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Abstract  

Brain computer interface (BCI) is a paradigm that offers an alternative 

communication channel between neural activity generated in the brain and the user’s 

external environment. BCI decodes the brain activity obtained from an 

electroencephalogram (EEG) signal and convert this information to a sensible output 

such as commands to control and communicate with the augmentative and assistive 

devices. Nevertheless, the majority of the existing BCI system associates with 

healthy subjects operate based on a combination of multiple limbs and bounded by 

capability of low dimensional control. Besides that, the acquired results also are not 

an appropriate platform to infer with the neurologically impaired patients (e.g. spinal 

cord injury patients). This is probably healthy subjects have full control over their 

limbs and their EEG signatures show a different pattern. On the other hand, 

neurologically impaired patients have limited access/control over their limbs and the 

EEG signatures are affected by the side effects of the prescribed medication, 

deafferentation and cortical reorganization of brain regions as a function of duration, 

level and type of disease.  

This study focuses on the feasibility of developing a multi degree of freedom control 

BCI system using imagination and intention of movement of a single limb for spinal 

cord injury (SCI) patients. A pilot study has been conducted on eleven healthy 

subjects to examine the feasibility of the proposed experimental protocol to record 

data for implementing the same procedure on SCI patients. In the present study, 

eighteen SCI patients from Queen Elizabeth National Spinal Injury Unit of the 

Queen Elizabeth University Hospital voluntarily participated as subjects. The 

participating subjects have performed and imagined performing right wrist 

movement towards four centre out directions using a custom made manipulandum 

triggered by a visual cue whilst EEG, electromyography (EMG) and movement 

signals are recorded simultaneously through NeuroScanTM Synamp system and CED 

1401 (Cambridge Electronic Design). The EEG signal was analysed using signal 

processing and statistical analysis method. Our findings indicate the detection of 

Bereitschaft potential 500ms before onset of movement and 500ms after onset of the 

visual cue. Additionally, there are statistical differences in the relative power within 
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the EEG signal rhythm components namely, delta, theta, alpha beta and gamma 

bands during imagination and intention of movement towards the four different 

directions. The significant changes of the estimated relative power of EEG 

components were extracted as features associated with direction. The features then 

were normalised, cross validated and dimensionality reduced before being classified 

using k nearest neighbour (k-NN), fuzzy k nearest neighbour (FKNN) and quadratic 

discriminant analysis (QDA) classifier. 

The single trial classification results for motor imagery and motor task by k-NN, 

FKNN and QDA classifier dwell within the range of 52.31%-94.14% and 52.20%-

96.51%, respectively. These findings proved that it is possible to develop a 

functional multi degree of freedom BCI system that employs imagination/intention 

of movement using a single limb for the SCI population. On top of that the 

developed BCI system and classification also required no subject training at all.  
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1.1 Background 

Voluntary movement is the capability that enables a person(s) to have full control 

over their four limbs and perform action/movement at their own free will. 

Unfortunately, for some who are unlucky, this capability is taken away from them 

either through disease or injury such as motor neuron disease, amyotrophic lateral 

sclerosis disease (ALS) or spinal cord injury (SCI). 

SCI has profound and long lasting consequence that confines the patient to a 

wheelchair and lifetime of medical comorbidity (McDonald and Sadowsky, 2002). 

SCI also causes loss of sensation, impaired mobility, bladder, bowel and sexual 

dysfunction (Elliott and Rivera, 2003). In the UK, there are approximately 40,000 

individuals who suffer from paralysis due to the SCI (Gall et al., 2008). SCI not only 

has a continuous negative impact on health condition and lifestyle of the patient but 

it is also a financial burden to the nation. The cost of caring for SCI patients depends 

on the nature of the initial injury, timeline of treatment, the length of stay in the 

hospital and medical cost (Jerome Bickenbach et al., 2013). The common cause of 

SCI in United Kingdom for 2015 is shown in Figure 1.1 below. 

 

Figure 1.1: Statistic of SCI in the UK in 2015. This figure shows the percentage of 

common causes of SCI in United Kingdom in 2015. [Adapted from 

www.statista.com, 16/1/2017]. 
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Despite the negative effect on quality of life due to the limitation of independency, 

there are two modalities that can offer SCI patients an assistive tool. This can be 

achieved through invasive and non-invasive modalities namely using stem cells 

and/or brain computer interface (BCI) approach. Among these two approaches, BCI 

approach offers new hope due to its relatively lower cost and promising results than 

the stem cell approach which is restrained by a comparative higher financial burden 

(Frantz, 2012) and lack of independent validation results of various stem cell 

treatments (Fehlings and Vawda, 2011). 

BCI offers an alternative interaction method that is based on the neural activity 

generated by the brain which can be detected and measured. BCI applies and decodes 

the brain activity obtained from an electroencephalogram (EEG) signal and converts 

this information to a sensible output such as any command to control and/or 

communicate with the augmentative and assistive devices (Muller-Putz et al., 2011). 

In the past three decades, the numbers of BCI studies have reported profound and 

promising results in aiding neurologically impaired/disabled patients, especially in 

fields of communication, control and motor substitution. 

One of the first attempts of providing facilities for communication to neurologically 

impaired/disabled patients started when the Tubingen BCI group developed the 

Thought-Translation-Device (TTD) in 1999 by Birbaumer et al., 1999. TTD is a 

system that could be operated through the modulation of brain signals. The system 

employs binary decision making for letter selection procedure where the alphabet 

was iteratively split into two halves with achieved spelling rate of 0.5 char/min.  

The results produced by the Tubingen BCI group which developed the TTD 

triggered a new dimension of communication and control for ALS patients which 

allow them to operate a standard web browser (Millán et al., 2010). In the first 

execution which is known as “Descartes” (Karim et al., 2006), the web window was 

shown for approximately 120s, followed by a navigation screen that presented the 

links from the current web page as leaves in a tree. Later, a prototype called “Nessi” 

(Bensch et al., 2007), allowed a more flexible selection of links using an improved 

user interface. A more advanced prototype was developed employing P300 paradigm 

(Muglerab et al., 2008). A BCI browser based on P300 can select from as many links 
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as the elements in the P300 matrix (for a 6 × 6 matrix, 36), and the selection of a link 

could be completed in one step, although reliable recognition requires several 

repetitions of the presentations of row/columns. 

On the other hand, work from groups in Heidelberg and Graz reported that 

combination of BCI system and FES system have shown to be beneficial for the SCI 

population (Pfurtscheller et al., 2003). In their study, a spinal cord injured patient 

who suffered from a complete motor paralysis with a missing hand and finger 

function managed to use a BCI system to restore his lateral grasp. The patient could 

trigger sequential grasp phases by imagining his foot movements. After many years 

of training and use of the BCI system, the patient could control the system even 

during a conversation with other persons. 

Later, the same group conducted BCI training on one other tetraplegic patient who 

was equipped with a freehand system. After completing three days of training, the 

patient managed to control the grasp sequence of the implanted neuroprosthesis 

appropriately (Müller-Putz et al., 2005). Furthermore, the same group expanded the 

BCI application by introducing a new method for controlling the grasp and elbow 

function (Millán et al., 2010). This study only used one laplacian EEG channel and 

one motor imagery pattern to control grasp and elbow function. 

 

1.2 Study Statement  

BCI is a paradigm that offers an alternative communication channel between the 

users and their external environment. Nevertheless, the majority of the BCI studies 

reported in the literature are associated with healthy subjects and are operate based 

on the movement of a combination of multiple limbs. The acquired results are not an 

appropriate platform to infer with neurologically impaired patients (e.g. spinal cord 

injury patients). This is probably healthy subjects having full control over their limbs 

and their EEG signatures show a different pattern. On the other hand, neurologically 

impaired patients have limited access/control over their limbs and the EEG 

signatures are affected by the deafferentation and cortical reorganization of brain 

regions depending on the duration, level and type of the disease. Therefore, it is 
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essential to carry a feasibility study which involves the targeted group of patients (in 

our case i.e. SCI patients) so that the findings can be considered with respect to the 

SCI patient population. Besides, the participation of actual targeted group of patients 

would enable researchers to face and solve the important particular and actual issues 

relevant to SCI subjects rather than dealing with ideal condition presented by healthy 

abled bodied subjects. 

 

1.3 List of Contributions 

This thesis presents our study to investigate the feasibility of developing BCI system 

for SCI patients. To the best of the author’s knowledge, the findings from this study 

have contributions towards the body of knowledge. The contributions of this study 

are listed below. 

1. Develop and implemented a multiclass BCI system based on a single limb 

which required zero subject training. 

2. Demonstrated that the implemented paradigm suits for both healthy and SCI 

subjects. 

3. Conduct experiment(s) on paraplegic and tetraplegic patients (involvement of 

big population of SCI patients in term of EEG signal recording). 

4. For the first time, emphasised the prescribed medication will affect the 

performance of patients in operating the BCI system. 

5. Directional information of imagination/intention of movement using a single 

limb can be obtained from wide a spectrum of EEG signals using a robust 

statistical technique, namely ANOVA test. 

6. The successful classification of EEG signals based on a single trial has shown 

that the implemented BCI system could be possibly developed as online BCI 

system. 

7. Experimentally verify the importance of using high density montage for 

surface EEG signal recording to select the best performing electrodes with 

respect to classification results. 
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1.4 Thesis Structure 

The rest of this thesis is organised as follows. Chapter 2 includes a comprehensive 

explanation of the terminology, effect and assessment of SCI and involvement of 

BCI as an alternative communication tool for SCI patients. Chapter 3 describes in 

detail, the implemented methodology in developing the proposed BCI system for this 

study. This chapter elicits the employed paradigm, data acquisition, experimental 

protocol and experimental set up for recording of two physiological signals namely 

electroencephalogram and electromyography signal. Chapter 4 explains the data 

processing techniques utilised to extract the important features from the recorded 

signals. Chapter 4 also describes the classification techniques that were applied to 

predict imagination/intention and direction of movement by subjects. In chapter 5, 

the results from the analysis of the recorded signal are presented. Chapter 6 

comprises of the discussion regarding the implemented methods and obtained results. 

Finally, chapter 7 concludes this dissertation highlighting the objectives achieved 

along with the various research work findings. Chapter 7 further provides the views 

and suggestions for further research in the BCI area. 

 

1.5 List of publications 

1. Ahmad Jamil, S.H.F.S, Lakany, H., Conway, B.A. (2016). Single Trial 

Classification of EEG in Predicting Intention and Direction of Wrist 

Movement: Translation Toward Development of Four-Class Brain Computer 

Interface System Based on a Single Limb. In Proc. COGNITIVE 2016, The 

Eight International Conference on Advanced Cognitive Technologies and 

Applications, pages 90-95. 
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2.1 Introduction 

This chapter will explain the terminology, presentation and assessment techniques of 

SCI. Literature concerning the control of movement through complex 

neurophysiological circuits is reviewed. A review of research in the field of BCI 

systems and their application as an alternative communication tool for neuro-

impaired patients, specifically those with SCI is comprehensively presented. 

Towards the end of this chapter attention will be focussed on addressing the 

limitations of current BCI technology for SCI users, concluding by highlighting the 

need for further work. 

 

2.2 Spinal Cord Injury 

SCI is a debilitating injury that affects physical and psychological health leading to 

motor and sensory function impairment (Li et al., 2009), increased risk of depression, 

drug dependences as well as increased hospital admission and decreased general 

health (Widerstrom-Noga et al., 2001, Craig et al., 1998). SCI not only inflicts a 

negative effect towards the patient’s life due to limited independency, but also 

healthcare/welfare involving other parties such as doctors, nurses and physicians for 

rehabilitation, with an associated economic cost. For instance, paralysis resulting 

from SCI affects almost 1200 people every year in UK; the estimated annual cost of 

caring for this growing number of SCI patients is more than £500 million 

(Apparelyzed 2015). 

 

2.2.1 Description of Spinal Cord Injury 

In the human body system, the brain is responsible for coordinating and responding 

to external stimuli by sending motor signals and receiving sensory signals to/from 

the rest of the body through the spinal cord. The spinal cord not only plays a crucial 

role by providing pathways in transmission of signals between the brain and the rest 

of the body, it is also responsible for spinal reflexes (Martini, 2005a). 
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The spinal cord is a cylindrical structure of nervous tissue composed of white and 

grey matter that extends from foramen magnum of the skull to the inferior border of 

the first lumbar vertebra (L1). It measures approximately 45 cm (adult) in length, 

comprised of 31 segments that can be classified into four anatomical regions (see 

Figure 2.1). These four regions are the cervical (8 segments), thoracic (12 segments), 

lumbar (5 segments), sacral (5 segments) and coccygeal region (1 segment) (Martini, 

2005b). 

 

Figure 2.1: Spinal cord segments. This figure shows spinal cord segments with 

spinal nerves for cervical, thoracic, lumbar, sacral and coccygeal regions. Functions 

affected by each segment are listed on the right hand side; pathological diagnoses 

ascribed to SCI at these different segments are listed on the left hand side. Adapted 

from [www.radiology.wisc.edu/neuroradiology/anatomy/spine].  
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SCI is diagnosed when the spinal cord is damaged directly by blunt or penetrating 

trauma. This may be caused by a motor vehicle accident, a fall, gunshot wounds, 

sports injury, medical/surgical complication or disease (Chen et al., 2013, McDonald 

and Sadowsky, 2002). The damage/lesion within the spinal cord disrupts the 

transmission of neural signals, potentially leading to paralysis due to the loss of 

movement and/or sensation below the lesioned area. The severity of paralysis 

resulting from SCI depends on the area/location and size of the lesion. Based on the 

extent of injury, SCI is broadly described as either complete or incomplete, with the 

latter resulting in relatively better functional outcomes for patients in comparison to 

the former. 

 

2.2.2 Category and level of Spinal Cord Injury 

SCI has huge implications on the transmission of motor and/or sensory signals along 

the spinal cord below the level of the lesion. It might cause neural signals to become 

either completely or partially isolated from the brain, resulting in tetraplegia 

(quadriplegia) or paraplegia. 

Complete spinal cord injury (cSCI) can be defined as a situation where no 

preservation of motor and/or sensory function exists more than 3 segments below the 

level of lesion (Waters et al., 1991). Thus in cSCI patients, motor and/or sensory 

signals along the spinal cord below the level of lesion are permanently isolated from 

the brain, causing a total loss of movement and sensation.  

On the other hand, incomplete spinal cord injury (iSCI) refers to the situation where 

some preservation of motor and/or sensory function exists more than 3 segments 

below the level of lesion (Waters et al., 1991). In iSCI patients, signals transmitted 

by the spinal cord below the level of lesion are partially isolated from the brain, 

resulting in preservation of some motor and/or sensory function below the lesion. 

There are six types of syndromes caused by iSCI which inflict varying degrees of 

motor and/or sensory impairment below the level of lesion. These six syndromes are 

anterior cord syndrome, central cord syndrome, posterior cord syndrome, brown 

sequard syndrome, cauda equine syndrome and conus medullaris syndrome 
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(McKinley et al., 2007). The condition and symptoms for each of these syndromes 

are portrayed in Figure 2.2. 

 

Figure 2.2: Incomplete spinal cord injury syndromes. The figure shows the 

condition of injury for each type of syndrome and also indicates the types of function 

affected by each syndrome. Adapted from (Richard Snell, 2010). 

Tetraplegia (quadriplegia) refers to impairment or loss of motor and/or sensory 

function due to a lesion in the cervical segments (C1-C8) of the spinal cord. 

Typically tetraplegia concerns altered function of all four limbs, trunk and pelvic 

organs without involving brachial plexus or injury to peripheral nerves outside the 

spinal cord (Bromley, 2006). In addition to paralysis of all four limbs, abdominal and 
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chest musculature may be affected which can lead to weakened breathing and impair 

the ability to effectively clear the throat/chest by coughing. 

Paraplegia may occur when the spinal cord was lesion below the first thoracic 

segment (T1-S5). This causes impairment or loss of motor and/or sensory functions 

encountered due to lesions in the thoracic, lumbar or sacral segments of the spinal 

cord. In paraplegia, arm and hand function is preserved and the lower body and limbs 

are effected; however, the overall extent of paralysis depends upon the level of the 

lesion, and might variably  present as impairment of the trunk, legs, and/or pelvic 

organs (Bromley, 2006). Functional outcomes for patients with cSCI at different 

levels of the spinal cord, either resulting in tetraplegia or paraplegia, are tabulated in 

Table 2.1. 

Table 2.1: Functional outcomes of patients following SCI. This table lists the 

possible impairment for each level of injury. Adapted from 

[www.hopkinsmedicine.org]. 

Level of 

injury 

Possible impairment 

C2-C3 Usually fatal as a result of inability to breathe. 

C4 Quadriplegia and breathing difficulty. 

C5 Quadriplegia with some shoulder and elbow function. 

C6 Quadriplegia with shoulder, elbow, and some wrist function. 

C7 Quadriplegia with shoulder, elbow, wrist, and some hand function. 

C8 Quadriplegia with normal arm function; hand weakness. 

T1-T6 Paraplegia with loss of function below mid-chest; full control of arms. 

T6-T12 Paraplegia with loss of function below the waist; good control of torso. 

L1-L5 Paraplegia with varying degrees of muscle involvement in the legs. 

S1-S6 Paraplegia with various degrees of voluntary bladder, bowel and sexual 

functions. 
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2.2.3 The consequence of Spinal Cord Injury on the brain 

Paralysis due to the loss of motor and/or sensory function is the most common 

implication caused by SCI. Unfortunately, in addition to these effects, SCI can also 

inflict secondary medical complications such as pneumonia, autonomic dysreflexia, 

deep venous thrombosis, pulmonary embolism, pressure ulcers, fractures and renal 

calculi (McKinley et al., 1999). Although there is a number of negative implications 

that stem from SCI, this thesis is concerned with the effect of SCI on the central 

nervous system, considering the dense interconnectivity between the brain and spinal 

cord (Nardone et al., 2013). Hence these other symptoms are not discussed any 

further. 

In recent years, there have been a number of published studies investigating motor 

function associated with SCI. One key advance in this field is the repeated 

observation that deafferentation of cortical circuits produced by SCI can lead to long 

term reorganisation of cortical topographic maps (Nardone et al., 2013, Bruehlmeier 

et al., 1998, Cramer et al., 2005, Shoham et al., 2001, Turner et al., 2003, Kokotilo et 

al., 2009, Aguilar et al., 2010). 

Studies carried out by Cramer et al., 2005 used functional magnetic resonance 

imaging (fMRI) to compare cerebral motor system function in patients with chronic, 

complete SCI compared to healthy control subjects. Their results indicated that for 

SCI patients, occurrences of abnormal activation patterns during attempted 

movement and abnormal processing in primary sensorimotor cortex during 

imagination of movement. In addition, they also found reduced volume of activation 

in primary sensorimotor cortex (4-8% with non SCI subject) and poor modulation of 

function with change in task demand. 

A study carried out by Olsson, 2012 found that after SCI, reorganisation of the motor 

representation in prefrontal and parietal cortex during complex motor task 

engagement. In this study, the author implemented fMRI in order to investigate the 

relationship between specific physical training and preserved motor representations 

following complete SCI. This study also reported that after complete SCI the motor 
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cortex representation may not be preserved, and suggested that motor imagery 

depended strongly on the current ability to perform the task physically. 

Furthermore, other neuroimaging and electrophysiological techniques such as 

transcranial magnetic stimulation (TMS), positron emission tomography (PET) and 

electroencephalogram (EEG) have also shown that sensorimotor cortex function 

becomes disorganised after SCI. TMS studies have indicated that there is an 

enlargement of cortical sensorimotor area dedicated to the preserved muscle above 

the level of the lesion (Levy Jr et al., 1990), enhanced excitability of motor pathway 

targeting muscles rostral to the level of spinal transection has also been suggested 

using TMS (Topka et al., 1991). PET studies suggested that SCI patients have shown 

wider activation of cortical and subcortical brain regions during hand movements 

(Bruehlmeier et al., 1998, Curt et al., 2002). Additionally, a study using EEG 

recordings has reported reorganisation of cortical motor activity towards a more 

posterior location following SCI (Green et al., 1998). 

 

2.2.4 Assessment of Spinal Cord Injury 

It is important to have a standard instrument to measure the severity of functional 

impairment and neurological deficits caused by SCI.  This assessment tool can 

provide information about the neurological level of SCI, extent of injury to the spinal 

cord, and the resulting degree of impairment. Moreover, this assessment tool will 

ideally be capable of helping deliver predicted long-term outcomes for the patient 

and facilitate communication about their status to caregivers. Currently there are four 

classes of instrument used for assessing the degree of SCI in clinical and research 

arenas. These include neurological, functional, neuroimaging and 

electrophysiological assessments (Steeves et al., 2007, Lammertse et al., 2007). 

Neurological examinations are carried out in order to assess the severity and location 

of lesion(s) in the spinal cord. This assessment uses scales to categorise motor and/or 

sensory function which depends on the response of the patient and whether he/she is 

able to cooperate and follow the given instructions. Hitherto, various neurological 

assessments have been developed for the assessment of SCI; the Frankel scale (van 
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Middendorp et al., 2011), Yale scale (Daverat et al., 1988), University of Miami 

Neuro-Spinal Index (UMNI) (Klose et al., 1980),  National Acute Spinal Cord Injury 

Studies scale (NASCIS) (Hadley et al., 2013) and American Spinal Injury 

Association (ASIA) scale (Maynard et al., 1997). Although there are plenty varieties 

of neurological assessment to choose from, only a few are widely practised whilst 

others have not received such widespread acceptance and recognition. The ASIA 

scale is referred to as the standardised clinical examination of motor and sensory 

function for use in the case of traumatic SCI (van Middendorp et al., 2011). 

Functional assessment is an instrument which implements a scale for measuring the 

degree of independence by which a neuro-impaired patient can perform specific 

motor and cognitive tasks. Scales for functional assessment include the Quadriplegic 

Index of Function (QIF) (Gresham et al., 1986), the Walking Index for SCI (WISCI) 

(Steeves et al., 2007), the Barthel Index (Tomassen et al., 2000), the Functional 

Independence Measure (FIM) (da Silva et al., 2012), the Spinal Cord Independence 

Measure (SCIM) (Glass et al., 2009), and the Spinal Cord Injury Functional 

Ambulation Inventory (Field-Fote et al., 2001). Among these functional assessments, 

SCIM III was recommended for classification and evaluation of patients with acute 

SCI (Furlan et al., 2011). 

Sophisticated neuroimaging modalities now enable researchers to visually observe 

the anatomy of the neural axis and vertebral contents by non-invasive means. A 

number of these imaging techniques have been implemented for assessing SCI, 

namely multi-slice computed tomography (MSCT) (Rimkus et al., 2011), magnetic 

resonance imaging (MRI) (Lammertse et al., 2007), magnetic resonance imaging- 

diffusion weighted (MRI-DWI) (Shen et al., 2007), functional magnetic resonance 

imaging (fMRI) (Stroman, 2005), intraoperative spinal sonography (IOSS) (Mirvis 

and Geisler, 1990) and positron emission tomography (PET) (Roelcke et al., 1997).  

Although each imaging modality targets different structures within the spinal cord 

and canal, MRI has been suggested as the preferred imaging modality for evaluating 

the spinal cord after trauma (Lammertse et al., 2007). 

Electrophysiological assessments operate by measuring bioelectric signals (typically 

EEG) such as somatosensory evoked potential (SSEP) (Curt and Dietz, 1997) and 
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motor evoked potential (MEP) (Curt et al., 1998). These assessments are particularly 

helpful when treating patients who cannot participate fully in a reliable physical 

examination. Electrophysiological assessment also offers additional diagnostic value 

for the assessment of spinal cord injury. Generally SSEP and MEP are related to the 

outcome/predictive of ambulatory capacity, hand and bladder function in patients 

with acute SCI (Curt and Dietz, 1999). 

In the present study, the ASIA scale is the only neurological examination applied to 

assess the level of SCI, henceforth, this method of functional assessment is further 

discussed below. 

 

2.2.4.1 American Spinal Injury Association (ASIA) 

The International Standards for Neurological Classification of SCI were initially 

developed as the ASIA Standards in 1982 (Waring et al., 2010) and often referred to 

as “the gold standard” for neurological assessment of SCI (Marino, 2005). In order to 

improved reliability of assessment and classification, the ASIA scale has been 

revised in six editions (Marino, 2005) and major revisions were completed in 1992, 

1996 and 2000 (Waring et al., 2010). The revision in 1992 comprises the selection of 

key muscles and the addition of two sensory examinations namely light touch (LT) 

and pin prick (PP) for the assessment (Marino et al., 2008). Additionally, revisions in 

1996 and 2000 included changes related to classification rather than any practical 

motor and sensory examination procedures (Marino et al., 2008). 

The ASIA scale consists of a two-stage protocol of examination and classification. 

The examinations include sensory (light touch and pin prick) and motor examination. 

Both of the sensory examinations, light touch and pin prick, are carried out at the key 

points (C2-C8, T1-T12, L1-L5, S1-S5) in each of the 28 dermatomes on both sides of 

the body. The light touch test is usually performed using cotton whereas the pin prick 

test is carried with a disposable safety pin that is stretched apart to allow testing on 

both ends (pointed and rounded end) (Maynard et al., 1997, Kirshblum et al., 2011). 
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The motor examination is performed through the testing of key muscles (C5-C8, T1, 

L2-L5, S1) in the 10 paired myotomes on both sides of the body, according to the 

rostral-caudal sequence. In myotomes that are not testable by this examination, such 

as C1-C4, T2-T12, L1, S2-S5, the motor level is presumed to be the same as the 

sensory level. In order to determine the completeness of the injury, the external anal 

sphincter is tested for assessing the presence or absence of voluntary anal contraction 

(Maynard et al., 1997, Kirshblum et al., 2011). 

The classification process finalises the outcome of the sensory and motor level, 

sensory and motor score, the completeness of injury (incomplete or complete), the 

zone of partial preservation (for incomplete injuries) and the ASIA Impairment Scale 

(AIS grade). The severities of the injuries are classified either complete or 

incomplete based on the presence of sensory or motor function in the most caudal 

sacral segment as determined by the examination. The AIS grade reflecting the 

degree of impairment is categorised as A, B, C, D or E; details of impairments 

associated with each grade are provided in Table 2.2. 

Table 2.2: ASIA impairment Scale (AIS grade). This table explains the level of 

impairment for each AIS grade. Adapted from [International Standards for 

Neurological and Functional Classification of Spinal Cord Injury (ISNCSCI) form]. 

Grade Severity Definition 

A Complete No sensory or motor function is preserved in the sacral segments S4-

S5 

B Sensory 

incomplete 

Sensory but not motor function is preserved below the neurological 

level and includes the sacral segments S4-S5, AND no motor 

function is preserved more than three levels below the motor level on 

either side of the body. 

C Motor 

incomplete 

Motor function is preserved below the neurological level**, and 

more than half of key muscle functions below the single neurological 

level of injury have a muscle grade less than 3 (Grades 0–2) 

D Motor 

incomplete 

Motor function is preserved below the neurological level**, and at 

least half (half or more) of key muscle functions below the 

neurological level of injury have a muscle grade of 3 or more 

E Normal Motor and sensory function is normal 
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2.3 Neural Control of Movement 

Movements can be referred to as changes of postures either consciously (voluntarily 

movements) or automatically (reflex/involuntarily movements) that serve as a 

platform for interacting and communicating with the physical world (Brooks, 1983). 

Voluntarily and reflex movements are produced by the synchronised, 

spatiotemporally coordinated patterns of skeletal muscles contractions and 

relaxations controlled by neural circuits. Activation and inhibition of these neural 

circuits is initiated and coordinated by the central nervous system (CNS) (Figure 2.3) 

(Berkowitz, 2012, Groenewegen, 2003, Purves et al., 2001). 

 

Figure 2.3: Central nervous system. This figure shows components of the central 

nervous system and indicates the function of various brain regions. Adapted from 

[www.humananatomydb.com/central-nervous-system-structure/]. 

CNS consists of two main components; the brain and spinal cord. The brain is 

responsible for integrating sensory information and synchronising conscious and 

unconscious bodily functions, whereas the spinal cord acts as conduit for 

transmitting motor and sensory signals between the brain and the rest of the body. 

The spinal cord is also responsible for the spinal reflex (Martini, 2005a). Motor and 

sensory signals within the spinal cord are retrieved and/or conveyed from/to skeletal 

muscles through mechanisms known as neural circuits (Purves et al., 2001). 
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Neural circuits are a combination of organised neurons (shown in Figure 2.4) that 

process specific information to perform a function. Essentially, neural circuits in the 

spinal cord are formed by 3 main elements: afferent neurons, efferent neurons and 

interneurons/local circuit neurons. Afferent neurons are nerve cells that transmit 

sensory information towards the CNS, while efferent neurons are nerve cells that 

transmit motor information outwards from the CNS. The third element, local circuit 

neurons, are nerve cells that mediate interactions between the sensory (afferent) and 

motor (efferent) systems (Purves et al., 2001). 

 

Figure 2.4: Neural circuits. This figure shows the structure of a prototypical 

neuron. Each neuron is made of a cell body (contain the nucleus), dendrites (that 

conduct impulses towards the cell body), an axon (carries impulses away from cell 

body) and synapses (contact points between axon of one neuron and dendrite of 

another neuron). Adapted from [www.pmgbiology.com/tag/nerve/]. 

Neural circuits are responsible for performing various functions, one of which is 

controlling movement. There are four distinct subsystems of neural circuits that are 

involved in motor control. These are upper motor neurons, lower motor neurons, the 

cerebellum and basal ganglia (see Figure 2.5). Each of the subsystems plays an 

important role in the control of movement. For instance, upper motor neurons carry 

motor information to the lower motor neurons, whereas lower motor neurons 
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innervate muscle fibres (motor neuron pool), effectively providing a link between 

upper motor neurons and muscles. The cerebellum modulates activity, acting to 

reduce the error between intended and actual movements by integrating information 

from sensory systems. Lastly, the basal ganglia is responsible for preparing upper 

motor neurons for movement and suppressing unwanted movement (Purves et al., 

2001, Monkhouse, 2005). 

 

Figure 2.5: Neural structures for control of movement. This figure illustrates the 

four distinct subsystems involved in control of movement; upper motor neuron, 

lower motor neuron, the cerebellum and the basal ganglia. Adapted from  

(Purves et al., 2001). 
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2.3.1 Voluntary and Reflex Movement 

Generally, movement play a major role in enabling the human body to interact and 

communicate with the outside world. Movement can occur in two different condition 

and/or situation, which are voluntary and reflex movements, introduced above. 

Although both of these movements controlled by the CNS, they are inherently 

different in the sense that voluntary movements are self-generated whereas reflexes 

are stimulus-bound (Prochazka et al., 2000).    

Voluntary movements are initiated from the cerebral cortex to accomplish a specific 

goal. This may also be categorised as higher order movement because it is initiated 

by free will and can be performed both automatically and at the level of conscious 

awareness. Although voluntary movements can be performed automatically as a 

reflex movement (evoked by sensory stimulus), it is not necessary for an external 

stimuli to precede the movement. Motor learning processes are also evident in 

voluntary movements, which improve through experience and learning; i.e. 

performance improves with practice (Ghez and Krakauer, 1991, Ito, 2012). 

On the other hand, reflex movements operate within the spinal cord and brainstem, 

not necessarily requiring direct involvement from the cerebral cortex. Reflex 

movements are rapid responses to sensory stimuli which are executed solely by an 

automatic pattern of activity. In addition, reflexes can be considered as a built-in 

safety mechanism that protects the human body from harm by reacting  to potentially 

harmful external stimuli (Ito, 2012, Martini, 2005a). 

 

2.3.2 Upper Motor Neurons and control of movement 

Upper motor neurons (UMNs) are motor neurons that originate either in the motor 

region of the cerebral cortex or in the brainstem motor centres. UMNs originating in 

the cortex are responsible for initiation of voluntary movements and for complex 

spatiotemporal sequences required for skilled movements. On the other hand, UMNs 

that originate in the brainstem are essential for ongoing postural control and are 

highly related to basic navigational movements (Sach et al., 2004, Monkhouse, 2005, 

Purves et al., 2001, Snell, 2010). UMNs carry motor information down to the lower 
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motor neurons through descending motor tracts such as  pyramidal tracts and 

extrapyramidal tracts (shown in Figure 2.6) (Snell, 2010).  

The pyramidal tracts consist of corticospinal and corticobulbar (Harvey et al., 2008). 

The corticospinal tract plays a major role in controlling movements that required 

flexibility and skill  (Martin, 2005), whereas the corticobulbar tract is responsible for 

speech and swallowing functions (Urban et al., 1998). 

Aside from these broad functions, the extrapyramidal tract comprises of 5 separate 

nerve bundles; namely, the reticulospinal, vestibulospinal, rubrospinal, testospinal 

and olivospinal tracts. The reticulospinal tract is concerned with controlling 

respiration, blood vessel diameter and muscle tone. The vestibulospinal tract is 

responsible for adjusting the position of the head and body during angular and linear 

acceleration. The rubrospinal tract provides communication to influence flexor 

muscle tone. The testospinal tract is responsible for movement of the head in respond 

to visual and auditory stimuli. Finally, the olivospinal tract is involved with reflex 

movements which receives stimuli from within the body (Sembulingam and 

Sembulingam, 2012, Costanzo, 2010, de Oliveira-Souza, 2012, Snell, 2010). 
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Figure 2.6: Pyramidal and extrapyramidal tracts. This figure shows the 

pyramidal tract (on the left) and extrapyramidal tract (on the right). The pyramidal 

tract only displays the lateral pyramidal tract, whereas the extrapyramidal tracts 

shown are vestibulospinal, rubrospinal, tectospinal and reticulospinal tracts.  

Adapted from [www.studyblue.com/notes/neural-pathways-the-pyramidal-and-

extrapyramidal-systems]. 

 

2.3.3 Lower Motor Neurons and control of movement 

Lower motor neurons (LMNs) are located in ventral horn grey matter of the spinal 

cord and in motor nuclei of cranial nerves in the brainstem. LMNs are the only 

neurons that innervate skeletal muscle fibres and serve as a link between UMNs and 

muscles (Figure 2.7). LMNs therefore play a crucial role as the final pathway for 

transmitting the neural information from the central nervous system to skeletal 

muscles (Purves et al., 2001, Snell, 2010, Sembulingam and Sembulingam, 2012). 
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Figure 2.7: Lower motor neurons circuit. This figure illustrates the connections 

between upper motor neurons, lower motor neurons and skeletal muscle. Adapted 

from (Damjanov, 2000). 

Generally LMNs are comprised of three types of motor neurons; alpha, beta and 

gamma motor neurons (Figure 2.8). Alpha motor neurons (Alpha MNs) have a large 

cell body and a well characterised neuromuscular ending. Alpha MNs innervate 

extrafusal muscle fibres and are responsible for initiating muscle contraction. On the 

other hand, beta motor neurons (Beta MNs) are smaller and less abundant than Alpha 

MNs. Beta MNs innervate both intrafusal and extrafusal muscle fibres. Beta MNs are 

responsible for control of both muscle contraction and responsivity of sensory 

feedback from the muscle spindle. Beta MNs are comprised of two subtypes; static 

(innervate nuclear fibres) and dynamic (innervate the nuclear bag fibres of muscle 

spindles). Gamma motor neurons (Gamma MNs) innervate intrafusal muscle fibres 

and are responsible for controlling the sensitivity of muscle spindles. There are also 

two subtypes of gamma MNs; static (connecting to nuclear chain fibres and nuclear 

bag fibres) and dynamic (connecting only to nuclear bag fibres) (Stifani, 2014, 

Costanzo, 2010, Manuel and Zytnicki, 2011). 
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Figure 2.8: Components of lower motor neurons. This figure shows LMNs 

innervating a muscle spindle (MS). The alpha motor neuron (Alpha MN) innervates 

extrafusal fibres (EF) only, whereas the beta motor neuron (Beta MN) innervates 

both EF and intrafusal fibres (IF). The gamma motor neurons (Gamma MN) subtypes 

shown are static, connecting to nuclear chain (CH) and nuclear bag two (B2), and 

dynamic, which is connected to nuclear bag one (B1). The outer capsule (OC) is a 

membrane that isolates the muscle spindle from extrafusal fibres. Sensory afferent 

axons la and ll convey information to a sensory neuron. Adapted from  

(Stifani, 2014). 

 

2.3.4 Cerebellum and control of movement 

The cerebellum constitutes approximately 10% of the total weight of the brain. 

Neurons are more densely compacted in the cerebellum compared with other regions 

of the brain (Figure 2.3) (Glickstein, 2007). Although the cerebellum contributes 

somewhat to cognitive processing (Baillieux et al., 2008), speech processing 

(Ackermann and Hertrich, 2000) and emotion control (Schmahmann and Caplan, 

2006), it is most frequently associated with movement control (Robinson, 1995). 

The cerebellum is highly associated with movement control because of its role in 

regulating the activity of UMNs (Purves et al., 2001). It is responsible for a various 

range of movement controls; namely balance, posture and equilibrium, maintenance 

of muscle tone, locomotion, coordination and timing of movements (Wolf et al., 

2009, Morton and Bastian, 2004, Sembulingam and Sembulingam, 2012). In addition 

to its direct role in motor function, the cerebellum also plays a major part in motor 

learning (Ito, 2000), integrating skilled voluntary movements (Sembulingam and 
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Sembulingam, 2012) and  detecting the difference between intended and actual 

movements (Purves et al., 2001). 

 

2.3.5 Basal Ganglia and control of movement 

Basal ganglia are scattered masses of grey matter that represent a large and 

functionally diverse set of nuclei submerged in the subcortical substance of each 

cerebral hemisphere (Figure 2.9) (Sembulingam and Sembulingam, 2012, Purves et 

al., 2001). Basal ganglia are comprised of five nuclei; namely caudate, putamen, 

globus pallidus, substantia nigra and subthalamis nucleus, which are all closely 

related to motor function (Purves et al., 2001, Berkowitz, 2012). Each of these nuclei 

also serve as side loops to the cerebral cortex because they receive their input from, 

and project exclusively back to, the cerebral cortex (Everett and Kell, 2010). 

Although the basal ganglia is part of the nervous system concerned with movement 

control, it has no direct connections with the spinal cord (Snell, 2010). Despite 

having no direct connection with the spinal cord, basal ganglia can influence 

movement by regulating the activity of UMNs (same as cerebellum) (Purves et al., 

2001). 

 

Figure 2.9: Basal ganglia. This figure shows the anatomy of the basal ganglia. Basal 

ganglia are comprised of the caudate, putamen, globus pallidus, and subthalamic 

nuclei and the substantia nigra. Adapted from 

[www.humanphysiology.academy/Neurosciences 2015/Basal Ganglia]. 
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Basal ganglia plays a significant role in movement control where it facilitates desired 

movements and suppresses unwanted competing movements (Mink, 1996), planning 

and executing smooth movements (Costanzo, 2010), coordination of skill 

movements, regulation of automatic associated movements and control of muscle 

tone (Sembulingam and Sembulingam, 2012). 

 

2.4 Brain Computer Interface  

BCI is a communication method based on neural activity generated by the brain, and 

as such is independent from the normal output pathway of peripheral nerves and 

muscles. A BCI operates by detecting specific signatures in the user’s ongoing brain 

activity that relates to their intention to initiate control and translates these patterns 

into control commands. A BCI therefore establishes a direct connection between the 

brain and an external device, providing an alternative output channel for the brain 

other than voluntary adaptive control by the user (Vallabhaneni et al., 2005, Wolpaw 

et al., 2000, Pfurtscheller, 2004, Muller-Putz et al., 2011, Bashashati et al., 2007).  

Usually a BCI is categorised either based on the nature of the input signal or the 

input signal processing modality. Based on the nature of the input signal, BCI 

systems can be categorised as either endogenous or exogenous. Endogenous BCI 

systems are based on self-regulation of brain rhythms, potentially through operant 

conditioning, or in other words, the user’s ability to control their electrophysiological 

activity. For instance, users can learn to modulate the signal power in a frequency 

band measured from EEG at a specific location to manipulate a target. Endogenous 

BCI systems also enable the user to have direct interaction with their environment, 

operate at free will, and independent of any external cues or stimulation (Nicolas-

Alonso and Gomez-Gil, 2012, Kleber and Birbaumer, 2005, Roberto Hornero, 2012). 

On the other hand, exogenous BCI systems depend on neural activity which is 

stimulated by an external stimulus. These systems typically use electrophysiological 

activity evoked by external stimuli, for instance changes in EEG amplitude caused by 

an infrequent auditory or visual stimulus. Exogenous BCI systems do not required 
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extensive training; however, the presentation of stimuli is a necessity (Nicolas-

Alonso and Gomez-Gil, 2012, Kleber and Birbaumer, 2005, Roberto Hornero, 2012). 

Depending on the input signal processing modality BCI systems may be categorised 

as either synchronous or asynchronous. Synchronous BCI systems operate using a 

cue. Presentation of the cue triggers a predefined measurement window for analysing 

brain signals, from which control commands are derived. In this type of synchronous 

BCI system the user needs to pay attention and respond accordingly to the cue, 

therefore onset of goal-directed mental activity is detected and associated with the 

specific cue (Hazrati and Erfanian, 2010, Tsui and Gan, 2007). 

Asynchronous BCI systems do not require the use of external cues, rather they 

operate on a self-pace basis (Nooh et al., 2011). The main advantage of this type of 

system is that it offers the user a more natural mode of interaction where they control 

the BCI output according to their needs, at their own pace (Townsend et al., 2004). 

Due to this mode of operation asynchronous BCI systems have to continuously 

analyse brain signals, whether or not the user requires a specific action to be taken, 

making these systems more complex and computationally demanding than 

synchronous BCIs (Tsui and Gan, 2007).  

The fundamental goal of a BCI system is to proficiently detect and distinguish 

different signatures of brain activity associated with specific intentions or mental 

tasks (Millán and Carmena, 2010). These brain signatures are later translated into 

commands that are capable of communicating and/or controlling assistive and 

augmentative devices. Another consideration in BCI system design, other than the 

operational category described above, is the functional components which combine 

to build a working BCI system.  

Normally BCI systems are comprised of four main components; a brain signal 

acquisition, mental effort, feedback and signal translation (Pfurtscheller, 2004, 

Rajyalakshmi et al., 2013). The first component focuses on the modality of extracting 

measurements of neural activity generated by the brain. Following the first 

component, mental effort refers to the technique(s) capable of affecting or modifying 

the acquired brain signal. Feedback plays a major role in the training phase, user 
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learning and overall successful implementation of the BCI system. Crucially, the 

final stage of the BCI system is to translate the brain signature into the correct 

commands for use by augmentative and/or assistive devices. Further details of each 

of these BCI components are provided in the following sections. 

 

2.4.1 Brain signal acquisition for BCI 

BCI systems use brain signals as the main input in order to identify user intention 

and translate this into a command. Recording signals from the brain and interpreting 

them into useful electrical signals is the fundamental principle behind each BCI 

system. In general two types of brain signal are used to infer and describe user 

attention; electrophysiological activity and haemodynamic responses (Purkayastha et 

al., 2014, Castermans et al., 2013). 

Electrophysiological activity is produced by the processes of communication 

throughout neural circuits. Neurons generate ionic currents which are transmitted 

across neuronal ensembles using the combination of nuclei, axons, synapses and 

dendrites (Purves et al., 2001). In general, current flow through a neuron can be 

simplified as a dipole conducting current from source to sink along the dendritic 

trunk.  Conservation of electric charge enforces the current loop to be enclosed by 

extracellular current flow even through the most distant part of the neuron. Both 

intracellular (primary) and extracellular (secondary) currents  contribute to scalp-

recorded electric potentials and magnetic fields measured outside the head (Baillet et 

al., 2001). Electrophysiological activity is measured in EEG, 

magnetoencephalography (MEG), single unit activity (SUA), multi-unit activity 

(MUA), local field potential (LFP), and electrocorticography (ECoG) recording 

(Purkayastha et al., 2014, Castermans et al., 2013).  

