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ABSTRACT 

Electroencephalography (EEG) is an electrophysiological monitoring method to 

record the brain's spontaneous electrical activity over a period of time 

through multiple electrodes placed on the scalp. Other than its use in clinical 

procedures such as epilepsy detection, EEG is also used to drive Brain Computer 

Interfaces (BCIs). BCI is a communication system that uses only brain activity to 

control an external device without execution of any peripheral muscular activity. 

EEG based BCIs can use a variety of different electrophysiological 

signals/activities to determine the user’s intent. In this project, we employ a dynamic 

state called motor imagery to navigate a robotic assembly. Motor imagery (MI) is 

mental stimulation of a motor act such as movement of left hand or movement of 

right hand, without physically executing it. Such passive BCIs can be used to provide 

a tool for communication and navigation to paralyzed people. 

MI based BCIs require a necessary pre-processing technique, identification of 

the most distinguishing set of features and a suitable and efficient classifier to 

determine the user’s command from brain signals.  Despite constant improvement 

in EEG acquisition, feature extraction and classification techniques for BCIs in the 

past two decades, the use of BCIs is very limited. Poor signal-to-noise ratio, temporal 

variations of brain signals, subject dependence and non-stationary nature of EEG 

signals hinder the performance of MI based BCI systems. 

This projects attempts to find an effective classification algorithm for accurate 

determination of user’s command which is then used to control the movement of a 

robotic assembly. 
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Chapter 1 

INTRODUCTION 

1.1 IMPORTANCE 

For many years people have speculated that EEG might provide a new non 

muscular channel for sending messages and commands to the external world – a 

brain–computer interface (BCI). Over the past 2 decades, productive BCI research 

programs have arisen. Encouraged by new understanding of brain function, by the 

advent of powerful low-cost computer equipment, and by growing recognition of 

the needs and potentials of people with disabilities, these programs concentrate on 

developing new augmentative communication and control technology for those with 

severe neuromuscular disorders, such as amyotrophic lateral sclerosis, brainstem 

stroke, and spinal cord injury. To provide these users, who may be completely 

immediate goal is paralyzed with basic communication capabilities so that they can 

express their wishes to caregivers or operate word processing programs or 

neuroprostheses. 

Present-day BCIs determine the intent of the user from a variety of different 

electrophysiological signals. These signals include slow cortical potentials, P300 

potentials, and mu or beta rhythms recorded from the scalp, and cortical neuronal 

activity recorded by implanted electrodes. They are translated in real-time into 

commands that operate a computer display or other device. Successful operation 

requires that the user encode commands in these signals and that the BCI derive the 

commands from the signals. Thus, the user and the BCI system need to adapt to each 

other both initially and continually so as to ensure stable performance.  

Imagination of movement of the body part without actually executing it is known 

as motor imagery. Motor imagery requires that the person imagines himself 

performing the motor action from first person view. Main examples of motor 
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imagery are a movement of left and right hand and movement of limbs etc. During 

motor imagery movement, it is observed that motor memories are stored in the motor 

system. 

Motor imagery has a lot of important usage and applications and is used in both 

clinical and non-clinical applications. In the context of this project, motor imagery 

is used to operate the BCI. 

1.2 PROBLEM STATEMENT  

Motor imagery is a dynamic state during which an individual mentally simulates 

a given action. The effect of this phenomenon on EEG signals can be used as a tool 

to manipulate external devices with one's thoughts only.  

1.3 GOAL OF THE PROJECT  

Design a brain computer interface (BCI) based on multi-class classification of 

motor imagery EEG signals. The objective of the project is to extract distinguishable 

states of motor imagery to implement a control application. 

Figure 1: Schematic Diagram 
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1.4 Report Organization 

The report is organized into four chapters. 

Chapter 2 explains the basic concepts and techniques of Electroencephalography 

(EEG). It also gives insight into the current and future trends of wireless Brain 

Computer Interfaces (BCI). 

Chapter 3 describes the functionality and design of our proposed solution. It 

explains the requirements of our wearable device.  

Chapter 4 discusses the implementation of our proposed design, both the hardware 

and software aspects. It also elaborates the results we got and their significance.  
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Chapter 2 

LITERATURE REVIEW 

2.1 PHYSIOLOGY 

The first step towards implementation of BCI using motor imagery is the study 

of physiological basis of motor imagery. Motor imagery is expected to have impact 

on the areas of brain that are involved in imagination of the motor task before 

execution. Following are the main articles that discuss physiological origin of intent 

of motor action: 

2.1.1 The Neurophysiological Basis of Motor Imagery: 1995 

In this article, various experiments are reviewed indicating useful information 

regarding the visible or measurable effects of motor imagery in the brain. The neural 

basis of motor imagery is mapped using imaging techniques such as positron 

emission tomography (PET), magnetic resonance imaging (MRI) and functional 

studies with magnetic resonance imaging (fMRI) because of their impressive spatial 

and temporal resolution. For interpretation of affected areas of motor imagery 

techniques like EEG are not recommended because of poor spatial and temporal 

resolution.  

Firstly, the review of functioning of brain is needed. Following are the concerned 

functions:  

• Prefrontal cortex has inhibitory role. 

• Frontal lobes: basic function is to control the temporal organization 

of behavior and cognition. 
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• The posterior part of frontal cortex i.e. the motor and premotor cortex 

is involved in motor control. 

• It’s most anterior part i.e. the prefrontal cortex plays a major part in 

higher aspects of the organization of behavior. 

Motor imagery requires a serial (sequential) organization of cortical neuronal 

events, into what can be termed as “action plans”. This sequential processing may 

include several parallel sub processes separately but simultaneously planned as it is 

for actual motor control. It is suggested that motor imagery is controlled by those 

part of the frontal cortex that are specifically involved in carrying out the 

computations of the action programming sub-system which deals with programming 

at the coarsest level( responsible for the timing of cognitive  and motor events). 

Prefrontal and the dorsolateral frontal cortex plays a fundamental role in this 

timing.There are automatic connections b/w the frontal cortex (including SMA) and 

the cerebellum, the basal ganglia and the ventral thalamic nuclei. Attentional 

processes are closely related to motor imagery. 

Many studies conducted to determine the active regions of brain during motor 

imagery and actual execution of actions. Ingvar and Phillipson measured regional 

cerebral blood flow (rCBF) in human subjects who were instructed to imagine 

clenching hand movement and a significant blood flow increase in premotor and 

frontal cortex was observed.  While for actual clenching hand, significant blood flow 

increase was seen that was of same magnitude as during imagination of the 

movement but in motor cortex [30]. Roland and collaborators[12,47] did similar 

kind of study when they asked normal subjects to imagine a rapid and skilled 

sequence of digit movements and found a significant rCBF change mainly in 

supplementary motor area (SMA) . In Decety’s[5] experiments, normal subjects 

were asked to “feel their writing hand” (left or right), the regions corresponding to 

the pre-frontal cortex, SMA and cerebellum were found to be significantly 

active.Using SPECT during motor imagery in normal volunteers, a significant rCBF 

increase bilaterally in the cerebellum as well as basal ganglia and in premotor cortex 

has been confirmed.  
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Then in few studies rCBF was measured using PET in normal subjects during 

mental simulation of grasping movements. At cortical level, area 6 in the inferior 

part of frontal gyrus was activated on both sides but stronger in left hemisphere. 

Activations were also observed bilaterally, in the pre-frontal areas, extending to the 

dorsolateral frontal cortex (area 9,8,46) and in inferior parietal lobule (area 40) of 

the left hemisphere.The anterior cingulate cortex (areas 24 and 32) was bilaterally 

activated.At subcortical level, the caudate nucleus was found to be activated on both 

sides and cerebellum was involved on the left side.Ventral and mesial portions of 

SMA were not activated as previously reported, instead more lateral premotor areas 

were involved.It may be because it was externally driven action than internally as 

ques were given.  

