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ABSTRACT 
 
 

Individuals with severe motor and speech disabilities lack the ability to 

communicate and move. These abilities can be given back to individuals using brain-

computer interface (BCI) technology. When neurons within the brain fire, small traces of 

electrical activity can be measured noninvasively using Electroencephalography (EEG). 

Then by applying signal processing techniques, features related to certain brain signals 

can be extracted and classified to be used as control commands for a BCI system.  

Imagined movements cause changes in the alpha (8-13 Hz) and beta (14-30 Hz) 

bandwidths of EEG recorded brain signals. This study investigates using new 

combinations of imagined movements to test the effectiveness of creating more control 

commands for a BCI system. Six imagined movements were investigated to be used for 

control in three-dimensions. Linear discriminate analysis (LDA) and neural network (NN) 

classifiers accuracies at categorizing user intent for six test subjects were tested to 

confirm that these new imagined movements can be practical control commands for a 

BCI.  

Results showed that the combinations of hand and foot imagined movements can 

be used as additional user intentions. High activity over the C1 and C2 regions of the 

brain shows that these imagined movements can be distinguished from those typically 

used in BCI testing. The comparative analysis of LDA and NN classifiers showed 

accuracies of 71.85% and 78.87% average accuracy for correctly classifying the imagined 

movement for all subjects after 45 trials per imagined movement. The impact of this is 

additional imagined movements combinations not previously used in BCI research show 

promising results for being used as control commands for a system.  
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CHAPTER 1 
 

INTRODUCTION 
 
 
1.1 Nervous System 

 The human nervous system is a complex and specialized system. It is responsible 

for communication of external stimuli and control of bodily movement. It also controls 

involuntary bodily functions and helps regulate the body as a whole. There are two 

divisions of the nervous system, the central nervous system (CNS) and peripheral 

nervous system (PNS). Central is made up of the brain and spinal cord and is where 

information from the periphery is processed. The peripheral nervous system is comprised 

of nerves connecting the central nervous system to the rest of the body. Nerves can be 

split into two groups, sensory, which transmit information from the body to the CNS, and 

motor, which send information from the CNS to the body.  

Neurons are the functional units, or cells which form the nervous systems 

structure. Shown below in Figure 1, they are made up of dendrites, axons, and a cell 

body. Dendrites receive signals from other neurons and transfer them to the cell body for 

processing and then axons carry the processed signal on to other neurons or cells where 

they have their end effect. 
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Figure 1. Neuron (nerve cell). Shown with dendrites (receiving), the cell body, the axon 
hillock, myelination, axons, and the axon terminals (sending) [1] 

 
Under resting conditions neurons hold an electrical potential across their membrane 

ranging from -40 mV to -70 mV. When an action potential occurs from excitation, it causes 

the electrical potential to depolarize and that change is propagated along the length of 

the axon. Figure 2 shows an action potential and the phases of depolarization, overshoot, 

repolarization, and hyperpolarization. 

 

Figure 2. Action potential waveform with resting membrane potential (-70 mV) [1] 
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Neurons can be described as afferent, efferent, or interneurons. Afferent carry information 

from the sensory organs to the CNS, efferent away from the CNS, and interneurons are 

the connecting neurons in between. Neurons form connections between themselves 

called synapses, which help to transfer information from one neuron to the next. 

It is estimated that a healthy adult brain contains 10,000,000,000 neurons [1]. This 

complex multitude of neurons is what allows the brain to be the control center of the body. 

Because of their importance in controlling functions of the body, the brain and spinal cord 

are protected by the skull and vertebral column.  

 

Figure 3. Anatomy of the human brain with labels of lobes and major areas [1] 

Four lobes make up the cerebral cortex of the brain, they are the frontal, parietal, occipital, 

and temporal. Between the frontal and parietal lobes lies the central sulcus which is the 

connection between the somatosensory and motor cortices. Figure 4 shows the 

somatosensory cortex and the motor cortex along with an enlarged image of where 

control of different parts of the body are located over these cortices.  
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Figure 4: Somatosensory and motor cortices 

The motor cortex controls movements of the body through contralateral control, meaning 

the left side of the body are controlled by the motor cortex of the right hemisphere of the 

brain and the right side of the body by the left motor cortex. The motor cortex and 

somatosensory cortex together play a vital role in achieving goal-directed movements. 

Both the somatosensory cortex and motor cortex are somatotopically organized and there 

are multiple representations of the periphery in several motor areas. More complicated 

motor functions are controlled by the premotor area. Examples of such movements are 

movements which require changes in output forces or velocities, the decision to change 

from one task to another, motor response to a visual or auditory input, and two-handed 

coordinated movements. Knowing the physiology of the brain, and which lobes are 

responsible for controlling specific functions of the body is important in understanding how 

to create a functional BCI.  
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1.2 Brain-Computer Interface Background 

 Human machine interface (HMI) is an area of research which connects humans to 

machines in a way that allows them to work together and communicate. One innovative 

technology for human machine interface is Brain-Computer Interface. BCI requires 

obtaining neural signals and employing them to control an external device. These signals 

can be acquired by invasive or non-invasive means, with both means of acquisition having 

their own benefits. 

After signal acquisition, features are extracted to be used as control commands for 

the external device. Brain-Computer Interface and Brain-Machine Interface are often used 

interchangeably, but the difference is what external device is being controlled. If the 

device is a computer game or mouse this would be BCI. BMI is a more descriptive term 

and is used when the external device is a robot or device, which while connected to the 

computer for transmission of signal, has an end effect which is external to the computer. 

The following briefly describe ways by which signals are acquired, and types of signals 

used for different BCI applications. This is to give background information on the workings 

of BCI’s function and objectives.  

1.2.1 Invasive or Non-invasive 

 The human nervous system has electrical signals moving through it, which can be 

extracted by invasive and non-invasive methods. As discussed in the previous section, 

the brain is the source of the creation of these signals and controls communication of 

sensory and motor patterns of the body. Along with controlling senses and movements, 

the brain has many other functions. These include involuntary bodily functions, higher-



 

6 
 

level thoughts, and emotions. Signals from the brains communication between neurons 

can be attained by placing electrodes either on the surface of the scalp or under the scalp.  

Invasive signal acquisition  

There are two main invasive methods for obtaining brain signals; they are surface 

electrodes and needle electrodes. Both are invasive because they require a surgical 

procedure for placement of electrodes under the scalp. The advantages of using invasive 

methods are that they have a higher sensitivity to individual neuron activity, can give more 

information about a smaller area of the brain, and have higher activity. The disadvantages 

come from them being invasive and requiring surgery for placing electrodes. This 

increases risk of infection and complications related to placement of the electrodes. 

Because of the surgical requirement, placement of these electrodes requires more skills 

to protect the integrity of the brain and ensure proper placement for signal transmission.  

Non-invasive signal acquisition  

 Electroencephalography is the non-invasive method for obtaining brain signals. It 

requires electrodes be placed over the surface of the scalp. The international 10/20 

system is a scheme which says that each electrode should be placed 10 or 20 percent 

away from neighboring electrodes. For this a measurement is taken from the nasion to 

the inion, then electrodes are placed 10 or 20 percent that overall distance away from 

each other.  
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A).  B).  

Figure 5: A). Side view of 10/20 EEG electrode placement B). Above view of EEG 
electrode placement 

 
Location names begin with a letter identifying which lobe of the brain they are located, 

followed by a number describing how far from the centerline of the brain the electrode is. 