In contrast, haemodynamic responses measure the ratio of oxygenated (blood 

carrying oxygen) to deoxygenated (blood with no oxygen) haemoglobin level 

changes in blood flow; i.e. a blood oxygenation level dependent (BOLD) signal. 

Normally increases in blood flow correspond with increases in glucose metabolism 

in populations of active neurons. Additionally, in an active population of neurons the 
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BOLD signal changes due to increased flow of oxygenated blood which surpasses 

deoxygenated blood. The changes of local ratio of oxygenated blood to 

deoxygenated blood also cause increase in magnetic resonance effects (Laureys and 

Tononi, 2011). Haemodynamic changes can be quantified using functional magnetic 

resonance imaging (fMRI), positron emission tomography (PET) and near infrared 

spectroscopy (NIRS) neuroimaging techniques (Purkayastha et al., 2014, Castermans 

et al., 2013). 

In BCI systems, both electrophysiological and haemodynamic responses are capable 

of indicating user intentions using invasive (Wang et al., 2013a, Lal et al., 2004, 

Liang and Bougrain, 2012, Piangerelli et al., 2014) and non-invasive (Millan et al., 

2009, Karim et al., 2006, Tavella et al., 2010, Ahmed et al., 2014) approaches. 

 

2.4.1.1 Invasive Brain Computer Interface 

Invasive BCI systems require implantation of microelectrode arrays either inside the 

skull or cortex. This may involve complex, clinically perilous brain surgery in order 

to record neural activity from and/or stimulate neuronal tissue (Cheung, 2007, Biran 

et al., 2007). Invasive BCIs should only be utilised when safe for the user and where 

there is evidence to suggest that it will provide significant improvements in function 

compared with non-invasive systems. In general there are two types of invasive BCI; 

intracranial and intracortical (Brumberg and Guenther, 2010). 

The intracranial modality uses microelectrode arrays placed on the cortical surface 

either outside the dura mater, known as epidural electrocorticography (ECoG), or 

under the dura mater, known as subdural ECoG. Intracranial methods focus on 

recording neural activity at a mesoscopic level (population of neurons); for instance, 

recording of the cortical field potential through ECoG (Millán and Carmena, 2010, 

Nicolas-Alonso and Gomez-Gil, 2012, Brumberg et al., 2010). ECoG may also be 

referred to as intracranial electroencephalography (iEEG), and requires that a 

craniotomy be performed in order to implant electrodes on the cortical 

surface(Ahmed et al., 2014). Usually ECoG applies Platinum/Iridium (Pt/Ir) 

electrodes and typically records measures from the local field potential (LFP), 
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including levels of synchronous activity. ECoG can be used as a platform for 

diagnosing the foci of seizure activity in patients with pre-surgical epilepsy, thus 

intracranial electrode placement is required to localise pathological tissue for surgical 

ablation (Morshed and Khan, 2014). 

Conversely, intracortical neuronal recordings measure electrical signals from the 

grey matter of the brain by implanting microelectrode arrays inside of the cortex. 

This modality is capable of recording neural activity at both the microscopic and 

mesoscopic levels; for example, recording of single-unit activity (SUA), multi-unit 

activity (MUA) and LFP. Both SUA and MUA are observed by applying a high pass 

filter (>300 Hz), whereas LFP is obtained by using a low pass filter (<300 Hz), to 

intracortical recordings (Waldert et al., 2009). Intracortical recordings can be 

acquired using single microelectrodes and multi-electrode arrays (Castermans et al., 

2013, Nicolas-Alonso and Gomez-Gil, 2012). 

Microelectrode techniques are capable of recording neural activity and stimulating 

neuronal populations simultaneously. Action potentials from a neuron may be 

recorded by placing the electrode approximately 150µm from the cell (Donoghue, 

2008). The recording process can be carried out either from single neuron (SUA) or 

multiple neurons (MUA) (Lebedev and Nicolelis, 2006). 

Multi-electrode arrays share the same functions as microelectrode techniques. These 

may be comprised of multiple micro wires together in a bundle or a silicon probe 

platform with etched electrode arrays (Donoghue, 2008). One model of 

microelectrode array that has been approved by the FDA for use in human studies is 

the Utah Intracortical Electrode Array (UIEA). The UIEA consists of 100 small 

diameter silicon micro needles insulated with polyimide and built on a square grid 

with 400 µm spacing. The UIEA can be inserted 1.5 mm deep into the cerebral 

cortex (Fernandez et al., 2014, Nordhausen et al., 1996). 
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2.4.1.2 Non Invasive Brain Computer Interface 

In a non-invasive BCI, there is a reduced risk for the user because surgery is not 

required to record neural activity. Instead brain signals are recorded from outside the 

head, typically from the scalp. There are five prominent recording non-invasive 

neuroimaging modalities which may be used in a BCI. These five recording 

modalities include PET, MEG, fMRI, NIRS and EEG (Morshed and Khan, 2014, 

Ahmed et al., 2014, Nicolas-Alonso and Gomez-Gil, 2012). 

PET is a neuroimaging technique capable of remotely monitoring and recording of 

brain activity. PET utilises a radionuclide tracer of biologically active molecules 

which is introduced into the body either by injection or swallowing.  The biologically 

active molecules are administered in micromolar or nanomolar concentrations, 

labelled with short lived positron-emitting isotopes. An imaging system then 

constructs a series of three dimensional images of functional bodily processes by 

detecting gamma rays emitted by the radionuclide tracer (Morshed and Khan, 2014, 

Quigley et al., 2011, Castermans et al., 2013, Purkayastha et al., 2014). 

MEG measures the magnetic field induced by intracellular currents flowing through 

neurons (Baillet et al., 2001, Waldert et al., 2009). Generally, these magnetic fields 

are very weak, thus the MEG system requires effective magnetic shielding to 

minimise interference from external magnetic fields. Furthermore, specially designed 

magnetic sensors called superconducting quantum interference devices (SQUID) are 

used for recording magnetic fields in MEG. SQUID comprises of an array of coiled 

superconducting wires cooled by immersion in liquid helium (Purkayastha et al., 

2014, Castermans et al., 2013, Nicolas-Alonso and Gomez-Gil, 2012). 

fMRI detects the deviations of magnetic fields influenced by haemoglobin ratio 

between oxygenated to deoxygenated of blood flow (BOLD). Substances from 

oxygenated and deoxygenated blood, for example, oxyhemoglobin and 

deoxyhemoglobin, have huge implications on the magnetic field due to their different 

magnetic properties. This is because deoxyhemoglobin is pragmatic and causes 

inhomogeneity of the nearby magnetic field, whereas oxyhemoglobin is diamagnetic 

and has only a small effect on the nearby magnetic field (Purkayastha et al., 2014). 
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Due to these magnetic properties, higher concentrations of oxyhemoglobin lead to a 

better image intensity (Ogawa et al., 1990). This also enables fMRI to provide 

accurate localisation of active regions within the brain (Castermans et al., 2013). 

NIRS is an optical spectroscopy technique capable of assessing brain function 

haemodynamically by detecting changes of haemoglobin concentration associated 

with neural activity using infrared light. Infrared light can penetrate the skull to a 

depth of approximately 1-3 cm below the surface, thus this technique can measure 

activity from superficial cortical layers only (Castermans et al., 2013, Nicolas-

Alonso and Gomez-Gil, 2012). Variation of the haemoglobin concentration provides 

information regarding blood oxygenation measured based on the optical absorption 

properties of oxyhemoglobin and deoxyhemoglobin (Purkayastha et al., 2014). The 

degree of oxygenation in cortical tissue is effectively determined by shining near-

infrared light into it and measuring the amount that emerges, unabsorbed (Boas, 

2004). 

EEG is a non-invasive modality that measures the electric brain activity induced by 

the secondary current from excitation of cortical neurons (Baillet et al., 2001). The 

EEG signal is typically considered in terms of five set frequency components, or 

bands; delta (δ 1-3 Hz), theta (θ 4-7 Hz), alpha (α 8-12 Hz), beta (β 13-30 Hz) and 

gamma (γ above 30 Hz) (Purkayastha et al., 2014, Roh et al., 2015, Safri and Adnan, 

2015). In general, EEG recording systems require placement of electrodes on the 

surface of the scalp in a specific configuration referred to as a montage. Usually the 

electrodes are made of silver chloride (AgCl) (Sinclair et al., 2007) and the recording 

montages used for their positioning may be the standardised 10/20, 10/10 or 10/5 

electrode placement systems (Jurcak et al., 2007). Moreover, some montages 

comprise dense configurations of up to 128 or 256 electrodes (Teplan, 2002). In 

order to record good quality of EEG, the contact impedance between the electrode 

and scalp should be below 5 KΩ. To achieve this, conductive paste/jelly/gel is used 

to provide a conductive path and reduce impedance between the electrode and scalp 

(Teplan, 2002). 
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2.4.2 Brain signature in BCI 

In the BCI platform, it is essential to extract and translate a brain signature into 

appropriate commands for controlling augmentative and/or assistive devices. Brain 

signature refers to unique characteristics produced by changes of mental processes or 

state (van Gerven et al., 2009). The measured brain signature is typically an event 

related potential (ERP; based on EEG recording) or event related field (ERF; based 

on MEG recording) (McFadden and Rojas, 2013). An ERP is the recorded changes 

of EEG potential that are time-locked to an event/stimulus, whereas an ERF is the 

corresponding magnetic field changes extracted from MEG (Hillyard and Kutas, 

2002). 

In general, an ERP is comprised of two type of response; evoked and induced 

responses (Tallon-Baudry and Bertrand, 1999). Evoked responses are phase- and 

time-locked to an event/stimulus, thus by averaging the signal over repeated 

instances of the event/stimulus; unrelated activity is averaged-out leaving the evoked 

response. Conversely, induced responses are time-locked but not phase-locked to the 

event. Thus to determine the induced response, spectral power over time during each 

stimulus presentation may be calculated before averaging, therefore including non-

phase-locked oscillatory activity in the quantification (van Gerven et al., 2009, 

Pfurtscheller and Da Silva, 1999). Although evoked and induced responses have 

contrasting phase relationships with a timed event, both play a major role in 

generating that output control signal in BCI systems. For instance, evoked responses 

such as the slow cortical potential, visual evoked potential and P300, as well as such 

induced responses as event-related desynchronisation/ synchronisation, have 

provided brain signatures to drive BCI systems. 

Slow cortical potentials (SCPs) are slow event-related direct current shifts of the 

EEG signal (Strehl et al., 2006), caused by changes in the depolarisation levels of 

upper cortical dendrites (Vallabhaneni et al., 2005, Birbaumer et al., 2000). 

Generally, negative SCPs correlate with increased neuronal activity, whereas positive 

SCPs coincide with decreased activity in individual cells (Birbaumer et al., 1990). 

SCPs can be self-regulated by both healthy users and neuro-impaired patients 

through training. In BCI systems, SCPs have been used to derive a control signal for 
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moving a cursor, target selection and controlling movement of an object on a 

computer screen (Hinterberger et al., 2004, Birbaumer et al., 2000, Birbaumer et al., 

2003). 

Visual evoked potentials (VEPs) are another type of evoked response commonly 

used in BCI systems. Implementation of VEPs as control signals can be seen in 

applications such as controlling a mobile robot (Kapeller et al., 2013). VEPs refer to 

modulation of brain activity in the occipital area in response to a visual stimulus that 

oscillates at a constant frequency, such as flashing light stimulation, check board 

lattice, gate and random-dot map (Nicolas-Alonso and Gomez-Gil, 2012, Allison et 

al., 2008). In general, VEPs are distinguished based on the repetition rate of 

stimulation, i.e., transient visual evoked potentials (TVEPs) and steady state visual 

evoked potentials (SSVEPs) (Wang et al., 2008). TVEPs occur when the visual 

frequency stimulation is below 6 Hz whereas SSVEPs occur in reaction to stimuli of 

higher frequencies (Gao et al., 2003).  

The P300 evoked potential is a positive deflection in the EEG signal that occurs 

approximately 300ms after the onset of an attended oddball stimulus. In an oddball 

paradigm (Nicolas-Alonso and Gomez-Gil, 2012, Donchin et al., 2000) P300 is 

associated with the subject’s attention being directed towards the infrequent oddball 

stimulus (van Gerven et al., 2009, Kleber and Birbaumer, 2005). If the user becomes 

habituated to the infrequent stimulus the P300 amplitude is decreased (Polich et al., 

1996), whereas the P300 amplitude increases as oddball stimulus probability is 

reduced (Donchin et al., 2000). Generally, P300 is most noticeable in parietal and 

occipital electrodes compared other recording locations over the scalp (Brumberg 

and Guenther, 2010, Kleber and Birbaumer, 2005). Most notably, P300 is used to 

provide a control signal for BCI speller systems (De Vos et al., 2014, Chennu et al., 

2013, Rivet et al., 2008). 

Event related desynchronisation (ERD) and synchronisation (ERS) are components 

of induced responses that occur because of changes in oscillatory neuronal activity 

due to sensory stimulation or mental imagery (Pfurtscheller and Neuper, 2001). ERD 

refers to the decrease in synchronisation of neural firing that causes a decrease of 

power in a specific frequency band and can be identified by a decrease in the signal 
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amplitude with respect to a baseline. On the other hand, ERS is characterised by an 

increase of power in a specific frequency band due to the increased synchronisation 

of neural firing and can be identified by an increase in the signal amplitude 

(Vallabhaneni et al., 2005, van Gerven et al., 2009, Nicolas-Alonso and Gomez-Gil, 

2012). In general, both ERD and ERS can be measured over the sensorimotor cortex 

within the mu (µ; 7-13 Hz) and beta (β; above 13 Hz) rhythms (Pfurtscheller and 

Neuper, 2001). Furthermore, both ERD and ERS have been extensively investigated 

for motor imagery tasks (Thomas et al., 2012, Yi et al., 2013). 

 

2.4.3 Feedback in BCI 

Feedback is one of the most important components of BCI systems as it forms a 

closed-loop system that consists of two adaptive controllers; namely the brain and 

the computer (Pfurtscheller, 2004). In BCI systems, feedback may be given in 

different forms such as visual feedback (Barbero and Grosse-Wentrup, 2010), 

auditory feedback (Nijboer et al., 2008), vibrotactile feedback (Cincotti et al., 2007) 

or robot assisted feedback control (Schwartz et al., 2006). All of these types of 

feedback serve the same purpose; to enable the user to optimally regulate their brain 

signature through a training phase (Mak and Wolpaw, 2009, Barbero and Grosse-

Wentrup, 2010, González-Franco et al., 2011).  

Although BCI feedback is capable of inducing cortical plasticity (Nicolas-Alonso 

and Gomez-Gil, 2012), there is little evidence that it is a critical factor for increasing 

BCI performance (Barbero and Grosse-Wentrup, 2010, Ramos-Murguialday et al., 

2012). The essential point that needs to be considered when designing the feedback 

is the subject’s current skill level (Barbero and Grosse-Wentrup, 2010). 

 

2.4.4 Brain signature translation in BCI 

One of the main parameters that affects the success and efficiency of BCI systems is 

the capability to detect the user’s brain signature associated with intention to initiate 

control and translate it into control commands. The translation of brain signatures 



37 

 

into command signals consists of three stages; pre-processing, features extraction, 

and features translation (Wolpaw et al., 2002, Vallabhaneni et al., 2005). These three 

stages are implemented through signal processing algorithms which require a balance 

between computational demand, time, effort, complexity and performance. 

 

2.4.4.1 Signal Pre-processing methods 

In general, the recorded brain signal is always contaminated by artefacts 

predominantly of non-cerebral origin (Nicolas-Alonso and Gomez-Gil, 2012). These 

artefacts are caused by multiple factors and are highly capable of reducing the 

performance of BCI systems and interfere with the neurological phenomenon. The 

recorded EEG signal is usually contaminated by two sources of artefact; 

physiological and technical. Physiological artefacts are caused by the users 

themselves, such as electrocardiography (ECG and minor body movements. On the 

other hand, technical artefacts that are non-physiological and may be caused by 

impedance fluctuation, excessive electrode paste and power line noise (Teplan, 2002, 

Fatourechi et al., 2007) can also contaminate the EEG signal.  

Due to the fact that it is practically impossible to record an artefact-free EEG signals, 

it is essential to pre-process the signal before implementing any further analysis 

methods. The EEG signal can be pre-processed using referencing, artefact rejection, 

temporal and spatial filtering. 

Fundamentally, EEG signals are recorded based on relative measurements, most 

often using three types of electrodes; namely: active, reference and ground 

electrodes. Both active and reference electrodes are responsible for measuring 

potential changes over time, whereas the ground electrode is responsible for common 

mode rejection (rejecting common voltages, generally induced by noise, within 

active and reference electrodes) (Teplan, 2002). Measured EEG, at any instant, is the 

relative potential difference between the active and the reference electrodes, It is 

therefore essential to select a reference site with minimum brain activity, which may 

typically be either the nose, earlobe or mastoid (Dien, 1998, Teplan, 2002). 
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Artefact rejection is the process of discarding EEG trials/epochs that are 

contaminated with artefacts and can be performed either manually or automatically. 

Manual artefact rejection requires visual inspection of each individual EEG trial/ 

epoch and those which are overtly contaminated are discarded from further analysis. 

On the other hand, automatic artefact rejection is performed offline based on a 

predetermined threshold value (Fatourechi et al., 2007, Chadwick et al., 2011), for 

instance any trial/epoch where the signal voltage exceeds a threshold of 50µV/70µ is 

rejected (Poli et al., 2011). 

Independent Component Analysis (ICA) is one of the pre-processing method that has 

been widely applied to separate eye blink and muscle activity from EEG signal (Hsu 

et al., 2015). ICA capable of extracting the relevant information within noisy signals 

and allow the separation of measured signals into their fundamental underlying 

components (Wang and James, 2007). Wang and James, 2005 reported that, by pre-

processed P300 wave using ICA, they manage to get better result with classification 

accuracy of 96.77% in comparison to simple classifier for classifying the word (only 

one error out of 31 characters).  

Temporal filtering plays a major role in removing or attenuating unwanted 

frequencies from the raw signal, improving the signal-to-noise ratio (Wolpaw et al., 

2002, Al-ani and Trad, 2010). For instance, Müller-Gerking et al., 1999 have proved 

that the classification accuracy of left hand, right hand, and foot movement can be 

increased by using a broad range filtering (8-30Hz) in comparison to narrow bands α 

(8-12 Hz), lower α (8-10 Hz), upper α (10-12 Hz), β (19-26 Hz) and γ (38-42 Hz). 

Spatial filtering is also capable of increasing the signal-to-noise ratio and improving 

classification accuracy (Rivet et al., 2010, Model and Zibulevsky, 2006). Spatial 

filters isolate the relevant spatial information from the signal by selecting or 

weighting the coefficient from different electrodes. For instance, McFarland et al., 

1997 demonstrated that common average reference (CAR) and Laplacian (LAP) 

methods are superior to ear-lobe referencing. This is because CAR and LAP enhance 

the focal activity from local sources (µ rhythm and β activity) and reduce widely 

distributed activity from distance sources (e.g. EMG and eye movements) 

(McFarland et al., 1997). 
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2.4.4.2 Feature extraction methods 

Another important step in signal processing of the recorded brain signal is 

implementing a feature extraction method, where identification or isolation of certain 

attributes that describe the signal properties is performed. This process has a major 

impact on the effectiveness of subsequent classification. Additionally, feature 

extraction can also contribute to reducing computational effort, the amount of stored 

data and data redundancy (Rak et al., 2012). The three most common types of feature 

extraction implemented in BCI systems are broadly termed time-domain, frequency-

domain and time-frequency. 

Time-domain feature extraction focuses on waveform characteristics within a 

specific measurement window. For example, template matching feature extraction 

computes similarity or correlation between a pattern of recorded brain activity and a 

predetermined template filter. Output from the template filter with high correlation 

indicates that segments highly resemble the template, whereas low correlation 

suggests segments differ from the template (Krusienki et al., 2011). In addition, 

template matching approaches are also effective for detecting waveforms with 

consistent temporal attributes; for instance, this approach has been implemented for 

event detection (Haw et al., 2006) and P300 speller based BCI systems (Brunner et 

al., 2010). 

Frequency-domain feature extraction methods examine the characteristics of signal 

frequency/spectral decompositions. For instance, the band-power feature extraction 

method investigates amplitude modulation over a specific frequency/frequency band 

by separating frequencies of interest from the signal using a bandpass filter. The 

filtered signal is then rectified by squaring or computing the absolute value. Adjacent 

peaks of the rectified signal are then smoothed together either using integration or 

low pass filtering (Krusienki et al., 2011). The implementation of this method in BCI 

applications is commonly used for extracting features related to motor imagery 

(Brodu et al., 2011) and mental tasks (Palaniappan, 2005). 

Time-frequency feature extraction methods are capable of studying the recorded 

brain signal in both the time and frequency domains simultaneously. The most 
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common approach of this type implemented in BCI systems is the wavelet transform 

method. Wavelets refer to a simple oscillating amplitude function over time that is 

relatively localised in both time and frequency (Mohan Kumar and Dharani Kumar, 

2014). In general, wavelets can be categorised into two categories; continuous and 

discrete (Cvetkovic et al., 2008, Al-Fahoum and Al-Fraihat, 2014). This approach 

builds a feature space from coefficients of wavelet transformations through 

decomposition of the recorded signal (in both of time and frequency domain at 

multiple resolution) using a modulated window shifted along of the recorded signal 

at various scales (Nicolas-Alonso and Gomez-Gil, 2012). Application of this method 

in the BCI field can be seen in localisation of ERP components (Bostanov, 2004), 

detection of motor imagery within the delta frequency range (Mason and Birch, 

2000) and classification of motor tasks (Tolic and Jovic, 2013). 

 

2.4.4.3 Feature translation methods 

Feature translation plays a major role in converting the brain activity which reflects 

the user’s intention into commands that are capable of communicating and 

controlling augmentative and/or assistive devices. For this purpose, two approaches 

commonly implemented are the regression method (McFarland and Wolpaw, 2005) 

or, the more popular approach, the classification method (Penny et al., 2000). 

Classification employs an algorithm that identifies a pattern of the recorded signal 

and partitions it into class labelled decision boundaries. Generally, the majority of 

implemented classification algorithms in BCI systems can be divided into four 

different categories; nearest neighbour, nonlinear Bayesian, linear and neural 

network classifiers. 

Nearest neighbour is an instance type based classifier which categorises different 

classes according to their nearest neighbours using distance functions; namely, 

Euclidean, Mahalanobis, Manhattan (city block) and Minkowski distances (Walters-

Williams and Li, 2010). k-nearest neighbour (k-NN) is one version of this classifier 

used in designing BCI systems (Yazdani et al., 2009, Aydemir and Kayikcioglu, 

2013, Nanayakkara and Sakkaff, 2012). k-NN is a discriminative nonlinear classifier 

(Lotte et al., 2007) that determines a testing sample’s class according to the majority 
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class of the k closest training samples (k-neighbour) (Aydemir and Kayikcioglu, 

2013). Although k-NN has not received much attention in the BCI community, it has 

one advantage compared with other supervised machine learning techniques in that it 

can easily deal with problems normally associated with categorising multiple classes 

(Yazdani et al., 2009). 

Nonlinear Bayesian classifiers categorise and separate different classes using 

nonlinear decision boundaries. Although this category of classifier is not widely used 

for designing BCI systems, it has managed to categorise different types of motor 

imagery (Solhjoo and Moradi, 2004) and succeeded in mental task classification 

(Barreto et al., 2004). The Baye’s quadratic classifier is another variety of the 

nonlinear Bayesian classifier that has been used in designing BCI systems (Rezaei et 

al., 2006). This Baye’s quadratic classifier assigns different classes based on 

probability. This is achieved by computing a posteriori probability and 

implementation of maximum a posteriori rule (Lotte et al., 2007) 

Linear classifiers are based on discriminant algorithms that employ linear functions 

in order to distinguish separable different classes. One of the prominent linear 

classifiers used for designing BCI systems is the linear discriminant analysis (LDA) 

classifier (Aldea and Fira, 2014, Onishi et al., 2013, Lee et al., 2005). The LDA 

classifier functions based on the assumption of normally distributed data with an 

equal covariance matrix for related classes. It employs a separating hyperplane to 

distinguish different classes. For categorising two classes, the separating hyperplane 

is obtained through the projection that maximises the distances between the mean of 

two classes and minimises the interclass variance (Lee et al., 2011). On the other 

hand, several hyperplanes are used for designing a multiclass BCI system. In 

multiclass BCIs, the LDA classifier implements a ‘one versus the rest’ strategy for 

separating each class from all the others (Lotte et al., 2007). 

Artificial neural network (ANN) is another one of the most used classifiers in 

designing BCI systems. The ANN classifier was motivated based on an elementary 

principle of the human neural operation system. One type of an ANN classifier is the 

Multilayer Perceptron (MLP) which comprised of several neuron layers; namely, 

input, hidden and output layers. In a fully connected architecture, the neurons of each 
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layer are connected to each neuron of the next layer, and the output layer determine 

the class of the input feature vector (Reby et al., 1997). Moreover, different 

combinations of these neuron layers would enable the classifier to determine the 

nonlinear decision boundaries (Lotte et al., 2007). Although there are a number of 

different architectures and learning paradigm of ANNs used as a classifier, the MLP 

architecture and variation of backpropagation learning paradigm is widely used for 

BCI systems (Haselsteiner and Pfurtscheller, 2000, Barbosa et al., 2009, Sridhar and 

Rao, 2012). 

 

2.5 BCI and SCI patients 

One ultimate purpose of a BCI system is to allow an individual with motor 

disabilities but cognitively intact, such as SCI patients, to have effective control over 

devices such as computers, speech synthesisers, assistive appliances or neural 

prostheses. BCI systems that include acquisition of the brain signals, analysis, 

translation and classification of the signals would enable SCI patients to drive 

devices and control applications without producing any overt behaviour 

(Rajyalakshmi et al., 2013). Besides that, an effective BCI would also increase an 

individual’s independence, leading to an improved quality of life and reduced social 

burden (Bashashati et al., 2007).  

It is undeniable that within past decades, a considerable number of research studies 

related to BCI applications have been conducted which produced profound and 

promising outcomes. It should be noted that most of this research has hardly at all 

involved the target user groups of patients, due to challenges of ethical approval and 

patient recruitment. Participation and involvement of patients groups such as SCI 

patients will provide significant impact towards the design of practical BCI systems. 

This is because healthy control subjects have full control over their limbs and their 

physiological activity/haemodynamic response behaves normally; whereas SCI 

patients have limited control over their limbs and their physiological 

activity/haemodynamic response may be affected by deafferentation and cortical 

reorganisation depending on the duration and level of injury. The involvement of SCI 
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patients in BCI research (non-invasive experiment) is summarised in Table 2.3 

(Please refer to appendix I). 

 

2.6 Limitations of Current Studies and Future Work 

Implementation of real-time BCI applications will surely offer huge advantages to 

the SCI patient, especially in rehabilitation, communication and increasing their level 

of independency. This can be seen from the application of controlled functional 

electrical stimulation (FES) systems (Pfurtscheller et al., 2003), operating spelling 

devices (Birbaumer et al., 2000) and controlling an orthosis device (Pfurtscheller et 

al., 2000). Despite these achievements, existing BCI systems are still under the 

evolution process and constrained by limitation. The majority of these existing BCI 

systems share common issue with regards to multiple independent control channels 

due to the low dimensional control (degree of freedom) they currently afford (Mak 

and Wolpaw, 2009, Maye et al., 2011). This is because BCI systems with low degree 

of freedom are only capable of recognising a limited number of brain 

signatures/mental tasks that can be translated to control signals (Yong and Menon, 

2015). 

In order to overcome this issue, a number of approaches have been considered and 

investigated; the hybrid BCI system, multi-modal BCI system (Severens et al., 2013) 

and combination of motor imagery that involves multiple limbs (Pfurtscheller and 

Neuper, 2001). Although these approaches are capable of increasing the degree of 

freedom, none are appropriately efficient for neurological-impaired patients. 

Furthermore, combining two neuroimaging modalities may improve performance, 

however would inflict excessively high costs rendering it impractical to develop. In 

addition, neurological -impaired patients would face difficulties in learning how to 

control several modalities at the same time due to their disability (Severens et al., 

2013). Moreover, neurological-impaired patients also have limited access/control 

over their limbs and their brain signatures are affected by deafferentation and cortical 

reorganisation of brain regions depending on the duration, level and type of the 

disease (Kokotilo et al., 2009). 
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Thus in this study, a non-invasive synchronised BCI approach is proposed capable of 

producing multi degree of freedom control signals using the same limb. Non-

invasive BCI techniques are highlighted because invasive BCI systems require 

implantation of microelectrode arrays through complex and clinically dangerous 

brain surgery (Cheung, 2007, Biran et al., 2007). Furthermore, patients may also be 

potentially exposed to the traumatic operation, tissue damage and infection from the 

area of implantation to receive experimental, potentially ineffective technologies 

(Nicolas-Alonso and Gomez-Gil, 2012, Morshed and Khan, 2014). Apart from that, 

in comparison to other non-invasive techniques, EEG is the best choice due to 

portability, relative inexpensiveness and simplicity to use (Kaur et al., 2012, Nicolas-

Alonso and Gomez-Gil, 2012). Nevertheless, in order to develop a less complex and 

computationally demanding BCI interface, a synchronous system would favourable 

compared with an asynchronous system (Tsui and Gan, 2007). 

 

2.7 Objective of Proposed Study 

Due to the limitations with the current BCI systems, the present study focuses on 

investigating the feasibility of developing a BCI system capable to operate with four 

degrees of freedom which can be controlled by the SCI population. The objectives of 

the present study are listed as follow: 

1. Develop four degree of freedom BCI system based on imagination/intention 

of movement of single limb for SCI patients. 

2. Extract a salient feature vector associated with various (four) directions from 

the brain signature component of SCI patients that capable of producing a 

robust and consistent control signal.  

3. Examine and implement the proposed BCI system on healthy and SCI 

subjects. 

4. Make comparison of results from healthy to SCI subjects and within the SCI 

subjects (comparison between paraplegic and tetraplegic subjects). 
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2.8 Summary 

This chapter has elaborated on the fundamental elements related to SCI. In this 

regard, we have indicated that that spinal cord serves as a pathway in transmitting 

sensory/motor signals between the brain and the rest of the body. Besides that, the 

spinal cord is also responsible for spinal reflexes. Any damage/lesion to/at the spinal 

cord will cause the patient to be either tetraplegia/quadriplegia (injury within cervical 

segments) or paraplegia (injury within thoracic/lumbar/sacral/coccygeal segments). 

In general, the severity of functional impairment and neurological deficits caused by 

SCI are assessed using the ASIA scale and AIS grade. 

This chapter has also presented the neurological mechanisms responsible for 

voluntarily and reflex movements. Reflex movements are based on stimulus-bound 

response and operate within the spinal cord and brainstem, reflecting a safety 

mechanism protecting the body from harm. On the other hand, voluntary movements 

are self-generated and initiated by the CNS through four key subsystems of neural 

circuits; namely upper motor neurons, lower motor neurons, the cerebellum and basal 

ganglia. 

The current state of the art in BCI system design and involvement of SCI patients has 

been highlighted in order to emphasise the need to increase dimensional control 

signals of BCI systems. It has been shown that BCI systems are comprised of four 

main components, namely brain signal acquisition, mental strategy, feedback and 

signal analysis process. Apart from that, most BCI systems that involve participation 

of SCI patients (see Table 2.3) are mainly based on non-invasive techniques. Despite 

of this large number of BCI studies related to SCI patients, the majority of them 

share a common issue that is low dimensional control.  
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3.1 Introduction 

This study is interested in investigating and developing a BCI system capable of 

producing multi degree of freedom control using motor imagery and motor execution 

of a single limb for SCI patients. For this purpose, a non-invasive technique that 

focuses on extracting surface EEG signals associated with performing and imagining 

right wrist movements (burst, point-to-point centre out movement) in multiple 

directions (towards 3, 6, 9 and 12 o’clock) triggered by a visual cue is adopted. 

Further clarifications regarding the design, choice of parameters, analysis process 

and set-up for these experiments are detailed in this chapter. 

 

3.2 Experimental Protocols and Procedures 

The adopted acquisition protocol in this study is mainly based on motor imagery 

(kinaesthetic imagery) (Neuper et al., 2005) and motor activation paradigms 

(Hoffman and Strick, 1999) utilising the right wrist for burst, point-to-point centre 

out movement. These movements involved flexion, extension and ulnar/radial 

deviation of the right wrist referring from a neutral position (labelled ‘0’ in Figure 

2.3). Movement to the left (towards 9 o’clock direction) was performed by right wrist 

flexion, and to the right (towards 3 o’clock direction) was done by its extension. On 

the other hand, ulnar and radial deviations were required to move down (towards 6 

o’clock direction) and up (towards 12 o’clock direction), respectively. 

For data collection purposes, subjects were seated on a wheelchair facing a liquid 

crystal display (LCD) monitor at a distance of 1 metre. Subjects held a 

manipulandum using their right hand. The position of manipulandum was adjusted 

according to their need so that they were comfortable when performing the 

movements. Subjects were also attached to NeuroScanTM Synamps2 and Cambridge 

Electronic Design (CED) systems for EEG, EMG and movement signal recording. 

The experimental set up arrangement is depicted in Figure 3.1. 
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Figure 3.1: Experimental set up for data recording. The figure illustrates a subject 

sitting on a wheelchair with the manipulandum placed at his/her right side with a 

distance of 1m from the LCD monitor. The subject is also attached to Synamp and 

CED systems for EEG, EMG and movement signal recording. Both of the systems 

are synchronised during recording. 

During data recording, subjects were required to hold the manipulandum and 

perform/imagine performing right wrist movements (burst, point-to-point centre out 

movement) towards multiple directions (3, 6, 9 and 12) triggered by a visual cue. 

When subjects see a cue, they have to move/imagine moving the manipulandum as 

fast as they can to the cue direction. On reaching the cue direction, subjects had to 

hold/imagine holding the manipulandum at the cue position for as long as the cue 

remained visible and reposition/imagine repositioning the manipulandum to the 

neutral position (0) following to the cue. While in the neutral position subjects were 

instructed to stay calm and relaxed. 

The visual cue was displayed through a LCD monitor. It consisted of five small 

squares with a target initially placed at the centre of the screen whilst subjects were 

holding the manipulandum in the neutral position (0). The cue then switched to show 

the target at different directions (3, 6, 9 and 12) randomly with a delay time between 

consecutive cues of ten seconds (Pfurtscheller and Da Silva, 1999). 
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In this study, the acquisition protocol comprised of two types of experiment, namely 

motor task and motor imagery experiments. EEG, EMG and movement signals were 

recorded simultaneously and synchronised during both of these experiments. For 

each experiment, subjects participated in ten movements/ten imagination of 

movements sessions. In every session, there were twenty trials, in which right wrist 

movements were pseudo randomly directed towards one of four target directions 

(approximately five repetitions for each direction on average). Each trial consisted of 

two phases; the movement onset phase (from neutral to one of four different 

directions) and movement offset phase (from one of four different directions to 

neutral).  

In total, after completing the experiments, subjects had performed and imagined 

performing four hundred right wrist movements in multiple directions (two hundred 

repetitions of wrist for each experiment and fifty repetitions for each direction of 3, 

6, 9 and 12). Subjects committed one hundred minutes (on average) of their time in 

order to complete the experiment (approximately eighty minutes for acquisition 

protocol procedures and twenty minutes for the experiment set up). It is essential to 

emphasise that subject’s participation was voluntarily. Before the experiments 

commenced, subjects were presented the participant information sheet. If subjects 

was happy with the explanation and gave consent then the experiment will start. 

Thus subjects were aware that they could withdraw at any time and it was not 

compulsory to complete all the sessions. 

 

3.2.1 Motor Task Experiment  

In this experiment, subjects were required to hold the manipulandum and performed 

an actual movement according to the visual cue (as explained in section 3.2). 

Subjects were presented with two types of visual cue. First visual cue instructed 

subjects to move the manipulandum from initial position (0) to the targeted direction 

(3, 6, 9 and 12) and the second visual cue instructed subjects to reposition the 

manipulandum from the targeted direction back to initial position.The delay time 
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between two consecutive different directions was ten seconds as shown by the 

timeline presented in Figure 3.2. 

 

Figure 3.2: Timeline of visual cue presentation. Phase A indicates onset of 

movement that lasts for three seconds. Phase B indicates offset of movement and 

lasts for seven seconds. Visual cue A represents the instruction to move the 

manipulandum towards one of four directions (3, 6, 9 and 12). Visual cue B 

represents the cue to return to the neutral direction (0). 

 

3.2.2 Motor Imagery Experiment  

The motor imagery experiment required subjects to do the same procedure described 

above, but this time instead of moving the manipulandum physically, subjects had to 

imagine (kinaesthetic imagery) controlling right wrist to move the manipulandum 

with burst movement into different directions triggered by the visual cue. The visual 

cue presentation in this motor imagery experiment was identical with that used in the 

motor task experiment (Figure 3.2). 

 

3.3 Experimental Data Recording Set Up 

The experimental recording set up encompasses the implementation of visual cue 

presentation, synchronisation, and recording of physiological (EEG and EMG) and 

movement’s signal. 
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3.3.1 Visual Cue Presentation and Recording Synchronisation 

Visual cue presentation was generated using the Psychophysics Toolbox (Brainard, 

1997, Pelli, 1997) with code written in Matlab. This program displayed visual cues 

and at the same time produced sets of digital event markers, essential for 

synchronisation between visual cue presentation and recorded signals. These digital 

event markers were sent through the parallel port to the NeuroScan Synamps2 

System (Compumedics Neuroscan, Charlotte, NC,USA) and CED 1401 (Cambridge 

Electronic Design, United Kingdom). Every movement/imagined movement cue 

generated a unique digital output event that reflected the time and direction of cue 

appearance, transmitting a time-stamp to the digital ports of the NeuroScanTM 

Synamps2 System and CED 1401 during data recording. Examples of these digital 

event markers for both of recordings are tabulated in Table 3.1 and Table 3.2.  

It is essential to have this digital event markers especially for time synchronisation 

between visual cue presentation and signal recording (physiological and movement’s 

signal). Other than for the purpose of synchronisation, digital event markers also 

provide information regarding the target position of visual cue which is essential for 

categorising and grouping the trial according to type of direction. 

 

Table 3.1: Digital event markers for EEG and EMG signal recording. This table 

also indicate the interpretation of the digital codes for NeuroScanTMSynamps2 

System. 

 

Digital Code Interpretation 

190 Visual cue presented at position neutral (0) 

193 Visual cue presented at position 3 

196 Visual cue presented at position 6 

199 Visual cue presented at position 9  

202 Visual cue presented at position 12 

 

Table 3.2: Digital event markers for movement signal recording. This table also 

indicate the interpretation of the digital codes for CED 1401. 
 

Digital Code Interpretation 

A Visual cue presented at position neutral (0) 

> Visual cue presented at position 3 

; Visual cue presented at position 6 

8 Visual cue presented at position 9  

5 Visual cue presented at position 12 
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3.3.2 EEG Signal Recording Set Up 

In this study, EEG signal was recorded by the NeuroScan Synamps2 System using a 

128-electrode Easy Cap® (montage number 15) with silver chloride (Ag/AgCl) 

sintered ring electrodes (Figure 3.3) through Curry Neuroimaging Suite 7.0.8 XSB 

software. Electrode placement was based on the 10-10 system, referenced to the 

earlobe with channel AFz used as ground. The 10-10 electrode placement locations 

system was implemented because it offers higher density electrode coverage over the 

motor cortex area compared with the 10-20 system (Jurcak et al., 2007).  

Before beginning electrophysiological recordings, the contact impedance of each 

electrode of the montage shown in Figure 3.4 was brought below 5KΩ. The contact 

impedance was constantly monitored and maintained below 5KΩ throughout the 

experiment. The EEG signal was recorded using monopolar amplifier configurations 

with a sampling frequency of 2000 Hz and band-pass filtered between 0.05-500 Hz. 

 

Figure 3.3: EASYCAP®. Green wire is the ground electrode; red and blue represent 

the active recording electrodes. 
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Figure 3.4: EEG recording electrodes placement. 28 electrodes with high density 

montage are placed focusing on the primary motor cortex area.  

To allow online visual inspection of recordings, EEG, EMG and movement signals 

were displayed to the experimenter on a second monitor. This monitor was placed 

out of subject’s view to avoid any unnecessary distraction during recordings. 

 

3.3.3 EMG Signal Recording Set Up 

EMG signals were simultaneously recorded with EEG signals by the NeuroScan 

Synamps2 System using Ag/AgCl electrocardiograph (ECG) disposable electrodes 

through Curry Neuroimaging Suite 7.0.8 XSB software. A bipolar configuration was 

implemented to record EMG signals at a sampling frequency of 2000 Hz and band-

pass filtered between 0.05-500 Hz. 

EMG was recorded from muscles associated with flexion, extension, and ulnar and 

radial deviation of the right wrist (Valsan et al., 2006, Hoffman and Strick, 1999); 

namely, the flexor carpi radialis, extensor carpi ulnaris, extensor carpi radialis brevis 

and extensor carpi radialis longus muscles (see Figure 3.5) . Recording electrodes 

were placed on the surface of the corresponding muscles of the right hand, based on 
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the guide tabulated in Table 3.3. Impedance of EMG recording electrodes was also 

set below 5KΩ and constantly maintained throughout the experiment; the same 

criteria which was applied to EEG electrodes. EMG recorded during the motor 

imagery experiment played an important role in confirming that there was absolutely 

no movement during the sessions. 

 

Figure 3.5: EMG recording muscle location. This figure indicates the location of 

extensor carpi ulnaris, extensor carpi radialis brevis and extensor carpi radialis 

longus muscles, from which EMG recordings were made. The electrodes placement 

represented by the black marker. [Adapted from musculoskeletalkey.com, 

17/5/2016]. 
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Table 3.3: Guideline for locating EMG recording muscle. These guidelines were 

obtained from (Chu-Andrews and Johnson, 1986). 

 

Muscle name Location of muscle 

Flexor Carpi Radialis (FCR) Position the subject’s forearm on its medial border in 
midpronation and ask he/she to bend his/her wrist toward 
the body. At the same time apply pressure at the midpalm 
in direction of wrist extension 

Extensor Carpi Radialis 
Longus (ECRL) 

Position the subject’s forearm in pronation and asked 
he/she to lift his/her hand towards his/her own face. At 
the same time apply pressure in direction of wrist flexion 
on the dorsum of the hand. ECRL located approximately at 
the elbow level. 

Extensor Carpi Radialis 
Brevis (ECRB) 

Position the subject’s forearm in pronation and asked 
he/she to lift his/her hand towards his/her own face. At 
the same time apply pressure in direction of wrist flexion 
on the dorsum of the hand. ECRB is adjacent with ECRL. 

Extensor Carpi Ulnaris (ECU) Position the subject’s forearm in pronation. Instruct the 
patient to spread his/her finger and lift his/her hand up as 
far backwards as he/she. At the same time apply pressure 
in direction of wrist flexion on the dorsum of the hand. 
ECU is located on the ulnar side of forearm  

 

3.3.4 Manipulandum and Movement Signal Recording Set Up 

During the motor task experiment, subjects used the manipulandum to perform right 

wrist movements in multiple directions, triggered by the visual cue. The 

manipulandum (Figure 3.6) is a joystick device made of aluminium, comprised of 

three main parts; namely the base, adjustable double telescopic stand and 

manipulandum rings. Design of the base enables the manipulandum to be portable, 

making it more efficient for use with SCI patients, positioned either beside a 

wheelchair or next to the patient’s bed. Furthermore, the adjustable telescopic stand 

can be extended horizontally and vertically for multiple purposes such as getting the 

right height according to the patient’s elbow and adjusting the manipulandum ring 

based on length of the patient’s arm. 