 

Figure 2: Brodmann's areas of brain (ref: https://www.pinterest.com/pin/532269249686210008/) 

Several studies in monkeys have shown that SMA is involved in internally 

driven tasks (no visual cues) while premotor neurons are more active in externally 

guided task (visual cues).Stefen [54] investigated the rCBF distribution during motor 

imagery and motor execution of joy-stick movement. Motor imagery activated 

https://www.pinterest.com/pin/532269249686210008/
https://www.google.com.pk/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0ahUKEwiDjJ7KsPHTAhVMOY8KHdHWBxkQjRwIBw&url=https://www.pinterest.com/r62289/brain-model/&psig=AFQjCNGC2aEvPrHA1SBt-wZkBf4k_Y9d2w&ust=1494919630508227
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medial and lateral premotor areas, including SMA as well as the superior and inferior 

parietal areas bilaterally. 

 

Initial FMRI results during self-paced complex finger movements indicated 

activation of SMA and region corresponding to the hand area premotor cortex and 

anterior cingulate cortex during execution of actual movements. Mental simulation 

affected the same areas with exception in pre motor cortex. 

Few studies explored the motor imagery activity for brain damaged patients and 

compared the results with those of healthy subjects in terms of time taken for 

imagination and actual execution of the task. It is observed that time taken for 

imagining a movement is nearly equal to the time taken to closely mimic the 

movement. In patients with hemiplegia the time taken for mental imagination of 

affected limb is slower than actual movement. While for the tetraplegia and 

paraplegia patients, normal time is taken for imagining movements. It is deduced 

that for normal time for imagining movements, intact frontostriatal system is 

required. 

2.1.2. Brain Activity During Motor Imagery of an Action With an Object: A 

Functional Magnetic Resonance Imaging Study, 2013 

A rather new study of motor imagery vs motor execution activation region is 

presented. In this study three scenarios were created: 

1. ‘Imagery with Ball’ condition: subjects imagined squeezing a foam ball (7 

cm diameter) while holding the ball. 

2. ‘Imagery’ condition: subjects imagined squeezing a ball without holding the 

ball. 

3. ‘Ball’ condition: subjects held the ball without motor imagery. 

Regions activated by the ‘Imagery with Ball’ condition were located in the left 

dorsolateral prefrontal cortex (DLPFC), supplemental motor areas (SMA), inferior 

parietal lobule (IPL), superior parietal lobule (SPL), insula, cerebellum and basal 
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ganglia. A direct comparison revealed that the right DLPFC and the right IPL 

showed a higher level of activation during the ‘Imagery with Ball’ than during the 

‘Imagery’ + ‘Ball’ conditions. Our studies suggested that the right front-parietal 

networks were involved in the motor imagery of an action with an object. Regions 

activated during motor imagery are similar to those activated during motor execution 

and include the supplemental motor area (SMA), the premotor cortex (PM), the 

parietal region, the basal ganglia and the cerebellum. 

Regions activated by the ‘Imagery’ condition were located in the left DLPFC 

(BA 9,10), PM (BA6), primary somatosensory area (S1) (BA2), cuneus (BA30), 

cerebellum and basal ganglia. In the right hemisphere, activation was observed in 

the DLPFC (BA 9), SMA (BA6), IPL (BA40), Cingulate gyrus (BA32), middle 

temporal gyrus (BA37), fusifrom gyrus (BA37), cerebellum and basal ganglia (Fig. 

2B). 
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Figure 3: Activated regions in‘Imagery with Ball > Rest’ and ‘Imagery > Rest’. (A) Group activation map 

showing activated brain regions in ‘Imagery with Ball vs Rest’ and (B) ‘Imagery vs Rest’ conditions. Using the 

SPM8 template, areas showing an increase in BOLD-signal are superimposed on a 3D-rendered standard 

brain. DLPFC = dorsolateral prefrontal cortex; IPL = inferior parietal lobule; SPL = superior parietal lobule; S1 

= primary somatosensory area; SMA = supplementary motor area; PM = premotor cortex. 

2.1.3 Conclusion  

A large number of functional neuroimaging studies have demonstrated that motor 

imagery is associated with the specific activation of the neural circuits involved in 

the early stage of motor control (i.e., motor programming). These circuits include 

the supplementary motor area, the primary motor cortex, the inferior parietal cortex, 

the basal ganglia, and the cerebellum. Such physiological data gives strong support 

about common neural mechanisms of imagery and motor preparation. Ref: 

(https://en.wikipedia.org/wiki/Motor_imagery) 

https://en.wikipedia.org/wiki/Motor_imagery
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The conclusion drawn from literature suggested that motor imagery is centered 

at supplementary motor area, the primary motor cortex, the premotor cortex, the 

basal ganglia, and the cerebellum. 

2. 2 Spatial Motor Imagery, EEG Placement 

The challenge of EEG electrode placements for acquisition of right type of 

motor imagery data for capturing maximum useful information has been one of 

major concerns in motor imager, EEG studies. Therefore, various systems are used 

that vary in spatial placement of electrodes. We need to familiarize with montages 

and placement systems used in the literature. 

2.2.1 Montages 

Montage means the placement of the electrodes. The EEG can be monitored 

with either a bipolar montage or a referential one. Bipolar means that you have two 

electrodes per one channel, so you have a reference electrode for each channel. The 

referential montage means that you have a common reference electrode for all the 

channels. The types of montages are explained: 

• Bipolar montage: Each channel (waveform) represents the difference 

between two adjacent electrodes. The entire montage consists of a 

series of these channels. For example, the channel "Fp1-F3" 

represents the difference in voltage between the Fp1 electrode and 

the F3 electrode. The next channel in the montage, "F3-C3," 

represents the voltage difference between F3 and C3, and so on 

through the entire array of electrodes.  

• Referential montage: Each channel represents the difference between 

a certain electrode and a designated reference electrode. There is no 

standard position for this reference; it is, however, at a different 

position than the "recording" electrodes. Midline positions are often 

used because they do not amplify the signal in one hemisphere vs. the 

other. Another popular reference is "linked ears," which is a physical 
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or mathematical average of electrodes attached to either earlobes or 

mastoids.  

• Average reference montage: The outputs of all of the amplifiers are 

summed and averaged, and this averaged signal is used as the 

common reference for each channel. 

• Laplacian montage: Each channel represents the difference between 

an electrode and a weighted average of the surrounding electrodes. 

2.2.3 10-20 International Electrode Placement Systems: 

The International 10-20 system is an internationally recognized method to 

describe and apply the location of scalp electrodes in the context of an EEG test or 

experiment. Although there are other systems like 10-10 placements and customized 

placements but this method was developed to ensure standardized reproducibility so 

that a subject's studies could be compared over time and subjects could be compared 

to each other. This system is based on the relationship between the location of an 

electrode and the underlying area of cerebral cortex. The "10" and "20" refer to the 

fact that the actual distances between adjacent electrodes are either 10% or 20% of 

the total front-back or right-left distance of the skull. 

Each site has a letter to identify the lobe and a number to identify the hemisphere 

location. The letters F, T, C, P and O stand for Frontal, Temporal, Central, Parietal, 

and Occipital, respectively. Note that there exists no central lobe, the "C" letter is 

only used for identification purposes only. A "z" (zero) refers to an electrode placed 

on the midline. Even numbers (2,4,6,8) refer to electrode positions on the right 

hemisphere, whereas odd numbers (1,3,5,7) refer to those on the left hemisphere. 

Two anatomical landmarks are used for the essential positioning of the EEG 

electrodes: first, the nasion which is the point between the forehead and the nose; 

second, the inion which is the lowest point of the skull from the back of the head and 

is normally indicated by a prominent bump. 
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When recording a more detailed EEG with more electrodes, extra electrodes are 

added utilizing the spaces in-between the existing 10-20 system. This new electrode-

naming-system is more complicated giving rise to the Modified Combinatorial 

Nomenclature (MCN). This MCN system uses 1, 3, 5, 7, 9 for the left hemisphere 

which represents 10%, 20%, 30%, 40%, 50% of the inion-to-nasion distance 

respectively. The introduction of extra letters allows the naming of extra electrode 

sites. Note that these new letters do not necessarily refer to an area on the underlying 

cerebral cortex. 