The centerline of the brain runs from the nasion to the inion. Electrodes on the left side of 

the scalp have odd numbers and the right has even. The further away from the centerline 

the higher the number. Electrodes can be dry or wet electrodes. Wet electrodes use 

conductive gel to obtain better signals, but they have complications when worn for long 

periods of time because signal accuracy is reduced as the conductive gel begins to dry. 

Dry electrodes are a better long-term solution for a user who will be constantly using a 

BCI since they do not have the disadvantages associated the gel. 

 While EEG based BCI is the noninvasive technique focused on for this study, there 

are other noninvasive methods which include: computerize tomography (CT), positron 

electron tomography (PET), functional magnetic resonance imaging (FMRI), and more 

[2]. 
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1.2.2 Types of signals 

 BCI’s can use a variety of brain signal types from different locations across the 

brain to create commands. These electrophysiological signals are used to translate user’s 

intent into control signals for the BCI. Signals can come from different areas of the brain 

and are related to different brain functions or responses. Some are responses to visual 

stimuli like SSVEP and can be time dependent which is the case in P300. These require 

users to direct their focus on a specific stimulus presented to them, and a brain response 

to that stimulus can be seen. Slow cortical potentials and sensory motor mu and beta 

rhythms harvest user intent from having them imagine movements of body parts and 

recording over the sensory motor cortex of the brain. 

 Mu and beta signals come from the mu and beta bands. Brain activity can be 

broken into different frequencies related to particular functions.  

 

Figure 6: EEG wavebands and frequencies 

The lowest brain frequency is delta 0.5-4 Hz and is related to sleeping. Theta bands are 

4-7 Hz and are related to cognitive processing and memory. Alpha are 8-13 Hz and are 

seen during relaxed states and when the eyes are closed. These waves can be described 

as relaxed wakefulness. When over the sensory motor cortex alpha bands are called mu 

bands. Beta waves are 14-30 Hz and are related to movements. Gamma are 30-50 Hz 
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and are seen during periods of higher focus and higher-level thoughts. These bands are 

more prevalent during the activities related to them. Table 1 shows break down of bands 

and their associated activities.  

TABLE 1 

EEG BANDS, FREQUENCIES, AND ACTIVITIES 

Band Frequency (Hz) Associated Activity 

Delta  0.5-4 Sleep and meditation 

Theta 4-7 Learning and memory 

Alpha 8-13 Calmness and mental coordination 

Beta 14-30 Focused mental activity and movement 

Gamma 30-50 Higher focus and thoughts 

 

 Types of signals used for BCI’s be broken into two types. One is responses to 

stimuli and the other is the concentrated focus. SSVEP and P300 are responses to visual 

stimuli. P300 was discovered as a positive deflection of brain voltage 300 milliseconds 

after a presented stimulus is focused on. P300 are used for spellers which present a 

matrix of letters and possibly numbers which are flashed over at a specific frequency in a 

grid pattern. When a letter is focused on the brain activity has a response that can be 

seen 300 milliseconds after the letter is flashed over. This can be used to select letters 

from the grid overtime and spell out words for users. This type of BCI is very useful for 

individuals which have no other way to communicate. The disadvantage of it is the time 

delay to select a target matching the correct letter which is being focused on. Advanced 

users are able to spell about one letter per 10 seconds [5]. SSVEP signals occur when 
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flickering visual stimuli is concentrated on and the brain tends to shift its signal to match 

the oscillations of the stimuli. This type of input is one which is highly accurate and has 

fast response.  

 Motor Imagery is a type of concentrated focus signal called cortical potentials. The 

brain has Sensorimotor Rhythms (SMR) which are periods of synchronized electrical 

brain activity oscillation. When these signals are recorded, a visual stimulus or cue is 

given to the user to tell them to focus on imagining moving a body part. Electrodes are 

placed over the motor cortex and surrounding areas. As the focus is given to a specific 

task, the brain signal will go through periods of synchronization or desynchronization. 

Various time and frequency domain analysis have been done for signal processing in MI 

signals. When the user imagines the movement of a part of their body, a response is seen 

on the side of the brain which controls that response. Typically, MI use right- and left-

hand and foot imagined movements. Since the motor cortex has contralateral control, 

right hand imagined movements would have brain activity over the left motor cortex. 

1.3 Motivation 

 The original motivation for BCI technology was to help with individuals suffering 

from various conditions which limited their abilities to move and communicate. As seen 

with P300, it assists with being able to communicate and speak. Other BCI technologies 

give back the ability to move to those who have lost it. BCI can also be used as an 

assistive technology by helping to repair the motor pathway for a movement. Recently 

strides have been made in the overall human machine interaction field, and BCI has 

shown uses in computer gaming, vehicle assistance, education, and implantable devices. 
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 BCI technology can help individuals suffering with speech and motor disabilities. 

Speech and physical impairments including, paralysis, cerebral palsy, amyotrophic lateral 

sclerosis (ALS), multiple sclerosis (MS), stroke, and others can be improved thanks to 

this technology. Late stages of ALS can lead to a condition called locked-in syndrome. 

With this condition, individuals do not have control of muscles, but by using a BCI user 

intent can be captured from brain activity to help these individuals have improved quality 

of life [3]. BCI offers HMI control to those who not able to achieve that interaction using 

typical devices. It also offers an improvement in the ability to accomplish difficult activities 

of daily living. 

1.4 Objective 

 The objective of this study is to utilize common BCI techniques to investigate the 

ability to use multiple, never before used, combinations of imagined movements as viable 

control commands for a BCI system. A secondary goal of the study is to compare two 

classification approaches accuracy when used with minimal subject training time. 
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CHAPTER 2 
 

LITERATURE REVIEW 

 
 
2.1 Introduction 

Advances in neuroscience and computer technology have guided and assisted 

innovations in BCI research. Real-time detection of brain signals and the invention of the 

first BCI was made in 1977 by Jaques Vidal. The term BCI was first coined by Vidal, and 

he proved that electrical brain activity could be used to effectively communicate the user’s 

intent by moving a cursor through a 2-dimensional maze using visual evoked potentials 

[2]. Since then research in neurophysiological signals has rapidly advanced. With sparked 

scientific interest in brain activity, the first international BCI workshop was held in 1999 

and researchers developed a formal definition of a BCI. Wolpaw et al., leading scholars 

in BCI technology stated, “A brain-computer interface is a communication system that 

does not depend on the brain’s normal output path way of peripheral nerves and muscles” 

Error! Reference source not found.. Currently development in applications of BCI’s are b

eing expanded and brought into the mainstream by Elon Musk, Google, and Facebooks 

interest in new ways to connect humans to technology. Improvements in computer 

technology have allowed speed and accuracy improvements which led to increased 

functionality of BCI’s. While BCI was originally intended to be used for people with 

disabilities, developments have expanded applications to include more individuals.  

BCI is dependent on user aptitude to alter their brain waves and researcher’s ability 

to detect those alterations. Different stimuli presentations and scenarios have been used 

by researchers to assist and improve user’s capability to modify brain activity. Several 
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machine learning and other algorithms have been used by researchers to help detect 

brain wave activity and assist with translating those changes in activity to control 

commands. The following sections in this chapter review research in both BCI scenarios 

and algorithms used for feature extraction and pattern recognition.  

2.2 BCI Scenarios 

 A BCI scenario can be broken into two parts. The first is the stimulus presentation. 