The manipulandum rings consist of an ergonomic hand grip fitted to a two axis 

gimbal; one gimbal axis corresponds to wrist flexion-extension (X axis) and the other 

one corresponds to wrist ulnar-radial deviation (Y axis). In order to detect and 

measure the changes of movement across the X and Y axes reflecting wrist flexion-
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extension and ulnar-radial deviation, each gimbal axis was coupled with a precision 

servo potentiometer (potentiometer with servo mechanism that use error correction 

as negative feedback to correct the action of the movement and help control the 

mechanical position). Both of the precision servo potentiometers were connected 

with a resistor and use 12V DC power supply for input voltage (see Appendix B). 

Changes in the voltage across the precision servo potentiometers correspond to 

manipulandum displacement, providing a measure to monitor whether is the subject 

or not performing the movement correctly as triggered by the visual cue. Recording 

the movement signal was also useful in confirming that there was no movement 

during the motor imagery experiment. Information about voltage changes related to 

movement direction was tabulated in Table 3.4. This movement signal generated by 

the manipulandum was recorded using CED 1401 at sampling frequency of 100 Hz. 

 

Table 3.4: Relation between movement and voltage of the potentiometer.  

Movement Axis Direction Voltage 

Flexion X 9 VR1>2.8 v 

Extension X 3 VR1<2.2 v 

Ulnar deviation Y 6 VR2>2.8 v 

Radial deviation Y 12 VR2<2.2 v 

 

 

Figure 3.6: The manipulandum. Manipulandum rings coupled with two 

potentiometers (one at X axis and the other one at Y axis) and connected with a 

circuit board (covered in black box; schematic diagram in Appendix B). 
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3.4 Pilot Study 

The pilot study played a major role in examining the feasibility of the proposed 

method for implementation in a larger scale study (Leon et al., 2011). Thus, the 

experimental protocols and data recording set up in this study were evaluated 

through a pilot study which is described here. 

Eleven subjects (nine male) gave informed consent and participated in the pilot 

study. All subjects were postgraduate students of the University of Strathclyde with 

an average age of 28.09 years. All were right hand dominant, had no history of 

neurological disease and with 20/20 or corrected vision. The participating subjects 

completed all the trials for both experiments and their feedback was taken into 

consideration for improving the experimental protocols and the data recording set up. 

The experimental procedure was approved by the Departmental Ethics Committee of 

the Biomedical Engineering Department of the University of Strathclyde (Non-

invasive electrophysiological studies on the human motor system). 

 

3.5 Subjects and Ethics Approval 

This study was granted ethical approval by the National Health Service (NHS) South 

Glasgow and Clyde Local Research Ethics Committee. The ethical approval was 

obtained on 27 July 2015 with REC reference number of 15/WS/0116 and IRAS 

project ID number of 141350 (related documents attached in Appendix C). The 

targeted group of patients in this study were SCI patients and therefore this study 

took place at the Queen Elizabeth National Spinal Cord Injuries Unit (QENSIU) of 

Queen Elizabeth University Hospital. QENSIU of Queen Elizabeth University 

Hospital is the national centre for SCI patients in Scotland. Potential SCI patients 

recruited as subjects in this study were screened and identified via consultation with 

medical staff and their consultants at the QENSIU. Only subjects who satisfied 

inclusion and exclusion criteria which was included in this study. Potential 

participants were identified by medical staff with consideration of their level and 

duration of spinal cord injury. Participating SCI patients in this study were recruited 
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among inpatients and outpatients (both tetraplegic and paraplegic) receiving 

treatment at QENSIU of Queen Elizabeth University Hospital. 

 

3.6 Summary 

This chapter has described the implemented procedures for developing an 

endogenous synchronous BCI system through EEG, EMG and movement signal 

recordings. The developed BCI system requires subjects to perform motor imagery 

and motor execution of right wrist towards four different directions with zero 

subjects training. 

Although there are three types of signal recorded in this study, EEG signals were 

designated to play the main role in operating the BCI system. EMG signals were 

recorded as an instrument to verify movement status during the motor imagery and 

motor execution experiment. The movement signal was used for detecting movement 

initiation time and confirming the subject executed the right movement according to 

the cue direction when performing the motor task experiment. 

All hardware, software, procedures and set up involved in developing this BCI 

system were tested first in a pilot study before being applied in the actual experiment. 

It was crucial to verify hardware safety and correct parameters for experimental 

recordings before involving SCI patients to avoid any unnecessary distress from 

technical faults such as expired conductive gel/ disposable electrodes, software 

compatible issues, continuity connection of recording electrodes and status of 

portable appliance testing (PAT test) of the hardware.  
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Chapter 4. Data Analysis 
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4.1 Introduction 

This chapter describes the data analysis methods applied to EEG, EMG and 

manipulandum movement signals. The following signal processing technologies 

were implemented offline in post-hoc analysis. The work-flow of these data analyses 

was depicted in Figure 4.1. 

 

Figure 4.1: Flowchart of implemented signal processing method.  
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The implemented data analysis techniques include pre-processing, artefact rejection, 

feature extraction, statistical analysis and pattern recognition. In order to investigate 

and characterise changes within the EEG signature (before, during and after 

performing/imagining performing right wrist movement in multiple directions) in 

both experiments, analysis using time-frequency domain and event related potentials 

(ERPs) were explored. These signal processing and data analysis methods were 

detailed in the following sections. 

 

4.2 Demographic Profile 

The volunteering subjects included SCI patients, whose identifiable data and 

personal information were kept confidential. In this study, each subject was assigned 

with a specific number and data were retrieved using this assigned number. By 

employing this approach, subjects’ anonymity was maintained throughout data 

recording and analysis. As for presentation of results, only certain parameters were 

emphasised for further investigation. These parameters comprise gender, age, type of 

injury, level of injury, AIS scale, duration of injury and medication. It is important to 

highlight that, none of the disclosed parameters are capable of revealing the identity 

of subjects.  

 

4.3 Detection of Movement Initiation Time 

Movement initiation time refers to the time taken by subject to start moving the 

manipulandum from the neutral position (0) towards any of the four directions (3, 6, 

9 and 12). In order to detect movement initiation time, two parameters were further 

explored namely, digital event markers and the voltage threshold. 

Digital event markers indicate position and direction of the visual cue presentation 

(tabulated in Table 3.1 and Table 3.2), where each digital code corresponds to a 

specific direction/location. The voltage threshold for each precision servo 

potentiometers was set to three categories which are ideal, minimum and maximum. 

Both of the precision servo potentiometers share the same threshold although they 
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correspond to different axes (X and Y). The ideal threshold voltage refers to the 

manipulandum at neutral position (0) and was set within the range of 2.48-2.56 V. 

The minimum threshold voltage was set below 2.2 V and detects the subject 

performing wrist extension (X axis) and radial deviation (Y axis). The maximum 

threshold voltage was set above 2.8 V and detects the subject performing flexion (X 

axis) and ulnar deviation (Y axis) movements. 

Custom Matlab code has been generated for detecting the appearance of digital event 

markers and changes of the threshold voltage in both axes (X and Y). Based on the 

value of these two parameters movement initiation time was calculated. Following 

this, movement initiation time was used for segmenting epochs of EEG signal 

acquired during the motor task experiment.  

 

4.4 Normality Test 

The normality test is a statistical procedure to verify whether or not the collected data 

follow a normal/Gaussian distribution, assuming that the population from which the 

samples were taken is normally distributed. Furthermore, the normality test was used 

to determine the validity and reliability of statistical procedures implemented on the 

data. For instance, parametric tests were only implemented on data with a Gaussian 

distribution, whereas non-parametric tests were applied to non-Gaussian distribution 

data (Ghasemi and Zahediasl, 2012).  

Kolmogorov-Smirnov test is a tool to check the normality of data (Öztuna et al., 

2006). This test compares the values in the recorded data with the normal 

distribution. The null hypothesis says that the recorded data has a Gaussian 

distribution, whereas the alternative hypothesis says that the recorded data 

distribution is non-Gaussian. The hypothesis result (h) is 0 if the null hypothesis is 

accepted (h=0), and 1 if the null hypothesis rejected (h=1), with a significance level 

set at 5 %. In this study the Kolmogorov-Smirnov test was implemented using the 

Matlab statistics toolbox (version R2013a). 
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4.5 Event Related Potential (ERP) and Movement Related 

Cortical Potential (MRCP) 

ERP is a change in EEG field potentials in response to a specific event and time-

locked to a stimulus (Hillyard and Kutas, 2002, Sur and Sinha, 2009). There are a 

number of ERP components, namely P50, N1, P2, N2, N300, P300, N400, P600, 

mismatch negativity, contingent negative variation, post negative variation and the 

movement related cortical potential (Sur and Sinha, 2009). These components are 

classified according to their polarity, sensitivity to task manipulation, timing and 

scalp distribution (Landa et al., 2014). 

Among these ERP components, only the movement related cortical potential 

(MRCP) was further explored due to the implemented experimental protocols 

involving motor imagery and motor task paradigms (Xu et al., 2014). Generally, 

MRCP reflects changes of field potentials with a close temporal relationship with 

either imagery or attempt of movement (Xu et al., 2014). MRCP was computed by 

averaging the processed epochs of EEG signal across all trials, implemented using 

the Matlab plug-in EEGLAB (version 12) (Delorme and Makeig, 2004). 

 

4.6 Event Related Spectral Perturbation (ERSP) 

Event Related Synchronisation/Desynchronisation (ERS/ERD) elaborates the relative 

changes in EEG spectral power, induced by a stimulus in relation to a reference 

signal which comprises of both phase-locked and non-phase-locked activity 

(Pfurtscheller and Da Silva, 1999). In order to investigate changes in the EEG 

signature while the subjects were imagining/performing right wrist movements in 

multiple directions, changes of event related shifts within the frequencies of interest 

(delta, theta, alpha/mu, beta and gamma) were computed. This was achieved through 

the Event Related Spectral Perturbation (ERSP) technique. ERSP is a generalization 

of ERD/ERS which visualizes the entire spectrum in the form of a baseline-

normalised spectrogram (Delorme and Makeig, 2004). 

ERSP was computed by dividing each epoch into a number of overlapping windows 

and calculating spectral power for each window. The calculated spectral power was 
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then normalized (divided with the mean of baseline spectra calculated from the EEG 

immediately before each event) and averaged over all the trials (Grandchamp and 

Delorme, 2011). In this study, the ERSP was computed using equation [4.1] 

(Delorme and Makeig, 2004) shown below : 
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Where n  is the total number of trials and ),( tfFk  is the spectral estimate of trial k  

at frequency f  and time t . A total number of 1024 points of window length 

multiplied by Hanning window functions were used to calculate the Fast Fourier 

Transform (FFT) (Ahn et al., 2013). For each time-frequency plot two hundred 

windows were used. These processes were performed using Matlab (version R2013a) 

and EEGLAB (version 12) (Delorme and Makeig, 2004). 

 

4.7 EEG Signal Translation 

EEG signal translation is a crucial step in developing a reliable and effective BCI 

system. This is because the signal translation process is responsible for detecting the 

subject’s brain signature associated with intention to initiate control and decode it 

into a useful command signal. These processes were implemented through signal 

processing algorithms that encompass pre-processing, feature extraction, statistical 

analysis, normalisation, dimensionality reduction and pattern recognition. Further 

clarification regarding each of these steps implemented in signal processing was 

detailed in following sections/subsections. 

 

4.7.1 Signal Pre-processing 

In this study, the artefacts were removed using signal pre-processing method which 

comprised of signal segmented into epochs, artefact rejection and signal filtering. 

The implementation of these methods described in the following subsections. 
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4.7.1.1 Signal segmented into Epochs 

EEG signal from both experiments were segmented into epochs using EEGLAB 

(version 12) and categorised according to direction (3, 6, 9 and 12). In the motor task 

experiment, the EEG signal was segmented into epochs of three seconds before and 

three seconds after the onset of movement (movement initiation time, t=0), whereas 

for the motor imagery experiment the EEG signal was segmented into epochs three 

seconds before and three seconds after the task initiation time (visual cue 

presentation). 

It is essential that the segmented epochs and categorised EEG signal accurately 

represent the corresponding task. For instance, in the motor task experiment, subjects 

move the manipulandum towards the instructed direction in burst movement, and in 

the motor imagery experiment no movement was performed. Thus before segmented 

into epochs EEG data from the motor task experiment, movement signal recordings 

were studied to determine movement initiation time. The movement signal was 

checked visually to verify that the subject executed the correct movement according 

to the visual cue in less than 1 second. Any movement trials that did not meet these 

criteria were discarded from the analysis. On the other hand, for the motor imagery 

experiment, the movement signal was checked visually in order to confirm no 

movements were performed. If any movement was detected corresponding 

imagination trials were excluded from the analysis. 

 

4.7.1.2 Artefact Rejection 

Before implementing any further signal processing methods on segmented epochs of 

EEG signal, it is necessary to make sure that the segmented epochs of EEG signal are 

free from any unwanted noise and artefacts. This was done using a conventional 

method, by visually inspecting for, detecting and removing trials containing artefacts 

caused by eye blinking, jaw clenching, swallowing/coughing or any other irrelevant 

movements. This artefact rejection procedure was conducted using EEGLAB 

(version 12). 
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4.7.1.3 Frequency Signal Filtering and Spatial Filter 

After removing any unwanted noise and artefacts, the segmented epochs of EEG 

signal were frequency filtered through 3 filtering stages. In the first stage, the 

segmented epochs of EEG signal were frequency filtered by a notch filter for 

removing noise resulting from the power cables during the recording (Ma et al., 

2009). Following this, the segmented epochs of EEG signal were bandpass filtered 

between 0.5 and 50 Hz (Graimann and Pfurtscheller, 2006) in order to extract 5 

frequency bands of the EEG signal, namely the delta (1-3 Hz), theta (4-7 Hz), 

alpha/mu (8-12 Hz), beta (13-30 Hz) and gamma (31-50 Hz) bands. In the final 

filtering stage, as to enhance the signal to noise ratio of filtered EEG signal (Lu et al., 

2012), the band-pass filtered EEG signal was spatially filtered by common average 

reference (CAR) and small Laplacian (LAP) methods (McFarland et al., 1997).  

CAR is a ‘reference-free’ technique that is not affected by the problems associated 

with an actual physical reference such as topographic distortion due to the relative 

electrical neutral area not employed (Teplan, 2002). In CAR, the potential at each 

electrode was measured with respect to the average of all electrodes. The CAR was 

computed using equation [4.2] (McFarland et al., 1997): 
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Where ER

iV  was the potential between thi  electrode and the reference, and n  was the 

number of electrodes in the montage. 

LAP serves as a high-pass filter that enhances localised activity while suppressing 

diffusion activity (Lu et al., 2012). LAP was obtained by subtracting the sum of 

weighted potential of surrounding electrodes from the current electrode potential, 

where the weightings applied were dependent on the distance from the current 

electrode. This was computed using equations [4.3] and [4.4] (McFarland et al., 

1997) shown below : 
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Where Si was the set of surrounding electrodes of the ith electrode and dij was the 

distance between electrodes i and j (where j was a member of Si). 

After completing these filtering stages, the segmented epochs of EEG signal was 

categorised into the four different directions for subsequent analysis. This 

categorisation was performed separately for both CAR and LAP methods to compare 

their relative performance in this BCI system. 

 

4.7.2 Feature Extraction 

Feature extraction, where certain salient attributes of the EEG data are identified and 

isolated, is one of the most computationally demanding processes in this BCI system. 

In this study, EEG signal recorded from the motor cortex was the focus, logically 

considering the experimental protocol based upon motor function (motor imagery 

and motor task paradigms). 

Features were extracted from each epoch and divided into two 500ms length 

windows (Lakany and Conway, 2006, Lakany and Conway, 2005); the first window 

corresponding with the resting condition where the subject was holding the 

manipulandum in the neutral position, the second window corresponding with the 

imagery/movement condition where subject was imagining/performing the wrist 

movement towards directions 3, 6, 9 and 12. As for the motor task experiment, 

features were extracted 500ms before onset of the movement (movement initiation 

time), whereas for the motor imagery experiment features were extracted 500ms after 

the initiation time (visual cue presentation time). The size of extracted feature vectors 

for both of motor imagery and motor task experiment tabulated in Table 4.1. The 

extracted features from each window were then transformed into two datasets. Each 

of these datasets was then spilt into two groups, namely training and testing datasets, 
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using a cross validation method for classification process. Features were computed 

using power spectra and analysis of variance. 

Table 4.1: Size of the extracted feature for motor imagery and motor task 

experiment.. 

 

Frequency band Size of the extracted feature vector for motor imagery and motor 

task experiment 

Delta 8x30 

Theta 8x30 

Alpha 10x30 

Beta 37x30 

Gamma 39x30 

 

4.7.2.1 Power Spectrum 

Power spectrum denotes EEG signal power in different frequencies (Robeva et al., 

2007). In addition to this, power spectrum analysis quantifies EEG signal power in 

different frequency bands, which may be visualised using different colours (Yeom et 

al., 2008). With this visualisation tool, it would be easier to investigate the 

distribution of power within the given frequency range. In this study, power 

spectrum analysis focuses on the distribution of power within delta, theta, alpha, beta 

and gamma bands. This was implemented through the ERSP.  

 

4.7.2.2 Statistical analysis 

Detecting the intention and discriminating the motor imagery/motor task of different 

movement within the same limb is a challenging task, due to fact that the motor tasks 

active region have very close representations on the motor cortex area (Yong and 

Menon, 2015, Plow et al., 2010). Thus, selection of appropriate statistical tests might 

offer a feasible solution. 

Based on a positive normality test output, repeated measure of analysis of variance 

(ANOVA) (Ahmad Jamil et al., 2016, Koelstra et al., 2009, Valsan et al., 2006), 

which is a parametric test, was implemented. Implementation of repeated measure of 

ANOVA tests play a crucial role in determining whether or not significant difference 
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occurs in the features extracted from different directions (3, 6, 9 and 12). The 

repeated measures ANOVA test was implemented across 4 different directions 

through ERSP at each time and frequency across the measurement window within 

the range of 0-50 Hz. Output from the repeated measures ANOVA test (p value), was 

presented as a contour plot mapped in time and frequency. These contour plots of p 

values indicate the occurrence of regions with statistically significant difference at 5 

% across the ERSP in 4 different directions. Power spectrum from each of the ERSP 

(3, 6, 9 and 12) that fall within the contour plots of p values with statistically 

significant difference at 5% were concatenated and formed as a feature vector for 

pattern recognition processes. 

 

4.7.3 Normalisation 

Generally, EEG is very complex non-stationary signal, with continuous time-varying 

dynamics and high variability between subjects (Bogaarts et al., 2016). Due to these 

factors, it is essential to apply data normalisation as a signal processing step. 

Normalisation is responsible for scaling data values within a specific range (Al 

Shalabi et al., 2006). Based on this attribute, normalisation is capable of neutralising 

the effect of different scales and group data within the same domain (Jain et al., 

2005), reduce intra-class variance and increase signal-to-noise ratio (Coyle et al., 

2004). The implemented normalisation method in this study was z score 

normalisation (Wang et al., 2012, Lopez-Larraz et al., 2012), computed using 

equation [4.5] (Sung et al., 2012) as follow: 

                                    





x
Z i                                                                           [4.5] 

Where x  was the measured EEG signal at time i ,   was the average of EEG signal 

and   was the standard deviation of EEG signal. 
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4.7.4 Dimensionality reduction 

Dimensionality reduction involves conversion of high dimensional data into 

significant representation of reduced dimensionality (Van Der Maaten et al., 2009). 

Reduction of the dimensions of features space also reduces classification complexity 

and leads to higher classification accuracy (Bashashati et al., 2007). Principal 

component analysis (PCA) is one of the most widely used methods of dimensionality 

reduction in BCI applications.  

PCA is a statistical procedure that employs linear transformation for identifying 

uncorrelated variables called principal components from the analysed data set 

(Nicolas-Alonso and Gomez-Gil, 2012). Through linear transformation, PCA 

produces a set of principal components and sorts them according to their 

corresponding variance. Generally these are sorted in descending order because low 

order components have high variance and contain the most important aspects of the 

analysed data set (Bashashati et al., 2007). From this order, PCA will select the 

smallest number of principle components that represent the maximum variance 

(Fodor, 2002, Cunningham and Ghahramani, 2015). 

In this study, PCA was implemented on features extracted by power spectrum and 

ANOVA test (p value results) and computed by the steps listed below: 

1. Subtract the mean from the data. 

2. Compute the covariance matrix. 

3. Obtain eigenvalues and eigenvectors of covariance matrix. 

4. Sort the eigenvalues in descending order. 

5. Choose the eigenvectors that correspond to the largest eigenvalues until the 

criterion (the percentage of variance of all selected principle components 

represent 95 % variance of data) was met. 

6. Construct the projection matrix from the selected eigenvectors. 
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7. Transform the original dataset through the projection matrix to obtain new 

feature vector. 

 

4.7.5 Cross validation 

Cross validation is a statistical method that assesses performance of the implemented 

learning algorithm and its generalisability towards an independent data set 

(Refaeilzadeh et al., 2009). Cross validation operates by dividing the analysed data 

set into two sections; one used for training the algorithm and the other used for 

validating the algorithm. There are various types of cross validation methods such as 

resubstitution, hold out, leave one out and k fold cross validation.  

The implemented cross validation method in this study was k fold cross validation 

where the k was set to 10 (Lopez-Larraz et al., 2012, Tanaka et al., 2006). This 

method of cross validation partitioned the data set into k equal subsets. One of these 

subsets was used for validating and remaining of k −1 subsets were used for training 

by classifier. The process of training and validating by the classifier was repeated 

until all of the different k subsets were used for the validation. The recognition rate 

corresponding to the subset being used for validation is computed by the trained 

classifier. The performance of the classifier was computed based on the average of 

the recognition rate of the k subsets (Tanaka et al., 2006). 

 

4.7.6 Pattern Recognition 

Pattern classification in this study focuses on recognising the pattern and regularities 

of EEG signal associated with the direction of imagination/movement, and 

categorised according to the specific direction. The classification process needs to be 

trained to recognise particular patterns of feature vector sets; either as a supervised or 

unsupervised classifier, before it can categorise them into different classes. In the 

present study, single trial classification was applied, focussing on predicting three 

major aspects; imagination/intention of movement, target direction, and 

imagination/intention and direction of movement. Furthermore, the classification 
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process was carried out using three types of classifier; namely k Nearest Neighbour 

classifier (Liu et al., 2013), Fuzzy k Nearest Neighbour classifier (Chatterjee et al., 

2013) and Quadratic Discriminant Analysis classifier (Bhattacharyya et al., 2010). 

Predicting imagination/intention of movement required classifiers to distinguish two 

different conditions. The first condition refers to when the subject’s right wrist 

remains stationary in the neutral position, and the second condition was when subject 

starts to imagine/move his/her right wrist toward any direction of 3, 6, 9 and 12. The 

normalised feature vector of alpha (12 principal components), beta (29 principal 

components) and gamma (19 principal components) frequency bands from both 

conditions were cross validated for classification purpose. 

This classification process also tries to recognise the direction of 

imagination/intention of movement. In this instance, the classifier attempts to 

differentiate whether the subject was stationary in the neutral position or started to 

imagine/move towards each of the directions 3, 6, 9 and 12 individually. 

Classification was implemented separately such that for each trial only one direction 

was considered, for instance, classification between neutral and 

imagination/intention of movement towards direction 3. For this purpose, the 

normalised feature vector of alpha (11 principal components), beta (26 principal 

components) and gamma (24 principal components) frequency bands from each of 

these directions were cross validated for classification purpose. 

It is essential to emphasise that, in predicting imagination/intention of movement and 

predicting target direction of imagination/intention of movement, only feature vector 

from alpha, beta and gamma frequency bands considered for the classification 

process. This is because, majority of the BCI study that investigate sensorimotor 

activity (employed motor imagery modality and used ERD/ERS feature) concentrate 

the changes of brain rhythms within alpha, beta and gamma frequency bands 

(Bashashati et al., 2007, Pfurtscheller and Neuper, 2001, Yi et al., 2013, Nicolas-

Alonso and Gomez-Gil, 2012). 

Lastly, the classification process attempts to recognise both when the subject starts to 

imagine/move and also predict the direction of imagination/movement. In this 
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situation, feature vectors were obtained from the results of the ANOVA (p value) 

test. This feature vector comprises of delta, theta, alpha, beta and gamma frequency 

bands. Despite the implementation of PCA, the size of feature vectors for each 

frequency band was not fixed. This is because the significant differences across the 

ERSP computed for each of the four directions varies across subjects. These feature 

vectors were also normalised and cross validated for classification purposes.  

 

4.7.6.1 k Nearest Neighbour (k-NN) Classifier 

The k-Nearest Neighbour classifier (k-NN) is an instance-based classifier that 

operates based on classification of unknown instances by relating the unknown to the 

known class according to some distance/similarity function. In other words, the k-

NN classifier is a method for classifying objects based on majority of closest distance 

of training examples in the feature space (Aydemir and Kayikcioglu, 2013). In 

addition, there are two parameters that determine the performance of the 

classification; namely, type of distance function and number of the k-neighbour. 

Generally, the most common distance functions are Euclidean distance and 

Manhattan distance. Meanwhile, the number of k-neighbour was set at small value 

and odd number in order to break ties (Palaniappan, 2011). 

In this study, in order to calculate the distance between classes in training and testing 

datasets, Manhattan distance was implemented using equation [4.6] (Palaniappan, 

2011) as follow:                         

                                     



n

i

ii yxd
1

                                                                   [4.6] 

Where n  was the number of variables, ix  and iy  were the values of the thi  variables 

at point x  and y , respectively. 

The number of k-neighbour was determined using equation [4.7] (Palaniappan, 2011) 

shown below: 

                                    Nk                                                                                 [4.7] 
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Where N was number of instances (in the present study N refer to the total number of 

training data of the feature space). Thus, the number of k neighbour was set as 

follow: 

1. k neighbour was set at k  = 15 for predicting imagination/intention of 

movement. 

2. k  neighbour was set at k  = 7 for predicting the effect of direction toward 

imagination/intention of movement. 

3. k  neighbour was set at k  = 9 for predicting imagination/intention and 

direction of movement. 

 

4.7.6.2 Fuzzy k Nearest Neighbour (FKNN) Classifier 

Fuzzy k  Nearest Neighbour (FKNN) is a classifier that categorises objects based on 

majority of the closest k -neighbours and those neighbours’ membership in the 

possible classes (Jensen and Cornelis, 2011, Keller et al., 1985). Compared with the 

k-NN classifier, FKNN considers both the distance of the k-neighbour and the 

neighbours’ membership as main factors during the classification process. In this 

study the neighbours’ membership in each possible class was computed using 

equation [4.8] (Keller et al., 1985) as stated below: 
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
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                                   [4.8] 

Where )(xi  was membership of the training, )(x  of the thi  class of j  samples, k  

was the number of neighbours, m  was a positive real number know as a ‘fuzzifier’ 

and 
jxx   was the distance between x  and 

jx . 
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4.7.6.3 Quadratic Discriminant Analysis (QDA) Classifier 

Quadratic discriminant analysis (QDA) is a classifier that categories different classes 

based on the quadratic decision boundary (Pang et al., 2009) . The QDA classifier 

assumes that collected data from each class is normally distributed and the 

covariance matric of each class is not identical (Bashashati et al., 2015). In the 

present study, classification processes using the QDA classifier were computed using 

equations [4.9], [4.10], [4.11], [4.12], and [4.13] (Omar et al., 2014) as follow:  

                              )(maxarg)( xxG k                                                                [4.9] 

With  

                              
kk

k
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k

k
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And  

                             



ki k

i

k
N

x
                                                                              [4.12] 

And # 

                             
N

N k
k                                                                                    [4.13] 

The parameters included in these equations were described as follow: 

1. x  was the set of data. 

2. k  was the number of classes. 

3. 
k

 was the covariance matrix. 
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4.  N  was the number of the training instances. 

5. 
kN  was the number of class k observation. 

6. k  was the prior probability of class k.  

7. k  was the mean of the multivariate distribution for each class. 

 

4.7.7 Performance Analysis 

Generally, there are a number of approaches to measure the performance of 

developed BCI systems; namely classification accuracy, Cohen’s kappa, information 

transfer rate, confusion matrix and receiver operating characteristic graph (Baziyad 

and Djemal, 2014, Thomas et al., 2013). In this study the performance of k-NN, 

FKNN and QDA classifiers were evaluated using classification accuracy and 

receiver operating characteristic graph approaches. 

Classification accuracy quantifies the performance of the classifier in categorising 

individual trials correctly and is principally suitable for evaluating synchronised BCI 

systems (Thomas et al., 2013). Classification accuracy was computed using equation 

[4.14] (Bunkhumpornpat et al., 2009) shown below: 

                              100





FNFPTNTP

TNTP
AC                                            [4.14] 

Where TP  is true positive, TN  is true negative, FP  is false positive and FN  is false 

negative. 

On the other hand, receiver operating characteristic (ROC) is a two dimensional 

graph that plots true positive rate (TPR ) on y axis and false positive rate ( FPR ) rate 

on x axis, depicting the relative trade-off between benefit (TP ) and cost ( FP ) 

(Fawcett, 2006). Moreover, the ROC graph can also be considered as a visualising 

method that quantifies the separability of feature space by the applied classifier 

(Thomas et al., 2013). TPR  and FPR  was computed using equations [4.15] and 

[4.16] (Bunkhumpornpat et al., 2009), respectively, as below: 
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FNTP

TP
TPR


                                                                      [4.15] 

And  

                              
FPTN

FP
FPR


                                                                      [4.16] 

In the present study, TP  refers to the true detection of imagination/intention of 

movement (there is event of imagination/intention of movement and the classifier 

correctly identified the event) and TN  refers to the true rejection of 

imagination/intention of movement (there is no event of imagination/intention of 

movement and classifier correctly identified it as no event detection). FP  refers to 

the false detection of imagination/intention of movement (there is no event of 

imagination/intention of movement but the classifier wrongly identified detection of 

the event), whereas FN  refers to the false rejection of imagination/intention of 

movement (there is event of imagination/intention of movement but the classifier 

wrongly rejects the detection of the event). 

 

4.8 Summary 

This chapter has shown that the recorded EEG signal was analysed offline using the 

signal processing methods which comprised of pre-processing, feature extraction, 

statistical analysis, classification and performance analysis. All of these processes 

were implemented using Matlab and EEGLAB. In pre-processing, artefacts and noise 

were excluded from the epochs signal using visual inspection and filtering processes. 

The filtering processes comprise of the implementation of notch filter, bandpass 

filter, and CAR and LAP spatial filters. Features were extracted using power 

spectrum and ANOVA test (p value). The ANOVA test was implemented to 

determine whether or not significant differences occur in the epochs of EEG signal 

across all of the four different directions. The extracted features were normalised 

using z score and the dimensionality was reduced using PCA. Then the features were 

classified using k-NN, FKNN and QDA classifiers. The proposed BCI system 

performance was assed using receiver operating characteristic graph approaches. 
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Chapter 5. Results on Healthy Subjects
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5.1 Introduction 

Chapter 5 presents the results from the pilot study which involved the healthy 

subjects. The results presented in this section cover demographic studies, movement 

initiation time, normality test, data distribution, movement related cortical potential, 

event related spectral perturbation, ANOVA, classification results and performance 

evaluation. Results for each parameter were presented separately based on type of 

spatial filter and type of classifier. 

In this chapter, analyses of the recorded EEG signal in the motor task and motor 

imagery experiments were both presented. The recorded EEG signal from the motor 

task experiment was referred to as MT; whereas the recorded EEG signal from motor 

imagery was referred to as MI. The EEG signal was pre-processed using two spatial 

filters namely, CAR and LAP. MT filtered by CAR and LAP were further termed as 

MTCAR and MTLAP. Similarly, MI filtered by CAR and LAP were termed as 

MICAR and MILAP. 

When analysing MT, the analysis was focused on two important instances of time. 

One of these was the onset of visual cue presentation, which instructs the subjects to 

perform the movement in one of the four directions. The other important time 

instance was the onset of movement, which refers to the estimated time when the 

subjects start to perform the movement (computed from the movement signal) after 

onset of the visual cue. In the recording, onset of the visual cue is at T=0ms. The 

onset of the movement normally occurred after a few hundred milliseconds (T ≤ 

500ms). In order to differentiate with the analysis of motor imagery, the onset of 

movement was offset corrected at T = 0ms. As a result, the onset of the visual cue 

preceded onset of movement (T ≥ -500 ms). The onset of the movement and onset of 

the visual cue are denoted as tm, and tc, respectively. Similarly, in the motor imagery 

experiment, subjects only imagined movement in one of four directions without 

physically moving the manipulandum. Therefore, onset of the visual cue is the focus 

of analysis in the motor imagery experiment. 
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5.2 Recorded data  

EEG and EMG signals were synchronised and simultaneously recorded whilst 

subjects imagined/performed wrist movement in four different directions following a 

visual cue. An example of the recorded EEG and EMG signals were displayed in 

Figure 5.1. 

 

Figure 5.1: Example of recorded EEG and EMG signals. The vertical axis shows 

thirty two recording electrodes. Top twenty eight represent EEG recording electrodes 

and the remaining four are EMG recording electrodes. Horizontal axis represents the 

time of recording. Data recording was synchronised by digital event markers which 

can be seen on the top of the screen. In this figure, the event markers were ‘196’ and 

‘190’ which present the onset of visual cues that instruct the subjects to perform 

movement in direction 6 and movement back to neutral respectively. 

Figure 5.1 illustrates a segment of EEG and EMG signal recordings from subject S11 

in one session of the motor task experiment. In Figure 5.1, two digital event markers 

namely, 196 (in black coloured text) and 190 (in pink coloured text) were shown. 

Digital event markers 196 and 190 represent the onset of visual cues which instruct 

the subject to perform movement in direction 6 and movement back to neutral, 

respectively. 
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When subjects performed the movement in different directions, several muscles were 

activated. Table 5.1 lists the muscles involved corresponding to different directions.  

Table 5.1: Relation between direction of movement and activation of the muscle.  

 

Direction of the movement Muscles activated 

Direction toward 3 ECRL, ECRB and ECU 

Direction toward 6 ECRL, ECRB and FCR 

Direction toward 9 FCR 

Direction toward 12 ECU and FCR 

Figure 5.2 shows a typical EMG recording of subject S11 corresponding to 

movement in different directions. Figure 5.2 also shows that there was a latency of 

less than 500ms between the onset of the visual cue and subject performing the 

movement.  

 

Figure 5.2: EMG recorded signal. Vertical axis shows four recording electrodes. 

ECU muscle (in yellow colour), ECRB muscle (in blue colour), ECRL muscle (in 

green colour) and FCR muscle (in red colour) contraction corresponding to four 

different directions. Horizontal axes represent the time of recording; visual cue onset 

is at t=0. 
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The movement signal recorded from a potentiometer fitted on the manipulandum was 

used to validate whether subjects performed the correct movement during the motor 

task experiment. This was also used to confirm absence of movement in the motor 

imagery experiment. Figure 5.3 illustrates the movement trajectory of subject S11 in 

the motor task experiment. 

 

Figure 5.3: Trajectory of movement signal. Y axis shows voltage changes in 

vertical movement (6 and 12 directions) of the subjects. X axis indicates the voltage 

changes in horizontal movement (3 and 9 directions) of the subjects. 

The trajectory of movement signal in Figure 5.3 was based on 20 trials performed by 

subject S11 in the motor task experiment. In Figure 5.3, voltage changes caused by 

movement toward direction 3, 6, 9 and 12 was presented in pink, blue, green, and red 

respectively. 
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5.3 Demographic Studies  

Eleven postgraduate students (nine male) of the University of Strathclyde with an 

average age of 28.09 years participated in the pilot study. The details of participated 

subjects were shown in Table 5.2. 

Table 5.2: Details of the healthy subject and their participation with the 

experiment.  

 

Subject Gender Age Motor imagery experiment Motor task experiment 

S1 Male 44 Participated Participated 

S2 Male 26 Participated Participated 

S3 Male 25 Participated Participated 

S4 Female 26 Participated Participated 

S5 Female 25 Participated Participated 

S6 Male 22 Participated Participated 

S7 Male 24 Participated Participated 

S8 Male 23 Participated Participated 

S9 Male 33 Participated Participated 

S10 Male 27 Participated Participated 

S11 Male 34 Participated Participated 

Table 5.2 shows that, majority of the participated healthy subject aged below 30 

years old. All of them managed to participate and completed all the trials in both of 

experiments. 
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5.4 Movement Initiation Time  

Movement initiation time is the time required by the subject to start moving the 

manipulandum from the neutral position towards the direction of 3, 6, 9 or 12 after 

onset of the visual cue. Based on this definition and criteria described in section 

(4.2), the movement initiation time of motor task experiment for subject S11 was 

calculated and presented in Figure 5.4. 

 

Figure 5.4: Boxplot of Movement Initiation Time for Subject S11.  

Figure 5.4 depicts the distribution of movement initiation time towards directions 3, 

6, 9 and 12 by subject S11 while performing movements in the motor task 

experiment. The mean values of initiation time for direction 3, 6, 9 and 12 are 0.36, 

0.4, 0.42 and 0.42 second respectively. 
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ANOVA test has been implemented on the movement initiation time for all healthy 

subjects while they participated in the motor task experiment (for further clarification 

of movement initiation time results from other healthy subjects please refers to 

Appendix D). The ANOVA test was conducted based on significance threshold of 

0.05. The results (refer to Table 5.3) indicate that most of the subjects (except for 

subject S3) display a significant difference between initiation times of movement 

towards the four different directions.  

Table 5.3: P value results of movement initiation time for healthy subjects 
 

Subject P value results 

S1 p=1.5×10-6 

S2 p=0.01 

S3 p=0.245 

S4 p=4.8×10-8 

S5 p=0.000222 

S6 p=0.017 

S7 p=5.56×10-6 

S8 p=0.0019 

S9 p=8.79×10-12 

S10 p=5.09×10-12 

S11 p=3.7×10-6 

 

5.5 Normality Test  

The normality test was implemented using the Kolmogorov-Smirnov test (KS) on 28 

EEG recording electrodes (Acqualagna et al., 2016) for both of the experiments. 

Results of these normality tests were be further explained in sections 5.5.1 and 5.5.2. 
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5.5.1 Data Distribution for Normal Subjects 

In the KS test, a result of h=0 indicates that the tested data has a Gaussian 

distribution, and a result of h=1 indicates that the tested data has a non-Gaussian 

distribution; with a significance level of 0.05. Table 5.4 and Table 5.5 present the KS 

test results for both of the motor imagery and motor task experiments, respectively. 

Table 5.4: Normality test results of 11 normal subject’s data from the motor 

imagery experiment.  

 

Electrode S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 

FCZ h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC2 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC4 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

FC1 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

FC3 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC5 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

CFC3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C4 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C5 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CPZ h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

CP2 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP4 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP1 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP3 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP5 h=0 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

Table 5.4 presents the KS test result of healthy subjects for the motor imagery 

experiment. From this table it was clearly seen that majority of the healthy subjects 

have Gaussian distribution in all 28 active recording electrodes, except for subject S2 

and subject S11. 
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Table 5.5: Normality test results of 11 normal subject’s data from the motor 

task experiment. . 

 

Electrode S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 

FCZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC4 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC1 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

FC3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC5 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

CFC2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC1 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

CFC3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CPZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP2 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 

CP1 h=1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

Tabulated data in Table 5.5 shows the KS test results of healthy subjects for the 

motor task experiment. Among these eleven healthy subjects that participated in the 

motor task experiment, only the EEG signal from subject S1 and S11 have a non-

Gaussian distribution.  

 

 

 



88 

 

5.6 Movement Related Cortical Potential (MRCP) 

Movement related cortical potential (MRCP) is an electrophysiological response 

associated with overt and covert movements (Xu et al., 2014). The MRCP results 

associated with MICAR and MILAP were presented in section 5.6.1. On the other 

hand, the MRCP results associated with MTCAR and MTLAP were presented in 

section 5.6.2. All of the MRCP results were computed from electrode C3.  

 

5.6.1 MRCP of Motor Imagery 

Figure 5.5 shows the grand average of the MRCP waveforms associated with the 

MICAR towards directions 3, 6, 9 and 12. T=0 represents onset of the visual cue (tc). 

From this figure it can be seen that, after tc there was increasing negativity of 

amplitude in all of the MRCP waveforms (T<500ms approximately). All of the 

MRCP waveforms begin returning to the baseline after T=500ms. 

 

Figure 5.5: MRCP associated with the motor imagery experiment using CAR 

filter. This figure shows the MRCP recorded from subject S11. X and Y axes 

represent the recording time and the amplitude of the signal respectively. 
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The grand average of the MRCP waveforms associated with the MILAP towards 

direction 3, 6, 9 and 12 were displayed in Figure 5.6. T=0 in this figure represents the 

visual cue onset (tc). This figure also shows that there was a small negative increase 

in amplitude of all the MRCP waveforms 500ms after tc. These MRCP waveforms 

then return to baseline approximately after T=500ms. 

 

Figure 5.6: MRCP associated with the motor imagery experiment using LAP 

filter. This figure shows the MRCP recorded from subject S11. X and Y axis 

represent the recording time and the amplitude of the signal respectively. 

 

 

 

 

 

 

 



90 

 

5.6.2 MRCP of Motor Task 

Electrophysiological changes associated with the MTCAR towards direction 3, 6, 9 

and 12 were illustrated by the grand average of the MRCP waveforms in Figure 5.7. 

In this figure, T=0 indicates the movement initiation time (tm), and a vertical line in 

cyan colour (-500ms<T<0) represents the visual cue onset (tc). This figure also 

shows that, there was a negativity increase in all of the MRCP waveforms after tc and 

decreases when reaching tm. The entire MRCP waveforms also return towards 

baseline shortly after tm (approximately after T>500ms). 

 

Figure 5.7: MRCP associated with motor task experiment using CAR filter. This 

figure shows the MRCP recorded from subject S11. X and Y axis represent the 

recording time and the amplitude of the signal respectively. 
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The grand average of the MRCP waveforms associated with the MTLAP towards 

directions 3, 6, 9 and 12 recorded from electrode C3 were portrayed in Figure 5.8. In 

this figure, T=0 indicates the movement initiation time (tm), and a vertical line in 

cyan colour (-500ms<T<0) represents the visual cue onset (tc). This figure also 

shows that there is a slightly negativity increase in all of the MRCP waveforms after 

tc that decreases when reaching tm. Although there was a small decline in MRCP 

negativity after tc, the entire MRCP waveforms return towards baseline shortly after 

tm (approximately after T>500ms). 

 

Figure 5.8: MRCP associated with motor task experiment using LAP filter. This 

figure shows the MRCP recorded from subject S11. X and Y axes represent the 

recording time and the amplitude of the signal respectively 

 

5.7 ANOVA and ERSP 

In this section, results of the ANOVA test were visualised in the same plot of the 

ERSP. From top to bottom, the first four plots represent the ERSP of 

movement/imagination of movement towards directions 3, 6, 9 and 12, respectively. 

The fifth plot illustrates p values from the ANOVA test conducted across all ERSPs 

(top four plots). In the ERSP plots blue and red colouring show the ERD and the 

ERS, respectively whereas in the ANOVA plot, the blue region represents 
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significance differences in ERSP across all four directions. All of the ERSP and 

ANOVA results were computed from electrode C3.  

