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Abstract 

Medical Signals are considered as vital signs for internal operations of the human body. 

By closely observing and analyzing them we could infer the state of any important 

organs like Heart, Lung, and Brain etc. From all these medical signals 

Electroencephalogram (EEG) is most complicated to understand. These signals are 

measured at the different location of head surface and contain different frequency 

components in them with lower amplitude than any other medical signal. Another 

important characteristic of EEG is that when we measure them at any one location it 

contains signal with superimposition of signals far from measuring site. This all factors 

makes EEG the most challenging signal to analyze and interpret. But if we do handle 

them carefully we can create an interface that can help persons with several amputees 

to their limbs. This interface is called Brain Computer Interface (BCI). Essentially this 

system is rehabilitative in nature so we can reinstate their partial limb movement. In this 

research work, we have focused on EEG signals and its end application is to determine 

movement of the upper limb.  

Analysis of medical signal is done on signal attributes, which may be either frequency, 

amplitude, time-frequency combine or any specific event. This analysis can be done by 

various means but all signals are embedded with nonlinearity so, if we want to 

categorize the signal than artificial intelligence is best suited for this purpose. We are 

focusing on EEG signals whose main attributes are frequency and event related to some 

activity of the brain. So to analyze such signal we can use their time-frequency 

combined characteristic as features for artificial intelligence. The advantage of artificial 

intelligence over other classification method is that it can adapt to any nonlinearity 

present in the signal. For BCI application we need to localize the source of different 

activity in the brain so that we can improve the prediction of movement. Since different 

individual’s signal attribute are different which makes a generalization of algorithm very 

difficult. It is possible that algorithm which works on anyone database might not 

produce the same result for another. This can be eradicated if we design an algorithm 

by considering individual subject constraints. We have proposed a novel approach 

which localizes source in spatial as well as temporal domain. We have considered the 

individual anatomical structure to localize brain source in the spatial domain. While 

using Artificial intelligence we have localized source in the temporal domain.  
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Introduction 

1.1 Overview 

Medical Signals are considered as vital signs for internal operations of the human body. 

By closely observing and analyzing them we could infer the state of any important 

organs like Heart, Lung, and Brain etc. These signals are having various characteristics 

like their frequencies are different their amplitudes are also in different range, which 

makes them unique. That means we have to implement different strategies to extract 

information from signals. Selection for signal processing algorithm also depends on 

broad application area like rehabilitative or clinical. In case of clinical purpose frequency 

of interest in signal changes as to rehabilitative purpose. Whereas in the case of 

rehabilitative not only frequency but the amplitude of signal also matters. In some of the 

clinical application occurrence of the particular event also matters. Overall from the 

above discussion, we can conclude that we have to first choose features in accordance 

with the application. This feature can be categorized in either frequency domain (EMG, 

EEG) or time domain (ECG, EEG) or spatiotemporal domain (EEG). 

From all these medical signals Electroencephalogram (EEG) is most complicated to 

understand. These signals are measured at the different location of head surface and 

contain different frequency components in them with lower amplitude than any other 

medical signal. Another important characteristic of EEG is that when we measure them 

at any one location it contains signal with superimposition of signals far from measuring 

site. These make the most challenging signal to analyze and interpret. But if we do 

handle them carefully we can create an interface that can help persons with several 
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amputees to their limbs. This interface is called Brain Computer Interface (BCI). 

Essentially this system is rehabilitative in nature so we can reinstate their partial limb 

movement. So in this research work, we have focused on EEG signals and its end 

application is to determine the movement of the upper limb.  

Analysis performed on EEG signals is based on either frequency, amplitude or time-

frequency combined for any specific event. So to analyze such signal we can use their 

time-frequency combined characteristic as features. For BCI application we need to 

detect movement related to the limb from EEG signals. Since different individual’s 

signal attribute are different because they possess variation in anatomical structure, 

which makes a generalization of algorithm very difficult. It is possible that algorithm 

which works on anyone database might not produce the same result for another. In 

general, all the available BCI algorithms are giving the least concerns to above 

anatomical constraints. These algorithms either use any statistical method like 

Independent Component Analysis (ICA) or Filtering method like Common Spatial 

Pattern (CSP), Wavelet or event-related potential detection based method. Some of the 

above methods perform well on the particular environment but fail to generalize, since 

they don’t use anatomical structural information. As discussed earlier different 

individual have different physiological parameters so, naturally their signals will 

fluctuate and algorithm designed for a particular feature may fail. This algorithm 

designed to detect particular motor activity from EEG recordings. 

We need to address the issue of non-linearity related to person to person bases as well 

as a generalization of the algorithm. This can be attained if we design an algorithm by 

considering individual subject constraints (i.e. Volume conduction from the brain to the 

scalp, electrode location on scalp surface) and subject to subject variation (i.e. activity 

at that particular channel on scalp surface). Subject to the subject we can determine 

effective region on the scalp surface for particular motor activity. Individual constraints 

can be addressed by detecting the activity of the brain by using spatiotemporal mapping. 

Here we have proposed a novel approach which localizes source in spatial as well as 

temporal domain. The spatially signals localization is done by using the inverse 

projection method, which utilizes anatomical structural information in the form of MRI 

data. After spatially localizing the signal we get information about effective electrode 

on the scalp surface. From this information, we perform temporal localization by using 

Long Short term memory artificial neural network (LSTM). 
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In this work, we have utilized different inverse projection method as well as a different 

method for temporal localization ranging from Support Vector Machine to ANN. These 

methods are further discussed in subsequent chapters. So here EEG data analysis for 

BCI application is done on two stages. First stage deals with reduction of EEG channel 

and second stage concerns about determining performed motor activity. 

Acquiring EEG signals from an individual is a challenging task because the slight 

deviation in the placement of electrode changes end result. Other challenges are related 

to process such a large amount of data, nonlinearity related to individual and 

nonlinearity related to volume conduction onto scalp surface. 

1.2 Outline of The Thesis 

The remaining thesis is organized in the following chapters:  

Chapter 2 Provides whole background information related to the research topic. It 

covers state of art for our topic and extensive literature survey of the method used to 

date. It also covers shortcomings of those methods and interpretation of those methods. 