 

Figure 4: 10-20 International Electrode Placement System 

2.2.4 Motor Cortex and 10-20 System 

It has been reported that signals recorded in the proximity of electrode positions 

C3, Cz and C4 overlaying the sensorimotor and premotor area show dominant 

change in the ERD/ERS activity of the brain. Hence, using the electrodes 

surrounding these 3 channels is useful in detecting the ERD/ERS activity that would 

result in identification of imagined motor task. An example of such a placement is 

shown in figure 4. The colored channels are the 16 channels picked to be used for 

data acquisition of motor imagery. In few studies people use only 3 (C3, C4, Cz) or 

even 2 (C3, C4) depending on their algorithm. 
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Figure 5: Example of 16 channels selected for motor imagery detection 

2.3. Frequency Profile 

The EEG signal has a frequency spectrum ranging from 0.1 Hz to 100Hz which 

are classified into five frequency bands as  

1. delta ( 0.1 - 3 Hz) 

2. theta (4 - 7 Hz) 

3. alpha (8 – 13 Hz)  

4. mu (7.5 - 12.5 Hz) 

5. beta (14 - 30 Hz)  

6. gamma (31 – 100 Hz)  



Classification of Motor Imagery EEG for Control Application of BCI Page 21 

 

mu, beta and gamma (initial frequencies) bands formulating 7-40 Hz range of 

frequencies are known to be impacted by motor imagery. It has also been found that 

imagination of movement leads to short-lasting and circumscribed attenuation (or 

accentuation) in mu and beta rhythmic activities, known as event-related 

desynchronization (or synchronization) (ERD/ERS).  

2.4 Pre-Processing Techniques:  

The most commonly employed pre-processing techniques in motor imagery 

classification are: 

a) Band-pass Filtering 

As the frequency profile of the phenomenon suggests the frequencies of 

importance are 7 - 30 Hz or 7 - 40 Hz. Many algorithms in this domain employ band-

pass filtering using finite impulse response (FIR) or infinite impulse response (IIR) 

filters. If data is good enough (not too noisy), band-pass filtering works well.  

b) Re-referencing Techniques: 

One of the major problems in EEG recording is to find a region in the human 

body whose bio-potential activity can be considered as neutral as possible. Ideally, 

the voltage readings should represent a pure measure of activity at the recording site. 

The difficulty is that voltage is a relative measure that necessarily compares the 

recording site with another – reference- site. If there is any activity at the reference 

site, this will contribute equally to the resulting voltage recording thus adding 

unnecessary noise. In order to minimize the effect of such noise, re-referencing 

techniques are used that try to reduce the electrical noise instigated by reference.  

Following are few of the techniques: 

• Common average reference: The mean of all the electrodes is 

removed for all the electrodes 
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• Surface Laplacian (4 adjacent): The weighted mean (depends on the 

distance) of the 4 adjacent electrodes is removed from the central 

electrode. 

• Surface Laplacian (8 adjacent): The weighted mean (depends on the 

distance) of the 8 surrounding electrodes is removed from the central 

electrode.  

• Bipolar (front to back): The difference of an electrode with the one 

behind it.  

• Bipolar (front to back skip 1): The difference of 2 electrodes that lies 

in front and also behind that electrode. 

• Bipolar (Symmetrical): The difference of 2 electrodes that is 

symmetrical to one another.  

• Bipolar (left to right): The difference of an electrode with the one 

right to it.  

• Bipolar (right to left): The difference of an electrode with the one 

left to it.  

c) Independent component analysis (ICA) 

Independent Component Analysis is a method for transforming a set of mixed 

signals into a set of independent components. It has been reported that this method 

allows detection of artifacts in originally recorded signal.  Due to this, ICA seems to 

be a good choice for preprocessing of electroencephalographic data (EEG) used as 

control signals in brain computer interfaces (BCI). After applying ICA on a set of 

EEG data, some components should reflect original data sources and one or more 

components should reflect artifacts. Some artifacts, such as eye artifact, appear 

rhythmically during each trial, while others, such as unexpected body movements, 

appear in unexpected moments along the whole experiment. Since artifacts from 

both groups do not dependent on the class coded in the recorded signals, they do not 

enhance the classification precision. Such artifacts can be removed using ICA thus 

increasing signal to noise ratio of the EEG signal.  ICA can be run in eeglab – a 

toolbox for processing of EEG signals  
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Figure 6 shows the components plotted spatially resulting from ICA. Component 

1 is noisy as it contains no useful information at any particular site/source. 

Component 3 is an eye-blink, its complete profile is shown in figure 6.   

 

Figure 6: Rejection by ICA, eeglab toolbox, Matlab. 
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Figure 7: Eye blink, ICA eeglab toolbox, Matlab. 

d) Principal Component Analysis (PCA) 

PCA is a linear transformation that can be used for dimensionality reduction in 

a dataset while retaining those characteristics of the dataset that contribute most to 

its variance, by keeping lower-order principal components and ignoring higher-order 

ones. Such low-order components often contain the most important aspects of the 

data. PCA has the distinction of being the optimal linear transformation for keeping 

the subspace that has largest variance. Thus the redundant and unneeded information 

in the data is discarded to reduce the dimensionality of data to deal with. PCA can 

be used to reduce the number of channels of the data retaining the maximum 

information. PCA only finds linear subspaces, works best if the individual 

components have Gaussian distributions, and is not optimized for class separability. 

2.5 Feature Extraction 

In machine learning, pattern recognition and in image processing, feature 

extraction starts from an initial set of measured data and builds derived values 

(features) intended to be informative and non-redundant, facilitating the subsequent 
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learning and generalization steps, and in some cases leading to better human 

interpretations. When the input data to an algorithm is too large to be processed and 

it is suspected to be redundant (e.g. the same measurement in both feet and meters, 

or the repetitiveness of images presented as pixels), then it can be transformed into 

a reduced set of features (also named a feature vector). Determining a subset of the 

initial features is called feature selection. The selected features are expected to 

contain the relevant information from the input data, so that the desired task can be 

performed by using this reduced representation instead of the complete initial data. 

 Feature extraction techniques commonly used in motor imagery EEG 

classification are: 

a) Discrete Wavelet Transforms 

The wavelet transform is similar to the Fourier transform (or much more to the 

windowed Fourier transform) with a completely different merit function. The main 

difference is this: Fourier transform decomposes the signal into sines and cosines, 

i.e. the functions localized in Fourier space; in contrary the wavelet transform uses 

functions that are localized in both the real and Fourier space. When analyzing 

signals of a non-stationary nature (like EEG signals), it is often beneficial to be able 

to acquire a correlation between the time and frequency domains of a signal. The 

Fourier transform, provides information about the frequency domain, however time 

localized information is essentially lost in the process. The problem with this is the 

inability to associate features in the frequency domain with their location in time, as 

an alteration in the frequency spectrum will result in changes throughout the time 

domain. In contrast to the Fourier transform, the wavelet transform allows 

exceptional localization in both the time domain via translations of the mother 

wavelet, and in the scale (frequency) domain via dilations. The translation and 

dilation operations applied to the mother wavelet are performed to calculate the 

wavelet coefficients, which represent the correlation between the wavelet and a 

localized section of the signal. The wavelet coefficients are calculated for each 

wavelet segment, giving a time-scale function relating the wavelets correlation to 

the signal. 
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The discrete wavelet transform (DWT) is an implementation of the wavelet 

transform using a discrete set of the wavelet scales and translations obeying some 

defined rules. In other words, this transform decomposes the signal into mutually 

orthogonal set of wavelets. There are several types of implementation of the DWT 

algorithm. The oldest and most known one is the Malaat (pyramidal) algoritm. In 

this algorithm two filters – smoothing (low pass) and non-smoothing (high pass) one 

are constructed from the wavelet coefficients and those filters are recurrently used 

to obtain data for all the scales. If the total number of data D=2N is used and signal 

length is L, first D/2 data at scale L/2(N-1) are computed, than (D/2)/2 data at scale 

L/2^(N-2), ... etc up to finally obtaining 2 data at scale L/2. The result of this algorithm 

is an array of the same length as the input one, where the data are usually sorted from 

the largest scales to the smallest ones. 