This is what the test subject or individual using the BCI will focus on to help obtain brain 

signals. These scenarios can be different based on a few factors. The first factor is what 

type of signal or response is being focused on. P300, SSVEP, and MI have very different 

scenarios for stimulus presentation. Another factor is if the presentation scenario is being 

used for recording signals for real time implementation of a BCI. In some cases, the 

stimulus presentation may differ depending on whether the testing being done is online 

or offline. The second part of the scenario is the control device. Robots, computer 

scenarios, wheelchairs, and rehabilitation devices are all examples of different control 

devices. The device which is used for the BCI should match the type of signals being 

used to control it and the signal processing steps performed to provide optimal control of 

the entire system. 

2.2.1 Stimulus Presentation 

 Stimulus presentation is used for recording and obtaining brain signals. A good 

presentation should assist the user with the ability to alter their brain signals for controlling 

a device by helping direct focus and limiting gaze and eye movement artifacts [8]. The 

following section describes P300, SSVEP, and MI stimulus presentations typically used. 
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 P300 utilizes a stimulus presentation called a matrix-speller. Farwell and Donchin 

developed the first presentation paradigm matrix to be used for P300 [9]. This matrix 

paradigm helps find the P300 response based on users intent to communicate. Users 

focus on a 6 × 6 matrix of letters, numbers, and a space symbol distributed over the 

matrix. Figure 7 shows an example of this matrix. While focused on an intended target 

character from the matrix, rows and columns are randomly flashed over. When the target 

character is flashed over there is a P300 response to that stimuli. 

 

Figure 7: P300 Speller Matrix [10]. 

 Research into P300 is mostly for the development of new matrix presentation 

paradigms and algorithms to improve the timing and accuracy [5, 9]. When focused on a 

specific symbol from the matrix, the symbol will be flashed over multiple times before 

being selected. Proper user training and time spent with the scenario is important for 

speller applications because it takes time for selecting each letter, and the intent is to 

correctly select each target. If the correct letter is not selected, it adds to the overall time 

to spell and communicate. As previously mentioned, advanced users spell about one 
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letter per 10 seconds, and it takes time with the system to get to that advanced level [5]. 

Research into changing the matrix size, stimulation frequency, and stimulation intensity 

are being done to improve P300 speller applications [10, 13, 14].  

Since the subject is looking at different target letters, it is disputed whether gaze is 

a factor that lowers the accuracy of P300 spellers. Research into rapid serial visual 

presentation is being done to limit gaze by having the user focus on only one specific 

area as various letters come up in random order [11, 12, 13]. At this time, this type of 

spelling takes much longer since the letters are all individually displayed. It is also less 

accurate than using a matrix as each letter is only displayed once, so there is an increased 

chance of selecting an incorrect letter. 

For their speller paradigm, Farwell and Donchin used the grey white scheme to 

flask over the matrix. In this scheme the background letters are grey and the flashes over 

the rows and columns turn white. Takano et al. investigated changing this flicker to a 

green blue scheme and concluded that this can improve performance accuracy for P300 

BCI’s [14]. Other color schemes have also been used for the flicker to create more 

stimulus and improve accuracy. 

SSVEP determines user intent by the brains temporal matching oscillations to a 

flickering visual stimulus. When the flickering stimuli is higher than 3.5 Hz it causes steady 

state visual evoked potentials in the visual cortex. Stimuli can be given from an external 

device with lights, similar to the one seen in Figure 8, or from a computer monitor. SSVEP 

signals are effective in BCI applications because they have high signal-to-noise ratio, 

require minimal user training, and have lower variability subject to subject when compared 

to other signal types [15, 17, 19].  
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Figure 8: g.SSVEPbox [15] 

Stimulation frequency is the key part when obtaining SSVEP signals. Stimulation 

frequency must be high enough to create a quasi-sinusoidal oscillation response of the 

same frequency [16]. By providing stimuli at different frequencies, different SSVEP 

fundamental frequencies will try to match the stimuli frequency [18]. Up to six flickering 

frequencies (13, 14, 15, 16, 17, 18 Hz) has shown to successfully identify user intent with 

an average of 95.3% accuracy when tested on 12 subjects [20]. Typical frequency ranges 

are from 9-25 Hz, but it has also been shown that 25-30 Hz can be effective and less 

tiring to focus on than lower frequencies [21]. Herrmann, even found that steady-state 

oscillations can be seen up to the 90 Hz frequency [18]. 

Since SSVEP is visually based and the signals come from the visual cortex, eye 

movement artifacts are important because they can cause noise in the signal. To limit 

issues with SSVEP accuracy eye tracking systems can be used to limit gaze artifacts [22].  

Overall, SSVEP has shown to be a very effective at creating control commands for 

BCI applications. Multiple control signals can be sent to an output device simply by adding 

more stimulation frequencies. The limiting factor of SSVEP is that it requires directed 

focus on a stimuli until the similar oscillation response is seen within the brain. 
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Motor Imagery BCI are seen when a movement such as opening and closing the 

hands is imagined. These signals come from the motor cortex and occur when there is a 

decrease in the power of Sensorimotor Rhythms. This decrease in power is called an 

Event-Related Desynchronization (ERD). Alpha and beta bands are where the decrease 

in power occurs, and as the movement is imagined the SMR desynchronizes. When the 

imagination is stopped the SMR’s resynchronize and increase in power. This is called 

Event-Related Synchronization (ERS). Figure 9 shows the process of the ERD/ERS 

signal.  

 

Figure 9: ERD/ERS [23] 

Through the brains contralateral control, when a right-hand movement is imagined, 

the left side of the brain shows ERD and a determination that the imagined movement is 

right hand movement can be made [24]. MI has advantages over other signal types when 

used in a BCI. One advantage is that it is more similar to how we typically control objects 

in our environment by moving muscles. This means that a BCI using this type of signal 

are more natural for users to use. Another advantage is that after initially configuring the 

BCI it can be used without requiring the user to focus on a stimulus presented to them. 

The downside of this type is that it takes much longer to train individuals to effectively use 
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a BCI with MI signals [25]. Even though it does not require constant focus to be used with 

an output device, stimulus presentation is used for training the subject to have the ability 

to control a device with MI signals. 

For MI the typical stimulus presentation paradigm involves arrows which cue the 

subject when to imagine specific movements. An arrow displayed on a monitor would tell 

the subject to imagine a movement corresponding to that arrow. When the arrow is 

displayed ERD will occur in the brain, and when the arrow disappears, and the subject 

stops the imagined movement ERS will occur. Figure 10 shows one example of this type 

of paradigm. 

 

Figure 10: MI example of left and right arrows [26]. 

Using the above figure, when the left arrow is presented to the subject, they would 

imagine left hand movements. The imagined movement of the hand is an opening and 

closing motion, as if picking up and grasping an object. For a right arrow, the imagined 

movement would be for the right hand. After recording data, a distinction can be made 

between the brains imagined right and left hand movements. Then with training that 

distinction can be used as a control signal for a BCI. MI signals are seen with multiple 

imagined movements including hand movements, foot movements, and tongue 

movements. As mentioned, one downside is the training and configuration time for 

individual subjects, but another downside is there is a limited number of bodily 

movements that can be imagined. 
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2.2.2 Control Devices 
 
 BCI’s can sometimes be referred to as Brain-Machine Interfaces BMI’s. The 

distinction between BMI and BCI is the output control device. If the device being controlled 

is an eternal device such as a robotic arm or wheelchair this is sometimes referred to as 

a BMI. In the case of P300, the control device is the selection of a letter, but other control 

devices can be used. SSVEP and MI are the typical signal type used when the device is 

eternal to the computer doing the signal acquisition and processing. The following is a 

review of some external devices used in BCI research.  