From this literature survey, we have inferred conclusion and later identified problem 

statement and objective of the work is defined. 

Chapter 3 Covers methods of data acquisition of used database in our work as well as a 

real-time database that we have gathered from GMERS, Gandhinagar. Different head 

models of Electrodeposition are discussed. Different databases used here are from 

different institutes so their methodology is also distinct. A common framework is 

provided to use those diverse databases which are also discussed in this chapter.  

Chapter 4 Provides extensive discussion as for why we have utilized particular 

methodology in our work, its merits and demerits are discussed. This chapter also 

contains pre-processing of signals as well as identification of spatial domain of motor 

activity of a particular person and post-processing in the temporal domain. We have 

used two different databases and tested the proposed algorithm and validated the 

algorithm from real-time data gathered from GMERS.
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Chapter 5 Results of algorithm tested on different databases and real-time data is 

discussed here. Comparison of inverse projection methods as well as different artificial 

intelligence algorithm used is discussed here. It also covers discussion related proposed 

methodology and how we removed some of the shortcomings of the method discussed 

in chapter 2. 

Chapter 6 Covers Conclusion of work, future scope of the work and major contribution 

of the thesis. Followed by journal publication and references.  
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Background and Literature Review 

2.1 Background 

A person with upper or lower limb amputee losses his ability to perform day to day life 

functioning. This can be partially restored by using a rehabilitative technique like Brain-

Computer Interface (BCI). The aim of BCI is to determine movements by analyzing 

scalp signals (i.e. invasively /noninvasively) of a person with an amputee. Generally, 

noninvasive methods are cost-effective and create less discomfort for the patient. 

Several invasive methods are also available which requires surgery and extra precaution 

required because there is a chance of infection from the outside environment. So in our 

work, we have focused on the noninvasive method of BCI. Even though the noninvasive 

method requires extensive training so as to improve classification accuracy. In the 

noninvasive method, we have used EEG signals to determine or predict particular limb 

movement. EEG measurement is quite tricky since the amplifier comes with a different 

number of channel and sampling rate is also different. Then comes EEG channel 

location selection because 10/20, 10/05 and 10/10 electrode coordinate system is 

available. Selection from this coordinate system is critical because volume conduction 

to scalp surface is nonlinear. EEG waves are divided into several frequency bands based 

on their characteristics (i.e. 0-4Hz Delta, 4-8Hz Theta, 8-12Hz Alpha, 12-30Hz Beta). 

From all these bands only two bands are useful for BCI applications Alpha and Beta, 

Alpha refers to the ideal activity of brain whereas Beta band appears inactive brain parts. 

This elementary information forms the basis for most of BCI application. So in order to 

detect any activity, we have to look for beta rhymes throughout all scalp electrodes. But 
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this task is not simple to implement because of superimposition of all brain activity on 

all electrodes plus person to person electrical activity at scalp surface varies. 

Nonlinearity involved with BCI makes it challenging to realize. 

2.2 State of the art 

In BCI application we have focused on Noninvasive methods only so, we have done 

literature review accordingly. BCI algorithm can be roughly classified on the basis of 

their feature extraction algorithm. These features can be classified based on either 

frequency domain, time-frequency domain or statistical. Sang-Hoon Park et. al. have 

divided frequency band into sub-band of 4Hz each starting from 4Hz to 40Hz. In their 

approach, they have applied Common Spatial Patterns (CSP) on each subband in order 

to extract features. CSP is a filtering technique which finds an optimal filter which 

maximizes variance for one class and minimizes variance for other class. Wide 

frequency band should be selected for CSP because band effective band changes on 

individual bases. They have mentioned that small sample setting performance of CSP 

decreases so they have used Regularized-CSP. Followed by ensemble classifier for 

classifying movement. In another paper of Sang-Hoon Park et. al. they have used sub-

band regularized CSP using small sample selection for motor imagery (MI) detection[1].  

Jun Lu et. al. have implemented an approach where Adaptive Spatio-Temporal (AST) 

method which does the temporal filtering with a Gaussian kernel. Gaussian kernel 

models smooth change in movement-related potential in the signal. Spatial filtering done 

by Linear Ridge Regression (LRR), this method performs classification and regression 

task simultaneously. AST frame work’s optimal parameters of the spatiotemporal filter, 

including the center and radius of the Gaussian kernel and the regularization coefficient 

of LRR, are automatically estimated by minimizing the error of leave-one-out[2].Proloy 

Das et. al. have improvised the concept of spectral analysis using an overlapping sliding 

window with multi-taper analysis. They have proposed a dynamic Bayesian multi-taper 

spectrum estimation technique. In their approach, they have avoided the use of 

overlapping windows by modeling and estimating the dependence of the spectra across 

windows using state-space models while retaining the favorable leakage properties of 

the multitaper analysis. State space models in the context of multitaper analysis result 

in the adaptive weighting of the Estimates of the Eigen-coefficients or Eigen spectra 

across windows. 
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These adaptive weights depend on the common dynamic trends shared across windows 

and hence result in capturing the degree of smoothness inherent in the signal while 

producing estimates robust against uncertainties due to observation noise and limited 

data[3].  

Pawel Herman et. al. have provided a comparative analysis of all approaches related to 

the spectral feature used for classification of imagery movement. They have tested 

features from Power Spectrum Density (PSD) (Fourier Transform), Short-time Fourier 

Transform (STFT), Continuous morlet Wavelet Transform, Daubechies wavelet 

decomposition, and autoregressive model. Along with Linear Discriminant Analysis, 

Support Vector Machine (SVM) and SVM with the Gaussian kernel as a classifier. They 

observed that PSD gathers feature which is far more effective than any other method. 

And for classification SVM with the Gaussian kernel is the best classifier among they 

have tried[4].  