 

5.7.1 Statistical Difference of Motor Imagery 

Figure 5.9 portrays the results from ANOVA test performed on the ERSP associated 

with MICAR. T=0 represents the onset of the visual cue (tc). Occurrences of the ERD 

was seen in frequency bands of beta and gamma for all direction 300ms post tc., The 

ERS was detected within delta, theta, alpha, beta and gamma bands before and after 

tc. The significant difference exists in ERSP across all four directions after tc. The 

significant differences were represented by clustered blue regions which can be seen 

within delta, theta, alpha and beta frequency bands after tc. Moreover, there were also 

significant differences within the delta, theta, alpha, beta and gamma bands before tc. 

 

Figure 5.9: ANOVA results associated with motor imagery experiment using 

CAR filter. Top four plots represent the ERSPs of EEG at electrode C3 recorded 

from subject S11 when performing imagination of movement towards four different 

directions; the bottom plot represent ANOVA results of the above ERSPs. Vertical 

axes represent signal frequency and horizontal axes represent recording time.  
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Figure 5.10 illustrates the ANOVA results across ERSPs associated with MILAP 

towards direction 3, 6, 9 and 12; T=0 illustrates the onset of the visual cue (tc). In this 

figure, the ERS was detected within delta, theta and alpha bands across all four 

directions after tc. Besides that, the ERS also detected in beta and gamma bands 

before tc. On the other hand, the ERD was detected within the beta band across of all 

four directions. Detection of the prolonged ERD (until T>1200ms) within beta bands 

can be seen in the ERSP associate with direction 6 and 12. From this figure also, it 

can see that there were significance difference across all four ERSPs, especially after 

tc (approximately 500ms before tm). The significant differences were represented by 

clustered blue regions within alpha, beta and gamma bands. The significant 

differences before tc were detected in delta, theta and alpha frequency bands. 

 

Figure 5.10: ANOVA results associated with motor imagery experiment using 

LAP filter. Top four plots represent the ERSPs of EEG at electrode C3 recorded 

from subject S11 when performing imagination of movement towards four different 

directions; the bottom plot represent ANOVA results of the above ERSPs. Vertical 

axes represent signal frequency and horizontal axes represent recording time. 
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5.7.2 Statistical Difference of Motor Task 

Statistical analysis using the ANOVA test was conducted across ERSPs associated 

with MTCAR towards direction 3, 6, 9 and 12. Results of this ANOVA test were 

depicted in Figure 5.11. In this figure, the subject started to perform the movement at 

T=0 (onset of the movement, tm). The ERD can be seen in ERSP within beta and 

gamma bands across all four directions prior to tm. Apart from that, the ERS was also 

detected within frequencies of the delta, theta and alpha bands across all four 

directions. After onset of the movement, when T>0, the appearance of prominent 

ERD across alpha, beta and gamma bands were also shown in all four directions. It 

also can be seen that prior to tm, there were a significant differences across ERSP in 

all four directions. This significant difference is represented by clustered blue regions 

within the delta, theta, alpha, beta and gamma bands. 

 

Figure 5.11: ANOVA results associated with motor task experiment using CAR 

filter. Top four plots represent the ERSPs of EEG at electrode C3 recorded from 

subject S11 when performing movement towards four different directions; the 

bottom plot represent ANOVA results of the above ERSPs. Vertical axes represent 

signal frequency and horizontal axes represent recording time. 
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The results of ANOVA test across ERSPs associated with MTLAP towards direction 

3, 6, 9 and 12 were portrayed in Figure 5.12. Based on this figure, subject started to 

perform the movement at T=0 (onset of the movement, tm). The ERD and the ERS 

were detected before and after tm. The ERD and the ERS was prominent detected in 

delta, theta and alpha band 400ms before the tm. Detection of the prolonged ERD and 

ERS 400ms before the tm suggests that during the rest time, subject was cognitively 

intact. Besides that, the ERD also was detected in beta and gamma bands across the 

ERSP of all the direction prior to the tm. After tm, occurrence of ERD can be seen in 

delta, theta, alpha, beta and gamma bands in all direction. The significant differences 

across all ERSPs were detected within delta, theta, alpha and beta bands prior to tm. 

 

Figure 5.12: ANOVA results associated with motor task experiment using LAP 

filter. Top four plots represent the ERSPs of EEG at electrode C3 recorded from 

subject S11 when performing movement towards four different directions; the 

bottom plot represent ANOVA results of the above ERSPs. Vertical axes represent 

signal frequency and horizontal axes represent recording time. 
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5.8 Classification Results 

Classification is an essential step in translating the EEG brain signature into a 

command to communicate with the external environment. As discussed in the 

chapter 4, the classification applied in this study was based on off-line single trials 

basis. The classification attempts to predict imagination/intention of movement, 

predict imagination/intention of movement towards direction 3, 6, 9 and 12, and 

predict imagination/intention combined with direction of movement. Even though 

the classification was performed on 28 active recording electrodes with multiple 

EEG signal components (delta, theta, alpha, beta and gamma frequency bands), 

different spatial filters (CAR and LAP) and classifiers (k-NN, FKNN and QDA), 

only the combination that achieved highest classification accuracy will be presented 

for each subject. 

 

5.8.1 Predicting Imagination/ Intention of Movement 

In this subsection, predicting the imagination/intention of movement for healthy 

subjects was further investigated. For this purpose, the classifiers attempted to detect 

the subject’s imagination/intention to move by distinguishing whether the subject’s 

wrist was stationary in the neutral position or when subject start to perform the 

imagination/movement towards any of the different four directions.  

 

5.8.1.1 Predicting Imagination of Movement from Healthy Subjects 

The classification results for healthy subjects in predicting imagination of movement 

were exhibited in Figure 5.13. In this figure, the classification results for each subject 

was presented in terms of the spatial filter and classifier combinations applied. The 

classification accuracies were between 61.00%-94.00% using combination of CAR 

spatial filter and k-NN classifier (CAR+ k-NN). Combination of CAR spatial filter 

and FKNN classifier (CAR+FKNN) resulted in accuracies of 63.00%-94.00%, 

whereas a classification result of 56.00%-95.00% was obtained from the combination 

of CAR spatial filtering and the QDA classifier (CAR+QDA). On the other hand, the 

accuracy of the LAP spatial filter combined with k-NN (LAP+ k-NN), FKNN 
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(LAP+FKNN) and QDA (LAP+QDA) classifiers fall within the ranges of 67.00%-

98.00%, 69.00%-99.00% and 60.00%-97.00%, respectively. In comparison among 

the participated subjects, only subject S10 gave the classification accuracy more than 

80.00% in all combinations of spatial filters and classifier applied. 

 

Figure 5.13: Classification results for healthy subjects in predicting imagination 

of movement. The classification results from each subject were presented based on 

the combinations of classifiers and spatial filters applied. 

The average maximum classification results of predicting imagination of movement 

by healthy subjects depicted in Figure 5.14. This figure shows that, the average 

maximum classification results of CAR+ k-NN, CAR+FKNN and CAR+QDA were 

75.36%, 75.36% and 73.55% respectively. On the other hand, the average maximum 

classification results of LAP+ k-NN, LAP+FKNN and LAP+QDA were 82.73%, 

84.45% and 82.91% respectively. Besides, this figure also shows that combination of 

LAP spatial filter with classifier give higher results compared to combination of 

CAR spatial filter with classifier. 
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Figure 5.14: The average maximum classification results for healthy subjects in 

predicting imagination of movement. The classification results were presented 

based on the combinations of classifiers and spatial filters applied. 

The frequency bands associated with the classification results depicted in Figure 5.13 

were shown in Table 5.6. Table 5.6 shows that majority of the results was obtained 

from gamma band. This was supported by, 5 out of 11 (45.45%) of the classification 

results from CAR+QDA, LAP+FKNN and LAP+QDA were obtained from the 

gamma band. Besides that, 6 out of 11 (54.55%) of the classification results from 

CAR+k-NN and 7 out of 11 (63.64%) of the classification results from LAP+k-NN 

were also obtained from the gamma band. Only 6 out of 11 (54.55%) of the 

classification results from CAR+FKNN obtained from the alpha band. 

Table 5.6: Frequency band associated with the classification results from 

healthy subjects for predicting imagination of movement.  

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 ALPHA ALPHA BETA ALPHA ALPHA BETA 

S2 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S3 GAMMA GAMMA BETA GAMMA GAMMA BETA 

S4 GAMMA GAMMA GAMMA BETA BETA GAMMA 

S5 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

S6 ALPHA ALPHA ALPHA ALPHA ALPHA GAMMA 

S7 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S8 GAMMA ALPHA ALPHA GAMMA BETA ALPHA 

S9 ALPHA ALPHA GAMMA GAMMA GAMMA BETA 

S10 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S11 ALPHA ALPHA ALPHA GAMMA ALPHA ALPHA 
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Table 5.7 presents the list of recording electrodes associated with the classification 

results portrayed in Figure 5.13. In this table, it shows that the majority of the highest 

classification accuracy results were obtained from contralateral electrodes. For 

instance, 8 out of 11 (72.73%) of the classification results from CAR+QDA, LAP+k-

NN and LAP+FKNN were obtained from contralateral electrodes. Apart from that, 7 

out of 11 (63.64%) of the classification results from CAR+k-NN and 9 out of 11 

(81.82%) of the classification results from LAP+QDA were also obtained from the 

contralateral electrodes. Only 6 out of 11 (54.55%) of the classification results from 

CAR+FKNN obtained from the ipsilateral electrodes. 

Table 5.7: Recording electrode associated with the classification results from 

healthy subjects for predicting imagination of movement.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 C5 CFC1 CFC1 CFC1 CFC1 CFC1 

S2 C4 C4 FC5 CFC2 CFC2 CFC5 

S3 CFC5 FC4 C1 CP4 FC4 FC4 

S4 FC3 FC3 CZ FC3 CFC5 CFC2 

S5 C3 CCP4 CP1 CFC1 CFC1 CFC1 

S6 FC1 CCP3 CP1 FC2 FC4 FC1 

S7 CFC3 CFC3 FC4 CP5 CP5 FC5 

S8 C5 FC1 FC1 CCP5 CCP5 CFC1 

S9 CCP2 CCP2 FC4 C5 C5 CCP5 

S10 FC4 FC4 FC5 C5 C5 CFC5 

S11 FC4 FC2 CCP3 CFC5 C3 C3 

 

5.8.1.2 Predicting Intention of Movement from Healthy Subjects 

The overall classification results of predicting intention of movement from healthy 

subjects were presented by Figure 5.15. This figure indicates that, the classification 

results from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the ranges of 

59.00%-91.00%, 63.00%-94.00% and 55.00%-96.00%, respectively. On the other 

hand, classification results from LAP+k-NN, LAP+FKNN and LAP+QDA lie within 

the ranges of 69.00%-97.00%, 69.00%-97.00% and 67.00%-99.00% respectively. 

Among the healthy subjects, only subject S3 has consistent classification accuracy 

more than 90.00% for all combinations of spatial filter and classifier. 
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Figure 5.15: Classification results for healthy subjects in predicting intention of 

movement. The classification results from each subject were presented based on the 

combinations of classifiers and spatial filters applied. 

Table 5.8 shows the frequency band associated with the classification results 

portrayed in Figure 5.15. This table shows that, 6 out of 11 (54.55%) of the 

classification results from CAR+FKNN and 5 out of 11 (45.45%) of the 

classification results from CAR+QDA obtained from alpha bands. Besides that, 6 out 

of 11 (54.55%) of the classification results from LAP+k-NN and 7 out of 11 

(63.64%) of the classification results from LAP+FKNN also obtained from alpha 

bands. On the other hand, 7 out of 11 (63.64%) of the classification results from 

CAR+k-NN and 6 out of 11 (54.55%) of the classification results from LAP+QDA 

were obtained from gamma band. 

Table 5.8: Frequency band associated with the classification results from 

healthy subjects for predicting intention of movement.. 

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 ALPHA ALPHA GAMMA ALPHA ALPHA GAMMA 

S2 GAMMA GAMMA ALPHA ALPHA ALPHA GAMMA 

S3 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S4 GAMMA ALPHA BETA ALPHA ALPHA BETA 

S5 GAMMA ALPHA ALPHA ALPHA ALPHA GAMMA 

S6 ALPHA ALPHA BETA GAMMA ALPHA BETA 

S7 ALPHA ALPHA ALPHA ALPHA ALPHA BETA 
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S8 GAMMA GAMMA ALPHA ALPHA ALPHA BETA 

S9 ALPHA ALPHA ALPHA GAMMA GAMMA BETA 

S10 GAMMA GAMMA GAMMA BETA BETA GAMMA 

S11 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

The list of recording electrodes associated with the classification results presented in 

Figure 5.15 was tabulated in Table 5.9. This table shows that most of the 

classification results were obtained from contralateral electrodes. This is supported 

by 6 out of 11 (54.55%) of the classification results from CAR+k-NN, CAR+FKNN 

and CAR+QDA were obtained from contralateral electrodes. Besides that, 9 out of 

11 (81.82%) of the classification results from LAP+ k-NN and LAP+FKNN were 

also obtained from contralateral electrodes. Furthermore, 8 out of 11 (72.73%) of the 

classification results from LAP+ QDA also obtained from contralateral electrodes. 

Table 5.9: Recording electrode associated with the classification results from 

healthy subjects for predicting intention of movement.. 

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 CP5 CP5 CP5 CCP5 CCP5 CCP2 

S2 FC5 FC5 CPZ CCP5 CCP5 CCP3 

S3 FC4 FC4 C3 C4 CP1 C1 

S4 FC4 C1 CCP1 CCP1 CCP1 CCP1 

S5 C3 FC3 FC3 FC4 FC4 C5 

S6 CCP5 CFC2 CP5 C5 CCP5 CCP5 

S7 CP2 CP4 CP4 FC1 CP1 FC3 

S8 FC4 FC4 CCP2 FC1 CP2 FC2 

S9 CZ CCP2 CZ FC5 FC5 FC5 

S10 CP5 CP5 CP5 CP5 CP5 CFC5 

S11 CFC5 CFC5 C4 CFC5 CFC5 FC4 
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5.8.2 Predicting Imagination/Intention of Movement towards Direction 

3, 6, 9 and 12 

Results presented in this section explore the effects of direction on 

imagination/intention of movement among healthy subjects. For this purpose, the 

classification result for imagination/intention of movement towards direction 3, 6, 9 

and 12 were presented and explained individually along with the frequency band and 

recoding electrodes that contribute to the maximum accuracy classification results. 

 

5.8.2.1 Predicting Imagination of Movement towards Direction 3, 6, 9 and 12 from 

Healthy Subjects 

The overall classification results obtained from the combinations of CAR or LAP 

spatial filters with k-NN, FKNN and QDA classifiers for predicting imagination of 

movements towards direction 3 from healthy subjects was depicted in Figure 5.16. 

This figure demonstrates that the classification results for the combination of 

CAR+k-NN within the range of 61.00%-86.00%. The combination of CAR+FKNN 

achieved classification results of 61.00%-86.00%, while 59.00%-94.00% was 

obtained from the combination of CAR+QDA. Meanwhile the classification results 

from LAP+k-NN, LAP+FKNN and LAP+QDA lie within the ranges of 70.00%-

93.00%, 74.00%-92.00% and 66.00%-94.00%, respectively. The same procedure has 

been implemented for predicting imagination of movement towards direction 6, 9 

and 12 (please refer to Appendix G for further detail). 

The maximum classification results for predicting imagination of movement towards 

direction 6 using CAR+k-NN, CAR+FKNN and CAR+QDA lie within the ranges of 

61.00%-74.00%, 59.00%-72.00% and 61.00%-96.00%, respectively. Besides that, 

classification results of LAP+k-NN, LAP+FKNN and LAP+QDA lie within the 

ranges of 62.00%-94.00%, 65.00%-95.00% and 63.00%-97.00%, respectively.  

The maximum classification results for predicting imagination of movement towards 

direction 9 using CAR+k-NN, CAR+FKNN and CAR+QDA fall within the ranges of 

60.00%-85.00%, 61.00%-91.00% and 59.00%-90.00%, respectively. Furthermore, 

classification results of LAP+k-NN, LAP+FKNN and LAP+QDA lie within the 
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ranges of 64.00%-94.00%, 67.00%-94.00% and 69.00%-95.00%, respectively. 

Between these two types of spatial filter, the LAP method offers higher classification 

accuracy compared to the CAR spatial filter. 

The maximum classification results for predicting imagination of movement towards 

direction 12 from CAR+k-NN, CAR+FKNN and CAR+QDA dwell within the 

ranges of 56.00%-73.00%, 59.00%-75.00% and 57.00%-74.00%, respectively. On 

the other hand, classification results of LAP+k-NN, LAP+FKNN and LAP+QDA lie 

within the ranges of 62.00%-94.00%, 61.00%-95.00% and 62.00%-96.00%, 

respectively.  

It is essential to emphasise that, most of the classification results for all four 

directions have a higher classification range when using combination of LAP 

compared to the CAR spatial filter  

 

Figure 5.16: Classification results for healthy subjects in predicting imagination 

of movement towards direction 3. The classification results from each subject were 

presented based on the combinations of classifiers and spatial filters used. 

Tabulated data in Table 5.10 shows the frequency bands associated with the 

classification results depicted in Figure 5.16. This table demonstrated that, 8 out of 

11 (72.73%) of the classification results from CAR+k-NN and CAR+FKNN were 

obtained from gamma bands. Besides that, 6 out of 11 (75.00%) of the classification 

results from LAP+FKNN and LAP+QDA were obtained from the alpha band. 
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Furthermore, 7 out of 11 (63.64%) of the classification results from LAP+ k-NN and 

5 out of 11 (45.45%) of the classification results from CAR+QDA were also 

obtained from gamma band. The same analytical process was carried out to 

investigate the frequency band associated with highest classification accuracy results 

from predicting the intention of movement towards direction 6, 9 and 12 (please refer 

to Appendix G for further detail). 

Majority of the highest classification results for predicting imagination of 

movements towards direction 6 from healthy subjects were obtained from the gamma 

band. This was supported by 6 out of 11 (54.55%) of the classification results from 

CAR+k-NN, CAR+FKNN and CAR+QDA were obtained from gamma band. 

Besides that, 7 out of 11 (63.64%) of the classification results from LAP+k-NN also 

obtained from gamma band. Only 5 out of 11 (45.45%) of the classification results 

from LAP+FKNN and LAP+QDA obtained either from alpha or gamma bands. 

On the other hand, the alpha band was mostly associated with the highest 

classification results for predicting imagination of movement towards direction 9. 

This was supported by 6 out of 11 (54.55%) of the classification results from 

CAR+k-NN, CAR+FKNN and CAR+QDA obtained from alpha band. Besides that, 

5 out of 11 (45.45%) of the classification results from LAP+QDA also obtained from 

alpha band. Only 6 out of 11 (54.55%) of the classification results from LAP+k-NN 

and 7 out of 11 (63.64%) of the classification results from LAP+FKNN obtained 

from gamma band. 

Similarly, majority of the highest classification results for predicting imagination of 

movement towards direction 12 were obtained from the alpha band. This was shown 

by 9 out of 11 (81.82%) of the classification results from CAR+k-NN and 

CAR+QDA obtained from alpha band. Besides that, 10 out of 11 (90.91%) of the 

classification results from CAR+FKNN and 7 out of 11 (63.64%) of the 

classification results from LAP+k-NN obtained from alpha band. Additionally, 8 out 

of 11 (72.73%) of the classification results from LAP+FKNN and 6 out of 11 

(54.55%) of the classification results from LAP+ QDA were also obtained from 

alpha band. 
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It was noticeable that most of the maximum classification results for all four 

directions were obtained either from alpha or gamma bands. 

Table 5.10: Frequency band associate with the classification results from 

healthy subjects for predicting imagination of movement towards direction 3.  

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 GAMMA GAMMA BETA GAMMA GAMMA GAMMA 

S2 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S3 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S4 GAMMA GAMMA GAMMA BETA BETA BETA 

S5 GAMMA GAMMA ALPHA GAMMA GAMMA ALPHA 

S6 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

S7 GAMMA GAMMA ALPHA GAMMA GAMMA GAMMA 

S8 GAMMA GAMMA ALPHA GAMMA GAMMA ALPHA 

S9 ALPHA ALPHA GAMMA ALPHA ALPHA BETA 

S10 GAMMA GAMMA GAMMA ALPHA ALPHA GAMMA 

S11 ALPHA ALPHA ALPHA GAMMA ALPHA GAMMA 

The list of recording electrodes associated with the classification results displayed in 

Figure 5.16 was tabulated in Table 5.11. This table demonstrates that 7 out of 11 

(63.64%) of the classification results from CAR+FKNN and CAR+QDA were 

obtained from contralateral electrodes. Other than that, 9 out of 11 (81.82%) of the 

classification results from LAP+k-NN and LAP+FKNN also obtained from 

contralateral electrodes. In addition, 8 out of 11 (72.73%) of the classification results 

from LAP+QDA and 5 out of 11 (45.45%) of the classification results from CAR+k-

NN also obtained from contralateral electrodes. The same process of analysis has 

been carried out for examining the recording electrodes associated with classification 

results used to predict imagination of movement towards direction 6, 9 and 12 

(please refer to Appendix G for further detail). 

Consistently, majority of the highest classification results for predicting imagination 

of movement towards direction 6 were obtained by contralateral electrodes. This was 

proved by, 8 out of 11 (72.73%) of the classification results from CAR+FKNN, 

LAP+k-NN and LAP+FKNN were obtained from contralateral electrodes. Besides 

that, 6 out of 11 (54.55%) of the classification results from CAR+QDA and 

LAP+QDA also obtained from contralateral electrodes. Furthermore all (100.00%) of 

the classification from CAR+k-NN obtained from contralateral electrodes. 
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Similarly, majority of the classification results for predicting imagination of 

movement towards direction 9 were obtained from contralateral electrodes. This was 

supported by 6 out of 11 (54.55%) of the classification results from CAR+QDA and 

10 out of 11 (90.91%) of the classification results from LAP+k-NN obtained from 

contralateral electrodes. Other than that, 8 out of 11 (72.73%) of the classification 

results from CAR+FKNN and LAP+FKNN also obtained from contralateral 

electrodes. Furthermore, 7 out of 11 (63.64%) of the classification results from 

CAR+ k-NN and LAP+ QDA obtained from contralateral electrodes. 

In addition, majority of the classification results for predicting imagination of 

movement towards direction 12 also obtained from contralateral electrodes. For 

instance, 7 out of 11 (63.64%) of the classification results from CAR+FKNN and 

LAP+FKNN were obtained from contralateral electrodes. Besides that, 9 out of 11 

(81.82%) of the classification results from CAR+QDA and LAP+k-NN were 

obtained from contralateral electrodes. Moreover, 6 out of 11 (54.55%) of the 

classification results from LAP+QDA and 5 out of 11 (45.45%) of the classification 

results from CAR+k-NN were obtained from contralateral electrodes. From these 

results, it was clearly shown that most of the maximum classification results for all 

four directions were obtained from contralateral electrodes. 

Table 5.11: Recording electrode associated with the classification results from 

healthy subjects for predicting imagination of movement towards direction 3.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 CFC5 CFC5 CFC1 CFC5 CFC5 CFC1 

S2 C4 C4 C5 CFC2 CFC2 CFC5 

S3 CZ FCZ CP5 CFC3 CFC3 C1 

S4 C3 FC4 C4 FC3 FC3 FC3 

S5 C5 FC5 FC1 C3 C3 CFC1 

S6 CZ C3 FC3 C5 FC5 CCP4 

S7 C3 C3 FC3 CPZ CP5 CP2 

S8 FC5 C5 CP4 CCP5 CCP5 CFC5 

S9 CZ CP5 FC4 CCP5 C2 C2 

S10 FC4 FC4 FC4 FC5 FC5 CFC5 

S11 CP2 C3 CCP3 CFC5 CFC1 CFC5 
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5.8.2.2 Predicting Intention of Movement towards Direction 3, 6, 9 and 12 from 

Healthy Subjects 

Classification results from the healthy subjects for predicting intention of movement 

towards direction 3 were illustrated in Figure 5.17. In this figure, the classification 

results from CAR+k-NN lie within the range of 58.00%-90.00%. The combination of 

CAR+FKNN produced classification results of 57.00%-91.00%, whereas 

classification results of 56.00%-95.00% were obtained from CAR+QDA. Moreover, 

the classification results from LAP+k-NN, LAP+FKNN and LAP+QDA dwell within 

the ranges of 66.00%-91.00%, 70.00%-94.00% and 67.00%-95.00%, respectively. 

The same procedure of analysis was implemented for predicting intention of 

movement towards direction 6, 9 and 12 (please refer to Appendix G for further 

details). 

Besides that, the classification results for predicting intention of movement towards 

direction 6 from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the ranges of 

57.00%-85.00%, 58.00%-85.00% and 55.00%-91.00%, respectively. On the other 

hand, classification results from combination of LAP+k-NN, LAP+FKNN and 

LAP+QDA lie within the ranges of 62.00%-97.00%, 67.00%-96.00% and 66.00%-

93.00%, respectively. 

Furthermore the classification results for predicting intention of movement towards 

direction 9 range from 61.00%-87.00% using the combination of CAR+k-NN. 

CAR+FKNN produced classification results between 58.00%-89.00%, whereas 

61.00%-89.00% was obtained from CAR+QDA. On the other hand, the classification 

results from LAP+k-NN lie within the range of 63.00%-94.00%. The combination of 

LAP+FKNN produced classification results of 62.00%-97.00%, and 65.00%-98.00% 

were obtained from LAP+QDA. 

Additionally, the classification results for predicting intention of movement towards 

direction 12 range from 56.00%-82.00% using the combination of CAR spatial filter 

with k-NN classifier. The combination of CAR+FKNN produced classification 

results of 61.00%-83.00%, whereas 57.00%-95.00% were obtained from 

CAR+QDA. Meanwhile, LAP+k-NN, LAP+FKNN and LAP+QDA combinations 
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produced classification results within the ranges of 69.00%-92.00%, 69.00%-98.00% 

and 67.00%-97.00%, respectively.  

It is worth to highlight that most of the classification results for all four directions 

have a higher classification range when using combination of LAP compared to the 

CAR spatial filter. 

 

Figure 5.17: Classification results for healthy subjects in predicting intention of 

movement towards direction 3. The classification results from each subject were 

presented based on the combinations of classifiers and spatial filters applied. 

Table 5.12 presents a list of frequency bands associated with the classification results 

shown in Figure 5.17. This data demonstrates that 6 out of 11 (54.55%) of the 

classification results from CAR+k-NN and CAR+FKNN were obtained from gamma 

bands. Besides that, 8 out of 11 (72.73%) of the classification results from 

CAR+QDA and LAP+k-NN were obtained from gamma bands. Furthermore, 5 out 

of 11 (45.45%) of the classification results from LAP+QDA and 7 out of 11 

(63.64%) of the classification results from LAP+FKNN were also obtained from 

alpha band. The same process of analysis has been implemented for investigating the 

frequency band associated with classification results for predicting intention of 

movement towards direction 6, 9 and 12 (please refer to Appendix G for further 

details). 
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In the meantime, the classification results for predicting intention of movement 

towards direction 6 were mainly obtained either from alpha or gamma bands. This 

was evidently shown by 8 out of 11 (72.73%) of the classification results from 

CAR+k-NN, 7 out of 11 (63.64%) of the classification results from CAR+FKNN and 

6 out of 11 (54.55%) of the classification results from CAR+ QDA were obtained 

from the alpha band. On the other hand, 6 out of 11 (54.55%) of the classification 

results from LAP+k-NN and LAP+FKNN were obtained from gamma band. Apart 

from that, 5 out of 11 (45.45%) of the classification results from LAP+ QDA were 

obtained either from alpha or gamma bands. 

Most of the classification results for predicting intention of movement towards 

direction 9 were obtained from alpha band. This was supported by 8 out of 11 

(72.73%) of the classification results from LAP+k-NN and LAP+FKNN were 

obtained from alpha band. Besides that, 7 out of 11 (63.64%) of the classification 

results from CAR+k-NN and CAR+FKNN were obtained from alpha band. In 

addition, 6 out of 11 (54.55%) of the classification results from CAR+QDA were 

also obtained from alpha band. Only 6 out of 11 (54.55%) of the classification results 

from LAP+QDA were obtained from gamma band. 

The classification results for predicting intention of movement towards direction 12 

were obtained mostly from alpha band. This was demonstrated by the fact that 7 out 

of 11 (63.64%) of the classification results from CAR+k-NN and CAR+FKNN were 

obtained from the alpha band. Apart from that, 6 out of 11 (54.55%) of the 

classification results from CAR+QDA, LAP+k-NN and LAP+FKNN also obtained 

from alpha band. Only 7 out of 11 (63.64%) of the classification results from 

LAP+QDA were obtained from gamma band. 

It is important to highlight that, most of the maximum classification results for all 

four directions were obtained either from alpha or gamma bands. 
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Table 5.12: Frequency band associate with the classification results from 

healthy subjects for predicting intention of movement towards direction 3.  

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 ALPHA ALPHA GAMMA ALPHA ALPHA BETA 

S2 GAMMA GAMMA ALPHA GAMMA GAMMA GAMMA 

S3 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S4 ALPHA ALPHA BETA ALPHA ALPHA GAMMA 

S5 GAMMA GAMMA ALPHA ALPHA ALPHA BETA 

S6 ALPHA ALPHA ALPHA ALPHA ALPHA BETA 

S7 ALPHA GAMMA ALPHA GAMMA GAMMA ALPHA 

S8 GAMMA GAMMA ALPHA ALPHA ALPHA ALPHA 

S9 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

S10 BETA ALPHA ALPHA ALPHA ALPHA ALPHA 

S11 ALPHA ALPHA ALPHA ALPHA GAMMA ALPHA 

Table 5.13 contains the list of recording electrodes associated with the classification 

results illustrated in Figure 5.17. This table shows that 9 out of 11 (81.82%) of the 

classification results from CAR+k-NN and CAR+FKNN were obtained from 

contralateral electrodes. Besides that, 7 out of 11 (63.64%) of the classification 

results from LAP+FKNN and LAP+QDA were obtained from contralateral 

electrodes. Furthermore, 10 out of 11 (90.91%) of the classification results from 

CAR+QDA and 8 out of 11 (72.73%) of the classification results from LAP+k-NN 

were also obtained from contralateral electrodes. The same analysis was carried out 

for examining the recording electrodes associated with classification results for 

predicting intention of movement towards direction 6, 9 and 12 (please refer to 

Appendix G for further details). 

Apart from that, majority of the classification results for predicting intention of 

movement towards direction 6 were obtained from contralateral electrodes. This was 

supported by the finding that 6 out of 11 (54.55%) of the classification results from 

CAR+k-NN and CAR+FKNN were obtained from contralateral electrodes. Apart 

from that 7 out of 11 (63.64%) of the classification results from CAR+QDA and 

LAP+FKNN were obtained from contralateral electrodes. Likewise, 8 out of 11 

(72.73%) of the classification results from LAP+QDA and 10 out of 11 (90.91%) of 

the classification results from LAP+k-NN were also obtained from contralateral 

electrodes. 
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Majority of the classification results for predicting intention of movement towards 

direction 9 were obtained from contralateral electrodes. This was shown by the 

finding that all (100.00%) of the classification results from LAP+k-NN were 

obtained from contralateral electrodes. Similarly, 9 out of 11 (81.82%) of the 

classification results from CAR+k-NN and LAP+FKNN were obtained from 

contralateral electrodes. Correspondingly, 7 out of 11 (63.64%) of the classification 

results from CAR+QDA and LAP+QDA were obtained from contralateral 

electrodes. Furthermore, 8 out of 11 (63.64%) of the classification results from 

CAR+FKNN were also obtained from contralateral electrodes. 

Additionally, majority of the classification results for predicting intention of 

movement towards direction 12 were obtained from contralateral electrodes. This 

was demonstrated by 7 out of 11 (63.64%) of the classification results from LAP+k-

NN, LAP+FKNN and LAP+QDA were obtained from contralateral electrodes. 

Besides that, 10 out of 11 (90.91%) of the classification results from CAR+k-NN and 

CAR+QDA were obtained from contralateral electrodes. Moreover, all (100.00%) of 

the classification results from CAR+FKNN were also obtained from contralateral 

electrodes. 

Based on these results it is essential to highlight that, the maximum classification 

results for all four directions were obtained from contralateral electrodes. 

Table 5.13: Recording electrode associate with the classification results from 

healthy subjects for predicting intention of movement towards direction 3.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 CP5 CP5 CP5 CCP5 CCP5 CCP5 

S2 FC5 FC5 CCP1 CCP5 CCP5 CFC5 

S3 FC5 CFC5 FC3 CP4 CP4 CFC5 

S4 CP5 CP5 CCP1 CCP1 CCP1 CCP1 

S5 C3 C5 FC2 C5 FC3 FC4 

S6 C5 C1 CP5 CCP5 CCP5 CCP5 

S7 CZ CFC5 FC5 FC1 FC1 CP4 

S8 CFC5 FC4 CP5 FCZ FC2 FCZ 

S9 CCP4 CP4 FC1 C3 C2 C5 

S10 CCP5 C3 CFC3 FC3 FCZ CPZ 

S11 CFC1 CFC1 CFC1 FC4 CFC5 CP5 
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5.8.3 Predicting Imagination/Intention and Direction of Movement 

This section emphasises the importance of directional information towards 

imagination/intention of movement. As discussed in the chapter 4, the classification 

processes attempt to predict the direction of the imagination/ intention of the 

movement. Results in predicting direction of imagination/intention of movement for 

healthy subjects were presented in the following subsections. 

 

5.8.3.1 Predicting Imagination and Direction of Movement from Healthy Subjects 

The classification results for predicting imagination and direction of movement from 

healthy subjects were illustrated in Figure 5.18. This figure indicates that, 

classification results from CAR+k-NN, CAR+FKNN and CAR+QDA dwell within 

the ranges of 35.00%-95.00%, 35.00%-95.00% and 29.00%-84.00%, respectively. 

On the other hand, the classification results from LAP+k-NN, LAP+FKNN and 

LAP+QDA lie within the ranges of 37.00%-95.00%, 37.50%-95.00% and 32.00%-

83.00%, respectively. 

 

Figure 5.18: Classification results for healthy subjects in predicting imagination 

and direction of the movement. The classification results from each subject were 

presented based on the combinations of classifiers and spatial filters applied. 
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Lists of frequency bands associated with the classification results depicted in Figure 

5.18 was provided in Table 5.14. Data in this table indicates that the classification 

results were obtained from multiple of EEG signal components namely delta, alpha, 

beta, and gamma bands. Although the classification results were obtained from 

different frequency bands for each subject, majority of the maximum classification 

results were obtained from the gamma band. This was supported by 6 out of 11 

(54.55%) of the classification results from CAR+k-NN and LAP+FKNN were 

obtained from gamma band. Besides that, 5 out of 11 (45.45%) of the classification 

results from CAR+FKNN and LAP+k-NN were obtained from gamma band. 

Furthermore, 7 out of 11 (63.64%) of the classification results from LAP+QDA were 

also obtained from gamma band. On the other hand, 3 out of 11 (27.27%) of the 

classification results from CAR+QDA were obtained from either from theta, alpha or 

gamma bands. 

Table 5.14: Frequency band associate with the classification results from 

healthy subjects for predicting imagination and direction of the movement.. 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 GAMMA GAMMA THETA GAMMA GAMMA BETA 

S2 DELTA THETA THETA THETA GAMMA GAMMA 

S3 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

S4 GAMMA GAMMA DELTA THETA THETA GAMMA 

S5 THETA BETA THETA DELTA DELTA GAMMA 

S6 THETA THETA BETA GAMMA GAMMA GAMMA 

S7 GAMMA ALPHA ALPHA DELTA GAMMA DELTA 

S8 BETA BETA ALPHA THETA DELTA DELTA 

S9 DELTA DELTA ALPHA GAMMA DELTA GAMMA 

S10 GAMMA GAMMA GAMMA THETA THETA GAMMA 

S11 GAMMA GAMMA GAMMA GAMMA GAMMA BETA 

List of recording electrodes associated with the classification results portrayed in 

Figure 5.18 was tabulated in Table 5.15. Table 5.15 indicates that, majority of the 

highest classification results were obtained from contralateral electrodes. This was 

supported by 8 out of 11 (72.73%) of the classification results from CAR+QDA were 

obtained from contralateral electrodes. Apart from that, 7 out of 11 (63.64%) of the 

classification results from CAR+k-NN, CAR+ FKNN, LAP+k-NN and LAP+FKNN 

were also obtained from contralateral electrodes. On the other hand, 5 out of 11 
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(45.45%) of the classification results from LAP+QDA were obtained from ipsilateral 

electrodes. 

Table 5.15: Recording electrode associate with the classification results from 

healthy subjects for predicting imagination and direction of the movement.. 

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 CFC5 CFC5 C5 C1 CFC1 C2 

S2 C4 C4 CFC3 C4 CP4 CP4 

S3 CFC4 CFC4 CZ CFC1 CFC1 CFC3 

S4 FC3 FC3 FC3 FC4 FC4 FC4 

S5 C3 C3 CCP5 C5 C5 CP3 

S6 FC5 FC5 CCP3 CP2 C5 FC2 

S7 CFC3 CFC3 C1 FC1 FC4 CPZ 

S8 C5 C5 FC3 CCP5 CCP5 CCP5 

S9 C4 CFC4 C4 C5 FC4 C4 

S10 CPZ CPZ CFC4 C5 C5 FCZ 

S11 FC3 FC3 CCP3 CP2 CFC3 C1 

 

5.8.3.2 Predicting Intention and Direction of Movement from Healthy Subjects 

Summary of the classification results obtained from combinations of CAR and LAP 

spatial filters with k-NN, FKNN and QDA classifiers for predicting intention and 

direction of movement from healthy subjects was depicted in Figure 5.19. This figure 

indicates that, classification results for combination of CAR+k-NN lie within the 

range of 29.00%-83.00%. The combination of CAR+FKNN produced classification 

results between 28.00%-83.00%, whereas results of 29.00%-67.00% were obtained 

from CAR+QDA. On the other hand, the classification results of LAP+k-NN, 

LAP+FKNN and LAP+QDA dwell within the ranges of 47.00%-87.00%, 47.50%-

85.50% and 34.00%-80.00%, respectively.  
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Figure 5.19: Classification results for healthy subjects in predicting intention 

and direction of the movement. The classification results from each subject were 

presented based on the combinations of classifiers and spatial filters applied. 

Table 5.16 details the frequency bands associated with the classification results 

depicted in Figure 5.19. This table shows that, classification results were obtained 

from multiple frequency bands including delta, theta, alpha, beta, and gamma bands. 

Even though the classification results were obtained from different frequency bands 

for each subject, majority of the maximum classification results were obtained from 

the gamma band. This was shown by 7 out of 11 (63.64%) of the classification 

results from CAR+k-NN and LAP+FKNN were obtained from the gamma band. 

Besides that, 6 out of 11 (54.55%) of the classification results from CAR+FKNN and 

LAP+k-NN were obtained from the gamma band. On the other hand, 4 out of 11 

(36.36%) of the classification results from CAR+QDA were obtained from the delta 

band. In addition, 3 out of 11 (27.27%) of the classification results from LAP+QDA 

were obtained either from delta, beta or gamma bands. 

Table 5.16: Frequency band associate with the maximum classification results 

from healthy subjects for predicting intention and direction of the movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 GAMMA GAMMA BETA GAMMA GAMMA BETA 

S2 GAMMA GAMMA DELTA GAMMA GAMMA DELTA 

S3 THETA DELTA GAMMA DELTA GAMMA GAMMA 
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S4 GAMMA GAMMA ALPHA ALPHA GAMMA ALPHA 

S5 GAMMA GAMMA BETA THETA THETA THETA 

S6 BETA DELTA ALPHA GAMMA GAMMA BETA 

S7 GAMMA GAMMA DELTA GAMMA GAMMA DELTA 

S8 GAMMA THETA THETA ALPHA DELTA GAMMA 

S9 GAMMA GAMMA DELTA GAMMA THETA GAMMA 

S10 THETA DELTA DELTA GAMMA GAMMA BETA 

S11 BETA BETA ALPHA THETA THETA DELTA 

Recording electrodes associated with the classification results depicted in Figure 5.19 

were tabulated in Table 5.17. This table shows that majority of the classification 

results were obtained from contralateral electrodes. This was supported by all 

(100.00%) of the classification results from LAP+FKNN were obtained from 

contralateral electrodes. Besides that, 9 out of 11 (81.82%) of the classification 

results from CAR+k-NN and CAR+FKNN were obtained from contralateral 

electrodes. Furthermore, 6 out of 11 (54.55%) of the classification results from 

LAP+QDA, 8 out of 11 (72.73%) of the classification results from CAR+QDA and 

10 out of 11 (90.91%) of the classification results from LAP+k-NN were also 

obtained from contralateral electrodes. 

Table 5.17: Recording electrode associate with the maximum classification 

results from healthy subjects for predicting intention and direction of the 

movement.  

 

 
Subject 

Recording electrode associated with maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

S1 CFC4 CFC4 CPZ CCP5 CCP5 CCP2 

S2 FC5 CFC5 CFC5 CFC5 CFC5 CFC5 

S3 FC5 FC5 CFC4 CFC5 CFC5 FC5 

S4 C1 C1 C1 CCP1 C1 CCP1 

S5 C3 C3 CP5 C3 CCP5 FC2 

S6 FC5 FC5 CP5 CFC5 CFC5 C4 

S7 C5 C3 C3 CP3 CP3 CPZ 

S8 CFC5 CFC5 FC4 CCP5 CCP5 CP1 

S9 C4 C4 CP5 FC5 C5 C5 

S10 CP3 FC1 CP5 CPZ CP3 FC1 

S11 CFC5 CFC5 CFC5 CFC5 CFC5 C4 
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5.9 Receiver Operating Characteristic Graph (ROC) 

Receiver operating characteristic graph (ROC) is one of the instruments used to 

visualise and evaluate classifier performance (Fawcett, 2006). Generally, ROC is a 

2D graph representing true positive rate (TPR; plotted on the Y axis) and false 

positive rate (FPR; plotted on the X axis), with a diagonal line that divides the ROC 

space into two triangular halves, namely the upper and lower triangles. The upper 

triangle adjoins to the Y axis, whereas the lower triangle adjoins the X axis. Within 

the diagonal line the TPR and FPR values are equivalent. In this segment, ROC was 

produced based on the classification results from each combination of CAR and LAP 

spatial filters with k-NN, FKNN and QDA classifiers. The performance of each 

combination was evaluated based on the average classification accuracy, represented 

by a black triangle. 

 

5.9.1 ROC for Predicting Imagination/Intention of Movement 

Performance of TPR and FPR from combinations of CAR and LAP spatial filter with 

k-NN, FKNN and QDA classifiers for predicting imagination/intention of movement 

were evaluated by ROC. Further details regarding the performance of these 

classifiers are provided in the following subsections. 

 

5.9.1.1 ROC for Predicting Imagination of Movement by Healthy Subjects 

Figure 5.20 depicts the ROCs for predicting imagination of movement from healthy 

subjects. Each ROC was based on one combination of spatial filter and classifier. 

The first row represents the ROC for CAR+k-NN, CAR+FKNN and CAR+QDA, 

whereas the second row represents the ROC for LAP+k-NN, LAP+FKNN and 

LAP+QDA. Multiple points within the ROC space represented by different symbols 

refer data from individual subjects (this layout applies to all of the ROC graphs in 

this section). 