One output device which is becoming popular in BCI research is robotic arms. By 

combining brain signal commands and a robotic arm, individuals can be trained to control 

the robotic arm and are then able to use that arm to preform activities of daily living. When 

using a robotic arm in a BCI grip of an object is an important concern. Zeng et al. used a 

hybrid BCI which combined EEG and an eye tracking system to control a five degree of 

freedom robotic arm. For this the researchers used augmented reality to provide feedback 

to the user and then utilized the eye movements to control gripping of the robot’s end 

effector once it was in the intended location. EEG signals were used to reach the robotic 

arm to a specified location and then eye movement controlled the grasping of the object 

and EEG took back over to deliver the object to another location. For their study, the 

researchers used OpenViBE and the Graz Motor Imagery BCI Stimulation paradigm 

shown in Figure 10 to record MI right and left hand signals. They then used predefined 

trajectories and had one of those imagined movements be the movement of the robot to 

an object and another away from the object. The rest of the control of the robot was done 

by augmented reality and image processing [27]. While the actual implementation of EEG 
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is limited for this study, it does show the limitations and challenges of trying to control a 

robotic arm by just MI signals.  

 Quadcopters and other flying devices have also been used as control devices. 

Both Duan et al. and LaFleur et al. researched controlling quadcopter flight. Duan et al. 

combined MI and SSVEP signals for flying the quadcopter. MI was used to control flight 

along the left-forward direction and right-forward direction based on left- and right-hand 

movements. SSVEP controlled the up and down movement of the quadcopter, and eye 

blinking was used as a switching mechanism between the two. Subjects were trained 

offline to have success with all three (MI, SSVEP, and eye blinking) commands of at least 

80% before testing with the quadcopter. Flight of the drone was in a zig-zag pattern due 

to the two MI features being used. The researchers reported 86.5% accuracy in flying the 

quadcopter and stated that by combining SSVEP and MI it improved the accuracy of what 

would be expected by either feature alone [28].  

LaFelur et al. took a different approach and used 2D cursor control to train subject 

on three imagined movements. Left hand vs right hand was used to control the turning of 

the quadcopter, and both arms and rest were used to control the vertical movement. While 

the researchers used more MI features, they required more training for individual 

subjects. First subjects preformed 1D cursor control to independently control left vs right 

and up vs down. After achieving 80% accuracy for three consecutive trials of 1D control 

for both independently, subjects moved on to 2D control. After 70% accuracy for four 

consecutive trials in 2D subjects moved on to testing with a virtual quadcopter before 

testing with the actual quadcopter. The goal of the study was to fly the quadcopter over a 
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course and through hoop targets. The study showed 90.5% accuracy at flying through the 

targets and showed that MI can be used to control objects in a 3D environment [29].  

Controlling both robotic arms and quadcopters have their own unique 

requirements. For robotic arms, it is necessary to understand robot trajectories, path 

planning, and how to implement griping an object when considering using them for a BCI 

controlled device. Understanding flight controls and providing stable commands for 

control are the challenges of using quadcopters.  

Another unique device being researched to be used in BCI are humanoid robots. 

Choi and Jo combined P300, SSVEP, and MI to control navigation of a humanoid robot 

and object recognition. Visual feedback was provided to the user through a camera 

placed on the robot, and subjects were given the task of navigating the robot through a 

maze. SSVEP and MI were used to navigate the robot through the maze. SSVEP 

controlled turning the robot head to the left or right based off two flickering stimuli. MI was 

used to move the body of the robot to align with the head of the robot and then once body 

and head were aligned the robot would take a step forward. Images of objects were set 

up along the maze, and P300 was used to select one of the displayed objects. The study 

showed approximately 85% accuracy for both SSVEP and MI movements of the robot. 

When selecting from two objects using P300, the intended object was selected 91% of 

the time [30]. This research demonstrates a unique control device for BCI, but one that 

could be very useful. It also shows implementation of three types of brain signals into one 

device is possible if a detailed decision scheme is created to decide which signal is being 

used at a specific time. It also demonstrates that complicated BCI tasks can be simplified 

to binary classification tasks and different brain features be used to decide on two outputs.  
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BCI is not just limited to control of a computer scenario. The real world applications 

are shown by the novel control devices being tested. Combining various brain signal types 

and other signals like blinking to make hybrid BCI controlled devices will provide more 

accurate control. By expanding research into new control devices and ways to combine 

BCI features, it will give more independence back to individuals that BCI technology seeks 

help. 

2.3 Feature Extraction 

 EEG raw signals by themselves are noisy and have low signal to noise ratios. 

Feature extraction a necessary step when creating a BCI. Typically, the first step after 

recording raw signals is to do some kind of filtering or removal of artifacts. Artifacts include 

power line noise which can be removed by a notch filter, eye movement artifacts, and 

other movements like swallowing or head movements. After removing artifacts, a more in 

depth filtering like separating out specific bandwidths is often done [31]. After initially 

filtering signals the next step is feature extraction. A feature is a distinctive or 

characteristic measurement, transform, structural component extracted from a segment 

of a pattern [32]. The goal of feature extraction is to find information which can then be 

classified to be used as control signals.  

Feature extraction is done using time domain, frequency domain, time-frequency 

domain, or common spatial pattern techniques [33]. Some common feature extraction 

methods include: autoregressive (AR) modelling, fast Fourier transform (FFT), wavelet 

transform (WT), and Hjorth parameters.  

Time-domain feature extraction is typically done with AR modelling. This approach 

uses an AR model fitted to EEG data segments and creates AR coefficients are used as 
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features. P300 are an example of feature extraction done with AR modelling to look at the 

spectrum where the P300 response occurs. Least mean squares, Kalman filtering, and 

root-mean-square techniques can also be used for time-domain feature extraction [33].  

FFT is used to obtain the power spectrum. Power spectrum density can then be 

used to look at what frequencies are present in the EEG data. Then specific frequencies 

can be extracted based on what frequencies occur during specific tasks. FFT is 

sometimes used in combination with Welch’s method. Welch’s method creates modified 

periodograms by selecting a set window of the data [34].  

Time-frequency analysis allows both spectral information and temporal information 

to be extracted. It is important to have both sets of information because spectral brain 

activity varies as different tasks are carried out [35]. Wavelet transform and discrete 

wavelet transform are two examples of time-frequency analysis. Time-frequency analysis 

is good when used with MI signals because different frequency bands have varying 

synchronization or desynchronization while imagining movements, and using the wavelet 

transform for feature extraction can help detect those changes over multiple bandwidths. 

Hjorth parameters are another example of time-frequency analysis. They extract activity, 

mobility and complexity of EEG signals, and have been shown to be effective as a feature 

extraction technique [36]. 

Common spatial pattern (CSP) are commonly used in as the feature extraction 

method for MI signals. CSP is a spatial filtering method used to transform EEG data into 

a new space where the variance of one of the classes is maximized while the variance of 

the other class is minimized [33]. CSP is used for MI for the same reason time-frequency 

analysis is used. Since different frequency bands signals contain different information, 
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and CSP enables the extraction of this information from particular frequency bands [37]. 

While CSP is a good feature extraction technique, it is recommended that each individual 

subject be analyzed because different subjects exhibit activity in different frequency 

bands and the optimal frequency band is subject-specific. This means that a wide band 

of frequencies, typically between 4 Hz and 40 Hz, must be used for MI classification [33]. 

Feature extraction helps with getting individual components of the signal out. 

Those components are where the changes in EEG occurs and are used to help identify 

control commands in BCI’s. While feature extraction helps determine where changes in 

the signals occur, those extracted features need to be classified to be used for controlling 

devices.  

2.4 Classification 

 Post feature extraction, classifiers are used to help recognize user EEG patterns. 