Several researchers have used statistical features set for classifying movement from 

EEG data. Linsey Roijendijk et. al. have proposed an algorithm that uses the Sensor 

covariance matrix. This matrix method has reduced two staged supervised learning into 

one stage with added whitened covariance matrix so that all feature gets equally 

amplified. Johanna Metsomaa et. al. used independent component analysis method to 

classify evoked potentially related to movement. They have implemented momentary-

uncorrelated component analysis (MUCA) to separate out multi-trial EEG/MEG data 

into momentary-uncorrelated components, i.e., components that are uncorrelated at each 

latency after the stimulus. MUCA is based on the estimated Approximate Joint 

Diagonalization (AJD) of covariance matrices estimated at separate latencies of the 

evoked data[5]. 

Jaime F. Delgado et.al. have utilized two statistical methods Conditioned Random Field 

(CRF) and Latent Dynamic CRF to investigate motor imagery signals. CRFs can in 

principle be used to model the dynamics of sequential data, although CRFs can model 

the extrinsic dynamics of the data (or features), which in asynchronous BCI corresponds 

to dynamics across different tasks, they lack the ability to model intrinsic dynamics. So 

to address this problem they have used CRF plus hidden state to model intrinsic and 

extrinsic dynamics simultaneously[6].  
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Vikram Shenoy et. al. have a reduced number of the channel by utilizing an iterative 

multi-objective optimization for channel selection (IMO CS) approach[7]. This 

approach selects effective channel iteratively by utilizing anatomical and functional 

relevance in EEG data. They have implemented several other data reduction technique 

and checked their performance against the proposed approach. The proposed approach 

yielded good result as compared to other methods because this approach uses a reference 

point-based iterative method to determine the optimal solution. In this procedure, the 

channel weights and the objective function are updated in every iteration. 

Another domain of interest in EEG signal analysis is source localization which detects 

an active region in the brain from EEG data. These methods use anatomical structure to 

create a forward solution of the brain and its compartment. And then inverse projecting 

data back to a source located in the brain. Barry D. Van Veen et. al. have implemented 

localization method based on spatial filtering[8]. Spatial filters are designed that pass 

brain electrical activity from a specified location while attenuating activity originating 

at other locations. The power at the output of a spatial filter is an estimate of the neural 

power originating within the spatial passband of the filter. A map of neural power as a 

function of location is obtained by designing multiple spatial filters, each with a different 

passband, and depicting output power as a function of passband location. Here the 

criterion to select filter coefficient is based on linearly constrained minimum variance 

(LCMV).  

J. Gross et. al. implemented Dynamic imaging of coherent sources (DICS) method uses 

frequency components to localize an active area in the brain[9]. In this method, cross-

spectral density is used in the same manner as in the previous approach. In this method 

two measures are computed at each grid point: first, the estimated power and, second, 

the estimated coherence with respect to a given reference point. One of the two measures 

is then thresholded and displayed together with the individual magnetic resonance 

images. Mosher John C et. al. have implemented multiple signal classification approach. 

In this approach dipolar localization is done in presence of non-dipolar sources and 

available dipolar sources’ with an unknown location, amplitude[10]. The presence of 

other dipolar and non-dipolar activity complicates the generation of a suitable gain 

matrix for a least-squares search. Multiple signal characterization (MUSIC) method is 

used to address this problem. But MUSIC also presents some shortcomings like 
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correlated noise, different head model, etc. So the writer has tried to resolve shortcoming 

by providing improvised MUSIC.  

Fa-Hsuan Lin et. al. have implemented a combination of a cortically constrained 

minimum norm estimate (MNE) and wavelet-based spectral analysis employing a 

complex Morlet wavelet[11]. Wavelets preserve a high temporal resolution in the 

gamma band at approximately 40 Hz necessary to image rapidly time-varying 

oscillations. This method finds effective frequency sources using wavelet over whole 

sensor space and they have used prior neural activation using fMRI so that correct 

localization power can be identified. Keyvan Mahjoory et.al. have implemented a 

different method from different toolboxes and compared their result[12]. They have 

implemented a spatio-spectral decomposition (SSD) method to localize active brain 

source. SSD method removes brain activity without strong alpha waves. 

Summary: 

The methods which consider only EEG data and location of electrode performs very 

good for one database but fails to accomplish the same results on another database. The 

reason behind such scenario is that anatomical constraints are different for different 

databases. This issue can be addressed by introducing anatomical information in form 

of MRI data of the subject. Using MRI we can create forward solution and then 

interpolate the EEG data by finding an inverse solution[9], [13]–[15]. This method can 

be useful for our application because it considers anatomical data and projects EEG data 

back to the source. 

By this method, we can localize active part of the brain using either of DICS or MNE 

or LCMV back projection method. Using this method we can localize the active source 

of the brain in the spatial domain. And for temporal domain localization, we can use a 

neural network or support vector machine like technique. This artificial intelligence 

technique will not only locate the active source in the temporal domain but also 

determine intended or actual motor activity from Brain EEG signal. In our work, we 

have utilized different Forward solution methods available and compared their 

performances. The same way we have tested different Inverse solution method for 

comparison purpose. Finally, a variety of artificial intelligence algorithm is tested for 

correct classification of actual movement.  
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2.3 Definition of the Problem 

EEG analysis methods for BCI applications are having the following problems: 

 Brain dynamics are non-stationary and superimposition of different signal sources 

on all sensor locations makes activity classification difficult. 

 Anatomical structure changes for different individual and so the algorithm suffers 

in generalization.  

 Generally, brain maps available are inaccurate so functional mapping of activity 

becomes difficult. 

 EEG signals amplitude are very minute and they are prone to noise arising from 

artifacts due to eyes and muscle activity around the head. 

 Larger channel count makes data of very large dimension, which is major concerns 

for any algorithm. 

2.4 Objective of work 

 To develop an algorithm for movement detection from EEG data which can be 

customized for the individual. 

 To test and implement different forward and inverse model to create realistic brain 

compartments and back project data. 

 To determine the region of interest on the scalp surface for an individual so channel 

reduction can be achieved. 

 To develop and compare the artificial intelligence (Support Vector Machine and 

various Artificial Neural network) based algorithms to classify nonlinear EEG data. 