Figure 5.20 demonstrates that, all the points within the ROC space for both spatial 

filters belong to the upper triangle (any point belonging to the lower triangle has high 
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FPR compared to TPR). Majority of the points within the ROC space for the LAP 

spatial filter have higher TPR and lower FPR compared to the CAR spatial filter. As 

for the classifier performance, the combination of LAP+FKNN outperformed other 

combinations. This is because the combination of LAP+FKNN has high TPR and 

lowest FPR on average. 

 

Figure 5.20: ROCs for predicting imagination of movement from healthy 

subjects. The ROCs were presented based on different combination of spatial filter 

and classifier. Subjects were represented by different symbols and the average of the 

classification accuracy was represented by a black triangle. 
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5.9.1.2 ROC for Predicting Intention of Movement by Healthy Subjects 

ROC for combinations of CAR and LAP spatial filters with k-NN, FKNN and QDA 

classifiers in predicting intention of movement from healthy subjects were depicted 

in Figure 5.21. This figure demonstrates that, majority of the points in the ROC space 

for both spatial filters belong to the upper triangle. Majority of the points within the 

ROC space of LAP spatial filter have higher TPR and lower FPR compared to points 

within ROC space of the CAR spatial filter. Among all combinations of the spatial 

filters and classifiers, LAP+QDA has the highest average of TPR and lowest average 

of FPR. 

 

Figure 5.21: ROCs for predicting intention of movement from healthy subjects. 
The ROCs were presented based on different combination of spatial filter and 

classifier. Subjects were represented by different symbols and the average of the 

classification accuracy was represented by a black triangle. 
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5.9.2 ROC for Predicting Imagination/Intention of Movement towards 

Direction 3, 6, 9 and 12 

In this section, the performance of classification based on different combinations of 

spatial filters and classifiers for predicting imagination/intention of movement 

towards direction 3, 6, 9 and 12 from healthy subjects were presented. The 

performance of these classification methods were presented individually according to 

the direction of movement. 

 

5.9.2.1 ROC for predicting Imagination of Movement towards Direction 3, 6, 9 and 

12 by Healthy Subjects 

Figure 5.22 displays the ROC space for combinations of CAR and LAP spatial filters 

with k-NN, FKNN and QDA classifiers in predicting imagination of movement 

towards direction 3 from healthy subjects. This figure demonstrates that, all of the 

points within the ROC space for both spatial filters belong to the upper triangle; 

whereas majority of the points of LAP spatial filter have higher TPR and lower FPR 

compared to the points of CAR spatial filter. As for the classifiers evaluation, the 

combination of LAP+QDA outperformed other combinations based on average of 

highest TPR and low FPR. The same analysis has been implemented for producing 

ROC graphs for predicting intention of movement towards direction 6, 9 and 12 

(please refer to Appendix H for further details). 

Besides that, the ROC for predicting imagination of movement towards direction 6 

indicates that all the points within ROC space for both spatial filters belong to the 

upper triangle. Additionally, majority of the points within ROC space of the LAP 

spatial filter have higher TPR and lower FPR compared to the points within ROC 

space of the CAR spatial filter. Among all the combinations, LAP+QDA has the best 

performance with highest TPR and low FPR compared to other combinations. 

Apart from that, the ROC for predicting imagination of movement towards direction 

9 shows that all the points within the ROC space for both of the spatial filters belong 

to the upper triangle. The majority of points within ROC space of the LAP spatial 

filter have higher TPR and lower FPR compared to the points within ROC space of 
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the CAR spatial filter. Combination of LAP spatial filter with QDA classifier has the 

best performance because on average it produced highest TPR and low FPR 

compared to other combinations. 

On the other hand, the ROC for predicting imagination of movement towards 

direction 12 shows that all the points within the ROC space for both of the spatial 

filters belongs to the upper triangle. The majority of points within ROC space from 

the LAP spatial filter have higher TPR compared to CAR spatial filter. As for the 

evaluation of classifiers, the combination of LAP+QDA outperforms other 

combinations based on having high average of TPR and lowest average of FPR. 

 

Figure 5.22: ROCs for predicting imagination of movement towards direction 3 

from healthy subjects. The ROCs were presented based on combinations of spatial 

filters and classifiers. Subjects were represented by different symbols and the 

average of the classification accuracy was represented by a black triangle. 
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5.9.2.2 ROC for Predicting Intention of Movement towards Direction 3, 6, 9 and 12 

by Healthy Subjects 

Performance evaluation of the classification results of predicting intention of 

movement towards direction 3 by healthy subjects was depicted in Figure 5.23. The 

ROC demonstrates that all of the points within the ROC space for both of the spatial 

filter belong to the upper triangle. Majority of the points within ROC space of LAP 

spatial filter have lower FPR compared to the points within ROC space of CAR 

spatial filter. In term of performance evaluation, combination of LAP+FKNN has 

average with highest TPR and low FPR which outperformed others combination. 

Same analysis procedures have been implemented for producing the ROC graphs for 

predicting imagination of movement towards direction 6, 9 and 12 (please refer 

Appendix H for further detail). 

Addition to that, the ROC for predicting intention of movement towards direction 6 

shows that, all the point within ROC space for both of the spatial filter belongs to the 

upper triangle where majority of points within ROC space of LAP spatial filter have 

higher TPR and lower FPR compared to the points within ROC space of CAR spatial 

filter. Besides that, combination of LAP+QDA that has average with highest TPR 

and lower FPR outperform other classification combination. 

Similarly, the ROC for predicting intention of movement towards direction 9 

depicted that, all the point within ROC space for both of the spatial filter belongs to 

the upper triangle where majority of points within ROC space of LAP spatial filter 

have higher TPR and lower FPR compared to the points within ROC space of CAR 

spatial filter. As for the evaluation of classification performance, combination of 

LAP+QDA has the average with highest TPR and lower FPR which outperformed 

other combination. 

Likewise, the ROC for predicting intention of movement towards direction 12 

portrayed that, all the point within ROC space for both of the spatial filter belongs to 

the upper triangle where majority of points within ROC space of LAP spatial filter 

have higher TPR and lower FPR compared to the points within ROC space of CAR 

spatial filter. Combination of LAP+QDA has the average of highest TPR and lowest 

FPR which outperformed other classification combination. 
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Figure 5.23: ROCs for predicting intention of movement towards direction 3 

from healthy subjects. The ROCs were presented based on combinations of spatial 

filters and classifiers. Subjects were represented by different symbols and the 

average of the classification accuracy was represented by a black triangle. 

 

5.9.3 ROC for Predicting Imagination/Intention and Direction of 

Movement 

As mentioned in the chapter 4, in predicting imagination/intention and direction of 

movement, the classifiers attempt to recognise when the subject starts to 

imagine/move and the direction of the imagination/movement. In this study the 

direction of movement covers four different directions. In the following subsections 

classification performance for each direction is further investigated. 
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5.9.3.1 ROC for Predicting Imagination and Direction of Movement by Healthy 

Subjects 

ROC that indicates the evaluation of classification performance for predicting 

imagination and direction of movement for subclass direction towards 3 from healthy 

subjects was depicted by Figure 5.24. This figure demonstrates that majority of the 

points within the ROC space for both spatial filters belong to the upper triangle; 

except for LAP+QDA (S5) and CAR+QDA (S6), which one subject belonged to the 

lower triangle. In terms of classification performance, the combination of CAR+k-

NN has low FPR and highest TPR on average, outperforming the other 

combinations. 

 

Figure 5.24: ROCs for predicting imagination and direction of movement from 

healthy subjects (subclass for direction towards 3). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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On the other hand, classification evaluation for predicting imagination and direction 

of movement for subclass direction towards 6 from healthy subjects was portrayed in 

Figure 5.25 This figure demonstrates that the majority of points within the ROC 

space for both spatial filters belong to the upper triangle; except for one, LAP+k-NN, 

where subject S2 belongs to the lower triangle. As for classification performance, the 

combination of LAP+FKNN outperformed the others based on the average of highest 

TPR and low FPR. 

 

Figure 5.25: ROCs for predicting imagination and direction of movement from 

healthy subjects (subclass for direction towards 6). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Furthermore, Figure 5.26 illustrates the ROC from healthy subjects for predicting 

imagination and direction of movement for subclass direction towards 9. This figure 

demonstrates that majority of the points within the ROC space for both spatial filters 

belong to the upper triangle; except for LAP+QDA (S5) and CAR+QDA (S8), which 

one subject belonged to the lower triangle. Among all the classification 

combinations, LAP+QDA has the best performance based on average of low FPR 

and highest TPR. 

 

Figure 5.26: ROCs for predicting imagination and direction of movement from 

paraplegic subjects (subclass for direction towards 9). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Moreover, Figure 5.27 portrays the ROC of healthy subjects in predicting 

imagination and direction of movement for subclass direction towards 12. Based on 

this figure, all points within ROC space for both spatial filters belong to the upper 

triangle; except for CAR+QDA (S5), which one subject belonged to the lower 

triangle. As for classification performance, the combination of LAP+QDA has the 

average of highest TPR and low FPR, outperforming other classification 

combinations. 

 

Figure 5.27: ROCs for predicting imagination and direction of movement from 

healthy subjects (subclass for direction towards 12). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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5.9.3.2 ROC for Predicting Intention and Direction of Movement by Healthy 

Subjects 

The performance evaluation of predicting intention and direction of movement for 

subclass direction towards 3 from healthy subjects was depicted in Figure 5.28. This 

figure demonstrates that all of the points within the ROC space of LAP spatial filters 

belong to the upper triangle. On the other hand, CAR+k-NN and CAR+FKNN have 

subject S10 belong to the lower triangle. Besides that, CAR+QDA has two subjects 

(S9 and S10) that belong to the lower triangle. As for classification performance, the 

combination LAP+FKNN has an average with highest TPR and low FPR, which 

outperformed other classification combinations. 

 

Figure 5.28: ROCs for predicting intention and direction of movement from 

healthy subjects (subclass for direction towards 3). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Figure 5.29 illustrates the ROC from healthy subjects for predicting intention and 

direction of movement for subclass direction towards 6. This figure demonstrates 

that all of the points within the ROC space for both spatial filters belong to the upper 

triangle except for CAR+QDA (S6), which one subject belonged to the lower 

triangle. Among all classification combinations, LAP+k-NN has the best 

performance based on average of highest TPR and low FPR. 

 

Figure 5.29: ROCs for predicting intention and direction of movement from 

healthy subjects (subclass for direction towards 6). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Furthermore, the performance evaluation of classification results from healthy 

subjects for predicting intention and direction of movement for subclass direction 

towards 9 were portrayed in Figure 5.30. This figure demonstrates that majority of 

the points within the ROC space for both spatial filters belong to the upper triangle; 

except for CAR+FKNN (S7), CAR+QDA (S10) and LAP+QDA (S4), which one 

subject belonged to the lower triangle. This figure also shows that the combination of 

LAP+FKNN has average of low FPR and highest TPR, outperforming other 

classification combinations. 

 

Figure 5.30: ROCs for predicting intention and direction of movement from 

healthy subjects (subclass for direction towards 9). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Figure 5.31 depicts the ROC from healthy subjects in predicting intention and 

direction of movement for subclass direction towards 12. Based from this figure 

majority of the points within the ROC space for both spatial filters belong to the 

upper triangle; except for CAR+kNN and CAR+QDA. In CAR+kNN subject S7 

belong to the lower triangle whereas in CAR+QDA subject S7 and S10 belong to the 

lower triangle. As for classification performance, the combination of LAP+k-NN 

outperformed the others based on average of highest TPR and lowest FPR. 

 

Figure 5.31: ROCs for predicting intention and direction of movement from 

healthy subjects (subclass for direction towards 12). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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5.10 Summary 

This chapter has elicited the pilot test results based on participation of eleven healthy 

subjects in both of motor imagery and motor task experiments. The conducted 

ANOVA test with significant level of 0.05 on the movement initiation time shows 

that, there is significant different (except for subject S3) among initiation times of 

movement towards the four different directions. This finding suggests that, the times 

taken by the healthy subjects to perform the movement towards four different 

directions are different for each of the direction.  

The normality test conducted through Kolmogorov-Smirnov test across 28 recording 

electrodes for both experiments shows that, majority of the recorded EEG signal was 

having Gaussian distribution. It is undeniable that, there were also non-Gaussian 

distributions EEG signal was recorded from the healthy subjects. For instance, in 

motor imagery experiment subject S4 (14 channels show non Gaussian distribution) 

and subject S11 (4 channels show non-Gaussian distribution) whereas in motor task 

experiment S1 (6 channels show non-Gaussian distribution) and subject S11 (4 

channels show non-Gaussian distribution). Further examination has been 

implemented on the non-Gaussian recording electrodes. After inspection there was 

no noise and artefact detected, that can cause the non-Gaussian distribution. On the 

other hand, there is possibility the accumulation of small changes of the 

neighbouring recording electrodes could affecting the Gaussian distribution. The 

recorded EEG signal from healthy subjects was considered having Gaussian 

distribution due to the fact that most of them show Gaussian distribution in the 

recorded EEG signal.  

Besides that, the MRCP results show the detection of increase amplitude negativity 

across MRCP of four different directions for MICAR, MILAP, MTCAR and 

MTLAP. In the MRCP of MICAR and MILAP, the increase of negativity amplitude 

was detected 500ms after visual cue onset whereas in MTCAR and MTLAP, it was 

detected from 500ms before movement onset, 

Apart from that, the ERSP results show detection of significant power changes across 

all four directions of MICAR, MILAP, MTCAR and MTLAP. In MICAR and 
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MILAP, detection of prominent ERD can be seen within beta and gamma bands 

500ms after visual cue onset. On the other hand, ERD also was detected within beta 

and gamma band prior to onset of the movement for MTCAR and MTLAP. Besides 

that, the p values results (with significance of 0.05) shows that there were 

significance difference across ERSP of four difference directions. In MICAR and 

MILAP the significance differences were detected after cue onset whereas in 

MTCAR and MTLAP it was detected prior to the onset of the movement. 

Significance of differences was detected within delta, theta, alpha, beta and gamma 

bands. 

Summary of maximum classification results in predicting imagination/intention of 

movement and predicting the effect of direction towards imagination/intention of 

movement shows that most of the results were obtained from alpha and gamma 

bands recorded from contralateral electrodes (most of the recording electrodes locate 

at parietal lobe of brain region). 

Moreover, the classification results in predicting imagination/intention and direction 

of movement demonstrated that, majority of the results were obtained from gamma 

band recorded from contralateral electrodes (most of the recording electrodes locate 

at parietal lobe of brain region).  

The results have highlighted the importance of the high density recording electrodes. 

This is because, high density montage offers selection of more dense recoding 

electrodes that suit with the SCI patients (affected by reorganisation of cortical 

topographic). 

As for classifier performance, combination of LAP spatial filter with various 

classifiers outperformed the combination of CAR spatial filter with classifiers. 
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Chapter 6. Results on SCI Subjects



135 

 

6.1 Introduction 

Chapter 6 reports the analysed results obtained from the SCI subjects. It is essential 

to mentioned here that, the analysis implemented on the SCI subjects used the same 

test, code and algorithm employed with the healthy. Thus all the presented results 

used the same layout. Further results were elicited in the following subchapters. 

 

6.2 Demographic Studies  

Eighteen SCI subjects (fourteen tetraplegic patients (ST) and four paraplegic patients 

(SP)) with average age of 48.35 years from QENSIU voluntarily participated in this 

study. The condition of each of these subjects was detailed in Table 6.1. 

Table 6.1: Details of the subject’s condition and their participation with the 

experiment.  

 
Subject Gender Age Level 

of 

injury 

AIS 

scale 
Time 

since 

injury 

(months) 

Cause of 

injury 
Motor 

Imagery 

experiment 

Motor Task 

experiment 

ST1 Male 38 C5 A 14 Trauma Participated N/A- 

ST2 Male 29 C4 A 8 Trauma Participated N/A 

ST3 Male 27 C6 A 15 Trauma Participated N/A 

ST4 Male 52 C6 B 88 Trauma Participated N/A 

ST5 Female 48 C5 A 39 Fall Participated N/A 

ST6 Male 37 C5 A 93 Fall Participated N/A 

ST7 Female 58 C5 C 30 Fall Participated N/A 

ST8 Male 48 C4 C 6 Fall Participated N/A 

ST9 Male 43 C5 B 240 Stabbing Participated N/A 

ST10 Male 62 C4 A 7 Disease Participated N/A 

ST11 Female 69 C6 A 54 Trauma Participated Participated 
ST12 Male 52 C6 D 66 Fall Participated Participated 

ST13 Male 69 C6 D 60 Fall Aborted- Participated 

ST14 Male 22 C6 B 34 Fall Aborted - Participated 

SP1 Male 47 T12 D 20 Trauma Participated Participated 
SP2 Male 49 T10 A 10 Disease Participated Participated 
SP3 Male 57 T3 A 84 Fall Participated Participated 
SP4 Female 53 L3 A 30 Fall Participated Participated 
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Referring to Table 6.1 there were four main causes of SCI in the participating group. 

50.00% (9 out of 18) and 33.33% (6 out of 18) of the injuries were caused by fall and 

trauma respectively; 11.11% (2 out of 18) were caused by disease and 5.56% (1 out 

of 18) resulted from crime (stabbing). 

All of the tetraplegic subjects (eleven male and three female) suffer SCI injury from 

level C6 and above. Due to the level of injury, only four tetraplegic subjects (ST11, 

ST12, ST13 and ST14) were capable of participating in motor task experiment, 

whereas in the motor imagery experiment 10 of 12 tetraplegic subjects participated. 

The remaining tetraplegic subjects (ST13 and ST14) did not participate in the motor 

imagery experiment due to personal circumstances. On the other hand, the paraplegic 

subjects (three male and one female) participated in both the motor task and motor 

imagery experiments. 

 

6.3 Movement Initiation Time  

The movement initiation time taken by subject SP4 in performing movement towards 

four different directions was depicted in Figure 6.1 through boxplot. 

 

Figure 6.1: Boxplot of Movement Initiation Time for Subject SP4.  
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Figure 6.1 depicts the distribution of movement initiation time towards directions 3, 

6, 9 and 12 by subject SP4 while performing movements in the motor task 

experiment. The mean values of initiation time for direction 3, 6, 9 and 12 were 0.46, 

0.45, 0.42 and 0.45 second respectively. 

ANOVA tests have been implemented on the movement initiation time for both 

paraplegic and tetraplegic subjects while they participated in the motor task 

experiment (for further clarification of movement initiation time results from other 

paraplegic subjects please refer to Appendix D). The ANOVA test was conducted 

based on significance threshold of 0.05. The results indicate that only subjects SP1, 

SP2 and SP3 display a significant difference between initiation times of movement 

towards the four different directions. On the other hand, there were no significant 

differences between the movement initiation time for other paraplegic and tetraplegic 

subjects (SP4, ST11, ST12, ST13 and ST14), which may suggest that perception of 

the visual cue and executing movement varies across subjects. Besides that, these 

results also suggest the initiation time taken by most of the SCI subjects in 

performing movement towards four different directions were same.  

 

6.4 Normality Test  

Data distribution of the recorded EEG signal from the SCI subjects were assed using 

the Kolmogorov-Smirnov test (KS). The KS test was conducted on the 28 EEG 

recording electrodes for both of the experiments namely motor imagery and motor 

task experiments. Results of the tests were further clarified in subsections of 6.4.1 

and 6.4.2. 
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6.4.1 Data Distribution for Tetraplegic Subjects 

Results of the normality test for tetraplegic subjects were presented in Table 6.2 

(motor imagery experiment) and Table 6.3 (motor task experiment). Results from the 

test shows that h=0 indicates the tested data has a Gaussian distribution, and a result 

of h=1 indicates the tested data has a non-Gaussian distribution; with a significance 

level of 0.05. 

Table 6.2: Normality test results of 12 tetraplegic subject’s data from the motor 

imagery experiment.  

 

Electrode ST1 ST2 ST3 ST4 ST5 ST6 ST7 ST8 ST9 ST10 ST11 ST12 

FCZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

FC4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

FC3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

FC5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

CFC3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CFC5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

C2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

C5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CCP1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

CCP3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

CCP5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CPZ h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP2 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

CP4 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

CP1 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

CP3 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=1 h=0 h=0 h=0 

CP5 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 h=0 

Table 6.2 presents the KS test results of tetraplegic subjects for the motor imagery 

experiment. From this table it is clearly seen that majority of the tetraplegic subjects 
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have Gaussian distribution in all 28 active recording electrodes, except subject ST9 

(nine recording electrodes that have non-Gaussian distribution). 

Table 6.3: Normality test results of 4 tetraplegic subject’s data from the motor 

task experiment. . 

 

Electrode ST11 ST12 ST13 ST14 

FCZ h=0 h=0 h=1 h=0 

FC2 h=0 h=0 h=0 h=0 

FC4 h=0 h=0 h=0 h=0 

FC1 h=0 h=0 h=0 h=0 

FC3 h=0 h=0 h=0 h=0 

FC5 h=0 h=0 h=1 h=0 

CFC2 h=0 h=0 h=0 h=0 

CFC4 h=0 h=0 h=0 h=0 

CFC1 h=0 h=0 h=0 h=0 

CFC3 h=0 h=0 h=0 h=0 

CFC5 h=0 h=0 h=1 h=0 

CZ h=0 h=0 h=0 h=0 

C2 h=0 h=0 h=0 h=0 

C4 h=0 h=0 h=0 h=0 

C1 h=0 h=0 h=0 h=0 

C3 h=0 h=0 h=0 h=0 

C5 h=0 h=0 h=1 h=0 

CCP2 h=0 h=0 h=0 h=0 

CCP4 h=0 h=0 h=0 h=0 

CCP1 h=0 h=0 h=0 h=0 

CCP3 h=0 h=0 h=1 h=0 

CCP5 h=0 h=0 h=0 h=0 

CPZ h=0 h=0 h=0 h=0 

CP2 h=0 h=0 h=0 h=0 

CP4 h=0 h=0 h=0 h=0 

CP1 h=0 h=0 h=0 h=0 

CP3 h=0 h=0 h=0 h=0 

CP5 h=0 h=0 h=1 h=0 

Tabulated data in Table 6.3 shows the KS test results of tetraplegic subjects for the 

motor task experiment. Among these four tetraplegic subjects that participated in the 

motor task experiment, only the EEG signal from subject ST13 had a non-Gaussian 

distribution in 6 out of 28 recording electrodes.  
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6.4.2 Data Distribution for Paraplegic Subjects 

Table 6.4 shows normality test results of 4 paraplegic subjects based on the recorded 

EEG signal from the motor imagery experiment. The results from Table 6.4 also 

show that the majority of recording electrodes have a Gaussian distribution, except 

subject for subject SP4 (one recording electrodes that have non-Gaussian 

distribution). 

Table 6.4: Normality test results of 4 paraplegic subject’s data from motor 

imagery experiment. . 

 

Electrode SP1 SP2 SP3 SP4 

FCZ h=0 h=0 h=0 h=0 

FC2 h=0 h=0 h=0 h=0 

FC4 h=0 h=0 h=0 h=0 

FC1 h=0 h=0 h=0 h=0 

FC3 h=0 h=0 h=0 h=0 

FC5 h=0 h=0 h=0 h=0 

CFC2 h=0 h=0 h=0 h=0 

CFC4 h=0 h=0 h=0 h=0 

CFC1 h=0 h=0 h=0 h=0 

CFC3 h=0 h=0 h=0 h=0 

CFC5 h=0 h=0 h=0 h=0 

CZ h=0 h=0 h=0 h=0 

C2 h=0 h=0 h=0 h=0 

C4 h=0 h=0 h=0 h=0 

C1 h=0 h=0 h=0 h=0 

C3 h=0 h=0 h=0 h=0 

C5 h=0 h=0 h=0 h=0 

CCP2 h=0 h=0 h=0 h=0 

CCP4 h=0 h=0 h=0 h=0 

CCP1 h=0 h=0 h=0 h=0 

CCP3 h=0 h=0 h=0 h=1 

CCP5 h=0 h=0 h=0 h=0 

CPZ h=0 h=0 h=0 h=0 

CP2 h=0 h=0 h=0 h=0 

CP4 h=0 h=0 h=0 h=0 

CP1 h=0 h=0 h=0 h=0 

CP3 h=0 h=0 h=0 h=0 

CP5 h=0 h=0 h=0 h=0 
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The normality test results of paraplegic subjects for motor task experiment were 

shown in Table 6.5 All 4 of the paraplegic patients completed the motor task 

experiment. Result from Table 6.5 shows that, majority of the subjects have Gaussian 

distribution in all 28 recording electrodes except subject SP1 (one recording 

electrodes that have non-Gaussian distribution).  

Table 6.5: Normality test results of 4 paraplegic subject’s data from motor task 

experiment. . 

 

Electrode SP1 SP2 SP3 SP4 

FCZ h=0 h=0 h=0 h=0 

FC2 h=0 h=0 h=0 h=0 

FC4 h=0 h=0 h=0 h=0 

FC1 h=1 h=0 h=0 h=0 

FC3 h=0 h=0 h=0 h=0 

FC5 h=0 h=0 h=0 h=0 

CFC2 h=0 h=0 h=0 h=0 

CFC4 h=0 h=0 h=0 h=0 

CFC1 h=0 h=0 h=0 h=0 

CFC3 h=0 h=0 h=0 h=0 

CFC5 h=0 h=0 h=0 h=0 

CZ h=0 h=0 h=0 h=0 

C2 h=0 h=0 h=0 h=0 

C4 h=0 h=0 h=0 h=0 

C1 h=0 h=0 h=0 h=0 

C3 h=0 h=0 h=0 h=0 

C5 h=0 h=0 h=0 h=0 

CCP2 h=0 h=0 h=0 h=0 

CCP4 h=0 h=0 h=0 h=0 

CCP1 h=0 h=0 h=0 h=0 

CCP3 h=0 h=0 h=0 h=0 

CCP5 h=0 h=0 h=0 h=0 

CPZ h=0 h=0 h=0 h=0 

CP2 h=0 h=0 h=0 h=0 

CP4 h=0 h=0 h=0 h=0 

CP1 h=0 h=0 h=0 h=0 

CP3 h=0 h=0 h=0 h=0 

CP5 h=0 h=0 h=0 h=0 
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6.5 Movement Related Cortical Potential (MRCP) 

The grand average of MRCP waveforms of four different directions associated with 

MICAR and MILAP were presented in Figure 6.2 and Figure 6.3 respectively. Apart 

from that, the grand average of MRCP waveforms associated with MTCAR and 

MTLAP were presented in Figure 6.4 and Figure 6.5 respectively. All of the results 

were computed from electrode C3 by subject SP4. 

 

6.5.1 MRCP of Motor Imagery 

The grand average of MRCP waveforms associated with the MICAR towards 

direction 3, 6, 9 and 12 were illustrated by Figure 6.2. In this figure, T=0 represents 

the visual cue onset (tc). From this figure also, it can be seen that increasing 

amplitude negativity occurs in all of the MRCP waveforms after tc, at time T<500ms 

approximately. All of the MRCP waveforms begin returning to the baseline after 

T=500ms. 

 

Figure 6.2: MRCP associated with motor imagery experiment using CAR filter. 
This figure shows the MRCP recorded from electrode C3 of subject SP4. X and Y 

axis represent the recording time and the amplitude of the signal respectively. 
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The grand average of the MRCP waveforms associated with the MILAP towards 

directions 3, 6, 9 and 12 recorded from electrode C3 by subject SP4 were portrayed 

in Figure 6.3. T=0 in this figure represents the visual cue onset (tc). This figure also 

shows that there was a small negative increase in amplitude of all MRCP waveforms 

500ms after tc. These MRCP waveforms then return to baseline approximately after 

T=1000ms. During the decline of MRCP, there was amplitude difference among the 

MRCP waveforms; the decline towards 12 is the largest.  

 

Figure 6.3: MRCP associated with motor imagery experiment using LAP filter. 
This figure shows the MRCP recorded from electrode C3 of subject SP4. X and Y 

axes represent the recording time and the amplitude of the signal respectively 
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6.5.2 MRCP of Motor Task 

Figure 6.4 shows the grand average of the MRCP waveforms associated with the 

MTCAR towards directions 3, 6, 9 and 12. These waveforms were obtained from 

electrode C3. In this figure, T=0 represents onset of the movement (tm), and a vertical 

line in cyan colour (T >-500ms) represent onset of the visual cue (tc). On inspection 

of Figure 6.4, it can be seen that following tc there was a negative shift in amplitude 

preceding onset of movement in the MRCP waveforms. After tm, the MRCP 

waveforms returned to the baseline approximately after T=500ms.  

 

Figure 6.4: MRCP associated with the motor task experiment using CAR filter. 
This figure shows the MRCP recorded from electrode C3 by subject SP4. X and Y 

axes represent the recording time and the amplitude of the signal respectively. 
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The grand average of the MRCP waveforms associated with the MTLAP towards 

direction 3, 6, 9 and 12 recorded from electrode C3 were displayed in Figure 6.5. In 

this figure, T=0 indicates the movement initiation time (tm), and a vertical line in 

cyan colour (T < -500ms) represents the visual cue onset (tc). This figure also shows 

that there was a slightly negativity increase in all of the MRCP waveforms after tc 

that decreases when reaching tm. Although there was a small decline in MRCP 

negativity after tc, the entire MRCP waveforms return towards baseline shortly after 

tm. 

 

Figure 6.5: MRCP associated with the motor task experiment using LAP filter. 
This figure shows the MRCP recorded from electrode C3 of subject SP4. X and Y 

axis represent the recording time and the amplitude of the signal respectively. 

 

6.6 ANOVA and ERSP 

The ANOVA test results performed on the ERSP of the four different directions 

associated with MICAR, MILAP, MTCAR and MTLAP were depicted by Figure 

6.6, Figure 6.7, Figure 6.8 and Figure 6.9.respectively. The results were computed 

from electrode C3 by subject SP4. 
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6.6.1 Statistical Difference of Motor Imagery 

Statistical analysis using the ANOVA test was conducted across ERSP associated 

with MICAR towards direction 3, 6, 9 and 12. Results of this ANOVA test were 

depicted in Figure 6.6. In this figure, T=0 represents the visual cue onset. It can be 

seen that after visual cue onset, there were a significant differences across ERSP in 

all four directions. The significant differences were represented by clustered blue 

regions within the delta, theta, alpha, beta and gamma bands. 

 

Figure 6.6: ANOVA results associated with motor imagery experiment using 

CAR filter. Top four plots represent the ERSPs of EEG of electrode C3 recorded 

from the subject SP4 when performing movement in 4 different directions and the 

bottom represents the ANOVA results of these 4 ERSPs. Vertical axes represent 

signal frequency and horizontal axes represent recording time. In ERSP plots blue 

shows the ERD and red shows the ERS. In the ANOVA plot, blue regions represent 

that there is statistical difference in ERSPs across all four directions. The 

significance level of this figure is 0.05. 
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The ANOVA test results of ERSP associated with MILAP towards direction 3, 6, 9 

and 12 were portrayed in Figure 6.7. In this figure, T=0 indicates visual cue onset 

(tc). The significant differences across all ERSPs were discovered before and after tc 

presented by blue regions within delta, theta, alpha and beta bands. Detection of 

prominent ERD and ERS before tc indicates that during the rest period, subject might 

be engaged with mental task or cognitive activity (try to guess the visual cue 

direction). Any interference and activity during the resting period will affect the 

generation of ERD and ERS. 

 

Figure 6.7: ANOVA results associated with motor imagery experiment using 

LAP filter. Top four plots represent the ERSPs of EEG at electrode C3 recorded 

from the subject SP4 when performing movement in four different directions and the 

bottom represents the ANOVA results of these 4 ERSPs. Vertical axes represent 

signal frequency and horizontal axes represent recording time. In ERSP plots blue 

shows the ERD and red shows the ERS. In the ANOVA plot, blue regions represent 

where there is statistical significance from comparing ERSPs across all four 

directions. The significance level of this figure is 0.05. 
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6.6.2 Statistical Difference of Motor Task 

Figure 6.8 portrays the results of ANOVA test performed on the ERSP associated 

with MTCAR towards direction 3, 6, 9 and 12. In this figure, T=0 represents the 

onset of movement (tm). This figure also shows that, there were significant 

differences exist in the ERSP of all four directions prior to onset of the movement. 

The significant differences were represented by clustered blue regions which can be 

seen within delta, theta and alpha frequency bands. Moreover, there is also 

significant difference within the delta, theta, alpha, beta and gamma bands after the 

onset of movement, when T>0.  

 

Figure 6.8: ANOVA results associated with motor task experiment using CAR 

filter. Top four plots represent the ERSPs of EEG at electrode C3 recorded from 

subject SP4 when performing movement in 4 different directions; the bottom plot 

represent ANOVA results of the above ERSPs. Vertical axes represent signal 

frequency and horizontal axes represent recording time. In ERSP plots blue and red 

colouring shows ERD and ERS, respectively. In the ANOVA plots, the blue region 

represents statistically significant significance differences in ERSP across all four 

directions. The significance level of this figure is 0.05. 
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Figure 6.9 illustrates the ANOVA test results implemented across ERSP associated 

with MTLAP towards direction 3, 6, 9 and 12; T=0 illustrates the onset of movement 

(tm). From this figure, it can see that there were significance differences across all 

four ERSPs, especially after visual cue onset (approximately 500ms before tm). The 

significant differences were presented by clustered blue regions within delta, theta, 

alpha, beta and gamma bands. The significant difference before movement initiation 

time was detected in delta, theta and alpha frequency bands. 

 

Figure 6.9: ANOVA results associated with motor task experiment using LAP 

filter. Top four plots represent ERSPs of EEG at electrode C3 recorded from the 

subject SP4 when performing movement in 4 different directions and the bottom 

represents the ANOVA results of these 4 ERSPs. Vertical axes represent signal 

frequency and horizontal axes represent recording time. In ERSP plots blue and red 

colours show ERD and ERS, respectively. In the ANOVA plot, blue regions 

represent statistically significant difference in ERSPs across all four directions. The 

significance level of this figure is 0.05. 
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6.7 Classification Results 

The classification results in predicting imagination/intention of movement, target 

direction, and imagination/intention and direction of movement from the SCI 

subjects were further discussed. In this section, the classification results from 

tetraplegic and paraplegic subjects were presented separately and presented in the 

following subchapters. 

 

6.7.1 Predicting Imagination/ Intention of Movement 

The classification results for predicting imagination of movement from tetraplegic 

and paraplegic subjects were described in subsection of 6.7.1.1 and 6.7.1.2 

respectively. On the other hand, the classification results for predicting intention of 

movement from tetraplegic subjects were presented in subsection of 6.7.1.3 and the 

classification results for predicting intention of movement from paraplegic subjects 

were explained in subchapter of 6.7.1.4. 

 

6.7.1.1 Predicting Imagination of Movement from Tetraplegic Subjects 

The maximum classification results in predicting imagination of movement among 

the tetraplegic subjects were illustrated in Figure 6.10. In this figure, the 

classification results from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the 

ranges of 56.67%-86.50%, 60.44%-85.77% and 52.20%-89.42%, respectively. On 

the other hand, the classification results from LAP+k-NN, LAP+FKNN and 

LAP+QDA lie within the ranges of 63.33-91.09%, 62.24%-94.14% and 54.07%-

96.51%, respectively. 

Although the classification results from the combination of spatial filters with 

multiple classifiers vary among tetraplegic subjects, ST5 has consistently high 

classification accuracy in all combinations compared with other subjects. In addition, 

the combination of LAP spatial filter with multiple classifiers achieved higher 

classification accuracies compared with combinations of the CAR spatial filter with 

multiple classifiers; except for subject ST6.  
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Figure 6.10: Summary of classification results for tetraplegic subjects in 

predicting imagination of movement. The classification results from each subject 

are presented based on the combinations of classifiers and spatial filters applied. 

This is a crude attempt at exploring the effect of duration of injury on subject 

performance. Figure 6.11 shows classification results of tetraplegic subjects in 

predicting imagination of movement with respect to the time of injury. This figure 

shows no particular trend which is expected due to the number of confounding and 

lurking variables that have not been calibrated. Besides, it is nearly impossible to 

match and control for level of injury, age, quality of life, prescribed medication, 

rehabilitation. 
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Figure 6.11: Summary of classification results for tetraplegic subjects in 

predicting imagination of movement with respect to the time of injury. The 

classification results were presented according to the length of the injury starting 

with the subject with latest injury. (This figure has been produced at request of the 

examiners during the viva voce). 

The average maximum classification results of predicting imagination of movement 

by tetraplegic subjects portrayed in Figure 6.12. This figure shows that, the average 

maximum classification results of CAR+ k-NN, CAR+FKNN and CAR+QDA were 

67.86%, 69.99% and 67.79% respectively. On the other hand, the average maximum 

classification results of LAP+ k-NN, LAP+FKNN and LAP+QDA were 78.51%, 

79.79% and 76.51% respectively. Besides, this figure also shows that combination of 

LAP spatial filter with classifier give higher results compared to combination of 

CAR spatial filter with classifier. 
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Figure 6.12: Average of maximum classification results for tetraplegic subjects 

in predicting imagination of movement. The classification results were presented 

based on the combinations of classifiers and spatial filters applied. 

The list of frequency bands associated with the classification results portrayed in 

Figure 6.10 was tabulated in Table 6.6. Data from this table indicate that, majority of 

the highest classification results for predicting imagination of movement for 

tetraplegic patients were obtained from alpha band. This was supported by the 

finding that 11 out of 12 (91.60%) of the classification results from CAR+k-NN and 

CAR+FKNN were obtained from the alpha band. Besides that, 8 out of 12 (60.00%) 

of the classification results from CAR+QDA were also obtained from alpha band. On 

the other hand, 7 out of 12 (58.30%) of the classification results from LAP+ k-NN 

and LAP+QDA were obtained from the alpha band. Besides that, 9 out of 12 

(75.00%) classification results from LAP+FKNN were also obtained from alpha 

band. 

Table 6.6: Frequency band associated with the classification results from 

tetraplegic subjects for predicting imagination of movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST1 Alpha Alpha Beta Alpha Alpha Beta 

ST2 Alpha Alpha Gamma Beta Beta Gamma 

ST3 Alpha Alpha Alpha Alpha Alpha Beta 

ST4 Alpha Alpha Alpha Alpha Alpha Alpha 

ST5 Alpha Alpha Beta Alpha Alpha Beta 
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ST6 Alpha Alpha Alpha Alpha Alpha Alpha 

ST7 Gamma Gamma Beta Beta Beta Beta 

ST8 Alpha Alpha Alpha Gamma Gamma Alpha 

ST9 Alpha Alpha Alpha Gamma Alpha Alpha 

ST10 Alpha Alpha Alpha Alpha Alpha Alpha 

ST11 ALPHA ALPHA ALPHA BETA ALPHA ALPHA 

ST12 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

Recording electrodes associated with the classification results depicted in Figure 6.10 

were tabulated in Table 6.7. Results from Table 6.7 demonstrated that, 6 out of 12 

(50.00%) of the classification results from CAR+k-NN and LAP+QDA were 

obtained either from ipsilateral or contralateral electrodes. Apart from that, 8 out of 

12 (60.00%) of the classification results from CAR+FKNN and LAP+FKNN were 

obtained from contralateral electrodes. Furthermore, 7 out of 12 (58.30%) of the 

classification results from LAP+k-NN were also obtained from contralateral 

electrodes. In contrast, 7 out of 12 (58.30%) classification results from CAR+QDA 

were obtained from ipsilateral electrodes. 

Table 6.7: Recording electrode associated with the classification results from 

tetraplegic subjects for predicting imagination of movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST1 C5 CFC3 C2 C3 C3 C2 

ST2 FC2 CP3 FC3 CZ CZ CFC5 

ST3 CPZ FC3 FC4 C3 C3 CCP1 

ST4 CP1 CP1 CPZ CFC3 CFC3 CFC3 

ST5 CFC4 CCP2 C2 CFC4 CFC4 C2 

ST6 CZ CZ CCP1 FC4 FC5 FCZ 

ST7 FC3 FC3 CCP5 CCP5 CCP5 CCP5 

ST8 CCP5 FCZ CZ FC4 FC4 CCP4 

ST9 CZ CZ CP5 C5 CFC1 CPZ 

ST10 FC1 CP3 CFC1 CFC3 CCP4 CCP4 

ST11 CP3 CP3 CP2 CCP5 CCP1 CCP1 

ST12 CFC2 C3 FCZ CFC4 C5 CFC3 
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6.7.1.2 Predicting Imagination of Movement from Paraplegic Subjects 

The overall classification results in predicting imagination of movement from 

paraplegic subjects was depicted in Figure 6.13. This figure indicates that, the 

classification results from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the 

ranges of 57.65%-89.34%, 57.38%-89.75% and 52.92%-82.79%, respectively. On 

the other hand, classification results from LAP+k-NN, LAP+FKNN and LAP+QDA 

lie within the ranges of 79.87%-89.34%, 72.73%-88.93% and 61.69-95.90%, 

respectively. Among the paraplegic subjects that participated in the motor imagery 

experiment, only subject SP4 had consistent classification accuracy across all 

combinations of spatial filter and classifier. 

 

Figure 6.13: Summary of classification results for paraplegic subjects in 

predicting imagination of movement. The classification results from each subject 

are presented based on the combinations of classifiers and spatial filters applied. 

Table 6.8 shows the frequency band associated with the classification results 

portrayed in Figure 6.13. This table indicates that 2 out of 4 (50.00%) of the 

classification results from CAR+k-NN were obtained from either alpha or gamma 

bands. On the other hand, 3 out of 4 (75.00%) of the classification results from 

CAR+FKNN were from the alpha band. Meanwhile, 3 out of 4 (75.00%) of the 

classification results from CAR+QDA were obtained from gamma band.  

Apart from that, 3 out of 4 (75.00%) of classification results from LAP+k-NN were 

obtained from gamma band. Moreover, 2 out of 4 (50.00%) of the classification 
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results from LAP+FKNN were obtained from the alpha band. Besides that, 3 out of 4 

(75.00%) of the classification results from LAP+QDA were obtained from the beta 

band. 

Table 6.8: Frequency band associated with the classification results from 

paraplegic subjects for predicting imagination of movement.. 

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 Alpha Alpha Gamma Alpha Alpha Beta 

SP2 Alpha Alpha Alpha Gamma Beta Beta 

SP3 Gamma Alpha Gamma Gamma Alpha Alpha 

SP4 Gamma Gamma Gamma Gamma Gamma Beta 

The list of recording electrodes associated with the classification results presented in 

Figure 6.13 was provided in Table 6.9. This table shows that most of the 

classification results were obtained from contralateral electrodes. This is supported 

by 3 out of 4 (75.00%) of the classification results from CAR+k-NN, CAR+FKNN 

and CAR+QDA being obtained from contralateral electrodes. Besides that, all 

(100.00%) of the results from LAP+ k-NN were obtained from contralateral 

electrodes. On the other hand, 2 out of 4 (50.00%) of the classification results from 

LAP+FKNN and LAP+QDA were also obtained from either contralateral electrodes 

or ipsilateral electrodes. 

Table 6.9: Recording electrode associated with the classification results from 

paraplegic subjects for predicting imagination of movement.. 

