, yk are the network’s outputs, h and σ are the activation functions for 

the hidden and output layers respectively, 𝑤𝑑𝑠
(𝐿)

 is the weight associated to each neuron, and 𝑤𝑑0
(𝐿)

 

is the shifting bias. The subscripts represent the source (‘s’) and destination (‘d’), and superscripts 

denote the index of the layer. The goal of training an ANN is to find a set of network parameters 

(weights and biases) that minimize a sum-of-squares error function. 

One of the factors that can influence the performance of ANN is the training algorithms. 

In this study we used and compared three training algorithms: Levenberg-Marquardt (LMA), 

Bayesian regularization (BRANN), and scaled conjugate gradient (SSGA). For all training 

algorithms, 280 datapoints were used for training, 60 for validation, and 60 for test. 
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Figure 8-3: This study used a two-layer ANN that included 20 input (D=20), 10 hidden (M=10), 

and 2 output neurons. The neurons in the input, hidden, and output layers are shown by x, z, and y 

variables, respectively. The weight and bias parameters are depicted by w. The sigmoid logistics 

transfer function was used in both the hidden and output layers. 

8.2.6.1 Levenberg-Marquardt Algorithm (LMA) 

LMA uses a combination of gradient descent and Gauss-Newton methods to find the 

minimum of a function that is the sum of squares of nonlinear functions. The performance function 

used in ANN is the mean squared error function shown in Eq. 8-2: 

𝐹 =  
1

𝑁
∑ (𝑒𝑖)2𝑁

𝑖=1 =
1

𝑁
∑ (𝑡𝑖 − �̂�𝑖)2𝑁

𝑖=1     Eq. 8-2 

where 𝑡𝑖 is target output, �̂�𝑖 is ANN’s output, and N is number of instances in the data set. Instead 

of exact calculation of the Hessian matrix, LMA approximates the Hessian matrix and the gradient 

as shown in Eq. 8-3 and Eq. 8-4, respectively, which allows faster training speed: 

H = JTJ      Eq. 8-3 

g = JTe      Eq. 8-4 

where J is Jacobian matrix of first derivatives of ANN’s errors with respect to parameters (weights 

and biases), and e is a vector of ANN’s errors. Then, the LMA computes the ANN’s parameters 

iteratively in Eq. 8-5: 
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𝑤𝑘+1 = 𝑤𝑘 − [𝐽𝑇𝐽 + 𝜆𝐼]−1𝐽𝑇𝑒    Eq. 8-5 

where λ is damping parameter, I is identity matrix, wk+1 and wk are new and current ANN’s 

parameters, respectively (Hagan et al., 1994).  

8.2.6.2 Bayesian Regularization Algorithm (BRANN) 

BRANN minimizes a linear combination of mean squared errors and weights. It is similar 

to LMA except an additional term known as weight decay is added to Eq. 8-2 to penalize large 

weights and provide better generalization that minimizes model’s tendency to overfit (Okut et al., 

2011). This is shown in Eq. 8-6: 

𝐹 =
𝛽

𝑁
∑ (𝑡𝑖 − �̂�𝑖)2𝑁

𝑖=1 +
𝛼

𝑁
∑ (𝑤𝑖)2𝑁

𝑖=1     Eq. 8-6 

where 𝑤𝑖  is ANN’s parameters, and α and β are regularization parameters that need to be estimated. 