 



EEG Acquisition 

 

11 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

EEG Acquisition and Databases 

EEG Data acquisition is the most important part of BCI because the placement of the 

electrode on a particular location is necessary. Another critical aspect is a number of 

channels used for the application. Motor activity controlled by a central part of the brain 

so ideally we should put an electrode on central region only, but in reality, they are 

placed all over scalp surface. The electrical activity taking place in any part of the brain 

gets the effect in every other channel, so to cancel out activity originating in another part 

of the brain we require all channels. The different amplifier uses different montage 

system so to test our algorithm on them we require knowledge of all configurations. 

This section contains information about the different databases used in this research 

work. 

 

3.1 EEG Acquisition 

EEG Electrode (Montage) System: 

Generally, the EEG amplifier has a different montage system according to required 

spatiotemporal resolution. Ideally, 10/20 systems are generally used for general 

applications of EEG. In the 10/20 system, we can place a maximum of 21 electrodes 

which shows in Figure 3.1(a). As shown in the figure the spacing between two electrodes 

is 20% of total Scalp surface starting from Nation to Inion. Electrode nomenclature is 

given in accordance to the different region the scalp surface as shown in the figure. In 

Frontal Region electrodes are denoted by Fx, where subscript x is Odd in Left 

Hemisphere and Even in Right Hemisphere. The same way other regions are denoted 
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like O1 (Occipital), P1 (Parietal), C1 (Central), T1 (Temporal), and FP1 (Frontal-Parietal). 

The middle electrodes are subscripted by z, which stands for zero. The 10/10 system of 

electrode placement is also available as shown in Figure 3.1(b). The difference between 

10/20 system is spacing between to electrode is 10% instead of 20%.  

 

Figure 3.1 (a) 10/20 EEG Montage System 

 

Figure 3.1 (b) 10/10 EEG Montage System 

The number of channels increased to 64 while using 10/10 system. As we increase the 

number of channels spatiotemporal resolution increases. Here in both the montage 
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systems can measure the signal in either Bipolar or Unipolar configuration. Bipolar 

configuration is mostly preferred where reference is taken from M1 (Reference) or A1 

(Reference) (behind ears). Even some amplifier can provide a reference between 

subsequent electrodes placed next to measuring one (i.e. Cz-Fz). Another available 

montage system is 10/5 configuration which is shown in Figure 3.2. This configuration 

can accommodate 128-256 channels. Their use is limited but can be used to populate a 

number of the electrode in a particular region. 

 

Figure 3.2 Realistic figure of 10/5 electrode system taken from Reference [16]. 

EEG Amplifier: 

Standard EEG amplifier has a resolution ranging from 12-14 bit available with some 

amplifier support Pre-amplification and Post-amplification options. They provide 

sampling rate ranging from 160 Hz – 250 Hz. We do not require more sampling 

resolution since the frequency of EEG signals don’t go beyond 80 Hz. Another aspect 

of the amplifier is its software interface. This interface provides basic signal analysis 

functionality like filtering signal in particular band, Providing Different Bipolar 

configuration and provides cueing by various means (Instruction to the patient). These 

systems are designed for BCI application so it provides queuing sequence of motor 
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movement to subject[17]. They provide the facility for an event marking which is very 

useful in the offline analysis of EEG analysis. The detailed queuing process is different 

for different Amplifier so, they are discussed in database section separately.  

 

3.2 Database-1 (Physionet Website): 

Database-1 is downloaded from Physionet.org website, created and contributed by 

Gerwin Schalk and colleagues at the BCI R&D Program[17], [18]. This database 

contains data of 109 Healthy individuals with approximately six different tasks with 

three trials of a particular sequence. Here two tasks were to open and closed eyes with 

the 160Hz sampling rate and data recorded for at least 1 minute. Remaining four tasks 

were described below[19] with queuing protocol. 

 

 On screen, an arrow appears on either side of the screen (left or right), subject 

opens or closes respective hand (left or right) until an arrow appears and then 

relaxes his hands. 

 On screen, an arrow appears on either side of the screen (left or right), subject 

imagines opening or closing of respective hand (left or right) until an arrow 

appears and then relaxes his hands. 

 On screen, an arrow appears on either side of the screen (upwards or 

downwards). The subject opens or closes, either both hands (upwards) or both 

feet (downwards arrow) respective. Subject perform the task until the arrow 

disappears and then relaxes. 

 On screen, an arrow appears on either side of the screen (upwards or 

downwards). The subject imagines opening or closing, either both hands 

(upwards) and both feet (downwards arrow) respective. Subject perform the task 

until the arrow disappears and then relaxes. 

 

These activities are encoded by Event Annotation in “.edf” format. This annotation 

includes three codes T0, T1 and T2, their corresponding movements are rest, left hand 

actual/ imagined movement and right hand actual/ imagined movement. Using this 

movement related annotation we can extract data for a particular movement from edf 

file in software like MATLAB. Table 3.1 below shows montage system used in this 

database.
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Table 3.1 Electrodes Used in Database-1 

Sr. 

No. 
Region Channel (with 10/10 montage configuration) 

1 Frontal 
FP1, FPz, FP2, AF7, AF3, AFz, AF4, AF8, F7, F5, 

F3, Fz, F2, F4, F6, F8 

2 Frontal-Central FT7, FC5, FC3, FC1, FCz, FC2, FC4, FC6, FT8 

3 Central T9, T7, C5, C3, C1, Cz, C2, C4, C6, T8, T10 

4 Centarl-Parietal TP7, CP5, CP3, CP1, CPz, CP2, CP4, CP6, CP8 

5 Parietal P7, P5, P3, P1, Pz, P2, P4, P6, P8 

6 Occipital PO7, PO3, POz, PO4, PO8, O1, Oz, O2 

 

In this database, we have utilized data related to upper limb movement only. In the trial, 

the subject has performed movement related to opening-closing hands 7 times per trial. 

For testing algorithm we have used 50 subjects’ data, so totally we have utilized 350 

instances of particular motor movement (left hand 350 instance and right hand 350). 