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 CFC2 CCP1 FC1 CFC5 CCP4 CCP4 

SP2 CFC3 CCP1 FCZ CCP5 CCP5 CCP1 

SP3 CFC3 CCP2 CFC3 CFC3 CP2 CFC2 

SP4 CCP1 CCP1 CP1 CCP1 C1 CFC3 
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6.7.1.3 Predicting Intention of Movement from Tetraplegic Subjects 

As for tetraplegic subjects, only 4 out of 14 subjects manage to participate in the 

motor task experiment. The classification results for predicting intention of 

movement from the tetraplegic subjects were presented in Figure 6.14. This figure 

shows that, the classification results from CAR+k-NN, CAR+FKNN and CAR+QDA 

were within the ranges of 61.96%-69.81%, 62.32%-68.09% and 53.46%-66.98%, 

respectively. On the other hand, classification results from LAP+k-NN, LAP+FKNN 

and LAP+QDA fell within the ranges of 57.25%-73.58%, 54.71%-79.25% and 

52.31%-65.09%, respectively. Among the four tetraplegic subjects, subject ST13 

consistently had the highest classification accuracy in all combinations of spatial 

filter and classifiers. 

 

Figure 6.14: Summary of classification results for tetraplegic subjects in 

predicting intention of movement. The classification results for each subject are 

presented based on the combinations of spatial filters and classifiers applied. 

Frequency bands associated with the classification results depicted in Figure 6.14 

were presented in Table 6.10. This table shows that 2 out of 4 (50.00%) of the 

classification results from CAR+k-NN, CAR+FKNN and CAR+QDA were obtained 

using either alpha or gamma band. Meanwhile, for the combination of LAP+k-NN 

and LAP+FKNN, 3 out of 4 (75.00%) of the classification results were obtained 

from the alpha band. Additionally, 2 out of 4 (50.00%) of the classification results 

from LAP+QDA were obtained either from alpha or gamma band signals.  
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Table 6.10: Frequency band associated with the classification results from 

tetraplegic subjects for predicting intention of movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST11 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

ST12 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

ST13 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

ST14 GAMMA GAMMA GAMMA ALPHA ALPHA GAMMA 

Tabulated data in Table 6.11 present the list of recording electrodes associated with 

the classification results portrayed by Figure 6.14. This table indicates that 3 out of 4 

(75.00%) of the classification results from CAR+ FKNN and CAR+QDA were 

obtained from ipsilateral electrodes. Besides that, 2 out of 4 (50.00%) of the 

classification results from CAR+k-NN were obtained either from ipsilateral 

electrodes or contralateral electrodes. On the other hand, 3 out of 4 (75.00%) of the 

classification results from LAP+k-NN and LAP+FKNN were obtained from 

contralateral electrodes. Furthermore, 2 out of 4 (50.00%) of the classification results 

from LAP+QDA were obtained either from ipsilateral or contralateral electrodes. 

Table 6.11: Recording electrode associated with the classification results from 

tetraplegic subjects for predicting intention of movement.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST11 CP2 CPZ CPZ C3 CCP4 CPZ 

ST12 CFC3 CFC3 CCP4 CCP3 FC5 FC2 

ST13 C5 CCP2 CP4 C5 C5 C3 

ST14 FC4 FC4 CP1 C3 CFC5 C5 
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6.7.1.4 Predicting Intention of Movement from Paraplegic Subjects 

The classification results from all paraplegic subjects in predicting intention of 

movement were exhibited in Figure 6.15. The classification results were between 

58.74%-82.42% using combination of CAR spatial filter and k-NN classifier (CAR+ 

k-NN). Combination of CAR spatial filter and FKNN (CAR+FKNN) classifier 

resulted in accuracies of between 59.44%-84.77%, whereas a classification result of 

55.76%-87.50% was obtained from the combination of CAR spatial filtering and the 

QDA classifier (CAR+QDA). On the other hand, the results of the LAP spatial filter 

combined with classifiers k-NN (LAP+ k-NN), FKNN (LAP+FKNN) and QDA 

(LAP+QDA) fall within the ranges of 75.54%-84.38%, 78.38%-88.67% and 62.59%-

94.14%, respectively. In comparison between these subjects, SP4 gave the highest 

classification accuracy in all combinations of spatial filters and classifier applied. 

 

Figure 6.15: Summary of classification results for paraplegic subjects in 

predicting intention of movement. The classification results from each subject are 

presented based on the combinations of classifiers and spatial filters applied 

Frequency bands associated with the classification results depicted in Figure 6.15 

were shown in Table 6.12. This table shows that 3 out of 4 (75.00%) of the 

classification results from CAR+k-NN and CAR+FKNN were obtained from the 

alpha band. As for combination of CAR+QDA, 2 out of 4 (50.00%) of the 

classification results were also obtained from alpha band data. On the other hand, all 

(100%) of the classification results from LAP+k-NN and LAP+FKNN were obtained 
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from the alpha band. In addition, 2 of 4 (50.00%) of the classification results using a 

combination of LAP+QDA were obtained from the beta band. 

Table 6.12: Frequency band associated with the classification results from 

paraplegic subjects for predicting intention of movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 Alpha Alpha Alpha Alpha Alpha Beta 

SP2 Gamma Gamma Beta Alpha Alpha Beta 

SP3 Alpha Alpha Alpha Alpha Alpha Alpha 

SP4 Alpha Alpha Gamma Alpha Alpha Gamma 

Table 6.13 presents the list of recording electrodes associated with the classification 

results portrayed in Figure 6.15. In this table, it shows that majority of the highest 

classification results were obtained from contralateral electrodes. For instance, 3 out 

of 4 (75.00%) of the classification results using combination of CAR+k-NN, 

CAR+FKNN and CAR+QDA were obtained from contralateral electrodes. On the 

other hand, 3 out of 4 (75.00%) of the classification results from LAP+k-NN and 

LAP+FKNN were also obtained from contralateral electrodes. In addition, 2 out of 4 

(50.00%) of the classification results using the combination of LAP+QDA were 

obtained from contralateral electrodes. 

Table 6.13: Recording electrode associated with the classification results from 

paraplegic subjects for predicting intention of movement.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 CP4 CZ CP4 CP2 CP1 CP2 

SP2 FC5 FC3 CP5 CCP5 CCP5 CP3 

SP3 C1 C1 C1 CPZ CPZ CFC2 

SP4 CCP1 CCP1 CCP1 CCP1 CCP1 CP1 
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6.7.2 Predicting Imagination/Intention of Movement towards Direction 

3, 6, 9 and 12 

Results presented in this section explore the effects of direction on 

imagination/intention of movement among paraplegic and tetraplegic subjects. For 

this purpose, the classification result for imagination/intention of movement towards 

direction 3, 6, 9 and 12 are presented and explained individually along with the 

frequency band and recoding electrodes that contribute to the maximum accuracy 

classification results. 

 

6.7.2.1 Predicting Imagination of Movement towards Direction 3, 6, 9 and 12 from 

Tetraplegic Subjects 

Figure 6.16 depicts the classification accuracies for predicting imagination of 

movement towards direction 3 from tetraplegic subjects. In this figure, classification 

results from CAR+k-NN, CAR+FKNN and CAR+QDA are within the ranges of 

53.33%-85.19%, 52.78%-90.74% and 53.85%-92.59%, respectively. Apart from that, 

classification results from LAP+k-NN, LAP+FKNN and LAP+QDA combinations 

lie within the ranges of 55.71%-87.14%, 62.86%-81.48% and 51.43%-94.29%, 

respectively. In a comparison of tetraplegic subjects, only ST7 had a classification 

accuracy of more than 70.00% for every combination of spatial filter and classifier. 

The same analysis has been implemented for predicting imagination of movement 

towards direction 6, 9 and 12 from tetraplegic subjects (please refer to Appendix G 

for further details). 

Besides that, classification results for predicting imagination of movement towards 

direction 6 lie within the range of 53.13%-91.43% using CAR+k-NN. The 

combination of CAR+FKNN produced classification results of 52.50%-84.29%, 

whereas classification results of 54.69%-91.43% obtained from CAR+QDA. Apart 

from that, the classification results from LAP+k-NN, LAP+FKNN and LAP+QDA 

lie within the ranges of 53.33%-91.43%, 56.67%-90.00% and 55.88%-94.74%, 

respectively. In comparison to other tetraplegic subjects only data from ST5 had 

classification results of more than 80.00% in each combination of spatial filter with 

multiple classifiers. 
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The classification results for predicting imagination of movement towards direction 9 

using the combinations of CAR+k-NN, CAR+FKNN and CAR+QDA dwell within 

the ranges of 57.50%-81.82%, 56.67%-88.57% and 59.09%-93.18%, respectively. 

On the other hand, the classification results from LAP+k-NN, LAP+FKNN and 

LAP+QDA lie within the ranges of 55.26%-81.94%, 61.11%-85.71% and 59.72%-

95.45%, respectively. Among twelve tetraplegic subjects that participated in the 

motor imagery experiment, only ST5 and ST7 have classification results of more 

than 70.00% for combinations of both spatial filters with multiple classifiers. 

Furthermore, the classification results for predicting imagination of movement 

towards direction 12 from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the 

ranges of 58.62%-77.03%, 53.33%-68.42% and 56.90%-83.78%, respectively. Apart 

from that, results of LAP+k-NN, LAP+FKNN and LAP+QDA combinations dwell 

within the ranges of 53.33%-78.85%, 55.56%-83.78% and 50.00%-84.21%, 

respectively. Among the tetraplegic subjects, combinations of LAP+k-NN, 

LAP+FKNN and LAP+QDA for subjects ST4, ST5 and ST7 achieved classification 

results of more than 70.00% 

 

Figure 6.16: Classification results for tetraplegic subjects in predicting 

imagination of movement towards direction 3. The classification results from each 

subject are presented based on the combinations of classifiers and spatial filters 

applied. 
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Table 6.14 contains the list of frequency bands associated with the classification 

results presented in Figure 6.16. This data indicates that, majority of the 

classification results were obtained from the alpha band. This was evidently shown 

by the finding that 8 out of 12 (60.00%) of the classification results from CAR+k-NN 

and CAR+FKNN were obtained from alpha band. Additionally, 6 out of 12 (50.00%) 

of the classification results from CAR+QDA were obtained from the alpha band. 

Besides that, 9 out of 12 (75.00%) of the classification results from LAP+FKNN and 

LAP+QDA were also obtained from the alpha band. Apart from that, 5 out of 12 

(41.60%) of the classification results from LAP+k-NN were also obtained from the 

alpha band. The same process of analysis has been implemented for investigating the 

frequency band associated with the classification results for predicting imagination 

of movement towards direction 6, 9 and 12 from tetraplegic subjects (please refer to 

Appendix G for further details). 

Majority of the classification results for predicting imagination of movement towards 

direction 6 were obtained from the alpha band. This was supported by the finding 

that 10 out of 12 (83.00%) of the classification results from CAR+FKNN and 9 out 

of 12 (75.00%) of the classification results from CAR+k-NN were obtained from the 

alpha band. Besides that, 8 out of 12 (60.00%) of the classification results from 

CAR+QDA were also obtained from the alpha band. Apart from that, 7 out of 12 

(58.30%) of the classification results from LAP+FKNN and LAP+QDA were 

obtained from the alpha band. Meanwhile, 8 out of 12 (60.00%) of the classification 

results from the combination of LAP+k-NN were also obtained from the alpha band. 

Similarly, the classification results for predicting imagination of movement towards 

direction 9 were mainly obtained from the alpha band. This was supported by the 

finding that 9 out of 12 (75.00%) of the classification results from CAR+k-NN were 

obtained from alpha band. Besides that, 8 out of 12 (60.00%) of the classification 

results from CAR+FKNN were obtained from alpha band. Apart from that, 7 out of 

12 (58.30%) of the classification results from CAR+QDA were also obtained from 

the alpha band. On the other hand, 6 out of 12 (50.00%) of the classification results 

from LAP+k-NN were obtained from the alpha band. In addition, 9 out of 12 

(75.00%) of the classification results from LAP+FKNN were also obtained from the 
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alpha band. Furthermore, 7 out of 12 (58.30%) of the classification results from 

LAP+QDA were also obtained from the alpha band. 

Moreover, most of the classification results for predicting imagination of movement 

towards direction 12 were obtained from the alpha band. This was supported by the 

fact that 11 out of 12 (91.60%) of the classification results from CAR+k-NN and 

CAR+QDA were obtained from the alpha band. Similarly, 11 out of 12 (91.60%) of 

the classification results from combinations of LAP+FKNN and LAP+QDA were 

obtained from the alpha band. Apart from that, 9 out of 12 (75.00%) of the 

classification results from CAR+QDA and LAP+k-NN were also obtained from the 

alpha band. 

Table 6.14: Frequency band associate with the classification results from 

tetraplegic subjects for predicting imagination of movement towards direction 

3.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST1 ALPHA ALPHA BETA ALPHA ALPHA ALPHA 

ST2 ALPHA BETA ALPHA ALPHA ALPHA ALPHA 

ST3 ALPHA ALPHA GAMMA BETA ALPHA ALPHA 

ST4 GAMMA GAMMA GAMMA GAMMA GAMMA ALPHA 

ST5 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

ST6 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

ST7 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

ST8 GAMMA GAMMA GAMMA GAMMA GAMMA GAMMA 

ST9 ALPHA ALPHA GAMMA BETA ALPHA ALPHA 

ST10 ALPHA ALPHA ALPHA ALPHA ALPHA ALPHA 

ST11 ALPHA ALPHA ALPHA GAMMA ALPHA GAMMA 

ST12 GAMMA ALPHA ALPHA BETA ALPHA ALPHA 

The recording electrodes associated with the classification results portrayed in Figure 

6.16 were listed in Table 6.15. Data in this table demonstrates that most of the 

classification results were recorded from both of contralateral and ipsilateral 

electrodes. For instance, 9 out of 12 (75.00%) of the classification results from 

CAR+k-NN and 7 out of 12 (58.30%) of the classification results from CAR+FKNN 

were obtained from contralateral electrodes. On the other hand, 7 out of 12 (58.30%) 

of the classification results from CAR +QDA were obtained from ipsilateral 

electrodes. Moreover, 6 out of 12 (50.00%) of the classification results from LAP+k-
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NN were obtained either from contralateral or ipsilateral electrodes. Besides that, 8 

out of 12 (60.00%) of the classification results from LAP+QDA were obtained from 

contralateral electrodes. In contrast, 9 out of 12 (75.00%) of the classification results 

from LAP+FKNN were obtained from ipsilateral electrodes. The same process of 

analysis has been implemented for investigating the recording electrodes associated 

with the classification results for predicting imagination of movement towards 

direction 6, 9 and 12 from tetraplegic subjects (please refer to Appendix G for further 

details). 

Apart from that, most of the classification results for predicting imagination of 

movement towards direction 6 were recorded from contralateral electrodes. This was 

evidently proven by the finding that 8 out of 12 (60.00%) of the classification results 

from both combinations of CAR+k-NN and LAP+k-NN were obtained from 

contralateral electrodes. Similarly, 7 out of 12 (58.30%) of the classification results 

from CAR+FKNN and 7 out of 12 (58.30%) of the classification results from 

LAP+QDA were also obtained from contralateral electrodes. On the other hand, 9 

out of 12 (75.00%) of the classification results from the combination of CAR+QDA 

were obtained from ipsilateral electrodes. Meanwhile, 6 out of 12 (50.00%) of the 

classification results from LAP+FKNN were obtained either from ipsilateral or 

contralateral electrodes. 

Furthermore, classification results for predicting imagination of movement towards 

direction 9 were recorded from both contralateral and ipsilateral electrodes. This was 

shown by the finding that 6 out of 12 (50.00%) of the classification results from 

CAR+QDA and 6 out of 12 (50.00%) of the classification results from LAP+k-NN 

and LAP+FKNN were obtained either from contralateral or ipsilateral electrodes. On 

the other hand, 7 out of 12 (58.30%) of the classification results from CAR+k-NN 

and 8 out of 12 (60.00%) of the classification results from CAR+FKNN were 

obtained from ipsilateral electrodes. Meanwhile, 7 out of 12 (58.30%) of the 

classification results from the combination of LAP+QDA were obtained from 

contralateral electrodes. 

Additionally, the classification results for predicting imagination of movement 

towards direction 12 were mostly obtained from either contralateral or ipsilateral 
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electrodes. This was evidently supported by the finding that 7 out of 12 (58.30%) of 

the classification results from CAR+k-NN and CAR+QDA were recorded from 

contralateral electrodes. Following this, 7 out of 12 (58.30%) of the classifications 

results from LAP+QDA were also obtained from contralateral electrodes. In contrast, 

7 out of 12 (58.30%) of the classification results from CAR+FKNN and 8 out of 12 

(60.00%) of the classification results from LAP+k-NN were obtained from ipsilateral 

electrodes. Meanwhile, 6 out of 12 (50.00%) of the classification results from the 

combination of LAP+FKNN were obtained either from contralateral or ipsilateral 

electrodes. 

Table 6.15: Recording electrode associate with the classification results from 

tetraplegic subjects for predicting imagination of movement towards direction 

3.  

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST1 CFC5 CFC5 CP2 CCP2 CCP2 C1 

ST2 CCP2 C1 CCP2 CZ CCP4 C3 

ST3 CP1 CP1 C1 C5 C3 CCP2 

ST4 FC4 FC2 FC4 FC4 FC4 CFC3 

ST5 CFC4 FC2 C2 CFC4 CFC4 C2 

ST6 CFC5 C1 CPZ FC5 C4 C3 

ST7 FC3 FC3 FC3 FC3 FC3 C3 

ST8 FC5 FC5 FC3 FC4 FC4 FC4 

ST9 CFC3 CP2 CP5 CCP1 FC3 FC3 

ST10 FC3 FCZ FC5 CCP4 CCP4 CCP4 

ST11 CP3 CP5 CP4 CCP5 C4 CCP5 

ST12 FC5 FC4 CZ CCP5 FCZ CFC5 
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6.7.2.2 Predicting Imagination of Movement towards Direction 3, 6, 9 and 12 from 

Paraplegic Subjects 

Classification results from the paraplegic subjects for predicting imagination of 

movement towards direction 3 were illustrated in Figure 6.17. In this figure, the 

classification results from CAR+k-NN lie within the range of 62.82%-73.68%. The 

combination of CAR+FKNN produced classification resaults between 60.26%-

73.68%, whereas classification results of 64.13%-80.26% were obtained from 

CAR+QDA. Moreover, the classification results from LAP+k-NN, LAP+FKNN and 

LAP+QDA dwell within the ranges of 64.13%-80.00%, 66.30%-78.95% and 

69.23%-88.33%, respectively. The same procedure of analysis was implemented for 

predicting imagination of movement towards direction 6, 9 and 12 (please refer to 

Appendix G for further details). 

Besides that, the classification results for predicting imagination of movement 

towards direction 6 from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the 

ranges of 63.16%-83.33%, 65.56%-81.67% and 60.00%-81.67%, respectively. On 

the other hand, the classification results from LAP+k-NN, LAP+FKNN and 

LAP+QDA combinations lie within the ranges of 72.37%-83.33%, 78.95%-87.50% 

and 60.53%-88.33%, respectively. In comparison of the paraplegic subjects that 

participated in the motor imagery experiment, SP4 consistently had classification 

results of more than 80.00% in combinations of both of spatial filters with multiple 

classifiers. 

Furthermore the classification results for predicting imagination of movement 

towards direction 9 ranged from 56.67%-75.00% using the combination of CAR+k-

NN. CAR+FKNN produced classification accuracy between 60.00%-73.33%, 

whereas 57.78%-73.33% was obtained from CAR+QDA. On the other hand, the 

classification results from LAP+k-NN lie within the range of 70.51%-78.79%. The 

combination of LAP+FKNN produced classification results of 69.23%-83.33%, and 

61.54%-86.67% was obtained from LAP+QDA. 

Additionally, the classification results for predicting imagination of movement 

towards direction 12 range from 56.25%-84.38% using the combination of CAR 

spatial filter with k-NN classifier. The combination of CAR+FKNN produced 
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classification results of 59.37%-85.94%, whereas 59.21%-75.00% was obtained from 

CAR+QDA. Meanwhile, LAP+k-NN, LAP+FKNN and LAP+QDA combinations 

produced classification results within the ranges of 65.63%-85.11%, 67.19%-92.19% 

and 72.37%-91.49% respectively. In comparison between the paraplegic subjects, 

SP4 had the classification accuracy of more than 75.00% for combinations of both 

spatial filters with multiple classifiers. 

 

Figure 6.17: Classification results for paraplegic subjects in predicting 

imagination of movement towards direction 3. The classification results from each 

subject are presented based on the combinations of classifiers and spatial filters 

applied. 

Table 5.12 presents the list of frequency bands associated with the classification 

results shown in Figure 6.17. This data demonstrates that 2 out of 4 (50.00%) of the 

classification results from CAR+k-NN and CAR+FKNN were obtained either from 

alpha or gamma bands. As for the combination of CAR+QDA, 3 out of 4 (75.00%) 

of the classification results were obtained from the alpha band. On the other hand, 3 

out of 4 (75.00%) of the classification results from LAP+FKNN and LAP+QDA 

were obtained from the alpha band. Similarly, 2 out of 4 (50.00%) of the 

classification results from LAP+k-NN were also obtained from the alpha band. The 

same process of analysis has been implemented for investigating the frequency band 

associated with the classification results for predicting imagination of movement 

towards direction 6, 9 and 12 (please refer to Appendix G for further details). 

0

10

20

30

40

50

60

70

80

90

100

SP1 SP2 SP3 SP4

CAR KNN CAR FKNN CAR QDA LAP KNN LAP FKNN LAP QDA



169 

 

In the meantime, the classification results for predicting imagination of movement 

towards direction 6 were obtained from alpha or gamma bands. This was evidently 

shown by 2 out of 4 (50.00%) of the classification results from CAR+k-NN and 

CAR+FKNN obtained from either the alpha or gamma band. Similarly, 2 out of 4 

(50.00%) of the classification results from LAP+k-NN and LAP+FKNN were also 

obtained either from alpha or gamma bands. On the other hand, 3 out of 4 (75.00%) 

of the classification results from CAR+QDA were obtained from the gamma band. 

On the contrary, 3 out of 4 (75.00%) of the classification results from the 

combination of LAP+QDA were obtained from the alpha band. 

Most of the classification results for predicting imagination of movement towards 

direction 9 were also obtained from alpha or gamma bands. This was supported by 

the finding that all (100.00%) of the classification results from CAR+QDA were 

obtained from the gamma band. Besides that, 3 out of 4 (75.00%) of the 

classification results from CAR+k-NN were obtained from the alpha band. Apart 

from that, 2 out of 4 (50.00%) of the classification results from CAR+FKNN were 

obtained from the alpha band. Additionally, 3 out of 4 (75.00%) of the classification 

results from LAP+k-NN and LAP+QDA were obtained from the alpha band. 

Furthermore, 2 out of 4 (50.00%) of the classification results from LAP+FKNN were 

obtained either from the alpha or gamma band. 

The classification results for predicting imagination of movement towards direction 

12 were obtained from both alpha and beta bands. This was demonstrated by the fact 

that 3 out of 4 (75.00%) of the classification results from CAR+FKNN and 

CAR+QDA were obtained from the alpha band. On the other hand, 2 out of 4 

(50.00%) of the classification results from CAR+k-NN were obtained either from the 

alpha or beta band. Similarly, 2 out of 4 (50.00%) of the classification results from 

LAP+FKNN and LAP+QDA were obtained either from alpha or beta bands. 

Furthermore, 3 out of 4 (75.00%) of the classification results from the combination 

of LAP+k-NN were obtained from beta bands. 
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Table 6.16: Frequency band associate with the classification results from 

paraplegic subjects for predicting imagination of movement towards direction 

3.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 GAMMA GAMMA GAMMA ALPHA ALPHA ALPHA 

SP2 GAMMA ALPHA ALPHA BETA GAMMA GAMMA 

SP3 ALPHA ALPHA ALPHA GAMMA ALPHA ALPHA 

SP4 ALPHA GAMMA ALPHA ALPHA ALPHA ALPHA 

Based on these results it is essential to highlight that, the maximum classification 

results for all four directions were obtained from contralateral electrodes. 

Table 5.13 contains the list of recording electrodes associated with the classification 

results illustrated in Figure 6.17. This table shows that all (100%) of the 

classification results from LAP+k-NN and LAP+QDA classifier were obtained from 

contralateral electrodes. Besides that, 3 out of 4 (75.00%) of the classification results 

from LAP+FKNN were also obtained from contralateral electrodes. Contralateral 

electrodes also accounted for 3 out of 4 (75.00%) classification results from 

CAR+FKNN. On the other hand, 2 out of 4 (50.00%) classification results from 

CAR+k-NN and CAR+QDA were obtained either from contralateral or ipsilateral 

electrodes. The same analysis was carried out for examining the recording electrodes 

associated with classification results for predicting imagination of movement towards 

direction 6, 9 and 12 (please refer to Appendix G for further details). 

Apart from that, majority of the classification results for predicting imagination of 

movement towards direction 6 were obtained from either contralateral or ipsilateral 

electrodes. This was supported by the finding that 2 out of 4 (50.00%) of the 

classification results from CAR+k-NN and CAR+FKNN were obtained either from 

of contralateral or ipsilateral electrodes. On the other hand, all (100%) of the 

classification results from CAR+QDA were obtained from contralateral electrodes. 

Similarly, 3 out of 4 (75.00%) of the classification results from LAP+k-NN and 

LAP+FKNN were obtained from contralateral electrodes. Moreover, 3 out of 4 

(75.00%) of the classification results from LAP+QDA were obtained from ipsilateral 

electrodes. 
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However, majority of the classification results for predicting imagination of 

movement towards direction 9 were obtained from contralateral electrodes. This was 

shown by the finding that all (100.00%) of the classification results from CAR+QDA 

were obtained from contralateral electrodes. Similarly, 3 out of 4 (75.00%) of the 

classification results from CAR+k-NN were also obtained from contralateral 

electrodes. On the other hand, 3 out of 4 (75.00%) of the classification results from 

CAR+FKNN were obtained from ipsilateral electrodes. Apart from that, 3 out of 4 

(75.00%) classification results from CAR+k-NN and CAR+FKNN were obtained 

from contralateral electrodes. Besides that, 2 out of 4 (50.00%) of the classification 

results from LAP+QDA were obtained either from ipsilateral or contralateral 

electrodes. 

Additionally, majority of the classification results for predicting imagination of 

movement towards direction 12 were obtained from contralateral electrodes. This 

was demonstrated by the fact that 3 out of 4 (75.00%) of the classification results 

from CAR+k-NN, CAR+FKNN and CAR+QDA were obtained from contralateral 

electrodes. Similarly, 3 out of 4 (75.00%) of the classification results from LAP+k-

NN and LAP+FKNN were also obtained from contralateral electrodes. Only 2 out of 

4 (50.00%) of the classification results from the combination of LAP+QDA were 

obtained from ipsilateral electrodes. 

Table 6.17: Recording electrode associate with the classification results from 

paraplegic subjects for predicting imagination of movement towards direction 

3.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 CP4 C4 CP4 C1 CCP4 C1 

SP2 C5 CFC4 C2 CCP5 CCP5 CFC5 

SP3 CFC2 CFC2 CCP1 CFC3 CFC3 CFC1 

SP4 CCP1 CCP1 C1 CFC1 CFC1 CFC1 
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6.7.2.3 Predicting Intention of Movement towards Direction 3, 6, 9 and 12 from 

Tetraplegic Subjects 

The classification results for predicting intention of movement towards direction 3 

from tetraplegic subjects using combinations of CAR and LAP spatial filters with k-

NN, FKNN and QDA classifiers was depicted in Figure 6.18. This figure exhibits the 

classification results from CAR+k-NN lie within the range of 57.35%-62.50%. 

CAR+FKNN produced classification accuracy between 57.35%-65.28%, while 

56.06%-72.06% was obtained from CAR+QDA. On the other hand, classification 

results from LAP+k-NN, LAP+FKNN and LAP+QDA lie within the ranges of 

50.00%-70.83%, 51.52%-66.67% and 57.58%-70.83%, respectively. In comparison 

between these two types of spatial filter, LAP appears to offer higher classification 

accuracy compared with the CAR spatial filter. The same procedure of analysis has 

been implemented for predicting intention of movement towards direction 6, 9 and 

12 (please refer to Appendix G for further detail). 

Besides that, the classification results for predicting intention of movement towards 

direction 6 using CAR+k-NN, CAR+FKNN and CAR+QDA combinations dwell 

within the ranges of 57.58%-66.22%, 57.58%-68.92% and 63.64%-74.32%, 

respectively. Apart from that, the classification results of LAP+k-NN, LAP+FKNN 

and LAP+QDA fall within the ranges of 48.48%-62.16%, 53.03%-64.86% and 

60.61%-77.27%, respectively. In a comparison of the tetraplegic subjects that 

participated in the motor task experiment, ST11 had the highest accuracy 

classification results in most combinations of spatial filters with multiple classifiers. 

The classification results for predicting intention of movement towards direction 9 

using CAR+k-NN, CAR+FKNN and CAR+QDA dwell within the ranges of 58.88%-

71.62%, 62.50%-75.68% and 55.88%-67.57%, respectively. On the other hand, 

results of LAP+k-NN, LAP+FKNN and LAP+QDA combinations lie within the 

ranges of 58.33%-68.92%, 57.81%-75.68% and 52.78%-67.19%, respectively. 

Among the four tetraplegic subjects that participated in the motor task experiment, 

only data from ST11 produced classification accuracy of more than 70.00% using 

both spatial filters combined with multiple classifiers. 
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Furthermore, the classification accuracy for predicting intention of movement 

towards direction 12 lie within 59.09%-67.74% using CAR+k-NN. CAR+FKNN 

produced classification results between 59.09%-69.44%, whereas 63.64%-72.58% 

was obtained from CAR+QDA. Besides that, the combinations of LAP+k-NN, 

LAP+FKNN and LAP+QDA achieved classification results within the ranges of 

54.84%-61.29%, 51.61%-64.52% and 56.94%-77.27%, respectively. In comparison 

of the tetraplegic subjects, ST11 has the highest classification accuracy in most 

combinations of spatial filter and classifiers. 

 

Figure 6.18: Classification results for tetraplegic subjects in predicting intention 

of movement towards direction 3. The classification results from each subject are 

presented based on the combinations of classifiers and spatial filters applied. 

The frequency bands associated with the classification results depicted in Figure 6.18 

were tabulated in Table 6.18. Data presented in this table illustrated that, majority of 

the classification results in Figure 6.18 were obtained either from alpha or gamma 

bands. This was supported by the finding that all (100.00%) of the classification 

results from CAR+FKNN were obtained from the alpha band. Similarly, 3 out of 4 

(75.00%) of the classification results from CAR+k-NN classifier were also obtained 

from the alpha band. On the other hand, 2 out of 4 (50.00%) of the classification 

results from CAR+QDA were obtained either from gamma or beta band. As for the 

classification results from LAP+k-NN, 3 out of 4 (75.00%) of the classification 

results were obtained from the gamma band. Besides that, 2 out of 4 (50.00%) of the 

0

10

20

30

40

50

60

70

80

90

100

ST11 ST12 ST13 ST14

CAR KNN CAR FKNN CAR QDA LAP KNN LAP FKNN LAP QDA



174 

 

classification results from LAP+QDA were also obtained from gamma band. On the 

other hand, 2 out of 4 (50.00%) of the classification results from LAP+FKNN were 

obtained either from the gamma or alpha band. The same analysis has been carried 

out for investigating the frequency band associated with classification results for 

predicting intention of movement towards direction 6, 9 and 12 (please refer to 

Appendix G for further detail). 

In the meantime, majority of the classification results for predicting intention of 

movement towards direction 6 were obtained from the alpha band. This was shown 

by the observation that 3 out of 4 (75.00%) of the classification results from CAR+k-

NN, CAR+QDA and LAP+FKNN were obtained from the alpha band. Besides that, 

all (100.00%) of the classification results from LAP+k-NN were also obtained from 

the alpha band. On the other hand, 2 out of 4 (50.00%) of the classification results 

from CAR+ FKNN and LAP+QDA classifier were obtained either from alpha or 

gamma bands. 

Likewise, most of the classification results for predicting intention of movement 

towards direction 9 were also obtained from alpha and gamma bands. This is 

supported by the finding that 2 out of 4 (50.00%) of the classification results from 

CAR+k-NN, CAR+QDA and LAP+QDA were obtained either from alpha or gamma 

bands. Besides that, all (100.00%) of the classification results from LAP+FKNN 

were obtained from the alpha band. Furthermore, 2 out of 4 (50.00%) of the 

classification results from LAP+k-NN were also obtained from the alpha band. In 

addition, 3 out of 4 (75.00%) of the classification results from CAR+FKNN were 

obtained from alpha band signals. 

Moreover, most of the classification results in predicting intention of movement 

towards direction 12 were also obtained from the alpha and gamma band. This was 

supported by 3 out of 4 (75.00%) of the classification results from CAR+FKNN and 

CAR+QDA were obtained from the gamma band. Besides that, 2 out of 4 (50.00%) 

of the classification results from CAR+k-NN were obtained either from alpha or 

gamma bands. Furthermore, 3 out of 4 (75.00%) of the classification results from 

LAP+k-NN were obtained from the alpha band. Apart from that, 2 out of 4 (50.00%) 

of the classification results from the LAP+QDA combination were also obtained 
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from the alpha band. On the other hand 2 out of 4 (50.00%) of the classification 

results from LAP+FKNN were obtained either from alpha or gamma bands. 

Table 6.18: Frequency band associate with the classification results from 

tetraplegic subjects for predicting intention of movement towards direction 3.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 ALPHA ALPHA BETA GAMMA GAMMA ALPHA 

SP2 ALPHA ALPHA GAMMA GAMMA ALPHA GAMMA 

SP3 GAMMA ALPHA GAMMA GAMMA GAMMA GAMMA 

SP4 ALPHA ALPHA BETA ALPHA ALPHA BETA 

The list of recording electrodes associated with the classification results depicted in 

Figure 6.18 was tabulated in Table 6.19. Data from this table indicates that 2 out of 4 

(50.00%) of the classification results from CAR+FKNN and CAR+k-NN were 

obtained either from contralateral or ipsilateral electrodes. Similarly, 2 out of 4 

(50.00%) of the classification results from the combinations of LAP+FKNN and 

LAP+QDA were also obtained either from contralateral or ipsilateral electrodes. On 

the other hand, 3 out of 4 (75.00%) of the classification results from CAR+QDA 

were obtained from contralateral electrodes. Besides that, 3 out of 4 (75.00%) of the 

classification results from the combination of LAP+k-NN were obtained from 

contralateral electrodes. 

Majority of the classification results in predicting intention of movement towards 

direction 6 were obtained from both contralateral and ipsilateral electrodes. All 

(100.00%) of the classification results from the combination of CAR+QDA were 

obtained from contralateral electrodes. On the other hand, 3 out of 4 (75.00%) of the 

classification results from CAR+k-NN were obtained from ipsilateral electrodes. 

Meanwhile, 2 out of 4 (50.00%) of the classification results from CAR+FKNN were 

obtained either from contralateral or ipsilateral electrodes. Besides that, 3 out of 4 

(75.00%) of the classification results from the combinations of LAP+k-NN and 

LAP+QDA were obtained from contralateral electrodes. In contrast, 3 out of 4 

(75.00%) of the classification results from LAP+FKNN were obtained from 

ipsilateral electrodes. 
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In the same way, majority of the classification results for predicting intention of 

movement towards direction 9 were recorded by both contralateral and ipsilateral 

electrodes. All (100.00%) of the classification results from CAR+FKNN were 

obtained from contralateral electrodes. Besides that, 3 out of 4 (75.00%) of the 

classification results from LAP+QDA and CAR+QDA were also obtained from 

contralateral electrodes. On the other hand, 2 out of 4 (50.00%) of the classification 

results from LAP+ k-NN and LAP+FKNN were obtained either from contralateral or 

ipsilateral electrodes. Similarly, 2 out of 4 (50.00%) of the classification results from 

CAR+k-NN were also obtained from either contralateral or ipsilateral electrodes. 

Addition to that, majority of the classification results for predicting intention of 

movement towards direction 12 were also recorded from contralateral and ipsilateral 

electrodes. 2 out of 4 (50.00%) of the classification results from CAR+k-NN and 

CAR+QDA classifier were obtained either from contralateral or ipsilateral 

electrodes. Likewise, 2 out of 4 (50.00%) of the classifications from LAP+k-NN and 

LAP+FKNN were also obtained either from contralateral or ipsilateral electrodes. On 

the other hand, 3 out of 4 (75.00%) of the classification results from the combination 

of CAR+FKNN were obtained from contralateral electrodes. Besides that, 3 out of 4 

(75.00%) of the classification results from the combination of LAP+QDA were 

obtained from contralateral electrodes. 

Table 6.19: Recording electrode associated with the classification results from 

tetraplegic subjects for predicting intention of movement towards direction 3.  

 

 
Subject 

Recording electrodes associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 CCP5 C3 CP5 CP5 C5 CCP4 

SP2 CFC4 CFC4 CP4 C5 FC5 FC4 

SP3 CCP4 CCP5 CFC5 FC1 FC2 C5 

SP4 CP5 CZ CP1 CFC2 CZ FC3 
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6.7.2.4 Predicting Intention of Movement towards Direction 3, 6, 9 and 12 from 

Paraplegic Subjects 

The overall classification results obtained from the combinations of CAR or LAP 

spatial filters with k-NN, FKNN and QDA classifiers for predicting intention of 

movements towards direction 3 from paraplegic subjects was depicted in Figure 6.19. 

This figure demonstrates that, the classification results for the combination of 

CAR+k-NN lies within the range of 59.46%-65.52%. The combination of 

CAR+FKNN achieved classification results between 55.41%-68.97%, while 

62.16%-75.86% was obtained from the combination of CAR+QDA. Meanwhile the 

classification results from LAP+k-NN, LAP+FKNN and LAP+QDA lie within the 

ranges of 71.62%-80.88%, 62.16%-85.29% and 73.40%-86.21%, respectively. In a 

comparison of these two types of spatial filter, the LAP approach offers higher 

classification accuracy than the CAR approach. The same procedure has been 

implemented for predicting intention of movement towards direction 6, 9 and 12 

(please refer to Appendix G for further detail). 

Maximum classification results for predicting intention of movement towards 

direction 6 from CAR+k-NN, CAR+FKNN and CAR+QDA fall within the ranges of 

62.16%-80.88%, 59.46%-79.41% and 63.83%-66.18%, respectively. Besides that, 

classification results of LAP+k-NN, LAP+FKNN and LAP+QDA lie within the 

ranges of 68.92%-83.82%, 63.51%-85.29% and 63.51%-85.29%, respectively. 

Among all paraplegic subjects, subject SP4 has the highest classification results in all 

of these classification combinations. 

Maximum classification results for predicting intention of movement towards 

direction 9 from CAR+k-NN, CAR+FKNN and CAR+QDA dwell within the ranges 

of 60.00%-72.22%, 61.43%-79.17% and 61.67%-89.39%, respectively. Furthermore, 

classification results of LAP+k-NN, LAP+FKNN and LAP+QDA lie within the 

ranges of 71.43%-80.30%, 72.22%-86.36% and 64.29%-90.91%, respectively. 

Between these two types of spatial filter, the LAP method offers higher classification 

accuracy compared to the CAR spatial filter. 
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Maximum classification results for predicting intention of movement towards 

direction 12 from CAR+k-NN, CAR+FKNN and CAR+QDA dwell within the 

ranges of 61.76%-87.50%, 63.24%-84.38% and 60.29%-78.13%, respectively. On 

the other hand, classification results of LAP+k-NN, LAP+FKNN and LAP+QDA lie 

within the ranges of 67.65%-84.38%, 70.59%-85.94% and 67.65%-90.62%, 

respectively. Among all of the paraplegic subjects that participated in motor task 

experiment, subject SP4 has a classification accuracy of more than 70% for both 

combinations of both spatial filters with multiple classifiers. 

 

Figure 6.19: Classification results for paraplegic subjects in predicting intention 

of movement towards direction 3. The classification results from each subject are 

presented based on the combinations of classifiers and spatial filters used. 

Tabulated data in Table 6.20 shows the frequency bands associated with the 

classification results depicted in Figure 6.19. In this figure, it demonstrated that 2 out 

of 4 (50.00%) of the classification results from CAR+k-NN and CAR+QDA were 

obtained either from alpha or gamma bands. Besides that, 3 out of 4 (75.00%) of the 

classification results from CAR+FKNN were obtained from the alpha band. On the 

other hand, 3 out of 4 (75.00%) of the classification results from LAP+ k-NN and 

LAP+FKNN were obtained from alpha band. Moreover, 2 out of 4 (50.00%) of the 

classification results from LAP+QDA were obtained from beta band. The same 

analytical process was carried out to investigate the frequency band associated with 
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highest classification accuracy results from predicting the intention of movement 

towards direction 6, 9 and 12 (please refer to Appendix G for further detail). 

Majority of the highest classification results for predicting intention of movements 

towards direction 6 from paraplegic subjects were obtained from the alpha band. This 

was supported by the finding that all (100.00%) of the classification results from 

LAP+FKNN and CAR+FKNN were obtained from alpha band. Apart from that, 3 

out of 4 (75.00%) of the classification results from LAP+k-NN, LAP+QDA, CAR+k-

NN and CAR+QDA were also obtained from the alpha band. 

Additionally, the alpha band was mostly associated with the highest classification 

results for predicting intention of movement towards direction 9. This was supported 

by the finding that all (100.00%) of the classification results from CAR+FKNN, and 

3 out of 4 (75.00%) of the classification results from CAR+k-NN and CAR+QDA, 

were obtained from the alpha band. Meanwhile, 3 out of 4 (75.00%) of the 

classification results from LAP+k-NN were obtained from the gamma band. 

Moreover, 3 out of 4 (75.00%) of the classification results from LAP+QDA were 

obtained from the alpha band. Alpha band also contributed to 2 out of 4 (50.00%) of 

the classification results for LAP+FKNN. 

Similarly, the majority of highest classification results for predicting intention of 

movement towards direction 12 were obtained from the alpha band. All (100.00%) of 

the classification results from CAR+FKNN, and 3 out of 4 (75.00%) of the 

classification results from CAR+k-NN and CAR+QDA, were obtained from alpha 

band. Besides that, 3 out of 4 (75.00%) of the classification results from LAP+k-NN, 

LAP+FKNN and LAP+QDA were also obtained from the alpha band. 

Table 6.20: Frequency band associate with the classification results from 

paraplegic subjects for predicting intention of movement towards direction 3.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 ALPHA ALPHA GAMMA ALPHA ALPHA GAMMA 

SP2 ALPHA ALPHA ALPHA GAMMA ALPHA BETA 

ST3 GAMMA ALPHA ALPHA ALPHA ALPHA ALPHA 

SP4 GAMMA GAMMA GAMMA ALPHA ALPHA BETA 
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The list of recording electrodes associated with the classification results displayed in 

Figure 6.19 was tabulated in Table 6.21. This table demonstrates that 3 out of 4 

(75.00%) of the classification results from CAR+k-NN and LAP+FKNN were 

obtained from ipsilateral electrodes. Besides that, all (100.00%) of the classification 

results from CAR+FKNN were obtained from contralateral electrodes. Furthermore, 

3 out of 4 (75.00%) results from CAR+QDA and LAP+QDA were obtained from 

contralateral electrodes. Meanwhile, 2 out of 4 (50.00%) of the classification results 

from LAP+k-NN were obtained either from ipsilateral or contralateral electrodes. 

The same process of analysis has been carried out for examining the recording 

electrodes associated with classification results used to predict intention of 

movement towards direction 6, 9 and 12 (please refer to Appendix G for further 

detail). 

Correspondingly, majority of the highest classification results for predicting intention 

of movement towards direction 6 were obtained by both contralateral and ipsilateral 

electrodes. This is shown by, 2 out of 4 (50.00%) of the classification results from 

LAP+k-NN and CAR+k-NN were obtained either from ipsilateral or contralateral 

electrodes. Besides that, 3 out of 4 (75.00%) of the classification results from 

CAR+FKNN and CAR+QDA were obtained from contralateral electrodes. In 

contrast, 3 out of 4 (75.00%) of the classification results from LAP+FKNN and 

LAP+QDA combinations were obtained from ipsilateral electrodes. 