8.2.6.3 Scaled Conjugate Gradient Algorithm (SCGA) 

SCGA is a second order algorithm that searches for the minimum of the performance 

function along conjugate directions. The search directions are conjugated with respect to the 

Hessian matrix. The ANN’s parameters are computed according to Eq. 8-7:  

𝑤𝑘+1 = 𝑤𝑘 + 𝛼𝑘𝑑𝑘    Eq. 8-7 

where αk is the step size, and dk is the search direction. These are calculated according to Eq. 8-8 

and Eq. 8-9, respectively: 

𝑑𝑘 = −𝑔𝑘 + 𝛽𝑘𝑑𝑘−1    Eq. 8-8 

𝛼𝑘 =
−𝑑𝑘

𝑇𝑔𝑘

𝑑𝑘
𝑇𝐻𝑑𝑘

     Eq. 8-9 

where gk is the gradient at iteration k, and βk is the conjugate parameter. SCGA does not require 

user defined parameters, and is more robust. Also, it does not perform a line search at each iteration 

which is computationally expensive (Møller, 1993). 
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8.3 Results and Discussion 

8.3.1 Conventional Classification Models 

Table 8-1 shows the classification accuracies across different feature extraction and 

classification techniques. For participant #1, mHbD resulted in the highest accuracies for all 

classifiers. For Participant #2, the results varied depending on the classifier used. For instance, for 

SVM and KNN, mHbD resulted in higher accuracy whereas for QDA, the peak worked best 

compared to other feature extraction methods. Furthermore, for participant #1, QDA and KNN 

produced the highest accuracies for different feature extraction methods compared to other 

classifiers. For participant #2, SVM worked best for all features compared to other classifiers. 

Additionally, the results indicate that skewness and kurtosis resulted in low classification 

accuracy, sometimes even below 50%, and are therefore not recommended. LDA and logistic 

regression assume a shared covariance matrix between the data points and linear decision 

boundaries between classes. This assumption may not be appropriate for this study since they 

obtained lower accuracies compared to classifiers with nonlinear decision boundaries.  

Table 8-1: Classification accuracies in % for six features and five classifiers. S1 and S2 refer to 

the first and second participant, respectively. 

  Classifier 

Feature Participant  LDA QDA SVM LogReg KNN 

mHbO S1 86.0 92.5 95.5 86.5 96.3 

S2 78.8 93.5 96.8 80.0 90.5 

mHbD S1 88.0 99.3 97.3 89.5 99.0 

S2 78.0 94.0 97.8 75.5 94.0 

Peak S1 86.3 93.0 95.5 86.3 97.3 

S2 77.5 95.3 96.0 80.0 90.5 

Min S1 84.8 91.3 96.5 85.0 97.0 

S2 78.8 91.5 93.3 80.5 89.8 

Skew S1 48.8 55.0 49.8 49.0 49.8 

S2 41.3 57.5 57.5 41.3 52.8 

Kurt S1 50.5 52.3 50.0 50.0 51.2 

S2 41.8 52.5 55.0 42.0 50.7 
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8.3.2 Neural Networks 

Table 8-2 illustrates the classification accuracies obtained when different features and 

ANN training algorithms were used. For all three training algorithms, mHbD resulted in the highest 

classification accuracies. Skewness and kurtosis produced very low accuracies (below 35%), and 

are not recommended. For mHbO, mHbD, peak and min, BRANN resulted in the highest 

classification accuracy followed by LMA.  

Table 8-2: Classification accuracies in % for six features and three training algorithms in ANN. S1 

and S2 refer to the first and second participant, respectively. 

  Training Algorithms 

Feature Participant  LMA BRANN SSGA 

mHbO S1 95.0 98.5 68.4 

S2 92.5 98.6 81.6 

mHbD S1 97.0 98.9 93.8 

S2 98.4 99.6 86.9 

Peak S1 95.3 97.9 68.9 

S2 97.3 98.5 79.0 

Min S1 95.4 98.0 75.6 

S2 89.7 99.0 54.3 

Skew S1 34.9 9.1 9.1 

S2 33.7 15.4 14.2 

Kurt S1 23.9 9.2 20.5 

S2 24.7 15.7 19.8 

 

Future work needs to be done to investigate whether combining the features can improve 

the classification accuracies in a BCI (Qureshi et al., 2016). 