Before applying the algorithm on these instance basic analysis is done and their details 

are discussed in chapter-5. Our aim here is to develop an algorithm that can be 

customized according to the individual subject, so analysis performed on individual 

bases and grand averaged on all instances of the particular motor activity.  

 

3.3 Database-2 (BNCI Horizon 2020): 

Database -2 is downloaded from BNCI Horizon 2020 website, created by Patrick Ofner, 

Gernot Müller-Putz from Institute of Neural Engineering, Graz University of 

Technology[20]. This database contains EEG data of 15 healthy subjects with a mean age 

of 27 years. Out of 15 subjects, 9 subjects are females and only one subject is left handed. 

In this experimental setup, subjects were sitting on a chair with support on right hand to 

avoid muscle fatigue. The experiment conducted on two sessions on two different days 

and within the same week. Subjects have performed Motor Execution and Motor 

imagination task in two different sessions. Subjects have performed following different 

tasks.
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 Elbow Flexion. 

 Elbow Extension. 

 Forearm Supination 

 Forearm Pronation 

 Hand close. 

 Hand open. 

Table 3.2 Queuing Process of database-2 

Sr No. Activity Stimulus Duration 

1 No activity 
Cross on screen, 

Beep sound 
0-2 second 

2 Motor Execution/Imagine Cue on screen 2-5 second 

3 No Activity Cue on screen 5-7 second 

4 Subject back to starting position End of trial  

During each trial run, 42 trials of different activity were taken in accordance with the 

sequence shown in Table 3.2. There are total 10 runs of each trial sequence was taken. In 

this database, they have used 10/5 configuration with the customized region with 61 

channel EEG recording. The amplifier has filtered all channel data with 8th order 

chebyshev filter with a band of 0.01Hz to 200 Hz and sampled @ 512Hz. Along with 

EEG channels 3 channels of EOG with other movement related glove. Following Channel 

along with their region shown in below table 3.3: 

Table 3.3 Electrode Used in Database-2 

Sr. No. Region Channel  (with 10/5 montage configuration) 

1 Frontal 
F3, F1, Fz, F2, F4, FFC5h, FFC3h, FFC1h, FFC2h, 

FFC4h, FFC6h 

2 Frontal-Central 
FC5, FC3, FC1, FCz, FC2, FC4, FC6, FTT7h, FCC5h, 

FCC3h, FCC1h, FCC2h, FCC4h,  FCC6h, FTT8h 

3 Central 
C5, C3, C1, Cz, C2, C4, C6, TTP7h, CCP5h, CCP3h, 

CCP1h, CCP2h, CCP4h, CCP6h, TTP8h 

4 Centarl-Parietal 
CP5, CP3, CP1, CPz, CP2, CP4, CP6, CPP5h, CPP3h, 

CPP1h, CPP2h, CPP4h, CPP6h 

5 Parietal P3, P1, Pz, P2, P4, PPO1h, PPO2h 
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3.4 Database-3 (GMERS, Gandhinagar): 

Database -3 is generated from Medical College GMERS, Gandhinagar. For Generating 

Data we get approval from GMERS Institutional Ethics Committee for conducting a test 

on EEG machine available at their college. The EEG acquisition setup is based on 10/20 

electrode system. With total channel count of 18 EEG electrode. The amplifier has 21 

total electrode comes with pre-amplifier and filter of 100Hz. Sampling rate provided by 

Amplifier is 256Hz. The advantage of the amplifier is that it can detect the online 

impedance of particular electrode so we can check connectivity. It has the option to 

provide photic sequence protocol useful in queuing of activity.  

Queuing is customized to meet the requirement of our protocol. In the start of every trial, 

the subject is asked to open his eyes for 2 seconds followed by closing eyes for 2 

seconds, which can be used to remove eye artifact. The detailed queuing described in 

table 3.4 shown below: 

Table 3.4 Queuing Process of Database-3 

 

 

 

 

 

 

This queuing process is followed in every subject. In every trial, onset subject has 

performed two activity of opening and closing of hands. The hand remains open or close 

for 3 seconds of duration and events are marked accordingly. The data stored in EDF 

format with individual event marked. In data, each subject has performed both activities 

seven times in one trial onset.  

The hardware shown in the below figure 3.3 is available at GMERS, Gandhinagar. It 

contains 10/20 montage system with extra channels for other measurements like EOG, 

ECG etc. the hardware has the support of photic input which can provide visual stimulus. 

The setup comes with software capable of producing different lead configuration from 

the given montage system. The software has the capability to generate scalp maps based 

on frequency component as well as amplitude components. 

Sr No. Activity Stimulus Duration 

1 Eyes close Photic blink 0-2 second 

2 Eyes open Photic blink 2-4 second 

3 Rest Photic off 4-7 second 

4 
Motor execution of 

upper limb 

Photic on, 

beep sound 
7-10 second 
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Figure 3.3 EEG data acquisition Hardware 

The electrode used in our experiment with the region is shown below table 3.5: 

Table 3.5 Electrodes Used in Database-3 

Sr. No. Region Channel (with 10/20 montage configuration) 

1 Frontal FP1, FP2, F7, F3, Fz, F4, F8 

2 Reference A2, A1 

3 Central T7, C3, Cz, C4, T8 

4 Parietal P7, P3, Pz, P4, P8 

5 Occipital O1, O2 
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Figure 3.4 Actual image of data acquisition 

Figure 3.4 contains Subject with hardware setup to acquire movement related data from 

EEG. 
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Proposed Methodology 

The methodology proposed here predicts which motor activity is executed by subject by 

analyzing EEG data of the subject. This prediction form the basis for BCI application. 

Several BCI applications are available but as discussed in chapter 2, it is required to add 

information of anatomical structure in the analysis. By adding this structure in the 

algorithm, it becomes robust which is verified by testing algorithm on three distinct 

databases. To detect motor movement from EEG signal we have employed Spatio-

temporal localization approach. To spatially localize source in the brain I have used 

source reconstruction technique[9], [21]–[24]. And to localize movement in the 

temporal domain we have used Artificial Intelligence Techniques.  