On the other hand, majority of the classification results for predicting intention of 

movement towards direction 9 were obtained from contralateral electrodes. This was 

supported by all (100.00%) of the classification results from CAR+k-NN and 

CAR+QDA were obtained from contralateral electrodes. Similarly, all (100.00%) of 

the highest classification results from LAP+k-NN and LAP+FKNN were obtained 

from contralateral electrodes. Besides that, 3 out of 4 (75.00%) of the classification 

results from CAR+FKNN were obtained from contralateral electrodes. Apart from 

that, 2 out of 4 (50.00%) of the classification results from LAP+QDA were obtained 

either from ipsilateral or contralateral electrodes. 
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In addition, majority of the classification results for predicting intention of 

movement towards direction 12 were also recorded from both ipsilateral and 

contralateral electrodes. For instance, all (100.00%) of the classification results from 

the combinations of CAR+k-NN and CAR+FKNN were obtained from contralateral 

electrodes. Besides that, 3 out of 4 (75.00%) of the classification results from 

LAP+k-NN were obtained from contralateral electrodes. On the other hand, 2 out of 

4 (50.00%) of the classification results from CAR+QDA, LAP+FKNN and 

LAP+QDA were obtained either from ipsilateral electrodes or contralateral 

electrodes. 

Table 6.21: Recording electrode associated with the classification results from 

paraplegic subjects for predicting intention of movement towards direction 3.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 CP1 CP1 C5 CP2 CP2 C5 

SP2 C2 CP3 FC2 CCP5 CP5 CCP1 

SP3 FC4 CFC3 CFC3 CPZ CPZ CCP2 

SP4 FC4 CCP1 CCP1 CCP1 FC4 CCP1 

 

6.7.3 Predicting Imagination/Intention and Direction of Movement 

This section presented the directional information of the imagination/intention of 

movement. Results of predicting direction of imagination/intention of movement for 

paraplegic and tetraplegic subjects were presented in the following subsections. 

 

6.7.3.1 Predicting Imagination and Direction of Movement from Tetraplegic 

Subjects 

Figure 6.20 depicts the classification results for tetraplegic subjects in predicting 

imagination and direction of the movement. This figure indicates that the 

classification results from CAR+k-NN, CAR+FKNN and CAR+QDA dwell within 

the ranges of 34.17%-78.36%, 37.55%-75.31% and 27.94%-70.92%, respectively. 

On the other hand, the classification results from LAP+k-NN, LAP+FKNN and 

LAP+QDA lie within the ranges of 28.14%-79.57%, 25.22%-79.14% and 22.69%-
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80.56%, respectively. In comparison to all tetraplegic subjects, only data from ST7 

achieved classification accuracy of more than 70.00% for all combinations of spatial 

filters with multiple classifiers. 

 

Figure 6.20: Classification results from tetraplegic subjects in predicting 

imagination and direction of the movement. The classification results for each 

subject were presented based on classifier and spatial filter. 

The frequency bands associated with the classification results portrayed in Figure 

6.20 were listed in Table 6.22. This table indicates that the classification results were 

obtained from delta, theta, alpha, beta and gamma bands. Although multiple 

frequency bands contributed to the classification results, 5 out of 12 (41.67%) of the 

classification results from CAR+k-NN and CAR+FKNN were obtained from the 

gamma band. Apart from that, 4 out of 12 (33.33%) of the classificationcresults from 

CAR+QDA were obtained from the beta band. On the other hand, 3 out of 12 

(25.00%) of the classification results from LAP+k-NN and LAP+FKNN were 

obtained from delta, beta and gamma bands. Furthermore, 3 out of 12 (25.00%) of 

the classification results from LAP+QDA were obtained from theta, beta and gamma 

bands. 
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Table 6.22: Frequency band associate with the maximum the classification 

results from tetraplegic subjects for predicting imagination and direction of the 

movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST1 GAMMA GAMMA THETA GAMMA GAMMA BETA 

ST2 GAMMA GAMMA GAMMA DELTA GAMMA ALPHA 

ST3 ALPHA DELTA DELTA THETA DELTA ALPHA 

ST4 DELTA THETA THETA GAMMA ALPHA THETA 

ST5 GAMMA GAMMA BETA GAMMA GAMMA ALPHA 

ST6 BETA GAMMA BETA BETA DELTA DELTA 

ST7 GAMMA DELTA BETA BETA ALPHA BETA 

ST8 DELTA THETA GAMMA DELTA DELTA GAMMA 

ST9 THETA BETA ALPHA ALPHA BETA BETA 

ST10 GAMMA GAMMA BETA DELTA BETA THETA 

ST11 THETA THETA DELTA BETA BETA THETA 

ST12 BETA THETA DELTA THETA THETA DELTA 

The list of recording electrodes associated with the classification results illustrated in 

Figure 6.20 was tabulated in Table 6.23. This table shows that majority of the results 

were recorded from contralateral electrodes. This was evident shown by 10 out of 12 

(83.33.00%) of the classification results from CAR+k-NN, CAR+FKNN and 

CAR+QDA were recorded from contralateral electrodes. Following this, 7 out of 12 

(58.33%) of the classification results from LAP+k-NN and CAR+FKNN were 

obtained from contralateral electrodes. Meanwhile, 9 out of 12 (75.00%) of the 

classification results from LAP+QDA were recorded from contralateral electrodes. 

Table 6.23: Recording electrode associate with the maximum classification 

results from tetraplegic subjects for predicting imagination and direction of the 

movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST1 FC3 FC3 FC3 FC2 CZ CZ 

ST2 FC1 FC1 CFC1 FC4 FC1 CFC1 

ST3 CCP5 C5 CCP5 CCP5 CCP5 CCP5 

ST4 FC4 FC4 FC4 FC4 FC4 CCP5 

ST5 C5 C5 C1 FC4 FC4 FC4 

ST6 FC3 FC3 FC3 C5 FC5 C5 

ST7 FC1 FC3 FC1 CCP5 CCP5 CCP5 

ST8 FC3 FC3 FC4 FC4 FC4 FC4 
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ST9 C5 C5 C5 C5 C5 C5 

ST10 CP4 CP4 FC1 CCP5 CCP5 CCP5 

ST11 C5 CFC5 CFC5 CCP5 CCP5 CCP5 

ST12 FC5 FC1 FC1 C3 CCP4 C5 

 

6.7.3.2 Predicting Imagination and Direction of Movement from Paraplegic 

Subjects 

Summary of the classification results obtained from combinations of CAR and LAP 

spatial filters with k-NN, FKNN and QDA classifiers for predicting imagination and 

direction of movement from paraplegic subjects was depicted in Figure 6.21. This 

figure indicates that classification results from CAR+k-NN within the range of 

50.90%-80.83%. The combination of CAR+FKNN produced classification results 

between 47.63%-80.00%, whereas results of 40.77%-75.83% were obtained from 

CAR+QDA. On the other hand, the classification results of LAP+k-NN, 

LAP+FKNN and LAP+QDA lie within the ranges of 49.40%-79.17%, 42.97%-

80.83% and 30.76%-77.50%, respectively. In comparison to other paraplegic 

subjects, only SP4 data has classification results of more than 70.00% for all 

combinations of spatial filters and classifiers. 

 

Figure 6.21: Classification results for paraplegic subjects in predicting 

imagination and direction of the movement. The classification results from each 

subject are presented based on the combinations of classifiers and spatial filters 

applied. 
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Table 6.24 details the frequency bands associated with the classification results 

depicted in Figure 6.21. This table shows that classification results were obtained 

from multiple frequency bands including delta, theta, alpha, beta, and gamma bands. 

Among these frequency bands, 2 out of 4 (50.00%) of the classification results from 

CAR+FKNN were obtained from the alpha band. Besides that, 2 out of 4 (50.00%) 

of the classification results from CAR+QDA were obtained from the theta band. On 

the other hand, 2 out of 4 (50.00%) of the classification results from LAP+k-NN 

were obtained from the alpha band. In addition, 2 out of 4 (50.00%) of the 

classification results from LAP+FKNN were obtained from the delta band. 

Table 6.24: Frequency band associate with the maximum classification results 

from paraplegic subjects for predicting imagination and direction of the 

movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 ALPHA THETA THETA BETA DELTA GAMMA 

SP2 DELTA DELTA ALPHA THETA ALPHA THETA 

SP3 BETA ALPHA THETA ALPHA DELTA DELTA 

SP4 GAMMA ALPHA BETA ALPHA GAMMA BETA 

Recording electrodes associated with the classification results depicted in Figure 6.21 

were tabulated in Table 6.25. This table shows that majority of the classification 

results were recorded from contralateral electrodes. This is supported by the finding 

that all (100.00%) of the classification results from CAR+k-NN and CAR+FKNN 

were recorded from contralateral electrodes. Similarly, all (100.00%) of the results 

from LAP+k-NN were also recorded from contralateral electrodes. Apart from that, 3 

out of 4 (75.00%) of the classification results from CAR+QDA and 3 out of 4 

(75.00%) accuracy results from LAP+k-NN were also recorded from contralateral 

electrodes. 
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Table 6.25: Recording electrode associate with the maximum classification 

results from paraplegic subjects for predicting imagination and direction of the 

movement.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 C5 C5 CP4 C5 C5 CCP4 

SP2 CCP5 CCP5 CCP5 CCP5 CCP5 CCP5 

SP3 CFC3 CFC3 CFC3 CFC3 CFC3 CFC3 

SP4 CCP1 CCP1 CCP1 C1 CPZ CZ 

 

6.7.3.3 Predicting Intention and Direction of Movement from Tetraplegic Subjects 

Classification results for predicting intention and direction of movement from 

tetraplegic subjects were displayed in Figure 6.22. In this figure, classification results 

from CAR+k-NN, CAR+FKNN and CAR+QDA lie within the ranges of 38.48%-

55.00%, 37.88%-55.17% and 31.46%-46.00%, respectively. On the other hand, the 

classification results from combinations of LAP+k-NN, LAP+FKNN and LAP+QDA 

lie within the ranges of 35.64%-51.00%, 37.12%-65.00% and 26.09%-43.50%, 

respectively. 

 

Figure 6.22: Classification results for tetraplegic subjects in predicting intention 

and direction of the movement. The classification results from each subject are 

presented based on the combinations of classifiers and spatial filters applied. 
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The frequency bands associated with classification results depicted in Figure 6.22 are 

listed in Table 6.26. Data from this table demonstrate that, most of the classification 

results were obtained from delta, theta, alpha, beta and gamma bands. Although 

multiple frequency bands contributed to the classification results, 3 out of 4 (75.00%) 

of the classification results from LAP+k-NN and LAP+FKNN were obtained from 

the gamma band. Besides that, 2 out of 4 (50.00%) of the classification results from 

CAR+k-NN and LAP+QDA were obtained from the beta band. On the other hand, 2 

out of 4 (50.00%) classification results from CAR+QDA were obtained from the 

alpha band. 

Table 6.26: Frequency band associate with the classification results from 

tetraplegic subjects for predicting intention and direction of the movement.  

 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST11 BETA BETA DELTA DELTA THETA BETA 

ST12 GAMMA ALPHA BETA GAMMA GAMMA DELTA 

ST13 BETA DELTA ALPHA GAMMA GAMMA GAMMA 

ST14 ALPHA GAMMA ALPHA GAMMA GAMMA BETA 

List of recording electrodes associated with the classification results presented in 

Figure 6.22 was tabulated in Table 6.27. Data from this table indicate that, majority 

of the classification results were obtained from both contralateral and ipsilateral 

electrodes. This was supported by the finding that 3 out of 4 (75.00%) of the 

classification results from LAP+k-NN and LAP+QDA were obtained from 

contralateral electrodes. Similarly, 3 out of 4 (75.00%) of the classification results 

from CAR+QDA were also obtained from contralateral electrodes. On the other 

hand, 2 out of 4 (50.00%) of the classification results from LAP+FKNN, and 2 out of 

4 (50.00%) of the classification results from CAR+k-NN and CAR+FKNN were 

obtained either from contralateral or ipsilateral electrodes. 
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Table 6.27: Recording electrode associate with the classification results from 

tetraplegic subjects for predicting intention and direction of the movement.  

 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

ST11 CCP5 CP5 CCP5 CCP5 FC4 FC5 

ST12 C5 CCP5 CCP5 C5 C5 CP3 

ST13 FC4 FC4 C2 CCP1 CCP1 CP4 

ST14 FC4 C4 FC3 C1 CP4 FC5 

 

6.7.3.4 Predicting Intention and Direction of Movement from Paraplegic Subjects 

The classification results for predicting intention and direction of movement from 

paraplegic subjects were illustrated in Figure 6.23. This figure indicates that, 

classification accuracies from CAR+k-NN, CAR+FKNN and CAR+QDA dwell 

within the ranges of 41.75%-52.47%, 41.49%-51.16% and 29.94%-42.67%, 

respectively. Apart from that, the classification results from LAP+k-NN, 

LAP+FKNN and LAP+QDA lie within the ranges of 51.59%-59.23%, 49.77%-

59.72% and 31.72%-42.36%, respectively. 

 

Figure 6.23: Classification results for paraplegic subjects in predicting intention 

and direction of the movement. The classification results from each subject are 

presented based on the combinations of classifiers and spatial filters applied. 
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The lists of frequency bands associated with the classification results depicted in 

Figure 6.23 was provided in Table 6.28. Data in this table indicates that, the 

classification results were obtained from multiple of EEG signal components namely 

delta, alpha, beta, and gamma bands. Although the classification results were 

obtained from different frequency bands for each subject, 2 out of 4 (50.00%) of the 

classification results from CAR+FKNN were obtained from the beta band and 3 out 

of 4 (75.00%) of the classification results from CAR+QDA were obtained from the 

delta band. On the other hand, 2 out of 4 (50.00%) of the classification results from 

the combinations of LAP+k-NN and LAP+FKNN were obtained from the delta band.  

Table 6.28: Frequency band associate with the classification results from 

paraplegic subjects for predicting intention and direction of the movement.. 

 
Subject 

Frequency band associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 DELTA BETA DELTA DELTA DELTA BETA 

SP2 BETA BETA DELTA ALPHA ALPHA DELTA 

SP3 ALPHA DELTA ALPHA DELTA DELTA DELTA 

SP4 GAMMA GAMMA DELTA GAMMA GAMMA DELTA 

The list of recording electrodes associated with classification results portrayed in 

Figure 6.23 was tabulated in Table 6.29. This table indicates that all (100%) of the 

classification results from CAR+ FKNN were obtained from contralateral electrodes. 

Besides that, 3 out of 4 (75.00%) of the classification results from CAR+k-NN and 

CAR+QDA were also obtained from contralateral electrodes. Following this, all 

(100%) of the classification results from LAP+FKNN and LAP+k-NN were obtained 

from contralateral electrodes. On the other hand, 3 out of 4 (75.00%) of the 

classification results from LAP+QDA were obtained from ipsilateral electrodes. 

Table 6.29: Recording electrode associate with the classification results from 

paraplegic subjects for predicting intention and direction of the movement.. 

 
Subject 

Recording electrode associated with the maximum classification accuracy 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

SP1 C5 C5 C5 C5 C5 CP2 

SP2 CP5 CP5 CP5 CCP5 CCP5 CCP5 

SP3 C4 FC5 CFC2 CCP5 CFC5 CPZ 

SP4 FC3 FC3 FC3 CFC3 CFC3 CPZ 
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6.8 Receiver Operating Characteristic Graph (ROC) 

In this section the evaluation of the classification performance from SCI subjects 

were presented. The classification evaluations were presented separately according 

group of the subjects namely tetraplegic and paraplegic subjects. The details of the 

classification performance evaluation reported in the following subsections. 

 

6.8.1 ROC for Predicting Imagination/Intention of Movement 

The classification evaluation of predicting imagination of movement from tetraplegic 

and paraplegic subjects were presented in subsection of 6.8.1.1 and subsection of 

6.8.1.2 respectively. On the other hand, the classification evaluation of predicting 

intention of movement from tetraplegic and paraplegic subjects were presented in 

subsection of 6.8.1.3 and subsection of 6.8.1.4 respectively. 
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6.8.1.1 ROC for Predicting Imagination of Movement from Tetraplegic Subjects 

ROC plots for combinations of CAR and LAP spatial filter with multiple classifiers 

for predicting imagination of movement from tetraplegic subjects were illustrated in 

Figure 6.24. Based on this figure, all of the points within the ROC space for both 

spatial filters belong to the upper triangle. Although all the points belong to the upper 

triangle, majority of the points within ROC space from the LAP spatial filter have 

higher TPR and lower FPR compared to points within ROC space from the CAR 

spatial filter. As for performance evaluation, LAP+k-NN had the best performance 

compared with the others based on average of highest TPR and low FPR. 

 

Figure 6.24: ROCs for predicting imagination of movement from tetraplegic 

subjects. The ROCs were presented based on different combination of spatial filter 

and classifier. Subjects were represented by different symbols and the average of the 

classification accuracy was represented by a black triangle. 
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6.8.1.2 ROC for Predicting Imagination of Movement from Paraplegic Subjects 

ROC for combinations of CAR and LAP spatial filters with k-NN, FKNN and QDA 

classifiers in predicting imagination of movement from paraplegic subjects were 

depicted in Figure 6.25. This figure demonstrates that, majority of the points in the 

ROC space for both spatial filters belong to the upper triangle, except for 

CAR+QDA. In this combination subject SP2 belonged to the lower triangle (any 

point belonging to the lower triangle has high FPR compared to TPR). Besides that, 

the majority points within ROC space for the LAP spatial filter have higher TPR and 

lower FPR compared to points within ROC space for the CAR spatial filter. Among 

all combinations of spatial filters and classifiers, LAP+k-NN has the average of 

highest TPR and low FPR. 

 

Figure 6.25: ROCs for predicting imagination of movement from paraplegic 

subjects. The ROCs were presented based on different combination of spatial filter 

and classifier. Subjects were represented by different symbols and the average of the 

classification accuracy was represented by a black triangle. 
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6.8.1.3 ROC for Predicting Intention of Movement from Tetraplegic Subjects 

Evaluation of classification results for predicting intention of movement from 

tetraplegic subjects is presented in Figure 6.26. This figure shows that, all of the 

points within the ROC space for both spatial filters belong to the upper triangle. As 

for the performance evaluation, the combination of CAR+FKNN has average with 

moderate FPR and highest TPR, outperforming the other combinations. 

 

Figure 6.26: ROCs for predicting intention of movement from tetraplegic 

subjects. The ROCs were presented based on different combination of spatial filter 

and classifier. Subjects were represented by different symbols and the average of the 

classification accuracy was represented by a black triangle. 
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6.8.1.4 ROC for Predicting Intention of Movement from Paraplegic Subjects 

Figure 6.27 depicts the ROC for predicting intention of movement from paraplegic 

subjects. This figure demonstrates that, all of the points within the ROC space for 

both spatial filters belong to the upper triangle (any point belonging to the lower 

triangle has high FPR compared to TPR). Majority of the points within the ROC 

space for the LAP spatial filter have higher TPR and lower FPR compared to the 

CAR spatial filter. As for the classifier performance, the combination of LAP+FKNN 

outperformed other combinations. This was because the combination of LAP+FKNN 

has the highest TPR and lowest FPR on average. 

 

Figure 6.27: ROCs for predicting intention of movement from paraplegic 

subjects. The ROCs were presented based on different combination of spatial filter 

and classifier. Subjects were represented by different symbols and the average of the 

classification accuracy was represented by a black triangle. 
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6.8.2 ROC for Predicting Imagination/Intention of Movement towards 

Direction 3, 6, 9 and 12 

In this section, the performance of classification based on different combinations of 

spatial filters and classifiers for predicting imagination/intention of movement 

towards direction 3, 6, 9 and 12 from paraplegic and tetraplegic subjects were 

presented. The performance of these classification methods were presented 

individually according to the direction of movement. 

 

6.8.2.1 ROC for predicting Imagination of Movement towards Direction 3, 6, 9 and 

12 from Tetraplegic Subjects 

Classification evaluation for predicting imagination of movement towards direction 3 

by tetraplegic subjects were implemented through ROC which presented by Figure 

6.28. From this figure, it depicted that all of the point within ROC space for both of 

the spatial filter belongs to the upper triangle where majority of points within ROC 

space of LAP spatial filter have higher TPR and lower FPR compared to the points 

within ROC space of CAR spatial filter. Among all of the classification combination, 

combination of LAP+QDA has an average with highest TPR and lowest FPR which 

outperform other combinations. Same analysis procedures have been implemented 

for producing the ROC graphs for predicting imagination of movement towards 

direction 6, 9 and 12 (please refer Appendix H for further detail). 

Apart from that, the ROC that evaluate classification results of predicting 

imagination of movement towards direction 6 indicate that all of the point within 

ROC space for both of the spatial filter belongs to the upper triangle where majority 

of the points within ROC space of LAP spatial filter have higher TPR and lower FPR 

compared to the points within ROC space of CAR spatial filter. As for the evaluation 

of the classification performance, combination LAP+QDA has an average of highest 

TPR and lowest FPR which outperformed others combination of classification. 

Likewise, the ROC for predicting imagination of movement towards direction 9 

shows that, all of the point within ROC space for both of the spatial filter belongs to 

the upper triangle where majority of the points within ROC space of LAP spatial 
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filter have higher TPR and lower FPR compared to the points within ROC space of 

CAR spatial filter. Besides that, combination of LAP+QDA which has average with 

highest TPR and low FPR outperform other classification combination. 

Similarly, the ROC for predicting imagination of movement towards direction 12 

portrayed that, all of the point within ROC space for both of the spatial filter belongs 

to the upper triangle where majority of the points within ROC space of LAP spatial 

filter have higher TPR and lower FPR compared to the points within ROC space of 

CAR spatial filter. As for the performance evaluation, combination of LAP+QDA 

outperformed others combination based on the average of highest TPR and low FPR. 

 

Figure 6.28: ROCs for predicting imagination of movement towards direction 3 

from tetraplegic subjects. The ROCs were presented based on combinations of 

spatial filters and classifiers. Subjects were represented by different symbols and the 

average of the classification accuracy was represented by a black triangle. 
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6.8.2.2 ROC for predicting Imagination of Movement towards Direction 3, 6, 9 and 

12 from Paraplegic Subjects 

Performance evaluation of the classification results for predicting imagination of 

movement towards direction 3 by paraplegic subjects were depicted in Figure 6.29. 

The ROC demonstrates that all of the points within the ROC space for both of the 

spatial filter belong to the upper triangle. Majority of the points within ROC space of 

CAR spatial filter have lower FPR compared to the points within ROC space of LAP 

spatial filter. In term of performance evaluation, combination of LAP+QDA has 

average with highest TPR and low FPR which outperformed others combination. 

Same analysis procedures have been implemented for producing the ROC graphs for 

predicting imagination of movement towards direction 6, 9 and 12 (please refer 

Appendix H for further detail). 

Addition to that, the ROC for predicting imagination of movement towards direction 

6 shows that, all of the point within ROC space for both of the spatial filter belongs 

to the upper triangle where majority of the points within ROC space of LAP spatial 

filter have higher TPR and lower FPR compared to the points within ROC space of 

CAR spatial filter. Besides that, combination of LAP+FKNN which has average with 

high TPR and lower FPR outperform other classification combination. 

Similarly, the ROC for predicting imagination of movement towards direction 9 

depicted that, all of the point within ROC space for both of the spatial filter belongs 

to the upper triangle where majority of the points within ROC space of LAP spatial 

filter have higher TPR and lower FPR compared to the points within ROC space of 

CAR spatial filter. As for the evaluation of classification performance, combination 

of LAP+QDA has the average with high TPR and lower FPR which outperformed 

other combination. 

Likewise, the ROC for predicting imagination of movement towards direction 12 

portrayed that, all of the point within ROC space for both of the spatial filter belongs 

to the upper triangle where majority of points within ROC space of LAP spatial filter 

have higher TPR and lower FPR compared to the points within ROC space of CAR 

spatial filter. Combination of LAP+QDA has the average of high TPR and lower 

FPR which outperformed the classification combination. 
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Figure 6.29: ROCs for predicting imagination of movement towards direction 3 

from paraplegic subjects. The ROCs were presented based on combinations of 

spatial filters and classifiers. Subjects were represented by different symbols and the 

average of the classification accuracy was represented by a black triangle. 
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6.8.2.3 ROC for Predicting Intention of Movement towards Direction 3, 6, 9 and 12 

from Tetraplegic Subjects 

ROC for combinations of CAR and LAP spatial filters with k-NN, FKNN and QDA 

classifiers used to predict intention of movement towards direction 3 from tetraplegic 

subjects were presented in Figure 6.30. This figure illustrates that, all of the points 

within the ROC space for both spatial filters belong to the upper triangle. Majority of 

the points within ROC space from CAR spatial filter have higher TPR compared 

with points within ROC space from the LAP spatial filter. As for classification 

performance, the combination of CAR+QDA outperformed other combinations, 

having low FPR and high TPR on average. The same analysis has been implemented 

for producing ROC graphs for predicting intention of movement towards direction 6, 

9 and 12 (please refer to Appendix H for further details). 

Moreover, the ROC for predicting intention of movement towards direction 6 

indicates that, majority of the points in the ROC space for both spatial filters belong 

to the upper triangle; except for one, which is the combination of LAP+k-NN. In this 

combination, subject ST14 belongs to the lower triangle (any point belong to the 

lower triangle has high FPR compared to TPR). Among all of the combinations, 

LAP+QDA has the best performance with the highest average of TPR and lowest 

average of FPR compared to the other combinations. 

Besides that, the ROC for predicting intention of movement towards direction 9 

indicates that all of the points within ROC space for both spatial filters belong to the 

upper triangle. In terms of classification performance, CAR+FKNN outperformed 

other combinations based on average of high TPR and low FPR. 

Furthermore, the ROC for predicting intention of movement towards direction 12 

indicates that all the points within ROC space for both spatial filters belong to the 

upper triangle. Additionally, majority of the points within ROC space for the CAR 

spatial filter have higher TPR and lower FPR compared to the points within ROC 

space for the LAP spatial filter. For evaluation of classification performance, 

combinations of CAR+QDA outperformed other combinations based having lowest 

FPR and highest TPR on average. 
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Figure 6.30: ROCs for predicting intention of movement towards direction 3 

from tetraplegic subjects. The ROCs were presented based on combinations of 

spatial filters and classifiers. Subjects were represented by different symbols and the 

average of the classification accuracy was represented by a black triangle. 
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6.8.2.4 ROC for Predicting Intention of Movement towards Direction 3, 6, 9 and 12 

from Paraplegic Subjects 

Figure 6.31 displays the ROC for combinations of CAR and LAP spatial filters with 

k-NN, FKNN and QDA classifiers in predicting intention of movement towards 

direction 3 from paraplegic subjects. This figure demonstrates that all of the points 

within the ROC space for both spatial filters belong to the upper triangle; whereas 

majority of the points within LAP ROC space have higher TPR and lower FPR 

compared to the points within the CAR ROC space. As for classifier evaluation, the 

combination of LAP+QDA outperformed other combinations based on average TPR 

and FPR. The same analysis has been implemented for producing ROC graphs for 

predicting intention of movement towards direction 6, 9 and 12 (please refer to 

Appendix H for further details). 

Besides that, the ROC for predicting intention of movement towards direction 6 

indicates that all the points within ROC space for both spatial filters belong to the 

upper triangle. Additionally, the majority of points within ROC space of the LAP 

spatial filter have higher TPR and lower FPR compared to the points within ROC 

space of the CAR spatial filter. Among all the combinations, LAP+QDA has the best 

performance with highest TPR and lowest FPR compared to other combinations. 

Apart from that, the ROC for predicting intention of movement towards direction 9 

shows that, all of the points within the ROC space for both of the spatial filters 

belong to the upper triangle. Majority of the points within ROC space of the LAP 

spatial filter have higher TPR and lower FPR compared to the points within ROC 

space of the CAR spatial filter. Combination of LAP spatial filter with FKNN 

classifier has the best performance because on average it produced highest TPR and 

lowest FPR compared to other combinations. 

On the other hand, the ROC for predicting intention of movement towards direction 

12 shows that, all of the points within the ROC space for both of the spatial filters 

belongs to the upper triangle. Majority of the points within ROC space from the LAP 

spatial filter have higher TPR compared to CAR spatial filter. As for the evaluation 

of classifiers, the combination of LAP+QDA outperforms other combinations based 

on having higher average TPR and lower average FPR. 
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Figure 6.31: ROCs for predicting intention of movement towards direction 3 

from paraplegic subjects. The ROCs were presented based on combinations of 

spatial filters and classifiers. Subjects were represented by different symbols and the 

average of the classification accuracy was represented by a black triangle. 

 

6.8.3 ROC for Predicting Imagination/Intention and Direction of 

Movement 

In this subsection, the classifier’s performance for predicting imagination/intention 

and direction of the movement from tetraplegic and paraplegic subjects were 
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6.8.3.1 ROC for Predicting Imagination and Direction of Movement from 

Tetraplegic Subjects 

Classification performance from tetraplegic subjects for predicting imagination and 

direction of movement for subclass direction towards 3 was displayed by ROC in 

Figure 6.32. This figure demonstrates that, majority of the points within the ROC 

space for both spatial filters belong to the upper triangle; except for two 

combinations, CAR+k-NN and LAP+k-NN. Subject ST10 from CAR+k-NN and 

subject ST1 from LAP+k-NN belong to the lower triangle. As for classification 

evaluation, LAP+FKNN has the lowest FPR and highest TPR on average, which 

outperformed other classification combinations. 

 

Figure 6.32: ROCs for predicting imagination and direction of movement from 

tetraplegic subjects (subclass for direction towards 3). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Additionally, Figure 6.33 displays the ROC that depicts classification performance 

evaluation from tetraplegic subjects for predicting imagination and direction of 

movement for subclass direction towards 6. This figure shows that only the 

combination of LAP+FKNN has all of the points within the ROC space in the upper 

triangle. Among all the combinations, LAP+FKNN outperformed the others, with 

average of highest TPR and lowest FPR. 

 

Figure 6.33: ROCs for predicting imagination and direction of movement from 

tetraplegic subjects (subclass for direction towards 6). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Furthermore, Figure 6.34 depicts the ROC from tetraplegic subjects for predicting 

imagination and direction of movement for subclass direction towards 9. This figure 

demonstrates that only LAP+k-NN, CAR+k-NN and CAR+FKNN have all the points 

within the ROC space in the upper triangle. Subjects ST6 and ST10 from the 

combination of CAR+QDA, subjects ST2 and ST6 from LAP+FKNN, and subjects 

ST3, ST5 and ST6 from LAP+QDA belong to the lower triangle. As for 

classification performance, the combination of LAP+k-NN has the average highest 

TPR and lowest FPR, outperforming other classification combinations. 

 

Figure 6.34: ROCs for predicting imagination and direction of movement from 

tetraplegic subjects (subclass for direction towards 9). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Figure 6.35 illustrates the ROC from tetraplegic subjects for predicting imagination 

and direction of movement for subclass direction towards 12. This figure indicates 

that, combinations of LAP+k-NN, CAR+k-NN and CAR+FKNN have all of the 

points within the ROC space in the upper triangle. Subjects ST2 and ST6 from 

CAR+QDA, subject ST1 from LAP+FKNN and subject ST6 from LAP+QDA 

belong to the lower triangle. In terms of classification performance, CAR+FKNN has 

the average of highest TPR and lowest FPR, showing better performance than other 

classification combinations. 

 

Figure 6.35: ROCs for predicting imagination and direction of movement from 

tetraplegic subjects (subclass for direction towards 12). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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6.8.3.2 ROC for Predicting Imagination and Direction of Movement from 

Paraplegic Subjects 

The performance evaluation of predicting imagination and direction of movement for 

subclass direction towards 3 from paraplegic subjects was depicted in Figure 6.36. 

This figure demonstrates that, majority of the points within the ROC space for both 

spatial filters belong to the upper triangle; except for one, LAP+QDA, in which 

subjects SP1 and SP2 belong to the lower triangle. As for classification performance, 

the combination LAP+FKNN has an average with highest TPR and lowest FPR, 

which outperformed other classification combinations. 

 

Figure 6.36: ROCs for predicting imagination and direction of movement from 

paraplegic subjects (subclass for direction towards 3). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Figure 6.37 illustrates the ROC from paraplegic subjects for predicting imagination 

and direction of movement for subclass direction towards 6. This figure demonstrates 

that all of the points within the ROC space for both spatial filters belong to the upper 

triangle. Among all classification combinations, CAR+k-NN has the best 

performance based on average of highest TPR and low FPR. 

 

Figure 6.37: ROCs for predicting imagination and direction of movement from 

paraplegic subjects (subclass for direction towards 6). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Furthermore, the performance evaluation of classification results from paraplegic 

subjects for predicting imagination and direction of movement for subclass direction 

towards 9 were portrayed in Figure 6.38. This figure demonstrates that, majority of 

the points within the ROC space for both spatial filters belong to the upper triangle; 

except for one, LAP+QDA, where subject SP2 belonged to the lower triangle. This 

figure also shows that the combination of LAP+k-NN has lower average of FPR and 

highest TPR, outperforming other classification combinations. 

 

Figure 6.38: ROCs for predicting imagination and direction of movement from 

paraplegic subjects (subclass for direction towards 9). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Figure 6.39 depicts the ROC from paraplegic subjects in predicting imagination and 

direction of movement for subclass direction towards 12. Based from this figure, all 

of the points within ROC space for both spatial filters belong to the upper triangle. 

As for classification performance, the combination of LAP+k-NN outperformed the 

others based on average of highest TPR and low FPR. 

 

Figure 6.39: ROCs for predicting imagination and direction of movement from 

paraplegic subjects (subclass for direction towards 12). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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6.8.3.3 ROC for Predicting Intention and Direction of Movement from Tetraplegic 

Subjects 

The performance evaluation for predicting intention and direction of movement for 

subclass direction towards 3 from tetraplegic subjects was depicted by ROC in 

Figure 6.40. This figure exhibits that, majority of the points within ROC space for 

both spatial filters belong to the upper triangle; except for one, LAP+QDA, for which 

subject ST14 belongs to the lower triangle. Among all the classification 

combinations, LAP+FKNN has the best performance based on the average of low 

FPR and highest TPR. 

 

Figure 6.40: ROCs for predicting intention and direction of movement by 

tetraplegic subjects (subclass for direction towards 3). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Apart from that, Figure 6.41 illustrated the ROC of tetraplegic subjects in predicting 

intention and direction of movement for subclass direction towards 6. In this figure, 

it demonstrates that majority of the point within the ROC space for both of the spatial 

filters belong to the upper triangle except for two combinations, which are 

combination of CAR+QDA and combination of LAP+QDA. Subject ST14 from 

combination of CAR+QDA and subject ST13 from combination of LAP+QDA 

belong to the lower triangle (any point belong to the lower triangle has high FPR 

compared to TPR). As for the classification evaluation, combination of CAR+k-NN 

has an average with low FPR and highest TPR which outperformed other 

classification combination. 

 

Figure 6.41: ROCs for predicting intention and direction of movement from 

tetraplegic subjects (subclass for direction towards 6). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Figure 6.42 demonstrates the ROC from tetraplegic subjects for predicting intention 

and direction of movement for subclass direction towards 9. This figure exhibits that, 

majority of the points within the ROC space for both spatial filters belong to the 

upper triangle except for three combinations; CAR+k-NN, CAR+QDA and 

LAP+QDA. Subject ST14 from CAR+k-NN, subject ST12 from CAR+QDA and 

subject ST14 from LAP+QDA were in the lower triangle. In terms of classification 

evaluation, the combination of CAR+k-NN has an average lowest FPR and highest 

TPR, which proved better than other combinations. 

 

Figure 6.42: ROCs for predicting intention and direction of movement from 

tetraplegic subjects (subclass for direction towards 9). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Furthermore, Figure 6.43 presents the ROC from tetraplegic subjects for predicting 

intention and direction of movement for subclass direction towards 12. This figure 

shows that, majority of the points within ROC space for both spatial filters were in 

the upper triangle; except for one, CAR+QDA, in which subject ST11 belonged to 

the lower triangle. Among all the classification combinations, CAR+FKNN had the 

best performance based on the average of low FPR and highest TPR. 

 

Figure 6.43: ROCs for predicting intention and direction of movement from 

tetraplegic subjects (subclass for direction towards 12). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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6.8.3.4 ROC for Predicting Intention and Direction of Movement from Paraplegic 

Subjects 

ROC that indicates the evaluation of classification performance for predicting 

intention and direction of movement for subclass direction towards 3 from paraplegic 

subjects was depicted by Figure 6.44. This figure demonstrates that, majority of the 

points within the ROC space for both spatial filters belong to the upper triangle; 

except for one, LAP+QDA, which belonged to the lower triangle. In this 

combination, subject SP1 belonged to the lower triangle. In terms of classification 

performance, the combination of LAP+k-NN has lowest FPR and highest TPR on 

average, outperforming the other combinations. 

 

Figure 6.44: ROCs for predicting intention and direction of movement from 

paraplegic subjects (subclass for direction towards 3). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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On the other hand, classification evaluation for predicting intention and direction of 

movement for subclass direction towards 6 from paraplegic subjects was portrayed in 

Figure 6.45. This figure demonstrates that, majority of the points within the ROC 

space for both spatial filters belong to the upper triangle; except for one, CAR+QDA, 

where subject SP1 belongs to the lower triangle. As for classification performance, 

the combination of LAP+FKNN outperformed the others based on the average of 

highest TPR and low FPR. 

 

Figure 6.45: ROCs for predicting intention and direction of movement from 

paraplegic subjects (subclass for direction towards 6). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Furthermore, Figure 6.46 illustrates the ROC from paraplegic subjects for predicting 

intention and direction of movement for subclass direction towards 9. This figure 

demonstrates that, majority of the points within the ROC space for both spatial filters 

belong to the upper triangle; except for one, LAP+QDA, in which subject SP2 

belonged to the lower triangle. Among all the classification combinations, LAP+k-

NN has the best performance based on average of highest TPR and lowest FPR. 

 

Figure 6.46: ROCs for predicting intention and direction of movement from 

paraplegic subjects (subclass for direction towards 9). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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Moreover, Figure 6.47 portrays the ROC of paraplegic subjects in predicting 

intention and direction of movement for subclass direction towards 12. Based on this 

figure, all of the points within ROC space for both spatial filters belong to the upper 

triangle. As for classification performance, the combination of LAP+k-NN has the 

highest average TPR and lowest average FPR, outperforming other classification 

combinations. 

 

Figure 6.47: ROCs for predicting intention and direction of movement from 

paraplegic subjects (subclass for direction towards 12). The ROCs were presented 

based on combinations of spatial filters and classifiers. Subjects were represented by 

different symbols and the average of the classification accuracy was represented by a 

black triangle. 
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6.9 Summary 

This chapter has presented the results of data analysis from SCI subjects who 

voluntarily participated in both motor task and motor imagery experiments. The 

findings presented have included various demographic characteristics, movement 

initiation time, normality test, movement-related cortical potential (MRCP), event-

related spectral perturbation (ERSP), classification results and performance analysis. 

Eighteen SCI subjects (14 tetraplegic and 4 paraplegic) participated in this study. Out 

of these 18 subjects, 8 of them were inpatients and 10 were outpatients. Demographic 

variability included level, cause and duration of injury, age, gender and lifestyle. 

Movement initiation time from paraplegic and tetraplegic subjects in the motor task 

experiment show that only 3 (SP1, SP2 and SP3) out of 8 subjects demonstrate a 

significant difference in initiation time of movement towards 4 different directions. 

This suggests that for most of the participants of this study, there is no significant 

difference in movement initiation time towards 4 different directions. Also, the time 

of the visual cue and execution of the task from each subject are different. 

In this study, a data normality test was implemented using the Kolmogorov-Smirnov 

test across 28 recording electrodes for both experiments. In the motor task 

experiment only data from one tetraplegic subject (ST13) and one paraplegic subject 

(SP1) contained channels that were not deemed to have a Gaussian distribution. As 

for the motor imagery experiment, this test result performed on data from paraplegic 

subjects showed that only one subject (SP4) did not have a Gaussian distribution. 

Similarly, only one tetraplegic subject (ST9) did not have a Gaussian distribution. In 

spite of a few subjects with non-Gaussian distribution in the recording electrodes, 

data distribution from the SCI subjects in this study are generally Gaussian in 

distribution. 

In MRCP analysis, results of MTCAR, MTLAP, MICAR and MILAP demonstrate 

increasing amplitude negativity for all of 4 different directions. As for MTCAR and 

MTLAP, thin negative potential was observed from 500ms before movement onset, 

whereas for MICAR and MILAP the increase in negativity was detected 500ms after 

visual cue onset. 
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Furthermore, ERSP results of 4 different directions indicate detection of significant 

power changes in MTCAR, MTLAP, MICAR and MILAP. In MTCAR and MTLAP, 

power changes were detected before onset of the movement. Occurrence of 

prominent ERD within beta and gamma bands can be seen across ERSP of 4 

different directions. On the other hand, detection of significant power changes in 

ERSP of 4 different directions in MICAR and MILAP are seen after visual cue onset. 

Corresponding ERD can be seen within beta and gamma bands. Moreover, statistical 

analyses with the ANOVA test were implemented across ERSP of MTCAR, 

MTLAP, MICAR and MILAP. Results (p values) of ANOVA tests showed that 

significant differences exist in time and frequency of the ERSP reflecting 4 different 

directions. This result provided features used to predict imagination/intention and 

direction of movement. The extracted features from MTCAR, MTLAP, MICAR and 

MILAP were classified using three classifiers; k-NN, FKNN and QDA approaches 

(described in METHODS CHAPTER). 

In predicting imagination/intention of movement from paraplegic subjects, the 

highest classification accuracies were obtained from subject SP4 based on the 

features from alpha and gamma band signals recorded from electrode CCP1.On the 

other hand, when predicting imagination of movement from tetraplegic patients, data 

from ST5 and ST10 were classified with higher accuracy than the other subjects. 

These results were obtained from alpha and beta bands, recorded from both 

ipsilateral and contralateral electrodes. Apart from that, in predicting intention of 

movement the highest classification accuracy results were obtained from subject 

ST13; obtained from gamma and alpha bands using either contralateral or ipsilateral 

electrodes. 

In predicting imagination/intention of movement towards direction 3, 6, 9 and 12 by 

paraplegic subjects, most of the highest accuracy classification results were produced 

by the subject SP4. Most of the results were obtained from alpha and gamma bands 

recorded from the CCP1 electrode. When predicting imagination of movement 

towards direction 3, 6, 9 and 12 by tetraplegic subjects, the highest accuracy 

classification results were generally produced by data from subjects ST5 and ST7. 

Subject ST5 results were obtained through the alpha band EEG recorded from 
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electrodes C2 and CFC4; ST7 results were obtained from the gamma band using 

electrodes FC3 and FC5. Meanwhile, when predicting intention of movement 

towards direction 3, 6, 9 and 12 from tetraplegic subjects, most of the highest 

accuracy classification results were obtained from subject ST11; from alpha and 

gamma bands using either contralateral or ipsilateral electrodes. 