 

Figure 9: Discrete Wavelet Transform 

The level and type wavelet used in evaluating DWT is decided on basis of the bands 

that contains maximum information about the problem. For instance in case of Motor 

imagery, usually level 4 - 6 are used and the coefficients that lie in mu and beta band 

(7-32 Hz) are selected and statistics like mean, variance, entropy and average power 

is computed to get the features in all the sets of selected coefficients. Wavelets used 

are usually daubechies, discrete meyer and coiflet. The disadvantage of DWT is that 

its real time implementation is challenging as it is computationally expensive. 
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b) Autoregressive Coefficients:  

The autoregressive model is one of a group of linear prediction formulas that 

attempt to predict an output y[n] of a system based on the previous outputs ( y[n-

1],y[n-2]...) and inputs ( x[n], x[n-1], x[n-2]...). Deriving the linear prediction model 

involves determining the coeffiecients a1,a2,.. and b0,b1,b2,... in the equation:  

ye[n] (estimated) = a1*y[n-1] + a2*y[n-2]... + b0*x[n] + b1*x[n-1] + ...  

There is a remarkable similarity between the prediction formula and the 

difference equation used to describe discrete linear time invariant systems. 

Calculating a set of coefficients that give a good prediction ye[n] is tantamount to 

determining what the system is, within the constraints of the order chosen. In short, 

a model which depends only on the previous outputs of the system is called an 

autoregressive model (AR). The coefficients that are used to predict the current 

sample on basis of previous samples are AR coefficients that are used as features for 

the motor imagery EEG data. There are many methods of evaluating the co-efficient 

such as burg’s method and yule-walker method etc. 

c) Common Spatial Pattern(CSP) 

The CSP algortihm increases the signal variance for one condition while 

minimizing the variance for the other condition. The goal of CSP is to improve the 

discrimination of two types of signals. The spatial filters are constructed in a way 

they maximize the variance for signals of the first condition while at the same time 

they minimize it for the second condition. This can be used for discriminating the 

signals of two commonly used motor-imagery tasks (e.g. left versus right hand 

movement). It can also be used for any other experiment where the discriminative 

information is contained in the variance (or power in a certain band) of the signal 

conditions. CSP is usually implemented for two classes by solving eigenvalue 

problem but CSP can be extended to multi-class classification easily using one-vs-

rest method. An advantage of the CSP method is that it does not require the a priori 

selection of subject-specific frequency bands. Knowledge of these bands, however, 

is necessary for the band-power and frequency-estimation methods.  One 
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disadvantage of the CSP method is that it requires the use of many electrodes. 

However, the inconvenience of applying more electrodes can be rationalized by 

improved performance. The major problem in the application of CSP is its sensitivity 

to artifacts in the EEG. Since the covariance matrices are used as the basis for 

calculating the spatial filters, and are estimated with a comparatively small number 

of examples, a single trial contaminated with artifacts can unfortunately cause 

extreme changes to the filters. Since the CSP method detects spatial patterns in the 

EEG, any change in the electrode positions may render the improvements in the 

classification accuracy gained by this method useless. Therefore, this method 

requires almost identical electrode positions for all trials and sessions which may be 

difficult to accomplish. If these issues are catered, CSP outperforms other methods 

of feature extraction in motor imagery data classification.  

Filter-bank CSP (FBCSP) is a modified CSP that uses multiple smaller bands of 

frequency and then designs spatial filter for each band. Features from various bands 

are then concatenated to form feature vector. Band number as high as 9 is reported 

in literature. The disadvantage of this method is that the number of features are too 

many to be used by classifiers thus feature reduction is needed. That complicates the 

classification process by increasing computational resources.  

2.6 Classification 

Classification of motor imagery is a big challenge as the EEG signals are non-

stationery, feature dimensions are usually large and training and test sets are limited. 

Usually linear classifiers perform better on motor imagery data such as support 

vector machines (SVM) and linear discriminant analysis (LDA).  

a) Support Vector Machines (SVM) 

A Support Vector Machine (SVM) is a discriminative classifier formally defined 

by a separating hyperplane. In other words, given labeled training data (supervised 

learning), the algorithm outputs an optimal hyperplane which categorizes new 

examples. Then, the operation of the SVM algorithm is based on finding the 

hyperplane that gives the largest minimum distance to the training examples. Twice, 
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this distance receives the important name of margin within SVM’s theory. 

Therefore, the optimal separating hyperplane maximizes the margin of the training 

data. SVM is basically a binary class classification method. It is used for multiclass 

classification in its modified form of one-vs-rest or one-vs-one. 

Ensemble of SVMs are also used for improvement in results rather than using 

one SVM. Multiple SVMs are trained on segments of training data and then the test 

data is passed through all of the classifiers and final result is calculated using either 

voting or another layer of SVM classifier.  

 

Figure 1: SVM hyperplane 

b) Linear Discriminant Analysis (LDA) 

 

The general LDA approach is very similar to a PCA but in addition to finding the 

component axes that maximize the variance of our data (PCA), we are additionally 

interested in the axes that maximize the separation between multiple classes (LDA). 

LDA suggests a linear decision boundary. LDA must be used: 

• When the classes are well-separated. 
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• If number of samples in the training set is small and the distribution of 

the predictors (features) is approximately normal in each of the classes. 

LDA does not perform well when number of examples in testing set increases or 

number of features in feature vector increases. Stacked LDA that contains multiple 

layers of LDAs is also used for classification purposes.  

2.7. Requirements 

Hardware Components 

Sr. No. Component Quantity Use 

1.  OpenBCI toolkit  1 For EEG acquisition 

2. Four wheeled car 1 
Acts as the robot on which all the 

functionality is being implemented 

3. Arduino  2 
Used to implement logic behind the 

car control and obstacle avoidance 

4. 
HC SR04 Ultrasonic 

Sensors  
5 To detect obstacles (larger range) 

5. FC51 IR Sensors  1 To detect obstacles (short range) 

6. Remote Control 1 
To send control commands from the 

user end 

7.  BLU 1 
For communication between the PC 

and the car 

Softwares and Toolkits: 

Sr. No. Software/Toolkit Use 

1.  MATLAB  
For signal processing and offline 

classification 

2. OpenBCI GUI For preliminary EEG data acquisition 

3. OpenViBE  
For EEG data acquisition and online 

classification  

4. EEGlab  For pre-processing the EEG data 
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5. Arduino IDK To implement the functionality of the car 

6. Python IDLE 
To send the stimulations from OpenViBE 

to the car 

 

2.8. Deliverables 

During the course of our project we experimented with different algorithms of 

EEG pre-processing, feature extraction and classification. We compared their results 

and chose the most suitable method to design the BCI. The deliverables we proposed 

to present are: 

• Software Part: An efficient algorithm for classification of MI based EEG. 

• Hardware Part: Design of a BCI application. We were able to control the 

movement of a cursor on screen and motion of a toy car using MI based EEG. 

We also acquired EEG data using both OpenBCI and OpenViBE. 

2.9. Challenges 

➢ Figuring out the most appropriate montage and sequence of electrode 

placement for good quality EEG acquisition. 

➢ OpenBCI supports 16 channels only. They may not be sufficient for all 

application of BCI such as P300 Speller and 4 class motor imagery. 

➢ The process of EEG acquisition requires a noise-free, isolated area where the 

subject can focus without distractions.  

➢ MI based EEG is highly subject dependent. It requires quite a number of 

sessions for the subject to get trained on the BCI and to train the BCI itself 

on the subject. However, some people may still be unable to generate the 

requisite mental/ imaginative response for the BCI. 

➢ In the course of this project, the OpenBCI failed to acquire any sort of EEG 

due to causes unknown to date. Fixing the OpenBCI was a painful task. For 

future reference in the event of such unfortunate occurrence, the process of 

updating the firmware of OpenBCI is explained at the end of the report.  



Classification of Motor Imagery EEG for Control Application of BCI Page 32 

 

➢ A set of metrics for understanding and comparing the results of classifying 

algorithms needs to be defined before attempting to replicate the results 

stated in literature.  

➢ A classifier which renders good results for MI based BCI needs to be checked 

for over-fitting. 
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Chapter 3 

FUNCTIONALITY AND DESIGN 

To address the problem of accurate identification of imagined MI task, the first 

step towards the solution is identification of required set of features and classifier to 

achieve maximum accuracy. The proposed algorithm was first tried on BCI 

Competition datasets (available online) and later evaluated on our own acquired 

data. 