Classifiers are possibly the leading area of current research for BCI’s [38]. Classification 

algorithms are used to identify patterns in the EEG signal from the extracted features. 

They help generate control commands and improve the overall accuracy of the BCI. The 

following section discusses some classification algorithms used in BCI systems. 

2.4.1 Linear Analysis 

 Linear classifiers use linear functions to distinguish and sort different classes of 

EEG data. They are popular because they are simple algorithms to use and have low 

processing time which makes them good when doing real time BCI tasks. Linear 

Discriminate Analysis (LDA) is the main type of linear classifiers used. It works by using 

hyperplanes to separate data into classes. Figure 11 shows an example of a LDA 

hyperplane vector to separate two classes.  
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Figure 11: Linear classifier example [39] 

Essentially what happens with this type of classifier, is a best fit line is used to separate 

classes into groups. The best fit line is created by taking information thought to be 

related to specific classes averaging and minimizing the variance [40]. While the 

example shown here uses only two classes, covariance weight matrixes can be used to 

give weights to features extracted when using more than two classes. An example of 

this would be a right hand, left-hand, and rest MI task. The three features for these 

imagined movements can be weighted to create more separation between class 

information. Linear classifiers have been shown to be effective at classifying SSVEP, 

P300, and MI BCI tasks [10, 40]. While LDA has the advantages of low computational 

requirements which make it good for online testing, its disadvantages are poor class 

sorting when more complex tasks and classes are added to the system. Also, outliers in 

class information can be an issue due to the linearity. This can be seen in the above 

figure with not all classes falling on the correct side of the classifier. 

2.4.2 Support Vector Machines 
 
 Support Vector Machines (SVM) use an approach similar to that of LDA classifiers, 

by creating discriminant hyperplanes. The advantage of SVM classifiers is that the 
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hyperplanes use boundaries to establish margins for the hyperplane and can create 

nonlinear boundaries. Figure 12 shows an example of an SVM hyperplane with 

boundaries.  

 

Figure 12: SVM hyperplane [39] 

The support vectors establish where the margins lie. Then once the margins are 

established the classes can be separated linearly or nonlinearly using a Gaussian kernel 

[41]. SVM is similar to LDA, but has the advantage of being better at handling outliers 

within feature data. The disadvantage is they can become more complex and require 

more computation time.  

2.4.3 Neural Networks 

 Neural Networks (NN) are a network of artificial neurons combined with simple 

computations that can learn and make decisions on data sets. Input layers are connected 

to hidden layers which sort data using simple computations to be classified as outputs. 

They are great at pattern recognition which makes them very useful for BCI applications 

where patterns within features are identified for output commands. NN are one of the 

most widely used classifier for MI tasks [42]. Since EEG signals are non-stationary and 

change rapidly over time, patterns can be hard to identify. Pattern recognition NN can 
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help classify these patterns into outputs. The main disadvantage of using a NN for 

classification is they are computationally demanding and can slow down or vary the time 

when being used in online BCI applications. The major advantage is they can identify 

patterns quickly which can decrease training time when implementing a BCI. The other 

advantage is NN’s show better ability at handling multiple outputs when compared to 

other classification methods [42]. 

2.4.4 Machine Learning Algorithms 

 Machine learning is used to study and implement algorithms to learn, classify, and 

make predictions on data sets. These algorithms are able to learn and improve data 

prediction accuracies by taking inputs and testing against known or unknown output data 

[3]. Machine learning systems can be broken down into three main categories based on 

the inputs, outputs, and feedback [44]. These categories are supervised learning, 

unsupervised learning, and reinforcement learning. 

 Supervised learning works by having known inputs and outputs and creating a 

learning rule to map those to each other. This is typically used for simple tasks which are 

easy to quickly learn. Classifying data which has been broken into categories in what this 

type of learning is best at. Inputs are grouped and then the known outputs are learned 

and matched to the groups and a prediction is made. 

 Unsupervised learning is similar to supervised with the exception of having known 

outputs. This type of algorithm is good when used for pattern recognition. It is able to 

learn and create outputs for sets of data without evident outputs, by trying to recognize a 

pattern. 
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 Reinforcement learning is based on the idea of rewards to improve the likelihood 

of successful outputs. An example of this would be a robot trying to navigate through a 

room. If the robot moves in the correct way it will receive positive reinforcement about 

that move. In the case of a wrong move, there can be negative reinforcement, or no 

reinforcement given to the system. Then over iterations of the reinforcement the system 

learns to generate the best possible output. 
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CHAPTER 3 
 

METHODOLOGY 
 
 
3.1 Introduction 

This chapter begins with a brief review of BCI platforms and hardware used for 

data acquisition. Reviewing platforms and hardware gave information on some 

advantages and disadvantages of those used available and guided the selection for this 

study’s setup. 

3.2 Platform for BCI Applications 

 BCI platform software’s are widely used in research since they offer user-friendly 

ability to perform EEG signal acquisition, feature extraction, and classification. These 

software’s have their own built in functions for popularly used algorithms in BCI research 

and they offer developers the ability to create their own BCI scenarios for testing and 

implementation. Some of these software’s are open source and many have the ability to 

be cross-platform. The following give some information of some popular software 

platforms used in research. 

3.3.1 BCI2000 
 
 BCI200 has the ability to do data acquisition, stimulus presentation, and online 

feedback all in one program. Researchers and programmers use it to develop new signal 

processing algorithms and stimulus presentation applications. BCI2000 runs on C++ 

programming, and provides support for implementing signal processing code in MATLAB 

and Python. It supports multiple different data acquisition systems including multiple EEG 

and ECoG systems. BCI2000 also has a UDP feature, which can be used to read and 

write to external applications [45, 46]. Figure 13 shows BCI2000 GUI. 
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Figure 13: BCI200 application 

BCI2000 is opened by loading batch files for cursor tasks, which are MI scenarios, P300 

speller tasks, or stimulus presentation tasks, which are used for SSVEP. As described 

earlier, LaFleur et al. used this application for training test subjects to control MI signals 

for 1D and 2D scenarios before testing with the quadcopter [29]. BCI2000 has been 

widely used in research and is one of the most popular platforms used in BCI research. 

The major disadvantage of using BCI2000 is poor information about how to use the 

software and a bad design of the wiki and forums that researchers frequently use to find 

more information and clarify how to properly use the software.  

3.3.2 OpenVibe 
 
 OpenViBE is an open source software, which is used for testing and designing BCI 

applications. It has modules for data acquisition, processing, and visualization of recorded 

data. An advantage of this software is the ability to design scenarios for stimulus 

presentation and the ability to save multiple data types for data analysis. Figure 14 shows 

the OpenViBE designer.  
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Figure 14: OpenViBE designer [26]  

3.3 Hardware for Data Acquisition 

EEG hardware can be split into two groups. Those that are commercially available 

and those that are used predominantly for medical and laboratory research purposes. 

Advances in commercially available means of acquisition will lead to them having 

improved accuracy, but for now medical and laboratory devices are more accurate.  

3.3.1 Commercially Available Hardware 

The main focuses of commercially available hardware are to be comfortable, 

economical, and usable on a daily basis. Major advantages of these are the ability to be 

used daily, portability, and being able to be setup quickly and easily. While proper 

placement of hardware is important with both commercially available and medical 

headsets, it is typically easier and quicker with the commercially available devices. The 

main disadvantage of commercially available headsets is the limitation in channels for 

data collection. The following are some commercially available hardware with information 

on each. 
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Neurosky 

 Neurosky is a company based out of the Silicon Valley that focuses on BCI 

education and both hardware and software development. Their MindWave Mobile 2 is 

shown below in Figure 15. Similar to other commercial hardware, these headsets come 

with their own software. Neurosky’s software is mostly aimed towards game and 

entertainment purposes. The major advantage of this hardware is that it is cheap and 

easy to use. The disadvantage is that it only has one electrode.  