 

Figure 4.1 Proposed Block Diagram
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Our work divided into two parts of spatial domain processing and temporal domain 

processing. In spatial domain processing, we will identify Region of interest (channels 

produces maximum difference during motor movement) from scalp surface. The same 

phenomenon can be extended to the individual level and we can recognize the ROI of 

the individual. So we can provide customized a solution to individual and effectively 

make the algorithm robust. In temporal domain processing, we will utilize channels 

from ROI of a particular individual and perform classification using AI. 

4.1 Spatial Domain Processing 

In spatial domain processing, we want to determine the region of interest. In our work, 

we have implemented Source reconstruction method. We will reconstruct the sources 

inside the brain volume that underlie the measured signal. This reconstruction process 

is divided into two parts Forward model generation and inverse source projection[15]. 

In a forward model generation, we will construct a forward model with the help of 

Individual MRI data. Since MRI collection is an expensive procedure we have used 

standard colin MRI as a standard MRI for all computation[25]. Once the forward 

solution is ready we can project EEG data back to the brain and localize source in the 

spatial domain. 

4.1.1 Forward Solution 

The forward model generally contains details about neural current propagation from a 

cortical source in the brain to Scalp Surface. For knowing above detail we require 

knowledge of geometry and electrical conductivity of different part of brain i.e. Skull, 

Scalp, and Brain etc[26], [27]. It can be done by getting individual geometric data from 

MRI structure of persons own brain. Mostly MRI is expensive to process so the 

generally colin27 head is taken as an anatomical template for getting geometric 

information. We can extract different parts anatomical data out of MRI structure which 

is then used for further processing of the forward model.  

 After extracting different fields of the brain it is required to create the head model. 

Different methods are available to create head models:  

 Boundary Element Method (BEM) 

 Finite Element Method (FEM).  
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There is a significant difference between these two techniques, BEM requires less 

computational effort as compared to FEM. Other major difference is that anisotropy and 

other structure of neighboring tissue to an electrical source are neglected in BEM but 

can be addressed by using the FEM method. In other words, the conductivity of tissue 

surrounding electrical source is considered as constant for small regions and realistic 

representation is ignored. BEM is a tradeoff between oversimplifying structure and 

mathematical solution of the spherically symmetrical structure. This model will utilize 

a mean conductivity of small tissue regions[22], [28]. Even we can use an analytical 

solution as we can use in the concentric sphere method.  So by replacing the realistic 

structure of brain by symmetrical spherical structure saves computational cost.  

4.1.1.1 Boundary Element Method: 

The BEM needs a detailed structure of compartment surfaces by closed triangle meshes 

with a limited number of nodes. This is due to the restricted computational power and 

the memory constraint for storing the huge BEM-system matrix. The computational 

power to decompose the BEM-matrix is proportionate to the third power of the number 

of nodes, while the accurateness of the BEM is roughly proportionate to the number of 

nodes representing the realistic model. In our work, we have created three spherical 

model with brain, skull, and scalp with 3000, 2000, 1000 number of vertices 

respectively. We have utilized a realistic head model by taking volumes from MRI 

sections by segmenting it. The calculation of conductivity is done by averaging 

surrounding virtual triangles. That means neighboring triangles conductivity is averaged 

to determine current triangles conductivity[22].  

 After determining the conductivity of all tissues in accordance with vertices, we can 

define the electrical potential of a current source in the inhomogeneous medium of 

different conductance. If we divide parts of the scalp. Skull and brain into close surface 

Sui (i = 1… ns) into ns triangles, each having different conductivity φjin. The electric 

potential can be defined by the following equation: 
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                        (4.1.1) 

Where V0 is potential at the source,  

φ0 is conductivity of medium, 

φk is mean conductivity of inner and outer medium  

And Δ φi is a difference of conductivity between inner and outer medium. 

 

The electrical field can be calculated by two integrals over the closed surface Si with 

respect to differential surface element dSi’ and surface orientations n at position r’. The 

surfaces here are described by triangles and integrals are replaced by summations over 

these triangle areas. Above equation can be written in the following form for the sake 

of implementation.  

 
1
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                                             (4.1.2) 

Here we can find a matrix T that relates sensor signal at scalp surface with potential at 

source according to the following equation. 

 
1

0 0  with V TV T C 


                                                (4.1.3) 

The column vector V0 contains potential value V0i at each position ri in medium with 

conductivity φ0 and V0i can be defined by the following equation. 

0 3

0

1

4

i j

i

i j

r r
V j

r r





                                                    (4.1.4) 

Where rj is dipole position and j is current. 

So with this equation, we can determine the forward model required for our approach. 

 

In figure 4.1 the value of Triangle T4’s conductivity C4 is determined by averaging 

conductivities of neighboring triangle T1, T2, and T3. This figure illustrates the basic 

implementation of BEM method.  
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Figure 4.2 Conductivity Approximation by BEM method 

4.1.1.2 Finite Element Method 

The use of BEM model assumes all the tissues are homogeneous and isotropic between 

boundaries of different layers. So in order to accommodate the heterogeneous structure 

of head we use FEM method which can provide conductivities to all tissues[10], [29], 

[30]. This will increase accuracy as well computation load on the system. For the 

implementation of the FEM model there are several methods available which are as 

follows [30]:  

 Direct Method 

 Subtraction Method 

 Saint Venant’s Method 

There are two major problems related to FEM, firstly the Numerical singularity and 

secondly numerical instability near the boundary of two dissimilar tissues. Above 

methods solve the first problem properly but for solving second problem Venant’s 

method is suitable. Mostly in FEM activity of the brain is modeled by current dipoles 

method. The pair is characterized by a pair of monopoles with equal magnitude and 

opposite polarity separated by distance l expressed by the following equation. 
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sin( ) ( )p source kj I p p p p     
 

                                               (4.1.5) 

Where jp is current density due to source and sink monopole. Here we can introduce a 

moment vector B applied at the middle of Source to sink p0. 