Furthermore, in predicting intention and direction of movement, the subjects SP3 and 

SP4 contributed to the majority of highest accuracy classification results. For subject 

SP3, most of the results were obtained from alpha and delta bands using electrodes 

FC5, CFC5 and CCP5. Subject SP4 produced the highest classification result through 

delta and gamma bands using electrodes FC3 and CFC3. In predicting imagination 

and direction of movement by paraplegic subjects, the highest accuracy classification 

results were produced by subject SP4. These results were obtained from alpha, beta 

and gamma bands using electrodes CCP1, C1, CPZ and CZ. On the other hand, in 

predicting imagination and direction of movement by tetraplegic subjects, most of 

the highest accuracy classification results were produced by subject ST7. These 

results were obtained from delta, alpha, beta and gamma bands using electrodes FC1, 

FC3 and CCP5. As for predicting intention and direction of movement by tetraplegic 

subjects, subject ST13 contributed most towards the highest accuracy classification 

result. Results were obtained from delta, alpha, beta and gamma bands using 

electrodes CCP1, FC4, CP4 and C2. 

As for classifier performance, none of the classifiers stood-out constantly to 

outperform than the others. Nonetheless, the LAP spatial filter combined with 

various classifiers tended to produce higher classification accuracy results overall. 
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7.1 Introduction 

This study focuses on exploring the feasibility of developing a BCI system which is 

well equipped with multi degree of freedom control based on a single limb 

movement for SCI patients. Results obtained in this study are interpreted, discussed 

and compared to other studies which involved SCI patients and to our control 

database. 

 

7.2 Data Recording 

This study implemented a motor imagery and motor task protocol which involved 

centre out, burst movement in multiple directions (direction towards 3, 6, 9, 12) 

using the right wrist. Healthy and paraplegic subjects participated in both of the 

experiments. On the other hand, due to the level of injury, the majority of the 

tetraplegic subjects were only capable of participating in the motor imagery 

experiment (except for subjects ST11, ST12, ST13 and ST14). Although, the 

tetraplegic subjects have no voluntary control over the right wrist, the implemented 

protocol of motor imagery is still suitable for them. This is because they still have an 

activated motor cortical area associated with body movement below the level of 

lesion (Mattia et al., 2009). 

Even though the implemented protocols are suitable for both healthy and SCI 

subjects, there were a few issues raised by the participating subjects (healthy and SCI 

subjects) especially when they were attending the motor imagery experiment. During 

the data recording session of the motor imagery experiment, most of the healthy 

subjects complained that the experiment protocol was boring and sleep-inducing. On 

the other hand, the majority of the SCI subjects (tetraplegic and paraplegic) complain 

about feeling sleepy, tired, being unsure if they performed the right imagination, 

occurrences of spasm, inability to perform the imagery and possibly difficulty in 

maintaining concentration. These issues highlighted that; the healthy subjects cannot 

maintain their concentration whereas the SCI subjects suffer from the side effects of 

the prescribed medication that is being used to treat the secondary medical 

complications caused by SCI. 



224 

 

Side effects from the drug depend on the type and dosage of the prescribed 

medication. For instance, anti-spasmatic medication might cause the patients to feel 

sleepy and difficult to maintain concentration. Even though the anti-spasmatic 

medication can reduce the number of spasm occurrences, it also has a negative 

influence on vigilance and concentration, inducing drowsiness and weakness in 

patients (Thompson et al., 2005, Rupp, 2015). Besides that, some of the tetraplegic 

subjects were unable to perform and were not sure whether they performed the right 

imagination. These problems are most likely effect from the level of the injury 

because tetraplegic subjects that suffer a C5 and/or above injury, have limited control 

over shoulder and elbow function. Thus, the motor imagery experiment would be a 

challenging task for tetraplegic subjects due to the fact that the capability of 

performing the imagination is closely dependent on the current ability to perform the 

task physically (Olsson, 2012). In addition to that, the implemented protocol is also 

not a natural movement. Thus, this factor also might affect the imaginary capability 

in the tetraplegic subjects.  

The above mentioned issues will have huge impact on the control and performance 

of the developed BCI system. Interference and disturbance before/during the motor 

imagery will effect the generation and detection of ERP and ERSP. Besides, it would 

be better to record EEG signal that reflect the mental task accurately so that it can be 

translated in command signal. 

In order to overcome these problems a few approaches were adopted. For instance, 

we obtained verbal feedback from the subjects each time they completed the trial. By 

doing this, subjects not only had a longer time to relax but at the same time we could 

make sure that they were more alert and well prepared for the next trial. As for the 

occurrences of spasm, there was nothing that could be done apart from waiting for 

the spasms to lapse. After recovery, we asked SCI subjects if they were willing to 

continue with the experiment or repeat the trial. If the subject agreed to continue or 

repeat the trial, we proceeded. If they were not comfortable, we stopped the 

recording. We made sure that the subject’s comfort was given priority throughout the 

experiment. 
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Furthermore, EMG and movement signals recorded from the tetraplegic subjects 

(especially those subjects who suffered a C5 and/or above injury) during the 

experiment could not be used for the pre-processing purpose. Due to the level of 

lesion, tetraplegic subjects were not able to hold the manipulandum and they also 

suffered from a secondary medical complication namely muscle atrophy on their 

arm. Due to the muscle atrophy, the arm becomes thinner and it was very challenging 

to locate the ECRL, ECRB, ECU and FCR muscles.  

As mentioned in Chapter 4, the EMG and the movement signals were recorded so 

that we can confirm there were no movement attempts during motor imagery 

experiment and subjects performed the right movement according to the visual cue’s 

direction in motor task experiment. Without these signals, the signal processing 

process for tetraplegic subjects (except for subject ST11, ST12, ST13 and ST14) was 

mainly depend on the EEG signal only. So there were possibilities that the recorded 

EEG signal was contaminated by motion artefact. Fortunately in this study, 

tetraplegic subjects (especially those subjects who suffered a C5 and/or above injury) 

have limited/no control over their wrist function so the possibilities can be ignored. 

Thus, EEG signal was enough for the pre-processing purpose. 

To the best of our knowledge, before this research, there has not been any work 

conducted on multiclass BCI research (access brains signature through 

electrophysiological signal) involving SCI patients that employs motor imagery and 

motor task protocol based on a single limb. The majority of BCI research that 

involve SCI patients have more interest in motor imagery, motor attempt and motor 

task involves either single limb or combination of multiple limbs (López-Larraz et 

al., 2015, Müller-Putz et al., 2014, Lopez-Larraz et al., 2012). 
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7.3 Demographic Profiles and Prescribed Medications 

Eighteen SCI subjects that participated in this study suffer from different level of 

injuries. Addition to that, SCI also inflicts secondary medical complications in all the 

subjects. Thus, in order to treat the complication, they were prescribed with certain 

doses of medication. The list of the prescribed medication of the subjects is listed 

below in Table 7.1. 

Table 7.1: List of prescribed medication for all subjects.  

 

Subjects List of Medication Function of 

Medication 

Effect of the 

medication to the 

brain wave 

References 

 

ST1 

Oxybutynin  Treat bladder 

problem 

Lower the EEG 

spectral power 

Rupp, 

2015 

Bisacodyl and 

glycerine 

Treat bowel 

problem 

N/A N/A 

Tizanidine  Treat spasticity Increase slow 

brain wave and 

decrease alpha 

band 

Mackel et 

al., 1984 

 

 

 

 

 

ST2 

Lactulose and 

laxido 

Treat constipation 

problem 

N/A N/A 

Bisacodyl  Treat bowel 

problem 

N/A N/A 

Oxybutynin and 

tamsulosin 

Treat bladder 

problem 

Lower the EEG 

spectral power 

Rupp, 

2015 

Ephedrine  Treat hypotension 

problem and 

appetite 

suppressant 

N/A N/A 

Omeprazole  Treat 

gastroesophageal 

problem 

N/A N/A 

Piriton and 

flucloxacillin 

Treat bacterial 

infection and 

allergies 

N/A N/A 

Benzoyl peroxide Treat acne problem N/A N/A 

Gabapentin  Treat epilepsy 

problem 

Decrease the 

peak frequency 

of alpha band 

(posterior region) 

Salinsky et 

al., 2002 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 
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Zopiclone  Treat insomnia 

problem 

Increase delta 

band (anterior 

region) 

Yamadera 

et al., 

1996 

 

ST3 

Ciprofloxacin  Treat infection 

problem 

N/A N/A 

Calcichew   Supplement N/A N/A 

 

ST4 

Gabapentin  Treat epilepsy 

problem 

Decrease the 

peak frequency 

of alpha band 

(posterior region) 

Salinsky et 

al., 2002 

Paracetamol and 

ibuprofen 

Pain reliever Increase delta 

and theta bands 

Decrease alpha 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

 

 

 

ST5 

Calsium  

supplement 

Supplement N/A N/A 

Oxybutynin  Treat bladder 

problem 

Lower the EEG 

spectral power 

Rupp, 

2015 

Rifampicin and 

ethambutol 

Antibiotic N/A N/A 

Citalopram and 

diazepam 

Treat depression 

and anxiety 

disorder 

Increase delta 

band (posterior 

region) 

Yamadera 

et al., 

1996 

Pyridoxine  Treat nerve 

disorder 

N/A N/A 

Temazepam  Treat insomnia N/A N/A 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

 

 

ST6 

Gabapentin  Treat epilepsy 

problem 

Decrease the 

peak frequency 

of alpha band 

(posterior region) 

Salinsky et 

al., 2002 

Paracetamol, 

ibuprofen and 

Oxynorm  

Pain reliever Increase delta 

and theta bands 

Decrease alpha 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

 

ST7 

 

 

 

Bisacodyl   Treat bowel 

problem 

N/A N/A 

Movicol and 

senna 

Treat constipation 

problem 

N/A N/A 

Gabapentin and Treat epilepsy Decrease the Salinsky et 
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clonazepam problem and 

seizure attack 

peak frequency 

of alpha band 

(posterior region) 

al., 2002 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

 

 

 

ST8 

 

 

 

Bisacodyl  Treat bowel 

problem 

N/A N/A 

Lactulose and 

senna 

Treat constipation 

problem 

N/A N/A 

Paracetamol, 

Movelat gel and 

Diclofenac 

Pain reliever Increase delta 

and theta bands 

Decrease alpha 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Ascorbic acid Supplement N/A N/A 

Distigmine and 

tamsulosin 

Treat bladder 

problem 

N/A N/A 

Baclofen, 

Dantrolene and 

tizanidine 

Treat spasticity 

problem 

Increase slow 

brain wave 

Decrease alpha 

band 

Rupp, 

2015, 

Mackel et 

al., 1984 

Lignocaine patch Local anaesthetic N/A N/A 

Rivaroxaban Treat deep vein 

thrombosis problem 

N/A N/A 

 

 

 

ST9 

Temazepam Treat insomnia N/A N/A 

Diazepam  Treat depression 

and anxiety 

disorder 

Increase delta 

band (anterior 

region) 

Yamadera 

et al., 

1996 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

Lactulose  Treat constipation 

problem 

N/A N/A 

Clonazepam  Treat epilepsy 

problem and 

seizure attack 

N/A N/A 

Pregabalin  Treat neuropathic 

pain 

Increase theta 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Lignocaine patch Local anaesthetic N/A N/A 

 

 

 

 

 

 

Glycerine  Treat bowel 

problem 

N/A N/A 

Senna and 

lactulose 

Treat constipation 

problem 

N/A N/A 

Movelat gel Pain reliever N/A N/A 

QVAR inhaler, Treat asthma N/A N/A 
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ST10 salbutamol 

nebulisers, saline 

nebulisers and 

atropium 

nebulisers 

problem 

Tizanidine and 

baclofen 

Treat spasticity 

problem 

Increase slow 

brain wave 

Decrease alpha 

band 

Mackel et 

al., 1984, 

Rupp, 

2015 

Oxybutynin  Treat bladder 

problem 

Lower the EEG 

spectral power 

Rupp, 

2015 

Ranitidine  Treat 

gastroesophageal 

problem 

N/A N/A 

Paracetamol and 

ibuprofen 

Pain reliever Increase delta 

and theta bands 

Decrease alpha 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Gabapentin  Treat epilepsy 

problem 

Decrease the 

peak frequency 

of alpha band 

(posterior region) 

Salinsky et 

al., 2002 

Fludrocortisone  Steroid that prevent 

released of 

substance that 

caused 

inflammation 

N/A N/A 

 

ST11 

Bisacodyl  Treat bowel 

problem 

N/A N/A 

Senna  lactulose Treat constipation 

problem 

N/A N/A 

ST12 Tamsulosin  Treat bladder 

problem 

N/A N/A 

 

 

 

 

 

 

ST13 

 

 

 

 

 

Adcal D3 Supplement N/A N/A 

bisoprolol, 

candarsartan 

Treat hypertension 

problem 

N/A N/A 

Bisacodyl  Treat bowel 

problem 

N/A N/A 

Amitriptyline  Treat depression 

and anxiety 

disorder 

N/A N/A 

Gliclazide and 

metformin 

Treat diabetic 

problem 

N/A N/A 

Glycerine  Treat bowel 

problem 

N/A N/A 

Oxycodone and Pain reliever Increase delta Malver et 
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paracetamol and theta bands 

Decrease alpha 

band of 

spontaneous EEG 

signal 

al., 2014 

Laxido  Treat constipation 

problem 

N/A N/A 

Lansoprazole  Treat 

gastroesophageal 

problem 

N/A N/A 

Pregabalin  Treat neuropathic 

pain 

Increase theta 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Warfarin  Anticoagulant drug N/A N/A 

Simvastatin  Statin drug N/A N/A 

 

 

ST14 

Ibuprofen, 

paracetamol, 

tramadol and 

trospium 

Pain reliever Increase delta 

and theta bands 

Decrease alpha 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Bisacodyl  Treat bowel 

problem 

N/A N/A 

Mirabegron  Treat bladder 

problem 

N/A N/A 

Senna  Treat constipation 

problem 

N/A N/A 

 

 

 

 

SP1 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

Bisacodyl  Treat bowel 

problem 

N/A N/A 

Temazepam and 

zopiclone 

Treat insomnia 

problem 

Increase delta 

band (anterior 

region) 

Yamadera 

et al., 

1996 

Dihydrocodeine  Pain reliever N/A N/A 

Glycerol and 

lactulose 

Treat constipation 

problem 

N/A  N/A 

Mirtazapine  Treat depression 

and disorder 

N/A N/A 

Pregabalin  Treat neuropathic 

pain 

Increase theta 

band of 

spontaneous EEG 

signal 

Malver et 

al., 2014 

Tizanidine  Treat spasticity Increase slow 

brain wave and 

decrease alpha 

Mackel et 

al., 1984 
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band 

 

 

 

 

 

 

 

SP2 

Insulin  Treat diabetic 

problem 

N/A N/A 

Creon  Treat people who 

can’t digest food 

normally 

N/A N/A 

Gabapentin  Treat epilepsy 

problem 

Decrease the 

peak frequency 

of alpha band 

(posterior region) 

Salinsky et 

al., 2002 

Tizanidine  Treat spasticity Increase slow 

brain wave and 

decrease alpha 

band 

Mackel et 

al., 1984 

Calcichew, 

vitamin C and 

forceval 

Supplement N/A N/A 

Suppositories  Treat bowel 

problem 

N/A N/A 

Atorvastatin  Statin drug N/A N/A 

Aspirin and 

oxycodone 

Pain reliever N/A N/A 

Cetirizine  Treat hay fever, 

allergies, 

angioedema and 

urticaria 

N/A N/A 

Nitrofurantoin  antibiotic N/A N/A 

Eye drops Treat eye sores N/A N/A 

Senna  Treat constipation 

problem 

N/A N/A 

Amlodipine  Treat hypertension N/A N/A 

Omeprazole  Treat 

gastroesophageal 

problem 

N/A N/A 

 

 

SP3 

Metformin  Treat diabetic 

problem 

N/A N/A 

Nitrofurantoin  Treat bladder 

problem 

N/A N/A 

Senna and 

micralax 

Treat constipation 

problem 

N/A N/A 

Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

 

 

 

 

 

Anusol cream Treat swelling, 

itching and 

discomfort of rectal 

condition 

N/A N/A 

Ascorbic acid Supplement N/A N/A 
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SP4 Baclofen  Treat spasticity 

problem 

Increase slow 

brain wave 

Rupp, 

2015 

Bumetanide  Treat swelling 

(edema caused by 

heart failure or 

kidney disease) 

N/A N/A 

Diazepam  Treat depression 

and anxiety 

disorder 

Increase delta 

band (anterior 

region) 

Yamadera 

et al., 

1996 

Gabapentin  Treat epilepsy 

problem 

Decrease the 

peak frequency 

of alpha band 

(posterior region) 

Salinsky et 

al., 2002 

Glycerol, lactulose Treat constipation 

problem 

N/A N/A 

Quinine  Treat malaria N/A N/A 

Sodium 

picosulphate, 

tolterodine 

Treat bowel 

problem 

N/A N/A 

Warfarin  Anticoagulant drug N/A N/A 

Referring to the Table 7.1, it can be seen that majority of the subjects suffer from 

bladder problem, bowel problem, spasticity, epilepsy, insomnia, depression and 

neuropathic pain. It is essential to emphasize that, the prescribed medication to treat 

these complications have negative effect towards EEG signal. For instance, 

oxybutynin can lead to significance lower spectral power within all relevance 

frequency bands of EEG component and baclofen can affect EEG spectral power 

distribution (increased slow brain waves) (Rupp, 2015).  

Besides that, tizanidine can increase the slow wave of EEG activity and decrease the 

alpha activity (Mackel et al., 1984) whereas pregabalin increases the theta band of 

spontaneous EEG (Malver et al., 2014). Apart from that, administration of higher 

dose than 1.95g of paracetamol can generate a significant increase in delta and theta 

band whereas decrease in alpha band of spontaneous EEG (Malver et al., 2014). 

Furthermore, zopiclone can increase delta band of anterior region and diazepam can 

decrease delta band of posterior region (Yamadera et al., 1996). Addition to that, 

gabapentin can significantly decreased the peak frequency of the posterior alpha 

band (Salinsky et al., 2002). 
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Side effects of the medication on the EEG signal most probably have affected the 

results obtained from the SCI subjects. As mentioned in Chapter 4, this study 

extracted power spectrum features computed through ERSP. The power spectrum 

was calculated from the overlapping window, normalised with the baseline and 

average over all the trials (Grandchamp and Delorme, 2011). Thus, disturbances of 

the EEG signal component (delta, theta, alpha, beta and gamma bands) before, 

during and/or after the mental task (motor task/motor imagery experiment) will 

effected the ERSP. 

For further clarification, the comparison of the frequency band that associated with 

the maximum classification results for the participated subjects were shown in Table 

7.2. 

Table 7.2: Comparison of the frequency band associated with the maximum 

classification result among the subjects group. 

 

Subjects Frequency band associated with 

the maximum classification result 

in predicting imagination and 

direction of the movement 

Frequency band associated with 

the maximum classification result 

in predicting intention and 

direction of the movement 

Healthy Gamma band (refer to Table 5.13) Gamma band (refer to Table 5.15) 

Tetraplegic 

patients 

Delta, theta, alpha, beta and 

gamma bands (refer to Table 6.22) 

Alpha, beta and gamma bands 

(refer to Table 6.26) 

Paraplegic 

patients 

Delta, theta and alpha bands (refer 

to Table 6.24) 

Delta and beta bands (refer to 

Table 6.28) 

According to Table 7.2, it shows that majority of the maximum classification results 

in predicting imagination/intention and direction of the movement from the healthy 

subjects were obtained from the same frequency which was the gamma band. As for 

the paraplegic subjects, majority of the maximum classification results in predicting 

imagination/intention and direction of the movement were obtained from delta, theta, 

alpha and beta bands. On the other hand, the maximum classification results in 

predicting imagination/intention and direction of the movement from tetraplegic 

subjects were obtained from the entire EEG signal component namely delta, theta, 

alpha, beta and gamma bands.  

Here we can see that, the directional information of the imagination /intention of the 

movement from SCI subjects were obtained from the lower frequency band (delta, 
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theta, alpha and beta bands) compared to the healthy subjects. These findings suggest 

that the side effect from the prescribed medication have huge impact on the control 

and performance of the developed BCI system. Therefore, it is important to highlight 

that for SCI patient, other than brain reorganisation and deafferentation, the type of 

medication is also one of the factor that affects the implementation and efficiency of 

BCI control. 

 

7.4 Discussion of MRCP Results 

MRCP is an event related potential locked to the onset of the movement (Spring et 

al., 2016) and related to the planning phase of a task force (Lattari et al., 2014). 

MRCP comprises of 2 pre-movement components namely early bereitschaft potential 

(BP) and late bereitschaft potential/negative slope (NS). BP refers to the readiness of 

the forthcoming action and reflects an early motor preparation in the supplementary 

motor area. BP occurs between 500ms and 1500ms before onset of the movement 

(Spring et al., 2016, Bozzacchi et al., 2012). On the other hand, NS refers to the urge 

to act, contralateral dominant and reflect activity in the pre-motor area. NS occurs 

between 500ms before onset of the movement (Spring et al., 2016, Bozzacchi et al., 

2012). 

Findings from the grand average of MRCP waveforms associated with motor 

imagery and motor task experiments among three different groups of subjects 

(healthy, tetraplegic and paraplegic subjects) indicate that, there were a lot of 

similarities especially when it comes to detection of MRCP component (late 

bereitschaft potential/negative slope (NS). 

Grand average of the MRCP results (including healthy, tetraplegic and paraplegic 

subjects) associated with motor task (MT) and motor imagery experiments (MI) 

show the detection of MRCP components. In the grand average of the MRCPs 

associated with MT, NS was detected 500ms before onset of the movement whereas 

in the grand average of MRCP associated with MI NS was detected approximately 

500ms after visual cue onset. Besides that, amplitudes of MRCP waveform in all 4 

different directions of MT are greater than MI.  
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This result complements the finding by Miller et al., 2010. In their study, they 

recorded electrocorticographic cortical surface potential in eight subjects during 

overt action and kinaesthetic imagery of the same movement. They concluded that 

the magnitude of imagery induced cortical activity change comprised 25% of that 

with actual movement. In addition, Solodkin et al., 2004 claimed that although the 

active area of brain region between the motor execution and motor imagery are 

similar, volumes of activation tend to be larger during motor execution than during 

motor imagery. Besides that, the complexity of the movement also has a huge impact 

on the onset and the amplitude of both the MRCP components (Bozzacchi et al., 

2012). 

Detection of the MRCP activity from the normal and paraplegic subjects is expected 

because these two groups have full control over their wrist function. On the other 

hand, things are different when it comes to the tetraplegic subjects (especially those 

subjects who suffered a C5 and/or above injury). Tetraplegic subjects have limited 

access/control over their wrist function due to the reason that, there are no 

sensory/motor signals below level of lesion (especially with complete injury). Other 

than this, SCI also caused neuroplasticity/brain plasticity. Brain plasticity refer to the 

process of continuous alteration of the neural pathways and synapse of brains and 

nervous system in response to injury (Lynskey et al., 2008). Thus, brain plasticity 

makes it possible to detect the MRCP activity although tetraplegic subjects have no 

wrist control. 

 

7.5 Discussion of ERSP Results 

There are a lot of similarities in term of detection of power changes (occurrence of 

ERD and ERS) within the ERSP associated with MT and MI among the healthy, 

paraplegic and tetraplegic subjects (for further clarification please refer to Appendix 

F). For instance, in ERSP associated with the MT, ERD was detected within beta and 

gamma bands prior to onset of movement whereas in ERSP associated with the MI, 

ERD also detected approximately 300ms delay after onset of visual cue within the 

same frequency band (beta and gamma bands). Besides that, ERSP associated with 
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MT depicted more prominent detection of significant changes of power compared to 

the ERSP associated with MI. 

Even though there are differences in time for detection of significant changes of 

power between ERSP associated MT and MI; ERSP associated with both of the 

experiments do have similarity in 2 aspects. First, ERSP using LAP spatial filter 

illustrated more prominent occurrence of ERD and ERS when compared to the ERSP 

using CAR spatial filter. Second, ANOVA test results (for further clarification please 

refer to Appendix F) indicate that there are significant differences in ERSP across the 

four different directions. 

However, results in this study contradict the findings by Lopez-Larraz et al., 2012. In 

their study, they instruct subjects (three tetraplegic patients) to perform motor 

imagery and motor attempt of grasping with the right hand. Results from their study 

show detection of ERD in alpha and beta bands. The difference in detection of ERD 

between the current study (ERD detected in beta and gamma band) and theirs (ERD 

detected in alpha and beta band) might be caused of the type of task. Although both 

of the studies implemented imagination/movement of right hand, study by Lopez-

Larraz et al., 2012 implementing the grasp movement whereas the present study 

implementing centre out, burst movement towards four different directions. 

In general, ERD refers to the decreased power denoted by a negative value 

representing the activation of cortical area. On the other hand, ERS refers to the 

increased power usually reported by a positive value which demonstrates the idling 

condition of cortical area (Pfurtscheller, 2001, López-Larraz et al., 2015). Thus, 

occurrence of ERD in ERSP plot of four different directions before onset of the 

movement initiation in the motor task experiment indicates detection of the intention 

of movement towards four different directions. Besides that, the significant 

differences observed through ANOVA results in the ERSP plot of four different 

directions prior to onset of movement initiation also indicate that it is possible to 

recognise the intention and direction of the movement performed by subjects.  

Similarly to the motor imagery experiment, occurrence of ERD with delay after onset 

of the visual cue in ERSP plot of four different directions shows a subject performing 
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motor imagery towards four different directions. The delay before occurrence of the 

ERD shows that subject needs time to perceive the visual cue and perform the 

imagination as per the visual cue directions. Significant differences found in the 

ANOVA results of the ERSP plot during the imagination of movement towards four 

different direction indicate that, it is possible to predict imagination and direction of 

the movement that are performed by subjects. 

Furthermore, it is expected that ERSP of motor task will have more prominent 

detection of significant changes of power over the ERSP of motor imagery. This is 

because the ERD response of motor imagery only partially resembled the ERD 

response of motor task (Duann and Chiou, 2016). Addition to this, activation of brain 

region during the motor imagery is smaller compared to motor execution (Bozzacchi 

et al., 2012).  

ERSP of LAP spatial filter demonstrated more prominent occurrence of ERD and 

ERS compared to the ERSP of CAR spatial filter which was caused by the 

characteristic of the of the spatial filter itself.  Although both of the CAR and LAP 

spatial filter amalgamate channels linearly in order to produce a set of weight that is 

independent to the underlying data (Shakeel et al., 2015), LAP has an advantage over 

the CAR spatial filter. LAP derivation operate as high pass filter that enhance focal 

activity from local source and reduce wide distributed activity including that from 

distant source (Mouriño et al., 2001), reduce spatial noise and enhance identification 

of sources (McFarland, 2015). 
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7.6 Discussion of Classification Results and Performance Analysis 

The classification results in this study indicate that the extracted features from EEG 

signal components 500ms before movement onset and 500ms after visual cue onset 

can be used to detect and predict imagination/intention and direction of movement 

for healthy and SCI patients. The comparison of classification results among three 

different subjects group were tabulated in Table 7.3 and Table 7.4. 

Table 7.3: Comparison of the maximum classification result for predicting 

imagination and direction of movement among the subjects group. 

 
 

Subject 

Classification results for predicting imagination and direction of movement 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

Healthy 35.00%-

95.00% 

35.00%-

95.00% 

29.00%-

84.00% 

37.00%-

95.00% 

37.50%-

95.50% 

32.00%-

83.00% 

Six subjects manage to have classification results more than 70.00% 

Tetraplegic 34.17%-

78.36% 

37.55%-

75.31% 

27.94%-

70.92% 

28.14%-

79.57% 

25.22%-

79.14% 

22.69%-

80.56% 

Three subjects manage to have classification results more than 70.00% 

Paraplegic 50.90%-

80.83% 

47.63%-

80.00% 

40.77%-

75.83% 

49.40%-

79.17% 

42.97%-

80.83% 

32.76%-

77.50% 

One subjects manages to have classification results more than 70.00% 

 

Table 7.4: Comparison of the maximum classification result for predicting 

intention and direction of movement among the subjects group. 

 
 

Subject 

Classification results for predicting intention and direction of movement 

CAR LAP 

KNN FKNN QDA KNN FKNN QDA 

Healthy 29.00%-

83.00% 

28.00%-

83.00% 

29.00%-

67.00% 

47.00%-

87.00% 

47.50%-

85.50% 

34.00%-

80.00% 

Two subjects manage to have classification results more than 70.00% 

Tetraplegic 38.48%-

55.00% 

37.88%-

55.17% 

31.46%-

46.00% 

35.64%-

51.00% 

37.12%-

65.00% 

26.09%-

43.50% 

No subjects manage to have classification results more than 70.00% 

Paraplegic 47.75%-

52.47% 

41.49%-

51.16% 

29.94%-

42.67% 

51.59%-

59.23% 

49.77%-

59.72% 

31.72%-

42.36% 

No subjects manage to have classification results more than 70.00% 

Table 7.3 and Table 7.4 compare the classification range of healthy, tetraplegic and 

paraplegic subjects in predicting imagination/intention and direction of the 

movement. Tabulated data from both of the tables show that healthy subjects have 

higher classification range compared to the SCI subjects. As for the comparison 
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between tetraplegic and paraplegic subjects, there are not much different for the 

maximum classification ranges. 

Findings from this study highlighted that, there are few parameters that affecting the 

classification results such as numbers of accepted epochs for analysis and 

participation of the subjects during data recording session. 

Numbers of epoch play a major role in classification process because these epochs 

were used to train the classifiers. If we have high number of epochs to trained the 

classifier, so it is highly possible to obtain good results. In comparison between 

healthy and SCI subjects, healthy subjects have more accepted epochs for the 

analysis process. Most of the epochs from the SCI subjects need to be discarded from 

the analysis due to the artefact contamination such as eye blinking, movement, spasm 

and falling asleep.  

Besides that, participation of the subjects during the recording process also can 

contribute to a good and quality data. Majority of the healthy subjects have no 

problem to comply with the experiment protocol, whereas most of the SCI subjects 

find it difficult to stay focused and comply with the experiment protocol during the 

recording sessions (especially with reduced unnecessary movements). There are 

some possible factors that affect this parameter namely, age and side effect of the 

medication. The majority of the healthy subjects were young (mean age of 28.09) 

and free from any medication whereas most of the SCI subjects were old (mean age 

of 48.35) and prescribed with bunch of medications. There are highly possibilities 

that these two factor taking tolls on the SCI subjects which disturbing them to 

comply with the experiment protocol during the recording sessions. 

It is important to mention that, the classification results across all subjects were 

contributed by three main parameters. These three main parameters include 

frequency band of the extracted features (explained in Section 7.3), the recording 

electrode and combination of spatial filter and classifier.  

Majority of the maximum classification results in predicting imagination and 

direction of the movement from healthy (refer to Table 5.14), and SCI subjects 
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(tetraplegic (refer to Table 6.23) and paraplegic (refer to Table 6.25)) were obtained 

from contralateral electrodes. Similarly, the majority of the maximum classification 

results for predicting intention and direction of movement from healthy (refer to 

Table 5.16) and paraplegic (refer to Table 6.29) subjects were obtained from 

contralateral electrodes. In contrast, most of the maximum classification results for 

predicting intention and direction of movement from tetraplegic subjects were 

obtained from both of ipsilateral and contralateral electrodes (refer to Table 6.27). 

It is undeniable that inter subject variability might be one of the factors that affects 

this, but the implication from the SCI have even a bigger impact on it. SCI caused 

deafferentation of cortical circuits which lead to the reorganisation of cortical 

topographic maps (Nardone et al., 2013, Bruehlmeier et al., 1998, Cramer et al., 

2005, Shoham et al., 2001, Turner et al., 2003, Kokotilo et al., 2009, Aguilar et al., 

2010). In other word, due to the brain reorganisation, the brain region that associated 

with below the level of lesion becomes shrunken. This is supported by finding from 

Levy Jr et al., 1990. Their finding discloses detection of enlarged cortical 

sensorimotor area for the preserved muscle above the lesion. Furthermore Green et 

al., 1998 also reported that, after SCI there is reorganisation of cortical motor activity 

to a more posterior location. 

As for the combination of spatial filter and classifier, the maximum classification 

results in this study were provided by the implemented classifier namely k-NN, 

FKNN and QDA classifiers. Even though there is no specific classifier that 

contributed to the maximum result in all aspect, but there is one thing in common. 

Classification performance evaluation show that, combination of classifier with LAP 

spatial filter always outperformed combination of classifier with CAR spatial filter. 

In comparison of the obtained results with the other studies (refer to Table 2.3) it 

indicates that, the present study manages to develop multi degree of freedom BCI 

system (four degree of freedom) based on imagination/intention of movement of 

single limb for SCI patients. Besides that, majority of the studies focused on 

producing BCI that capable of two-dimensional control whereas the current study is 

capable of producing BCI system with four-dimensional control. Moreover, most of 

the studies also include motor imagery/motor execution of combination of multiple 
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limbs (right hand, left hand, foot) and employ recording montage based on standard 

on 10-20 system. On the other hand, this study only includes single limb and uses a 

10-10 (high density montage) recording system. This is because SCI patient 

especially tetraplegic subjects have crucial issues with assessing and voluntary 

control over four major limbs. Also, due to the deafferentation of the cortical circuits 

and reorganisation of the brain region, implementation of high density montage 

recording system might increase the chances of recording brain signature within the 

motor cortex region.  

It is important to bear in mind that the implemented BCI system in this study is 

mainly based on endogenous synchronous BCI system. This type of BCI system is 

heavily dependent on how well the subjects regulate their brain rhythms (Roberto 

Hornero, 2012, Nicolas-Alonso and Gomez-Gil, 2012). In general, those who don’t 

have good control over the modulation of sensorimotor rhythm are likely to be close 

to BCI illiteracy (Vidaurre and Blankertz, 2010). Despite of deafferentation of the 

cortical circuits, reorganisation of the brain region and side effect from the prescribed 

medication, BCI illiteracy is also one of the reasons to justify the poor classification 

results/performance by the SCI subjects in this study. 
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Chapter 8.  Conclusions
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8.1 Summary 

The present study has investigated the feasibility of developing a BCI system that is 

capable to produce multi degree of freedom control based on imagination/intention 

of movement using single limb for SCI patients. In this endeavour, two main 

parameters that contributed to the effectiveness of BCI system were further explored. 

These two parameters include the frequency band and recording electrode that give 

highest results in predicting imagination/intention and direction of movement by SCI 

patients. 

18 SCI patients (14 tetraplegics and 4 paraplegics) volunteered to take part in this 

study which was conducted at the QENSIU of Queen Elizabeth University Hospital. 

All the subjects were recruited by the consultants of QENSIU and this study was 

ethically approved from the NHS South Glasgow and Clyde Local Research Ethics 

Committee. Subjects managed to participate in two experiments namely motor task 

experiment (except for tetraplegic patients with injury level of C5 and above) and 

motor imagery experiment. The experimental protocol was designed in a manner so 

that the subject imagined (kinaesthetic imagery)/performed right wrist movement 

(burst, point to point centre out movement) towards multiple directions (direction 

towards 3, 6, 9 and 12) triggered by visual cue. EEG, EMG and movement signal 

were synchronised and simultaneously recorded using Curry Neuroimaging and CED 

1401 software whilst subjects attending the experiments. 

EMG and movement signal were used to validate and make sure that there are no 

overt movement during motor imagery experiment. Besides that, movement signal 

also was used to calculate movement initiation time and to make sure that subject 

performed the right movement according to the visual cue. The EEG signals were 

processed offline using signal processing methods which include pre-processing, 

statistical analysis, features extracting and classification. During pre-processing, 

EEG signal was segmented inti epoch and categorised according to the direction of 

movement. Noise and artefacts were removed from the epoch signal through visual 

inspection and filtering process that include notch filter, bandpass filter and spatial 

filters namely CAR and LAP spatial filter. Data distribution of the EEG signal was 

assessed using Kolmogorov-Smirnov test. Features (ERP and power spectrum) of 
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four different directions were extracted and visualised through MRCP and ERSP. In 

order to get the directional information from the extracted power spectrum features, 

ANOVA test was implemented. The extracted power spectrum features were also 

normalised using z score normalisation and size of the dimension were reduced using 

PCA. Later, the feature sets were cross validated using k fold cross validation and 

classified using three type of classifier namely, k-NN classifier, FKNN classifier and 

QDA classifier. Evaluation of the classification performance was implemented using 

ROC. 

MRCP results shows that bereitschaft potential was detected 500ms prior to onset of 

the movement and 500ms after visual cue onset in MRCP waveform of four different 

directions. On the other hand, ERSP results indicate that detection of significant 

changes of power in ERSP of four different directions prior and during 

imagination/movement execution. Directional information also can be obtained from 

the ERSP due to the significant difference across ERSP of four different directions.  

The majority maximum classification results in predicting imagination/intention of 

movement, predicting imagination/intention of movement towards direction 3, 6, 9, 

12 and predicting imagination/intention and direction of movement were found to be 

more than 70.00%. Most of the results were obtained from the alpha band except for 

predicting imagination/intention and direction of movement where the maximum 

classification results were obtained from a wide range of EEG signal components 

that include delta, theta, alpha, beta and gamma band. The results also demonstrate 

that, most of the maximum classification results were recorded from the high density 

montage and contralateral electrode that were located more parietal of the motor 

cortex area. As for classification evaluation combination of classifier with LAP 

spatial filter always outperformed combination of classifier with CAR spatial filter. 

Even though findings the from this study demonstrate the potential and capability of 

producing BCI system with multi degree of freedom control using motor task/motor 

imagery of single limb, we strongly believe that BCI system is not the best platform 

for the SCI community to communicate and control assistive and augmentative 

devices. From our point of view, instead of communicating/control assistive and 

augmentative devices we suggest that BCI is better used for neurorehabilitation 
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process. By implementing a BCI system which employs motor imagery/motor task 

paradigm for rehabilitation, it is believed that it might help with brain plasticity and 

slow down the brain reorganisation. These suggestions were made based on verbal 

feedback from the subjects. The majority of them claimed that motor imagery is a 

difficult task. Besides that, side-effect from the anti-spasmatic medication was also 

taxing for the patients due to whom they felt sleepy and hard to concentrate during 

the experiment.  

Having said this, it doesn’t rule out the possibility of the implemented BCI system is 

to be used for real time implementation. The suggestion which we believed can 

enhance the efficiency and performances of the BCI system are listed in the future 

work section. 

 

8.2 Functional Significance 

Findings from the present study demonstrate that it is possible to develop a BCI 

system equipped with 4 separate dimensional control using imagination/intention of 

right wrist movement towards 4 different directions. This BCI system also operates 

on single trial classification of a single channel. This claim was made based on 

detection of significant difference in ERSP of imagination/intention of movement 

towards four different directions. The detection of significant difference prior to 

movement and during imagination of movement provides directional information of 

the movement. Furthermore, imagination/intention and directional of the movement 

can be predicted based on single trial classification of single electrode. 

 

8.3 Limitations 

Finding from the present study reported the possibility and potential of developing 

BCI system for SCI community that is equipped with multi degree of freedom 

control using imagination/intention of right wrist movement. Although the results 

seem promising, there are a few limitations that are worth a review. These limitations 

include acquisition protocol, number of repetition and non-homogenous group. 
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The implemented experimental protocols for data recording in this study are based 

on motor execution and motor imagery of right wrist movement towards 4 different 

directions. In order to make sure that subjects performed the right movement 

according to the visual cue direction, movement signal was used to validate each of 

the trials of motor task experiment. Contrary with motor imagery experiment, there is 

no significant method that can be used to make sure that those subjects performed the 

right imagery (kinaesthetic imagery) according to the visual cue. Thus, in order to 

overcome this problem, we took the initiative to get verbal feedback from the subject 

each time after they completed the session. Surprisingly, all the subjects complained 

that it is difficult to perform the imagination of wrist movement. There was a subject 

who claimed that he couldn’t perform the imagination of wrist movement but could 

imagine kicking a ball. Majority of the subjects claimed that, after attending two or 

three sessions of the experiment, they could imagine the wrist movement but were 

not sure whether it was the right imagination of movement or not. Although they 

couldn’t confirm it, they did put all their effort to perform and complete the 

imagination experiment.  

In each of the motor task and motor imagery experiment, subjects are required to 

participate in 10 sessions resulting 50 repetitions of imagination/movement for each 

of the 4 different directions. Although all the subjects managed to complete the 

experiment (except subject ST2), the issue here was that not all the 50 trials could be 

used for the analysis. This is because some of the trials needed to be discarded due to 

the artefacts caused by eye blinking, jaw clenching, swallowing, coughing, falling 

asleep and any inappropriate movement. The number of the trials that included in the 

analysis of data might have an effect on the classification results. On the other hand, 

the number of discarded trials totally depended on how well the subjects complied 

with the experiment procedure. This does not indicate that the subjects didn’t 

cooperate purposely. It is the complication from the SCI that doesn’t allow the 

patients to comply fully. For instance, subjects have no control over the spasm and 

side effect that caused by anti-spasmatic medication. 

As mentioned earlier in this chapter, two main groups of SCI patients participated in 

this study namely tetraplegic and paraplegic patients. Although we have two 
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different groups, the challenge here was that neither tetraplegic nor paraplegic 

subjects were a homogeneous group. Despite this, we had to establish two 

heterogeneous groups instead of having two homogeneous groups. This is because, 

although the subjects were categorised within the same group due to the nature of 

injury, there were parameters that made them significantly different to one another. 

For instance level of injury, AIS scale, duration of injury before recording and type 

of medication. All of these parameters have high possibility of affecting the 

classification results. Due to this reason comparison can’t be made within and 

between the two groups. Findings from the present study also can’t be generalised to 

all SCI patients.  

 

8.4 Future Work 

Findings from this study reported the feasibility and potential of developing multi 

degree of freedom BCI system for SCI patients. The developed BCI system is 

capable of operating with 4 different control signals obtained from surface EEG 

signal that employed motor imagery and motor execution of single limb. Besides 

that, this system also required no training sessions from the subjects. On the other 

hand, we strongly believed there are still plenty of room for improvement in order to 

enhance the performance, efficiency and bring it to the other level in the future. Thus 

we would like to suggest approaches that possibly do that. 

In present study, artefact detection depends on EMG and movement signal and as for 

artefact rejection it was done manually. The drawback of this method is that author 

needed to analyse EMG and movement signal separately. Results from these two 

signals were then used to remove artefact from EEG signal through visual inspection. 

This method consumes a lot of time, thus it is advisable in the future work the EMG, 

movement and EEG signal to be analysed simultaneously and artefact rejection was 

implemented automatically.  

Besides that, in order to develop an efficient and practical BCI system it is important 

that the developed system is capable to detect and translate the imagination/intention 

of subject into control command that is capable to communicate/control assistive and 
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augmentative devices online. Thus, in future work it is advisable to develop BCI 

system that is capable to provide real time results to the subject regarding the 

classification result based on single trial. 

Moreover, we would also like to recommend modification on the experimental 

protocol. According to the consultant in the QENSIU, the implemented experimental 

protocols which involved imagination of wrist movement towards four different 

directions were not natural movements. Imagination of non-natural movement is a 

challenging task for person who has no/limited voluntarily access towards their 

limbs. Thus, in future study it is recommended to employ a more naturalistic 

movement of single limb such as pronation, supination, flexion and extension using 

right arm. Execution of four different tasks by arm not only maintain the four degree 

of freedom, but at the same time it increase the participation of SCI patients to 

perform it physically. This is because, SCI patients that suffer injury at level of C5 

and below still have some shoulder and elbow functions.  

In order to develop functional and more generalised BCI systems it is essential to 

recruit more number of subjects and introduce multiple recording sessions. By 

having increased number of subject, the obtained results can be inferenced to 

represent population of SCI patients. Besides that, multiple recording sessions would 

enable subjects to have more ‘training session’ so that they could increase the 

capability in regulating their brain rhythm. Furthermore, multiple recording sessions 

can also reduce the effect of inter subject and intra subject variability. 
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