 

Figure 15: MindWave Mobile 2 headset [] 

Emotiv 

Emotiv is a company based out of San Francisco who makes both hardware and 

software for BCI applications. They have multiple headsets and multiple different software 

applications that come with their headsets. Figure 16 shows the Emotive Epoc+ headset 

which is commercially available and has fourteen electrodes mostly over the frontal lobe. 

There are a few electrodes on the parietal and occipital lobes, but overall majority of the 

electrodes cover the frontal lobe. While fourteen electrodes are good, the overall 

coverage of areas is a disadvantage of this headset. 
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Figure 16: Emotiv Epoc+ [48] 

Cognionics 

Cognionics also has multiple headsets and multiple software applications that 

come with their headsets. Figure 17 shows the Quick 30 headset which is commercially. 

Of the commercially available heasets shown this is the one which offers the most 

electrode coverage and in compatible with multiple commonly used research software 

platforms. The quick 30 headset has 30 dry electrodes and is light weight.  

 

 

Figure 17: Cognionics Quick 30 headset [49] 
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3.3.2 Medical and Laboratory Hardware 

 EEG can be used as a diagnostic tool and for BCI applications. In 1924 Hans 

Berger recorded the first human EEG [5]. For diagnostic applications, the systems need 

to be of higher quality than those commercially available. Due to EEG’s poor signal to 

noise ratio, higher quality caps that use gel to help conduction of electrodes are often 

used. BCI’s which use higher quality medical type caps are can be more effective at 

accurately translating user intent since they have limit the signal-to-noise effect seen with 

EEG signals.  

3.4 BMI Setup and Equipment Used 

 Guger technologies (gtec) gUSBamp was used as the amplifier for all preliminary 

testing experiments. For some initial testing, BCI2000 open source software was used to 

record initial signals and create the presentation of a stimulus scenario for a 3D cursor 

task. After initial trials with BCI2000 a switch was made to utilize only Simulink with the 

gtec toolboxes. The following does not include any preliminary testing, and only includes 

testing done with recruited test subjects. The goal of this study was to increase the 

number of MI control commands, which can be given to a device. An increase in the 

number of imagined movements which can be used, would allow more complex output 

devices could be controlled by MI signals without needing to use hybrid BCI technology.   

 After preliminary testing was concluded initial testing was performed with recruited 

subjects. This initial testing was IRB approved (IRB Number: 4513) by Wichita State 

University. During testing two different signal acquisition devices were used. Subjects 1-

3 data was recorded using the gtec gUSBamp device and subjects 4-6 used gtec 

g.Nautilus fNIRS device. The change was made after subject 3 to switch to the g.Nautilus 
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so that functional near infrared spectroscopy (fNIRS) data could be obtained for future 

research.  

 The g.USBamp biosignal amplifier allows for recording multiple different 

physiological activities including hear, muscle, eye, and brain signals. The connection to 

the computer is through an USB cord. It allows up to 16 channels sampled at 24 bit 

resolution. Stacking g.USBamp’s and interconnecting them using a SYNC cable can allow 

up to 64 channels. For testing one g.USBamp was used and electrodes were connected 

to the amplifier using the g.GAMMAbox, a device for making electrode connection to the 

g.USBamp easier. Figure 18 shows the g.USBamp device.  

 

Figure 18: g.USBamp [50] 

 The g.Nautilus fNIRS system is wireless and communicates with the computer 

through a Bluetooth dongle. The added feature, aside from being wireless, of this device 

over the g.USBamp is that up to 8 channels at 10 Hz sampling rate of fNIRS signals can 

be recorded at the same time as EEG measurements. fNIRS data can be used to obtain 

information on the oxygenation and hemodynamics of the brain. Oxygenation depends 

on how the brain reflects light. Amounts of light reflected change as brain areas become 

more active. Brain activity can then be inferred in real-time based on changes in blood 
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oxy-, deoxy- and total hemoglobin levels. This device uses a different style of EEG 

electrode but like the g.USBamp they require gel. Figure 19 shows the g.Nautilus device. 

 

 

Figure 19: g.Nautilus with receiver, transmitter, and EEG Electrode 

3.5 Electrode Montage Selection 
 
 MI signals occur over the sensory motor cortex. Because of this, electrodes were 

placed over that area. Figure 20 shows the placement of 15 active (red), a ground 

(blue), and reference (yellow) electrodes.  

 

Figure 20: Electrode Montage for g.USBamp 
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Due to the fNIRS system, the electrode montage had to be changed for testing 

with the g.Nautilus device. This montage is shown below in Figure 21. Black shows the 

transmitters and receivers of the fNIRS system and red shows the EEG electrodes.  

 

Figure 21: Electrode and fNIRS Montage for g.Nautilus 

3.6 Brain-Computer Interface Model 
 
 Signals were recorded for all trials on all subjects using Matlab™ R2017A and 

gtec Simulink™ toolboxes were used to create the model. The model is shown below in 

Figure 22. 
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Figure 22: BCI Simulink Model 

The first step of the model is signal acquisition and conversion to double data type. 

Signals for the g.USBamp device were sampled at 256 Hz. The next step is filtering the 

signals with a fifth order bandpass filter. The lower cut-off was 8 Hz and the high cut-off 

was 30 Hz. This makes sure that only alpha and beta bandwidth frequencies come 

through. A notch filter to remove 58-62 Hz noise was also used. Next is the feature 

extraction. CSP was used as the feature extraction method. A covariance weight matrix 

was applied to reduce the channels to three sets of four groups of weighted electrodes 

based over the C3, Cz, and C4 areas. That weight matrix was set to zero weight for 

each channel for the first trial and was then updated on subsequent trials. Signals were 

then normalized before applying LDA as the classifier.  

 After recording the signals, the gbsanalyze application was used for analysis. 

Results of the accuracy of the LDA classifier for all trials are reported in the next 
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chapter. Signals were saved after the CSP, normalization, and after the LDA to test 

accuracies of NN implementation at various points.  

 For the g.Nautilus cap, fNIRS signals were also recorded and saved. The only 

other difference for this cap was that the sampling frequency was 250 Hz since that is 

the maximum allowed for that system. This required that the CSP variance matrix 

window be updated to match that frequency.  

3.7 Procedure 

 Six subjects’ data was recorded for this study. Subject ages ranged from 19-26 

years of age. Two female subjects and four male were used, and two of the six subjects 

were left hand dominant. 

 The first step of testing was to review the IRB paperwork and have subjects sign 

consent and photo release forms. After that, subjects were seated in a comfortable 

armchair and placed approximately one meter from the computer monitor. During testing 

the lights in the room were turned off. The cap, either g.USBamp cap or g.Nautilus cap, 

was then placed on the subjects head. Measurements were then taken of sagittal distance 

from the nason to the inion and coronal distance between ears to position the Cz electrode 

centered over the cerebral cortex. Once positioned electrode gel was then inserted 

beneath the electrodes as shown in Figure 23. 
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Figure 23: Injection of Electrode Gel [50] 

While inserting electrode gel, impedance values of electrodes was checked to ensure 

good signal conduction. The cap fit and positioning was then checked again before 

beginning the first test. 