0 0( ) ( )pj Il p p B p p                                                     (4.1.6) 

Using the above equation we can determine nodal potential V. 

pdiv V divJ  
 

                                                                (4.1.7) 

Finally, if we want to generate a forward solution for EEG, we have to integrate different 

part of the head using different radius and different conductivity of the respective 

medium. Suppose we consider N layers of the head with radii ri and conductivity σi (i 

= 1…N). Now we define a column of potential V for the different node as follows: 

1

( , , ) ( , , )
n

i i

i

V x y z V x y z


                                                       (4.1.8) 

Where ϕi is basis function,  

Vi is a potential function at node i in n vertices.  

Following equation provides finite element formulation for above equation 

pVd div j d
 

                                                               (4.1.9) 

Linearizing above equation we get 

iKV J                                                                            (4.1.10) 

J we get by integrating right-hand side of equation 4.1.9 and K is stiffness matrix. So 

finally we get the required equation for generating the FEM model now singularity 

problem can be solved by a direct method and boundary problem can be solved by 

vanent’s approach their derivation is as follows: 

i pVd j d
 

                                                             (4.1.11) 

Above equation is for direct implementation. The right-hand side of the equation is 

defined only for nodes which contain dipole in it otherwise it is considered zero.  
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Figure 4.3 Conductivity approximation by the FEM model 

In venant’s method dipole of direct method is replaced by monopoles placed around 

dipole position p0. Dipole moment B is refined by multi-pole moment T defined in the 

following equation  

0( ) pvT p p J d


                                                            (4.1.12) 

Where pv denotes the position of monopoles  

J is volume current density.  

Above equation can be discretized for each monopole in volume. 

0 0

1 1

( )
k k

v vv v v
v v

T p p j p j P j
 

                                              (4.1.13) 

Here k is a number of monopoles,  

Jv is the value for monopole,  

Pv0 is the vector to real dipole from P0 and P is all distances from P0.  

 

So these two methods are mostly used and even analytical method like a concentric 

sphere is possible. In our work, we have used the BEM and Concentric sphere method 

since they have minimum memory requirement. Using the above methods following 

triangulated anatomy is generated with conductivity for each type of tissue. The lead 

field is created by combining data of electrode location and BEM volume. These lead 
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field will provide a connection from scalp surface to a dipole in the volume for our data 

we got 11260 dipoles modeled inside the brain and folding cortex surface. It will also 

model nonlinearity associated with the cortex field’s volume conduction so we can 

localize activity. 

 

Figure 4.4 Skull Surface Generated by BEM Method. 

 

Figure 4.5 Scalp Surface Generated by BEM Method 
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Figure 4.6 Brain Surface Generated by BEM Method 

4.1.2 Inverse Solution 

EEG source brain mapping is done by projecting data onto-model generated by the 

forward solution. The forward model requires lead field mapping in order to back 

project data. In Forwarding model lead field mapping done by placing several dipole 

sources at fixed location and orientations in cortical surface [11], [29].  For this fixed 

location and orientation, the relation can be drawn between source moments and EEG 

data can be given by the following equation. 

M GJ b                                                                 (4.2.1) 

Where M is a column vector gathering the measurements on NM sensors at a given time 

instant,  

J is an N column vector made of the corresponding dipole moments,  

G is the NM × N gain matrix, the rows are the lead-fields computed from the cortical 

source grid and b is a perturbation vector.  

The problem with the said approach is that the number of sensor sets is limited so 

corresponding G dipoles are ill-conditioned and create a discontinuity in solution. One 

way to address such an issue is the use regularization scheme. These schemes are also 
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called inverse procedure. The cost function can be defined for regularization of such 

equation to minimize the least square of the cost function 

2
( ) ( )

min( ( ))

R

J

C J M GJ L J

J C J

  


                                                 (4.2.2) 

Where R is covariance matrix, λ is scalar balances data term (M-GJ) and prior term 

(L(J)). R-weighted least-squares expression as follows: 

2 1( ) ( )t

R
M GJ M GJ R M GJ                                            (4.2.3) 

Following methods normally employed with the above method to inverse project the 

data. 

 Linearly constrained minimum variances (LCMV)[8] 

 Dynamic Imaging of Coherence Sources (DICS)[9] 

 Minimum Norm Estimates (MNE)[10] 

 Partial Canonical Correlation/Coherence (PCC) 

 Standardized Low-Resolution Electromagnetic Tomography (SLORETA) 

 

From the above methods, we are interested in LCMV, DICS and PCC methods since 

they localize brain activity base on the particular frequency band. They detect the power 

of the particular frequency band and locate active dipole from the forward model. 

LCMV based on localization method based on the principles of spatial filtering. Spatial 

filters are designed that pass brain electrical activity from a specified location while 

attenuating activity originating at other locations. The power at the output of a spatial 

filter is an estimate of the neural power originating within the spatial passband of the 

filter. The current dipole is a key component of our model relating the surface 

measurements to the underlying neural activity. An individual active neuron is 

reasonably modeled as a current dipole. Here we have constructed three spatial filters 

for each location so that we can accommodate three component dipole moment. We 

define the spatial filter for the narrowband volume element R0 centered on location r0 

as the Nx3 F(r0) matrix and let the three component filter output O be the inner product 

of F(r0) and x. 
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0( )To F r x                                                                (4.2.4) 

 

An ideal narrowband spatial filter satisfies 

0

0 0( ) ( )  
0

T

r r
I

F r H r r r

r 




 
 

                                                       (4.2.5) 

Where ε represent total brain volume,  

Above condition must be satisfied by to find a filter that maximizes variance at a region 

which has maximum activity and minimizes it otherwise. So constrain mathematically 

describe is follows 

0 0

0

0 0

min
( ) ( ) ( )

( )

 to ( ) ( )

T

T

tr F r C x F r
F r

subject F r H r I

  



                                                       (4.2.6) 

Where C is covariance of input x.  

Now we can find F(r0) using the following equation 

1
1 1

0 0 0 0( ) ( ) ( ) ( ) ( ) ( )T TF r H r C x H r H r C x


                                         (4.2.7) 

To perform localization, we estimate the variance or strength as a function (given below) 

of location within the volume of the brain. This is accomplished by evaluating below as 

a function of Regions of large variance presumably have substantial neural activity, 

while regions with small variance can be considered inactive. 