3.1 Sequence of Execution 

1. Literature review of techniques for pre-processing, feature extraction and 

classification of MI based EEG signals. 

2. Identifying the best classification algorithm by comparing accuracies of 

different techniques through experimentation.  

3. Real-time implementation of proposed technique by streaming small 

window of available datasets.  

4. Acquiring our own EEG data. 

5. Evaluation of proposed technique on our own acquired data. 

6. Design of robotic assembly 

7. Integration of the robotic assembly with the real-time BCI. 

3.2 Proposed Solution  

In order to get the requisite information from EEG signals, three stages of signal 

processing and/or machine learning algorithms needs to be performed, namely 

a) Pre-processing of EEG signals:  

During the acquisition of EEG signals, a lot of noise adds to the data because of 

various reasons. It includes high-frequency noise as power line interference, as well 

as low-frequency noise such as baseline noise, muscle artifact, eye blink artifact, 

EoG, EMG, etc. Hence, there is a need to remove these noises so that the 
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performance of classification algorithms is not negatively affected by extraneous 

sources.  

Pre-processing techniques include band pass filtering, fast fourier transform (FFT), 

surface laplacian, and common average referencing (CAR) – to name a few.  

b) Feature Extraction:  

The first signal processing step is known as “feature extraction” and aims at 

describing the EEG signals by (ideally) a few relevant values called “features”. Such 

features should capture the information embedded in EEG signals that is relevant to 

describe the mental states to identify, while rejecting the noise and other non-

relevant information. All features extracted are usually arranged into a vector, 

known as a feature vector.  

Feature Extraction techniques include autoregressive parameters (AR), Common 

Spatial Pattern (CSP), Band Power Distribution (BP) amongst others. 

c) Classification:  

The second step, denoted as “classification” assigns a class to a set of features 

(the feature vector) extracted from the signals. This class corresponds to the kind of 

mental state identified. This step can also be denoted as “feature translation”. 

Classification algorithms are known as “classifiers”. 

Commonly used classifiers include Support Vector Machine (SVM), Linear 

Discriminant Analysis (LDA), K-nearest Neighbour (KNN), Hidden Markov Modelling 

(HMM), Fuzzy logic, Artificial Neural Networks (ANN) etc. 

3.3 EEG Data Acquisition 

For the purpose of data acquisition in this project, OpenBCI was used. 

OpenBCI is an open source brain-computer interface platform which can be used to 

measure and record electrical activity produced by the brain (EEG), muscles (EMG), 

and heart (EKG), and is compatible with standard EEG electrodes. The OpenBCI 

https://en.wikipedia.org/wiki/Open_source
https://en.wikipedia.org/wiki/Brain-computer_interface
https://en.wikipedia.org/wiki/EEG
https://en.wikipedia.org/wiki/Electromyography
https://en.wikipedia.org/wiki/EKG
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boards can be used with the open source OpenBCI GUI, or they can be integrated 

with other open-source EEG signal processing tools. 

a) EEG Acquisition Requirements 

Following items included in OpenBCI toolkit are required for EEG acquisition: 

1. OpenBCI Cyton Board 

2. OpenBCI Daisy Module 

3. OpenBCI Programmable Dongle (for Bluetooth communication) 

4. Gold cup electrodes 

5. 3.7V battery 

6. Charger 

 

b) List of EEG Acquisition Paraphernalia 

Following items are required for skin preparation and electrode placement: 

1. Gauze pads 

2. Surgical tape 

3. Measuring tape 

4. Abrasive lotion 

5. Conductive gel/paste 

6. Alcohol swabs 

7. Cotton swabs 
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3.4 OpenBCI Specifications 

 

Table 3: Product Specifications 

Channel Count 8 or 16 plus reference, ground 

Sensor Type Gold Cup Electrodes or Ag/AgCl Dry 

Electrodes 

Impedance 

Monitoring 

Real-time with EEG acquisition 

Sampling Rate 250Hz or 1000Hz 

Resolution 24 bits per sample 

Noise 0.16 uVrms over the bandwidth of 0.1 to 65 Hz 

Wireless Bluetooth, optimized for high speed 

Storage microSD Card 

Motion Sensing 3-axis Accelerometer 

Power Supply 3.7V, 400mAh Rechargeable LiPo Battery 

Weight 250g including electronics and battery 

 

The main parts of the OpenBCI board are explained as follows: 

(i) High Power Analogue Front End 

OpenBCI incorporates Texas Instruments ADS 1299 which is high gain, low 

noise ADC with 24-bit channel resolution. It is specifically used for bio potential 

measurements and provides up to 16 kHz sampling rate. 
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(ii) 8 Input Channels  

Input channels can be used for recording Brain (EEG), Muscle (EMG) and Heart 

(ECG) activity. These channels are grounded and provide inverted common mode 

noise rejection. 

(iii) Accelerometer 

OpenBCI board also has a 3-axes accelerometer also ST LIS3DHwhich gives 16 

bit data output. It can be used to detect movement of the patient while recording 

EEG. 

(iv) Programmable  

OpenBCI is Arduino-compatible and the PIC32 Microcontroller can be 

programmed. It has 5 GPIO pins. We can modify the original firmware preloaded in 

the board. 

(v) Wireless Communication 

There are two RFDigital RFD22301modules. The radio module on the dongle is 

called the ‘host’ and the one on the board is called the ‘device’. The board 

communicates via Bluetooth Low Energy (BLE) and sends data to the PC. It is 

Arduino compatible and provides high data rates. 

(vi) Local SD Storage 

The OpenBCI board has an SD card slot for maximum data rates. Data can be 

stored in the SD card without needing any connection to the PC and thus it improves 

portability. 

3.4.1. Electrodes 

We used gold cup electrodes which come as a ribbon cable with 10 passive gold 

electrodes that connect to OpenBCI board to sample brain activity. We used the 

recommended industry-standard electrode paste to adhere the electrodes to the scalp 



Classification of Motor Imagery EEG for Control Application of BCI Page 38 

 

and body. Ten20 contains the right balance of adhesiveness and conductivity, 

enabling the electrodes to remain in place while allowing the transmittance of 

electrical signals. 

3.3. Challenges of EEG acquisition 

We also faced the following challenges during data acquisition process: 

• The skin impedance at the electrode tissue interface deteriorates signal 

quality. It can be minimized by skin preparation by scrubbing to remove 

dead cells and using alcohol wipes. In some cases slight abrasions need to 

be made. 

• While recording EEG electrical noise is also a problem. We get a continuous 

power line hum at 50Hz and also interference from other electronic 

equipment such as PCs which lie within the range of 75-100Hz. 

• Electrode placement while EEG recording is also a problem because exact 

locations from where a good EEG signal can be obtained may vary from 

person to person. Also poor electrode contact, improper application of the 

conductive paste and dryout of the paste also affect the recording.  

• There should be comfortable temperature and humidity levels to avoid 

perspiration and restlessness. 
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• External interferences in the form of static charges result by people walking 

around which are picked by the EEG preamplifier.   

Eye movements, EMG and ECG also induce artifacts in the EEG signal. 

Figure 10: OpenBCI toolkit 

 

3.4. Data Acquisition with OpenBCI 

We recorded data using OpenBCI with gold cup electrodes. The OpenBCI USB 

Dongle has an integrated RFDuino that communicates with the RFDuino on the 

OpenBCI board. The dongle establishes a COM connection with the computer with 

its on-board FTDI chip. We connected to this serial port from the OpenBCI GUI. 

First we recorded using 8 channels and analyzed the signals.  

We were able to record EMG, EEG and ECG signals and identified various motion 

artifacts in them. Figure 4-7and 4-8 show eye blinks and jaw clench detected in the 

EEG Signal. 