8.4 Conclusion 

Overall, skewness and kurtosis are not recommended for feature extraction for fNIRS-

based BCIs during motor imagery tasks. Secondly, for the conventional classifiers, QDA, SVM 

and KNN resulted in higher classification accuracies compared to LDA and logistic regression 

when mean, peak and minimum were used as features. Furthermore, for ANN, the BRANN training 

algorithm led to the highest classification accuracies followed by LMA. For BCIs that require high 

accuracies, BRANN and LMA are better than SCGA. This study shows that a single feature 
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extraction or classification method does not produce the highest classification accuracy for every 

person. More data needs to be collected to investigate whether the differences found in this study 

between different features extraction and classification techniques are statistically significant. 
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Chapter 9 

Summary 

This thesis performed several studies to better understand the requirements in designing 

BCIs with high accuracies while simultaneously minimizing the number of sensors. To address the 

thesis objectives, an open-access dataset was used (Shin et al., 2017). At the time the studies in this 

thesis were conducted, this dataset was the only suitable dataset available online to address the 

thesis objectives as it contained both EEG and fNIRS data recorded over the entire head from 29 

healthy participants during a bilateral right- and left-hand motor imagery task. However, the 

conclusions made in this study are only applicable to this dataset, and further studies need to be 

conducted to ensure if the results can be extended to other datasets. The COVID-19 pandemic 

prevented the recruitment of participants and their involvement in this study, and therefore, the 

results of this thesis could not be tested. Future studies will test the findings of this thesis that were 

made using the online dataset. A benefit of using an online dataset is that it enables us to test our 

methodologies to address any potential issues that may arise prior to recruiting participants.  

In Chapter 4, seven different feature extraction methods and eleven classifiers were 

examined using the fNIRS data to understand whether there exists a feature and classifier set that 

achieves high classification accuracies consistently, across all participants. Up until now, no studies 

have analyzed and compared several feature extraction and classification techniques individually. 

This allowed us to assess each feature’s ability to capture the unique changes in brain activation 

pattern as a result of bilateral hand motor imagery. Furthermore, this study allowed us to examine 

each classifier to determine the ones most appropriate in decoding the brain signals during motor 

imagery in a fNIRS-based BCI. The results of this study indicated that while classifiers with non-

linear decision boundaries such as QDA and SVM with polynomial and Gaussian kernel functions 

achieved significantly higher average classification accuracies than LDA, logistic regression, and 
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SVM with linear kernel function, the “best classifier” varied depending on the type of feature used 

and across different participants. It was determined that to be able to design a BCI with high 

classification accuracies, it is important to develop a subject-specific feature and classifier set by 

testing different feature extraction and classification algorithms individually for each participant, 

as illustrated in Chapter 4. Furthermore, both HbO and HbR should be used for feature extraction 

since they both contain important task-related information as shown in this thesis. In literature, 

while some have suggested only using HbO data for classification (Naseer et al., 2015), others have 

recommended both HbO and HbR for feature extraction (Hramov et al., 2020; A Janani et al., 2020; 

Lee et al., 2019).  

In Chapter 5, the classification accuracies from different areas of the brain were compared 

to the full set of fNIRS optodes to understand whether it was possible to reduce the number of 

optodes over the head by focusing on a specific area without decreasing the system’s accuracies. 

This study was unique as no other fNIRS studies have compared brain signals from different areas 

of the brain to find out the areas most appropriate for signal acquisition during bilateral hand motor 

imagery. The results indicated significantly higher classification accuracies for optodes over the 

motor cortex compared to optodes over the frontal and occipital areas. This was consistent with the 

literature which reported brain activation patterns over the motor cortex during motor imagery tasks 

(Beisteiner et al., 1995; Lotze et al., 1999). Furthermore, while the optodes over the motor cortex 

achieved similar accuracies compared to the full set of optodes, the differences were statistically 

significant. The Bland-Altman plot indicated smaller difference in accuracies between motor cortex 

optodes and the full set of optodes for participants that achieved higher classification accuracies 

(also known as high performers). This may be because those participants that were able to perform 

the kinesthetic motor imagery tasks more accurately, they were able to activate the motor cortices 

to higher degrees without activating other areas of the brain. On the other hand, the “low 

performers” might have activated other areas of their brain as well while performing the motor 
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imagery tasks. The inter- and intra-subject variability has been well documented in the literature 

(M. Ahn et al., 2015; Holper et al., 2012a). Therefore, for a BCI with high classification accuracies, 

while recording brain signals from the motor cortex is essential, additional sensors over other brain 

areas may improve the accuracy of the system.  