 The recording session was divided into two testing sessions based on different 

imagined movements. Each testing session had three experimental runs. Each run 

contained 45 trials with three different arrows (15 left, 15 right and 15 up arrows) 

presented in random order to the subjects. For the first testing session, a left arrow meant 

left hand imagined movement, right arrow meant right hand imagined movement, and up 

arrow meant both hands imagined movement. The second trial added the corresponding 

foot to the left and right arrows, and the up arrow was both feet imagined movement. This 

scheme is broken down in Table 2.  
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TABLE 2 

STIMULUS PRESENTATION AND IMAGINED MOVEMENT 

Testing 

Session 
Left Arrow Right Arrow Up Arrow 

1 
Left Hand  

Imagined Movement 

Right Hand  

Imagined Movement 

Both Hands  

Imagined Movement 

2 

Left Hand and Left 

Foot 

Imagined Movement 

Right Hand and Right 

Foot 

Imagined Movement 

Both Feet 

Imagined Movement 

 

Stimulus presentation starts with the display of a fixation cross in the center of the monitor. 

After two seconds, an audible "beep" is given to alert subject than an arrow is coming. 

From second 3 until 4.25, an arrow pointing left, right or up appears on the monitor. The 

subject is instructed to imagine the movement that corresponds to the direction of the 

arrow. Each trial lasts 8 seconds and time between intervals is randomized from 0.5 to 

2.5 seconds. Figure 24 shows the breakdown of the timing of one trial.  
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Figure 24: One EEG Recording Trial [51] 

After both testing sessions were completed data was saved and the EEG cap was 

removed. Saved data was then reviewed and processed. The processing steps and 

results that were created are described in the following section.  

3.8 Data Processing 

 Data was processed using the gbsanalyze application included with the gtec 

systems toolboxes. First each individual experimental run was processed then 

experimental runs from the same testing session group were combined and analyzed. 

Experimental run data was loaded to the application and the sampling frequency of the 

data was entered. Calculations of the CSP feature extraction and LDA accuracy results 

were then obtained by entering trigger and arrow information to the data and conducting 

artifact detection. The CSP matrix must be loaded and then updates after artifact 

detection. The results produced are CSP filter results which show topographic maps of 

the areas with peak activity. CSP filter accuracy averages over all trials in an experiment 

run, and LDA average distance and accuracy.   
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CHAPTER 4 
 

RESULTS 
 
 
4.1 Introduction 

The following section describes the results of the analyzed testing data. Appendix 

1 shows result images for all test subjects. 

4.2 Data Processing Results 

 The following figures are the results from testing session two for test subject 2. 

This includes all three experimental runs. Figure 25 and Figure 26 are related to the LDA 

results. Figure 25 shows the red line as the trigger which is the audible beep from 

recording data. The blue line is the averaged right hand right foot identified class, green 

is averaged left hand left foot, and yellow is the averaged both feet. The y-axis is an 

average separation in the LDA classes. After five seconds, the distance becomes positive 

for class right hand right foot and negative for the other two classes. The classifier decides 

that the performed imagination is right hand right foot if the LDA distance is positive. 

Figure 26 shows just the right hand right foot case. Here the both foot case is seen to be 

more positive than the left hand left foot classes, because it is from a closer location to 

the activity seen in the right hand right foot imagined movement. 
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Figure 25: Averaged LDA distances for all classes 

 

Figure 26: Averaged LDA distances for Right Hand Right Foot 
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Figure 27 shows the classification errors of the LDA classifier. Blue, green, and yellow 

are the same cases as those in Figure 26, and black is the overall classification error. The 

y-axis is the error percentage.  

 

Figure 27: Classification errors of LDA classifier 
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The overall accuracy of correct classes matching the given presented stimuli is shown 

below in Figure 28. This takes into account the CSP filter accuracy and the LDA 

classification accuracy. The total error is minimized at 6.5 seconds.  

 

Figure 28: Combined experiment accuracy  
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Figure 29 shows the results of the CSP filter for right hand right foot versus all other cases. 

It can be seen that the electrode numbers 4 and 5 have have high activity. This is the 

CP3 and C3 electrodes area of the brain. For right hand and right foot combined imagined 

movements there shoud be high activity in these regions since the right hand imagined 

movements see ERD in the C3 area and foot movements see ERD in the Cz area. More 

activity at electrode 6 should be seen since this is electrode CP2 which is closer to the 

Cz and foot controlled areas of the brain. This gives a sign that the matrix weights around 

the number 6 electrod should be changed in the next trial.  

 

 

Figure 29: Right Hand Right Foot vs All  
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Similar to the previous figure, Figure 30 shows the results of the CSP filter for left hand 

left foot versus all other cases. Here electrode numbers 7 and 8 have have high activity. 

This is the C2 and C4 electrodes area of the brain. For left hand and left foot combined 

imagined movements there shoud be high activity in these regions since the left hand 

imagined movements see ERD in the C4 area and foot movements see ERD in the Cz 

area. Since C2 is between the Cz and C4 areas, this high activity in the C2 area makes 

sense for a combined left hand left foot imagined movement.  

 

Figure 30: Left Hand Left Foot vs All 
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Finally, Figure 31 shows the results of the CSP filter for both feet versus all other cases. 

Here electrode numbers 6, the C1 electrode has high activity. Similar to the results seen 

for the right hand right foot vs all, this suggests that the matrix should be adjusted to 

weight the matrix so that this activity shifts to be at the Cz location.  

 

 

Figure 31: Both Feet vs All 

4.3 LDA Classification Accuracy Results 

 The average LDA classification error over all subjects for all test sessions was 

28.15%. This is a high error rate for the LDA classifier, but as mentioned in Chapter 2, 

LDA classifiers take time to train and struggle when trying to separate multiple classes. 

From the results presented in Table 3 and Table 4, combining experiment runs 

significantly decreases the accuracy of the classifier. This means that when combining 

the runs more outliers are created which decreases the accuracy of the classifier. To 

improve these classifiers results more test sessions should be run, and the classifier 
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should be updated more frequently. It is also seen that the error is minimized at varying 

times from 5.5 seconds up to 7 seconds. More testing would improve the timing of when 

the lowest error in the classifier occurs.  

TABLE 3  

LDA CLASSIFICATION ERRORS FOR TEST SESSIONS 

SUBJECT ACTION LDA Classification Error TIME 
SUB01 HAND 37.30% 6 

FOOT AND HAND 34.92% 5.5 
SUB02 HAND 31.78% 6 

FOOT AND HAND 12.82% 6.5 
SUB03 HAND 31.78% 7 

FOOT AND HAND 36.43% 7 
SUB04 HAND 26.36% 7 

FOOT AND HAND 17.04% 6 
SUB05 HAND 25.00% 6 

FOOT AND HAND 25.00% 6 
SUB06 HAND 36.36% 6.5 

FOOT AND HAND 23.03% 7 
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TABLE 4 