 



Classification of Motor Imagery EEG for Control Application of BCI Page 40 

 

 

 

Figure 11: Eye Blinks in EEG 
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Figure 12: Jaw Clench in EEG 

 

We also observed alpha waves at locations while closing eyes during the 

recording. Alpha rhythm is the normal electrical activity of the brain when conscious 

and relaxed, consisting of oscillations with a frequency of 8 to 13 hertz. The FFT 

plot of the waves shows a peak at 10Hz indicating alpha waves. 
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Figure 12: Alpha Waves 
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Figure 13: OpenBCI with Daisy Module 

 

We acquired EEG with 16 channels and got satisfactory results. The GUI shows 

EEG data streamed from OpenBCI in real time. The frequencies present in the EEG 

signal are shown on the FFT plot. A head plot on the right shows the intensities of 

the EEG signal on different electrodes positions. We can also apply different filters 

on the EEG waves and see the results in real time. The scale of the graph on which 

EEG is plotted can also be varied. 
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Figure 14: EEG using 16 channels 
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Chapter 4 

IMPLEMENTATION AND RESULTS 

 

4.1. Two Class Motor Imagery 

There are a number of datasets of binary class MI available on the internet. For 

classification of two class MI data (imagination of left hand and right hand 

movement), we used BCI competition IV dataset IIa. 

4.1.1 Methodology 

To distinguish the two MI classes, feature extraction and classification was 

performed by employing various algorithms using MATLAB and EEGlab.  

Procedure 

 

Technique Used 

Feature Extraction Discrete wavelet transform (DWT) 

automatic auto-regressive (AAR) 

coefficients 

 

Classification Support vector machine (SVM) 

 

 

4.1.2 Results 

Average accuracy of 92% was achieved by which establishes the usefulness of 

the algorithm.  

4.2. Multi class motor imagery data 

There are a number of datasets multi-class MI available on the internet. For 

classification of four class MI data (imagination of left hand, right hand, tongue and 
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feet movement), we used BCI competition III dataset IIIa, BCI comp IV dataset II 

and Physio Net data. 

4.2.1. Methodology 

To distinguish the four MI classes, pre-processing, feature extraction and 

classification was performed by employing various algorithms using MATLAB and 

EEGlab.  

Procedure 

 

Technique Used 

Pre-processing 

 

Band pass filtering 

Feature Extraction Common Spatial Pattern (CSP) 

 

Classification Support vector machine (SVM) 

 

 

4.2.2. Results 

Average accuracy of 85.5% was achieved by which on BCI competition III 

dataset IIIa which establishes the usefulness of the algorithm.  

4.3. Online Classification of available dataset: Binary class motor 

imagery data 

There are a number of datasets of binary class MI available on the internet. For 

classification of two class MI data (imagination of left hand and right hand 

movement), we used BCI competition III dataset IIIa. 
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4.3.1. Methodology 

To distinguish the two MI classes, feature extraction and classification was 

performed by employing various algorithms using MATLAB and EEGlab.  

Procedure 

 

Technique Used 

Pre-processing 

 

Band pass filtering 

Feature Extraction Common Spatial Pattern (CSP) 

 

Classification Support vector machine (SVM) 

 

 

4.3.2. Results 

Average accuracy of 95% was achieved by which on BCI competition III dataset 

IIIa which establishes the usefulness of the algorithm.  

4.4. Real – time Implementation 

MATLAB cannot render real – time signal processing, however a number of 

software platforms dedicated to designing, testing and using real-time brain 

computer interfaces are available. These include OpenVIBE, BCIlab, BCI2000, 

BCI++, xBCI, TOBI Common Implementation Platform (CIP), BF++, Pyff etc. Out 

of these the most popular tools are OpenViBE and BCIlab. In this project OpenVIBE 

was used for real-time implementation of BCI. 

4.4.1 OpenViBE  

OpenViBE is a free and open-source software platform for developing brain-

computer interfaces. The platform consists of a set of software modules that can be 

easily and efficiently integrated to develop fully functional BCIs. OpenViBE 

https://en.wikipedia.org/wiki/Brain-computer_interface
https://en.wikipedia.org/wiki/Brain-computer_interface
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features an easy-to-use graphical user interface for non-programmers. Development 

Team and Community OpenViBE is licensed under the GNU Lesser General Public 

License (version 2 or later). It is officially available for Microsoft Windows (XP to 

7) and Linux (Ubuntu and Fedora) platforms. OpenViBE is released every three 

months by the French National Institute for Research in Computer Science and 

Control (INRIA). The core development team at INRIA works continuously on new 

features, integration of community contributions, and releases. OpenViBE is also 

used in a large variety of projects involving industrial or medical partners, for 

example in video games or assistance to disabled people. 

Features of OpenViBE: 

a) Modularity and Reusability  

OpenViBE consists of a set of software modules devoted to the acquisition, 

preprocessing, processing, and visualization of cerebral data. The platform also has 

modules which handle the interaction with applications. OpenViBE is a general 

purpose platform and allows users to easily add new software modules specifically 

tailored towards their needs. This is largely made possible thanks to the OpenViBE 

box concept. A box is a graphical representation of an elementary component in the 

processing pipeline. Boxes can be connected and composed altogether in a complete 

BCI scenario. This design makes software components reusable at low cost, reduces 

development time, and helps to quickly extend functionality. Finally, there is no 

built-in limit for the number of boxes or connections in a scenario, allowing to merge 

existing state-of-the-art BCI scenarios in new BCI scenarios.  

b) Different User Types  

OpenViBE is designed for different types of users, including researchers, 

developers, and clinicians. Their various needs are addressed and different tools are 

proposed for each user type, depending on their programming skills and their 

knowledge of brain physiology.  

c) Portability  
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The OpenViBE platform operates independently from different software targets 

and hardware devices. It includes an abstract layer of representation, which supports 

various acquisition devices such as EEG or MEG amplifiers. OpenViBE runs on 

Windows and Linux platforms. OpenViBE is based on free and portable software 

such as GTK+10, IT++11, VRPN12, and GCC.  

d) Connection with External Applications  

OpenViBE can be easily integrated with high-level applications such as virtual 

reality applications. OpenViBE acts as an external peripheral device for any kind of 

real or virtual environment. It also takes advantage of virtual reality displays through 

a scenegraph management library, allowing the visualization of cerebral activity in 

an intuitive way or the creation of incentive training environments for neurofeedback 

applications.  

e) OpenViBE Tools 

The OpenViBE platform includes a large number of useful tools: the acquisition 

server, the designer, 2D visualization tools, and sample scenarios for BCIs or 

neurofeedback applications. The acquisition server provides a generic interface to 

various kinds of acquisition devices. It allows an author to create hardware-

independent scenarios with a generic acquisition box. This box receives data over 

the network from the acquisition server, which is connected to the hardware and 

transforms the recorded data in a generic way. The way the acquisition server is 

connected to the device mostly depends on the hardware manufacturer’s tools to 

access the device. Some devices are shipped with a dedicated SDK, whereas others 

involve a communication protocol over the network, serial interface or a USB 

connection. The designer makes it possible to create complete scenarios using a 

dedicated graphical language. The user can drag and drop existing modules from a 

panel to the scenario window. Each module appears as a rectangular box with inputs, 

outputs, and a dedicated configuration panel. Boxes can be connected through their 

inputs and outputs. The designer also allows to configure the arrangement of 

visualization windows. Finally, an embedded player engine supports testing and 

debugging the current scenario in real time. Fig. 1 Left: The OpenViBE designer 
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supports intuitive graphical development of a BCI system. Right: Video game based 

on motor imagery using a self-paced BCI developed with OpenViBE. The 

visualization features of OpenViBE are available as specific boxes and include 

2D/3D brain activity plots. OpenViBE offers a wide range of visualization widgets 

such as raw signal display, gauges, power spectrum, time-frequency maps, and 

2D/3D topography (where EEG activity is projected on the scalp surface). Virtually 

any data of a scenario can be visualized by these visualization boxes such as for 

instance: raw or filtered signals, extracted features or classifier outputs. OpenViBE 

also provides presentation widgets that display instructions to a user, for example as 

used in typical BCI paradigms such as the classical cue-based motor imagery 

paradigm or the P300 speller. Existing and pre-configured ready-to-use scenarios 

are provided to assist the user, such as: 

 • The motor imagery based BCI scenario uses OpenViBE as an interaction 

peripheral device with imagined movements of the left and right hands. 

• The Self-paced BCI scenario implements a BCI based on real or imagined foot 

movements in a self-paced way.  