This chapter also investigated the use of a filtering channel selection algorithm to examine 

the classification accuracies as a result of reducing the number of fNIRS optodes to only a few 

sensors during motor imagery tasks. A filtering method was used as it is fast and requires very low 

computational demands compared to wrapper and embedded techniques. This method is especially 

useful when working with BCI systems with high number of sensors. For instance, the system used 

in Chapter 8 contains 64 EEG electrodes and 20 fNIRS channels, and therefore, a filtering process 

is desired to find the most important sensors for a BCI. Unfortunately, with only two participants, 

we were unable to conduct an analysis to reduce the number of sensors in the case study presented 

in Chapter 8. In Chapter 5, a channel selection algorithm was applied over the entire set of optodes, 

and also over the frontal and motor cortices individually. The results were not promising since an 

average classification accuracy of under 70% was achieved using this method, when limiting the 

number of electrodes to six or fewer (similar to some commercially available systems) with both 

LDA and SVM classifiers. Potentially, the accuracies may be improved by incorporating a higher 

number of fNIRS channels using this technique. For instance, using the channel selection 

algorithm, only five (Top 5) or six (M-6) channels out of 36 channels were selected from the data. 

Therefore, changes in brain activation patterns due to the motor imagery tasks may not be 

accurately represented by only five or six channels. However, using only those sensors on the motor 

cortex (all 24), there was an accuracy of 73% with LDA and 91% with SVM. There may be a 

number of sensors between six and 24 that would present a clinically significant detectable 

accuracy that could balance the computational cost and the relative accuracy to develop a system 
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that is easy to use. Additionally, other channel selection algorithms may be explored to find out 

whether different results would be obtained. 

Chapter 6 assessed EEG electrode locations based on the results from the fNIRS data in 

Chapter 5. EEG electrodes for classification of right- and left-hand motor imagery task were those 

adjacent to the fNIRS sensors. This is the first study to target locations for EEG electrodes using a 

channel selection algorithm applied on the fNIRS data. Like fMRI, fNIRS monitors the changes in 

blood flow as a result of neuronal activations that produce the EEG signals. fNIRS has higher 

spatial resolution than EEG and is not prone to electrical noise, and eye and muscle artifacts like 

EEG. It is believed that fNIRS could potentially be more successful in identifying the active areas 

of the brain during motor imagery tasks. To test this, EEG electrodes adjacent to fNIRS channels 

selected previously by the channel selection algorithm in Chapter 5 were identified, and their 

resulting classification accuracies were compared against all EEG electrodes, and electrodes over 

the frontal and motor cortices. Using all EEG electrodes with QDA as the classifier achieved an 

average accuracy of over 80%, but when using only the minimal number of electrodes at different 

areas of the brain that were immediately adjacent to the best previously identified fNIRS sensors, 

only an average accuracy of around 60% was achieved. This was also significantly lower than when 

frontal and motor electrodes were used which produced an average accuracy of about 65%. This 

result seems to suggest that the concept of using fNIRS to identify the part of the brain that has the 

most activity and then targeting EEG electrodes to those areas might not be the best approach for 

determining location of EEG sensors.  