LDA CLASSIFICATION ERRORS FOR INDIVIDUAL EXPERIMENT RUNS 

SUBJECT ACTION LDA Classification Error TIME 
SUB01 HAND 6.67% 7 

HAND 5.13% 6.5 
HAND 5.56% 7 

FOOT AND HAND 9.52% 6 
FOOT AND HAND 8.89% 6 
FOOT AND HAND 37.30% 6 

SUB02 HAND 8.89% 6.5 
HAND 16.67% 6 
HAND 4.44% 6 

FOOT AND HAND 12.82% 6.5 
FOOT AND HAND 5.13% 7 
FOOT AND HAND 10.26% 6.5 

SUB03 HAND 9.52% 6.5 
HAND 16.67% 6.5 
HAND 4.44% 6 

FOOT AND HAND 14.29% 7 
FOOT AND HAND 15.38% 7.5 
FOOT AND HAND 11.90% 6 

SUB04 HAND 4.44% 6.5 
HAND 11.90% 7 
HAND 9.52% 6.5 

FOOT AND HAND 4.44% 6.5 
FOOT AND HAND 2.22% 6 
FOOT AND HAND 6.67% 5.5 

SUB05 HAND 9.52% 6 
HAND 11.90% 6 
HAND 6.67% 6.5 

FOOT AND HAND 7.14% 6 
FOOT AND HAND 8.89% 6 
FOOT AND HAND 4.76% 7 

SUB06 HAND 4.76% 7 
HAND 6.67% 6 
HAND 11.11% 6 

FOOT AND HAND 2.22% 7 
FOOT AND HAND 9.52% 6.5 
FOOT AND HAND 8.89% 6 
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4.4 NN Classification Accuracy Results 

Data was extracted after the CSP filter to be used for training and testing the 

classification accuracy using a pattern recognition NN. First, the record of trial arrows 

direction for the 45 trials per session was extracted out. Then samples for 2.5 seconds 

after the trigger were removed (time 4.5-7 seconds) and matched to the arrow which 

occurred for each trial. This created input and target data for the NN. 3870 samples were 

used to train the neural network. These samples come from the 6 imagined movements. 

The 15 inputs, shown in the Figure 32 are the EEG channels and the 6 outputs are the 

desired classified outputs.  

 

Figure 32: Neural Network Architecture 

The highest accuracy of the NN classifier was 89.2%. Figure 33 shows the confusion 

matrix for subject 6. Training of the network was done with 70% of samples and validation 

and testing were 15% each.  

 

Figure 33: Confusion Matrix NN Result for Subject 6 
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The average classification accuracy for all subjects using NN as the classifier was 

78.87%. This shows the advantage of using NN as the classifier method when using a 

BCI with a multitude of classes. It also shows that NN have an advantage over LDA when 

there has not been extensive subject training time. 
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CHAPTER 5 
 

DISCUSSION 
 
 
5.1 Offline Analysis 

 This study builds upon previous MI BCI research by utilizing popularly feature 

extraction concepts and testing a comparison of classification algorithms for more 

imagined movements than previous research. One downside of the study is that so far all 

results are from offline test. Online implementation using the classified signals for control 

still needs to be researched when using the proposed additional imaginary movements.  

 From the current results and research of this study it would be necessary to record 

more data for training the CSP filter and both LDA or NN classification algorithms to 

accomplish online analysis. Other MI studies test subjects for longer periods of time 

before testing online implementation. Subjects were tested on each imagined movement 

45 times, which is three times less than the number of trials per imagined movement seen 

in other research that used less imagined movements and applied online testing [12, 27, 

29, 33]. By doing more testing, subjects will become better at controlling their brain signals 

and can improve the accuracy of the system. Also, more testing with updated CSP and 

classifiers would assist subjects in successive trials. Feedback can also be used to help 

users learn to control the MI signals. 

5.2 Imagined Movements 

 The goal of adding more imagined movements was to see if they could be 

classified and used to increase the number of control commands given to a complex BCI 

system. Previous research used either hybrid BCI’s or switching mechanisms to create 

more control features [27, 28, 29, 30]. Six MI signals have been used to control 3D cursors 
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in BCI200, but they do so by using the same imagined movements and extracting different 

frequency bandwidth to control cursor movement in the third dimension [46, 52]. An 

example of how this would be applied could be vertical movement controlled by imagined 

foot or resting states, horizontal movement by imagined left and right hand movements, 

and forward and backward controlled by actual hand movements. Since imagined 

movements have higher activity in the alpha bandwidth and actual in the beta bandwidth, 

control can be created by using specific bandwidths as separate commands.  

 The results of fairly high CSP filter accuracy and reasonable classification 

accuracy over all six imagined movements used in this study show promise that using left 

hand left foot and right hand right foot can be used as additional imagined movements in 

a MI BCI task. This idea can be backed up by conducting two class testing of left hand 

imagined movement vs left hand left foot imagined movements and observing the 

average distance results of LDA classification between the two classes. Since the left 

hand vs left hand left foot are a more similar comparison to each other than left vs right, 

it will take more testing to confidently determine enough of a separation in these signals 

for actual use in online BCI applications.  

5.3 Classification 

 The classification results of this study show that both LDA and NN are possible 

options to classify six MI features. Because of the limited time required to train and the 

pattern recognition capabilities of NN, they showed a slight advantage in classification 

accuracy over LDA in this study. With more MI features NN ability to recognize and 

differentiate outputs is an advantage over LDA classification. When implementing real 
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time BCI tasks, LDA has the advantage. From this study it is shown that both are good 

options when using six imagined movements.  
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CHAPTER 6 
 

CONCLUSIONS 
 
 

 BCI research in a new and quickly advancing interdisciplinary field of study. It 

involves biosignal acquisition, signal processing, and machine learning algorithms. The 

purpose of this research is to give back freedom to individuals who have disabilities that 

limit their capability to perform simple, often overlooked, tasks like speaking and moving. 

BCI’s can help improve these individual’s quality of life and give them the capabilities the 

may have lost or nerve had.  

 This study shows that more imagined movements can be utilized as control 

commands for a MI based BCI. This expands the amount of available manipulation of a 

system with multiple and complex brain signal inputs. By adding more control commands, 

more complex BCI systems can be created, which can then be more assistive to the 

population of people who require a BCI.  

 BCI is an expanding area of research and is becoming more mainstream. The 

number of possible users and applications are expanding. As BCI makes its way into 

video game control and virtual, and augmented realities the general population attraction 

to it grows. With more commercially available hardware and software platforms, 

something that sounds like science fiction, the ability to control something with the mind, 

is a reality available to the general public.  
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CHAPTER 7 
 

FUTURE RESEARCH 
 
 

7.1 Robot Control 

 One plan for future studies is to control the trajectory in three dimensions of a six 

degree of freedom robotic arm. A Simulink model was created which takes the input 

signals used for training the NN classification and feeds those signals the trained NN to 

get an output for the six classes. Then using a switch one of the six imagined movement 

signals can be selected and used as a control to move the robot and look at different 

trajectories. This model has not yet been tested, but once tested offline it will demonstrate 

how the robot could be controlled in real time.  

7.2 Online testing 

 Another goal which builds upon the research of this study is to successfully test an 

online scenario. To do this more training per subject will need to be done to have better 

and more consistent accuracies of the LDA and NN classifiers. At some point a decision 

will need to be made which of these classifiers would be used for an online testing 

scenario.  

 In preliminary research and testing for this study, a NN was used online, but 

showed poor ability to provide a stable decision of which class was being thought of. The 

correct imagined movement would be recognized, but control commands were not stable 

enough to be constantly recognized. This means that if it were used for control, the device 

would be switching between trying to execute commands and would end up getting 

nowhere. One idea at solving this problem is to first spend more time in training before 
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testing with an online scenario. Another idea is to use previously recorded signals from 

prior trials then use the variance between the prerecorded signals and real time signals 

to make a better decision of the user intended class.  

7.3 fNIRS 

 As previously mentioned, fNIRS data was recorded for three subjects who 

participated in this study. This data was provided to another graduate researcher from the 

Neuro-Robotics Lab. Future research can be done to test hybrid BCI systems which 

combine that fNIRS information with MI signals to create even more control commands.  
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Appendix 
 

Testing Results by Subject for LDA and CSP 
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Testing Results by Subject for NN 
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