• The neurofeedback scenario displays the power of the brain activity in a specific 

frequency band for neurofeedback applications.  

• The real time visualization scenario visualizes brain activity of a user in real time 

on a 2D or 3D head model. This scenario can be used together with inverse solution 

methods to visualize brain activity in the whole brain volume in addition to the scalp 

surface.  

• The P300 speller scenario implements the famous P300 speller, a BCI used to spell 

letters by using the P300 component of visual event-related potentials.  

• The SSVEP scenario allows a user to control a simple game by focusing on 

flickering targets on the screen. The scenario detects SSVEP at occipital sites to 

move a virtual object.  
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Extensive online documentation13 is also available to help all types of users, either 

programmers or non-programmers, to start with the software. 

f)  OpenViBE Workflow  

Designing and operating an online BCI with OpenViBE follows a rather 

universal approach. Three distinct steps are required. In the first step, a training 

dataset must be recorded for a given subject, who performs specific mental tasks. 

The second step consists of an offline analysis of these recorded data to find the best 

calibration parameters (e. g. optimal features, relevant channels, etc.) for this subject. 

The last step involves using the BCI online in a closed loop scheme. Optionally, 

iterations can be done on data acquisition and offline training to refine the 

parameters. 

 

4.4 Bluetooth Controlled Car 

 

4.4.1. Components: 

1. Chassis 

2. 4 DC motors 

3. 12V battery 

4. L293D motor driver 

5. Arduino Uno 

6. HC-05 Bluetooth module 

4.4.2. Description: 

The system consists of a four-wheeled robotic assembly which is connected to a 

PC or laptop via Bluetooth. The BCI scenario in OpenViBE determines the user’s 

intent based on the proposed 2 class classification algorithm. The user’s imagination 

of moving the left hand or the right hand, termed as ‘labels’ or ‘stimulations’ are 

exported from OpenVIBE through LabStreamingLayer (LSL), which is a protocol 

for exchanging streaming data between applications. The stimulations which are sent 

from OpenViBE are received through LSL in Python’s IDLE editor, which is an 

http://code.google.com/p/labstreaminglayer/
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integrated development environment for Python. A python script sends the received 

stimulations via PC’s bluetooth to the robot’s Bluetooth module. The received 

command determines whether the robotic car turns left or right using Arduino Uno. 
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CONCLUSION 

 

This report presented a system of classification MI based tasks and its application 

as a control commands. 

There is a large scope for improvement and optimization of the algorithms that 

work offline for online setting. A robust BCI requires an online classifier with a 

suitable tradeoff between accuracy and latency of the system. EEG recording 

conditions and results vary not only from subject to subject but also from session to 

session and task to task for the same subject. Hence, there is a need for calibration 

of algorithms that can help to reduce errors and calibration time from one session to 

another session.  

Pre-processing, feature extraction, classification, data acquisition and system 

efficiency become more challenging when the number of classes is increased. A 

good amount of work needs to be done on 4 class motor imagery to get acceptable 

results in real-time.  

Till now, MI is mostly limited to 2,3 and 4 classes. Almost no research exists on 

more than 4 class. In addition to that, a lot of signal processing techniques and 

machine learning algorithms have yet to be tried on MI based EEG data. Using them 

might prove to be helpful in increasing the accuracy or reducing the implementation 

time.  
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Appendix A 

Updating/Reloading the Firmware of OpenBCI 

As mentioned earlier in the first chapter of the report, OpenBCI can fail to work. 

There may be a number of reasons for unusual behavior of the OpenBCI, some of 

which are listed below 

➢ The OpenBCI does not record and transmit complete packets of data 

properly when its battery is low. It’s a good idea to ensure that the battery is 

fully charged while recording the data and when OpenBCI behaves 

unusually. 

➢ While attempting to reload the OpenBCI’s firmware, we were unable 

to upload the firmware version 2 and could only upload version 1. The 

reasons for the failure to do so remain a mystery to date. 

➢ External noise and unsuitable surroundings might cause the bluetooth 

connection between the OpenBCI board and dongle to break.  

➢ Wires of the electrodes need to be secured properly so that they do 

not move and cause unwanted noise. 

Note: Before starting data acquisition, it is important to check the following patterns 

in EEG to gauge the quality of the data and ascertain its accuracy. 

1) Eye blinks 

2) Lateral eye movement 

3) Jaw clench 

4) Alpha waves on closing eyes in relaxed state. 

If, unfortunately, the OpenBCI still fails to work then follow the instructions in the 

following tutorials. However, before attempting the steps in the tutorials try to check 
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if the problem is in the OpenBCI board or the Radios on the Board or Dongle or 

both. 

Tutorial 1: To program the Cyton Board.  

http://docs.openbci.com/Hardware/05-Cyton_Board_Programming_Tutorial 

Tutorial 2:  To program the Cyton Radios 

http://docs.openbci.com/Hardware/06-Cyton_Radios_Programming_Tutorial 

The Board and the Radios use different version of Arduino IDE for programming. It 

is important to use the right version for the right task and it is a good practice to 

install the different versions of Arduino on different computers and delete other 

versions. Otherwise there might be issues in burning the firmware. It is also 

important to use the right version of chipKiT core files.  

To burn the bootloader file into the PIC microcontroller on the Cyton Board use 

PicKIT3 and MPLAB IPE software  and power the Board using the 3.7 V battery. 

Choose the right type of microcontroller in MPLAB IPE. Place the board close to 

the dongle when programming the board. If version 2 fails to upload then try 

uploading version 1. 

 

 

 

 

 

 

 

 

http://docs.openbci.com/Hardware/05-Cyton_Board_Programming_Tutorial
http://docs.openbci.com/Hardware/06-Cyton_Radios_Programming_Tutorial
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Appendix B: Four Class Motor Imagery Data Acquisition 

Download the presentation software from the official website  

https://www.neurobs.com/ 

Install and activate the software. 

Presentation is very well documented and contains different examples and tutorials 

which can provide assistance. 

The presentation software uses two different languages which are SDL and PCL. 

Scenario Description Language (SDL): descriptive language used 

to specify stimuli and their associated properties, and sequences of 

stimuli and associated properties  

Presentation Control Language (PCL): interpreted programming 

language used to implement custom control of scenarios  

 

Experiment: 

1. Run presentation software on system. 

2. Create a new experiment 

3. Go to editor and paste the code in file “GUI.txt.” 

4. Analyze the code for any errors using F7 which will be displayed in the 

debugging window 

5. Run the experiment. 

INTERFACING OPENBCI AND PRESENTATION SOFTWARE 

For presentation software we need to configure input ports, through which data can 

be received including analog signals and interpreted as a code. 

https://www.neurobs.com/
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For transmitting and receiving data on the serial port, Presentation uses the standard 

serial port RS-232 communication protocol. The serial port configuration 

parameters are displayed in the port device "Properties" box. You should specify the 

settings to match the settings of the external device. Note that these values are stored 

in the experiment file and not on the system. This means that each experiment may 

use different settings.  

The parameters in the last column of the "Properties" box for a serial port have the 

following effects: 

CTS control - specifies whether the clear-to-send signal is monitored for output flow 

control. If "true" and CTS is off, output is suspended.  

DSR out control - specifies whether the data-set-ready signal is monitored for output 

flow control. If "true" and DSR is off, output is suspended.  

DSR in control - specifies whether the data-set-ready signal is monitored for input 

flow control. If "true", bytes are ignored unless DSR is high.  

DTR control - specifies the data-terminal-ready flow control. "disable" disables the 

DTR line and leaves it disabled. "enable" enables the DTR line and leaves it on. 

"handshake" enables DTR handshaking.  

RTS control - specifies the request-to-send flow control. "disable" disables the RTS 

line and leaves it disabled. "enable" enables the RTS line and leaves it enabled. 

"handshake" enables RTS handshaking. "toggle" specifies that the RTS line will be 

high if bytes are available for transmission.  