Chapter 7 examined the impact of combining EEG and fNIRS imaging modalities to 

improve the classification accuracies obtained in Chapters 5 and 6. Recently, researchers have 

explored the possibility of combining EEG and fNIRS to improve BCIs in terms of classification 

accuracies and the number of commands in a BCI (Hong et al., 2017). This is because EEG and 

fNIRS record two types of brain activities: brain’s electrical activities due to neuronal activations, 
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and the brain’s hemodynamic response as a result of the neurons’ activities. Furthermore, both 

systems possess advantages and disadvantages, and therefore, by combining the two systems, it is 

possible to compliment their advantages while minimizing each system’s drawbacks (S. Ahn et al., 

2017; Chiarelli et al., 2017; Choi et al., 2017). For instance, while EEG systems possess high 

temporal resolution, it is prone to electrical noise and biological artifacts. fNIRS signals are not 

affected by electrical noise, however, they have inherent response delays which might make the 

use of fNIRS BCI systems in real-time more challenging. Chapter 7 of this thesis provided a novel 

contribution as it investigated the impact of combining the EEG electrodes (as targeted by the 

fNIRS channel selection) and fNIRS channels over different areas of the brain, something that had 

not been done before. Furthermore, the results were assessed using different classifiers to determine 

whether the improvements in accuracies were dependent on the type of the classifier used. This 

chapter indicated promising results after combining the signals from both EEG and fNIRS. The 

hybrid system showed significant improvements in classification accuracies compared to EEG or 

fNIRS alone. Therefore, a hybrid EEG and fNIRS BCI system is recommended to achieve high 

classification accuracies. However, when reduction in the number of sensors was evaluated, the 

classification accuracies decreased significantly. For instance, while using all the sensors in the 

motor region produced an average accuracy of 86%, the M-6H sensors only produced an accuracy 

of 71%. This suggests that a number of electrodes within the motor region may provide a good 

trade-off between the number of sensors and the accuracy of the system to produce a device that 

may be clinically acceptable with a smaller number of electrodes targeted to the motor region. For 

example, in Taherian et al. (2017) they used a commercial system with fourteen electrodes. Had 

those sensors been placed over the motor cortex instead of over the entire head, they may have 

achieved better results. It is important to evaluate the number of sensors that could best result in an 

effective BCI.  However, it is also important to remember that the sensor placement and the number 

of sensors are likely participant specific. Systems should be designed to be flexible enough to 
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accommodate a reasonable number of sensors that can be placed in different arrays to obtain the 

best accuracy for that individual.  

Finally, Chapter 8 performed a case study using the equipment in the laboratory and 

achieved high classification accuracies of almost 100% using fNIRS data alone. In general, the 

results of this study were consistent with the findings of Chapter 4. For instance, in both Chapters 

4 and 8, skewness and kurtosis produced the lowest accuracies compared to other features. 

Furthermore, QDA and SVM with quadratic kernel function resulted in higher accuracies compared 

to LDA and logistic regression. In Chapter 8, the use of neural networks in classifying the fNIRS 

signals for motor imagery tasks was promising and with high accuracies. The results of this chapter 

provided proof that it would be possible to design BCI systems with high accuracies, but also 

suggests that fNIRS may be a better modality than EEG as a single mode of collecting brain signals. 

A major limitation of this thesis was using an online open-access dataset to conduct studies 

in Chapters 4 to 7, and therefore, we had to rely on EEG and fNIRS sensors placement and data 

collection from others. As a result of laboratory closure due to COVID-19 pandemic, this research 

underwent significant modifications to address the objectives without using data collected within 

the laboratory. Another limitation of this study was that in Chapter 5, a pre-defined number of 

sensors (five channels from the entire head, and three channels from the frontal cortex and each 

hemisphere of motor cortex) were selected for classification. Testing a variety of number of 

sensors, and possibly using a few more channels could potentially lead to higher classification 

accuracies. Furthermore, this thesis did not study potential variations in the results (i.e., the “best” 

features and classifiers, and the sensor selections) over time that could occur due to changes in 

participants’ mood, fatigue, etc. A study has previously shown that for each participant, different 

channels were selected over different sessions (Stangl et al., 2013). Additionally, their results 

indicated a need to recalculate the classifier parameters in each session by recalibrating the system 

for each person. This area of research should be further explored.     
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In conclusion, for fNIRS signals, both HbO and HbR data should be used for feature 

extraction and classification to achieve high classification accuracies. Furthermore, classifiers with 

non-linear decision boundaries such as QDA and SVM with polynomial and Fine Gaussian kernel 

functions are recommended for BCIs with high accuracies and should be used instead of LDA or 