In order to receive codes as soon as they arrive at the port, Presentation attempts to 

configure the serial port to generate a hardware interrupt after the receipt of every 

single byte. This operation may fail if you are using some USB serial port adapters, 

and the scenario will not run. If you would like to use such a port, deselect the "Set 

FIFO interrupt" checkbox, and Presentation will no longer try to set this. In that case, 

whether or not a serial byte is registered as soon as it is received will depend on how 

the USB (or other) serial port driver functions. 
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CONFIGURING INPUT PORT 

The "Input Ports" box is located on the Port panel. To create an input port, click the 

"Add" button. To   adjust the settings of an input port, click on the number of the 

port in the list box and enter the settings on the right. You must specify a port input 

channel for the input port. If you have not already set up the appropriate port input 

channel, you can choose to add a new input channel. For more information on input 

channel setup, you can refer to documentation and read Port Input Channels section. 

If the "Log Codes" option is checked, all code events will be recorded in the logfile. 

You can test the input port by clicking on the "Test" button. 

STREAMING DATA 

Presentation is compatible with Lab Streaming Software ( LSL), which can be used 

to stream data from presentation software to matlab and related applications for 

further processing. 

To send information to the LSL, check the "Send event data to LSL" box on the 

General panel. Then click on the "Properties" button on the General panel or the 

"LSL Properties" button on the Main tab. When that button is pressed, the "LSL 

Data Port" window will appear.The current status of the LSL stream is displayed in 

the "Current Status" box, including whether a stream is currently open. Configurable 

settings affecting the stream are displayed in the "Settings" box. Any changes you 

make to the settings will not affect the current stream state until you click the 

"Update" button or close the properties window. 

You may edit the stream name. The source id is fixed and always includes the name 

of the device being used. On Windows this name will be the user assigned computer 

name.If the "Open stream outlet when experiment is loaded" checkbox is checked, 

the LSL stream will be opened when the experiment file is loaded (before any 

scenarios are run) and will remain open as long as the experiment is open. If it is 

unchecked, the stream must be opened manually. In this case, use the "Open" button 

in the "Current Status" box to open the stream, or the "Close" button to close it. 

When the "Send event data to LSL" checkbox is checked and the stream is open, all 
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events that are logged in the Presentation logfile will also be sent out as LSL string 

markers. The LSL local clock time for the marker event is the Presentation time for 

the event. 
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Appendix C: Robot Control using Online BCI 

1. Download and install python 2.7.13 

2. Go to Control Panel  -> All Control Panel Items  -> System -> Advanced system 

settings  -> Environment variables 

3. Edit the system variables append  

                                 ;(director/path):\Python27\;(directory/path):\Python27\Scripts 

example,           ;D:\Python27\;D:\Python27\Scripts 

4. Open command prompt and type ‘pip list’. A message like this should appear 

 

Or like this. 

 

5. Type python.exe. A message like this should appear 

 

6. Close the command prompt and reopen it. 

7. To install dependencies and required libraries, type 

a. pip install pyserial 

b. pip install pyside 

c. pip install numpy 

d. pip install yapsy 
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e. pip install pyautogui 

f. pip install pylsl 

8. To check the system first, open the scenario “mi-csp-5-replay_2bands” in 

OpenViBE. Change the path in Generic stream writer box to “test.ov”and insert 

LSL Export. 

 

 

9. Open the start menu and search for ‘IDLE’. Open IDLE(Python GUI). Unzip the 

“Python_scripts”. Open the “cursor_control.py” file using File->Open. Or make 

a new file and type the following code. 
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10. Run the OpenViBE scenario and the python script (Run -> Run Module).  You 

should see an output like below and your cursor will move in one direction when 

785 followed by 1 appears and in the other direction when 786 followed by 2 

appears. 

 

11. Load the code “Python_scripts ->car_code ->car_code.ino” into the arduino of 

the car. To control the car, connect the Bluetooth of your laptop with HC-05 

module on the car and identify the COM port number. Open 

“car_control.py”python script and substitute your COM port number in place of 

“COM12”. Run this script and OpenViBE scenario.  

Note: Windows firewall might create problem when running these scripts. Consider 

turning it off for a while. 
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12. Install the app ArduinoBlueControl to test the car. Run the car using this app 

(optional: just to check the car) 

Note: To check if LSL is working in OpenVIBE scenario run the python script 

“check_stream.py”.  Output like this should appear. 

 

Note: To change the Stream from Markerto Signal, substitute ‘signal’ in place of 

‘Marker’ in the steams variable shown below. 
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13. Now to put the system online. Open “mi-csp-4-online_2bands” and add LSL 

export at the output of “classifier processor” block. Play the scenario. Run 

the python script “car_control.py”. Ask the user to respond to the cue in 

“Graz visualization” window.   
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Appendix D: Data Acquisition  

1. Select the montage to be used for electrode placement. Given is the 10-20 

system but due to 16 available channels we used the channels around C3, 

C4 and Cz only including: 

• Placement 1:  FC3 to FC4 in row 5 and C5 to C6 in row 6 excluding 

Cz and CP3 to CP4 in row 7. This placement was used in initial 

experiments to have a balanced placement. 

• Placement 2: FC3 to FC4 in row 5 and C5 to C6 in row 6 and CP3 

to CP2 in row 7.  We decided to include Cz because it contains 

useful information and due to limitations on number of electrodes 

we excluded CP4.  

 

2. Now do the marking to identify the locations to fix electrodes to. Link to 

the video showing markings for 10 20 international electrode placement 

system.  

Part 1: https://youtu.be/1xT_bnv0mCc 

Part 2: https://youtu.be/YE4cme2JqZU 

https://youtu.be/1xT_bnv0mCc
https://youtu.be/YE4cme2JqZU
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3. Once the markings are done, the skin is prepared using nu-prep skin 

preparation gel. The electrodes are then placed using Ten20 gel and guaze 

pads (used to stick them to head properly). These gels are available in 

Lahore at Impact International (Ph # 0322-4268798).  

4. Once the electrodes are placed, these are connected to OpenBCI. Follow 

this link to get the OpenBCI board up and running: 

http://docs.openbci.com/Tutorials/01-Cyton_Getting%20Started_Guide 

Details of Acquired Data 

We acquired data over a span of two months, the initial data, although it looked 

clean, no good results were obtained by our method. There might be certain 

reasons for that: 

• Marker placement and timing issues as we were placing markers manually. 

• Subject was not trained enough. 

• We were using placement 1 (ignoring Cz) while Cz would have contained 

differentiating information among classes.  

• We were directly acquiring 4 class data that is challenging for the subject. 

Then to evaluate the issue faced during data acquisition, we tried following things: 

1. We evaluated accuracies suing 16 channels on online available dataset 

(k3b, BCI competition III dataset IIIa) to see if the accuracy falls 

significantly. But the drop in accuracy was negligible indicating that the 

issue is not with the electrode placement system 2 (including Cz).  

2. We used automatic marker placement and two class acquisition using 

OpenViBE to make sure there are no timing issues. This helped. 

3. We shifted to actual hand movements rather than imagined to see if these 

get detected. We got as high as 88.5% for 2 class motor actions (left arm vs 

right arm). It is also noted that the intra-trial results are better because if 

electrode placement shifts a bit accuracy of the system drops. 

http://docs.openbci.com/Tutorials/01-Cyton_Getting%20Started_Guide
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Given is the table that gives the details of acquired data in the zipped file 

“Acquired_data”: 

Subject Session 

S0 

Action/Imagined Classes Placement Format Markers 

placement 

G01S01 1,2,3,4 Imagined 4 1 gdf manual 

G02S01 1,2,3,4, 

5,6,7,8 

Imagined 4 1 gdf manual 

G01S02 1,2,3,4, 

5,6 

Imagined 2 2 gdf automatic 

G01S02_a 1,2,3 Action 2 2 ov automatic 

G01S02_a2 1,2 Action 2 2 ov automatic 

 

Good Data:  

We got good results (84.5%) when we trained the online system on G01S02_aS03 

and tested the system on G01S02_aS01 and G01S02_aS02. Even better results 

(91%) were obtained when training was done on G01S02_a2S02 and testing on 

G01S02_a2S01.  
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Resources for purchasing EEG skin preparation equipment: 

Address: Impact International, Lahore 

Contact no: 0322-4268798 

Ten20 Gel 8oz : price Rs. 3000 

Nuprep 4oz : price Rs. 1500 

Delivery charges: Rs. 150 
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