SVM with linear kernel function. For motor imagery tasks, the sensors placed over the motor cortex 

achieved higher accuracies compared to other areas of the brain. Therefore, a sensor configuration 

focused on the motor cortex is recommended for BCIs. The sensors selected by the channel 

selection algorithm in this thesis resulted in significantly lower accuracies compared to the full set 

of sensors. A variety of different numbers of sensors should be investigated to find a set of sensors 

that can achieve high accuracies, while understanding the trade-off between accuracy and system 

complexity due to number of sensors. Lastly, a combined EEG and fNIRS BCI system led to 

significant improvements in classification accuracies compared to both EEG and fNIRS 

individually. Furthermore, fNIRS signals resulted in higher accuracies compared to EEG, and 

perhaps is a better modality for BCI applications.  
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Appendix A 

Chapter 4 

Table A-1: The average classification accuracies for different feature extraction and classification 

techniques. 

 mHbO mHbR mHbD pHbO minHbO sHbO kHbO 

LDA 78.6 ± 5.3 79.8 ± 5.7 78.0 ± 4.8 78.6 ± 5.2 78.2 ± 5.4 45.1 ± 3.1 46.3 ± 2.9 

QDA 96.4 ± 1.4 96.4 ± 1.5 96.4 ± 1.3 96.3 ± 1.7 96.3 ± 1.2 56.6 ± 2.2 51.4 ± 2.8 

LogReg 79.1 ± 5.9 80.3 ± 6.1 78.4 ± 5.4 79.2 ± 5.8 79.1 ± 5.8 45.1 ± 3.0 46.3 ± 2.8 

SVM_Lin 77.5 ± 5.1 79.1 ± 5.4 77.3 ± 4.7 77.6 ± 5.0 77.5 ± 5.2 45.2 ± 3.2 46.5 ± 2.7 

SVM_Quad 95.2 ± 1.6 96.4 ± 1.5 95.2 ± 1.6 94.9 ± 1.8 94.7 ± 1.7 53.5 ± 3.3 50.9 ± 2.9 

SVM_Cubic 96.1 ± 1.3 98.2 ± 0.9 96.3 ± 1.2 95.9 ± 1.6 95.8 ± 1.5 54.4 ± 2.5 50.8 ± 1.9 

SVM_Fine 93.3 ± 3.6 98.8 ± 0.6 94.2 ± 3.1 93.0 ± 3.5 92.7 ± 3.8 51.0 ± 2.7 50.4 ± 2.4 

SVM_Med 82.2 ± 5.4 93.9 ± 2.3 83.6 ± 5.1 82.0 ± 5.3 82.2 ± 5.2 50.1 ± 3.7 48.9 ± 2.7 

SVM_Coarse 62.7 ± 4.2 71.9 ± 4.9 64.0 ± 4.5 63.1 ± 4.0 62.7 ± 4.2 48.8 ± 3.3 47.3 ± 2.7 

Naïve_Gauss 57.6 ± 3.0 64.1 ± 4.1 57.9 ± 3.0 57.7 ± 3.3 57.5 ± 3.3 48.4 ± 2.9 48.7 ± 3.1 

Naïve_Kernel 62.3 ± 3.3 73.8 ± 4.9 62.6 ± 3.4 62.3 ± 3.3 62.3 ± 3.5 47.5 ± 3.3 49.4 ± 2.2 
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Variable Histogram Normal Q-Q Plot 
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Figure A-1: Histogram, normal Q-Q plot, and descriptive statistics for the non-normal variables. 
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