 
1

1

0 0 0( ) ( ) ( ) ( )TVar r tr H r C x H r


                                             (4.2.8) 

DICS method also works on frequency dependent data as in LCMV but instead of 

correlation, DICS uses the cross-spectral density of scalp EEG. DICS employs a linear 

transformation defined by the matrix A, which, when applied to the measured data, 

passes the activity in a specific frequency band of the sources at position r with unit 

gain, while suppressing contributions from all other sources. These characteristics can 

be formulated as a minimization problem as follows: 
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 2 2
min exp  subject to ( )AF A AL r I  

 
                             (4.2.9) 

Where exp is expectation value F contains Fourier transform of data and  

L(r) contains forward solution of the unit dipole at r. here we are required to derive 

matrix A 

1 1 1( , ) ( ( ) ( ) ( )) ( ) ( )T T

r rA r f L r C f L r L r C f                                (4.2.10) 

Where Cr is cross-spectral density matrix averaged for f frequency.  

We get cross spectral density by multiplying transpose of A with reference signal’s 

spectrum to get Cs. Finally, signal to noise ratio is projected to determine active region. 

Using this active region we can determine Region of Interest (ROI) on scalp surface. In 

other words, this ROI on scalp surface can be interchangeably used as point spread 

function estimation. Point spread function is nonlinear and changes its location on 

subject to subject basis. That means individuals have different spread function and using 

this method we can determine it. This can be advantageous for our application because 

we can customize the algorithm on an individual basis. So individual will have different 

ROI. For further processing can be done on electrodes located in ROI only. This is a 

very important step because it can greatly reduce the number of channels. After this 

step, only a few channels will be required to predict the movement of the limb. In this 

way, we have incorporated anatomical structure in our algorithm and performed spatial 

domain processing.  

4.2 Temporal Domain Processing 

In temporal domain processing, we will get a prediction of movement by using Artificial 

intelligence technique. We get a reduced number of channels after spatial domain 

processing. This channels can be located at a different position for the different 

individual. We have utilized three different montage system as described in an earlier 

section. So channel location has variation in accordance with the montage system used. 

Their results are discussed in the next chapter. For example, if the data is from 10-20 

system than a number of channels in ROI could be 2-3 at max. But if the data is from 

10-5 montage system than a number of the channel could be 5-6 or more number is also 

possible. In temporal domain processing, we have to deal with such variation in the 

channel.  
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Our task here is to provide a framework which can produce feature from a different 

number of channel. But this will increase the complexity of the algorithm. So the 

solution for this situation is to produce a different feature set in accordance with the 

montage system used in the database. And finally, use a classifier to obtain predictions. 

For feature extraction, we can use a Statistical method like Principal Component 

Analysis and classify data using Discriminant analysis. We can also use a unified 

framework like Artificial Neural Network or Support Vector machine to directly 

provide classification from EEG data. Using spatial domain processing we have reduced 

the number of channels so simpler algorithms can also produce robust results. In our 

approach we have used the following methods:  

 PCA and Linear Discriminant Analysis 

 SVM with different kernals 

 Deep learning network (LSTM) 

4.2.1 PCA and Linear Discriminant Analysis 

Principal Component Analysis used for finding statistical features from any given 

database. It provides weight to most distinct features in accordance to their eigenvalue. 

It reduces the dimension of data without losing important information. After applying 

PCA to any data we get Principal Components (PCs), these components are 

transformations of uncorrelated variables from a correlated variable[31]. Following 

steps are there to find principal components (PCs) from data.  

 

Figure 4.7 Principal Component analysis Process. 
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The feature selection is done based on highest Eigen Value, which provides a measure 

of feature weight. If we add all Eigenvalue than it becomes one and maximum 

weightage is covered in topmost Eigen Values. Based on this we reduce the number of 

features because we have the option to select dominant features. This features than 

supplied to Discriminant analysis for classifying. Generally, the Discriminant analysis 

is used to discriminate a continuous variable in groups of two or more classes. That 

means we provide features to Discriminants analysis, and it will classify the movement 

of the upper limb. Following is a mathematical formulation for Linear Discriminant 

analysis. 

LDA transforms higher dimensional data onto lower dimensional data using 

transformation function. Following scatter matrices forms objective function to 

determine interclass distance Sw and between classes distance Sb: 

1

( )( )
p

k
T

i p p

p x

S x m x m
 

                                                               (4.2.1) 

1

( )( )
k

T

b p p p

p
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                                                               (4.2.2) 

Where 
1

 mean of pth class
p

p x
p

m x
n 

   and 
1

1
 global mean

p

k

p x
m x

n  
     

In above equations πp is classes and np is data points from pth class. Here required 

transformation objective function is to minimize inter-class variation and maximize 

between class distances. The results are discussed in the next chapter.  

4.2.2 SVM with Different Kernels 

Support Vector Machine provides a separation linear or nonlinear Hyperplane for 

different classes in data. SVM can provide this separating hyperplane for 

multidimensional data as well[32]. SVM basically works on the principle of transferring 

input data to nonlinear feature space which produces a maximum distance between 

classes. This idea can be further extended to a kernel function which can map input data 

to particular feature space. The basic mathematical formulation is discussed below. The 

equation on hyperplane f can be written in the following the form: 
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( ) ( )
l

i i i
i

f x sign y x x b


                                                   (4.2.3) 

Where αi real value depends on xi and b is bias. 

The kernel function is used as a transformation function which transfers input data to 

nonlinear feature space. This nonlinear feature space than being separated by liner 

Hyperplane. We utilize a nonlinear transforming function ϕ based on either polynomial, 

radial bias function or sigmoidal function[33].  

 

Figure 4.8 Mapping of input space to feature space by non-linear function 

For example, if input data is x and feature space is y than we can introduce a kernel 

function k which is a direct product of both spaces.  

( , ) ( ) ( )k x y x y                                                                (4.2.4) 

The right-hand side of the equation is very difficult to compute, so we can approximate 

kernel according to the below-given equation.  

( , ) ( . )dk x y x y                                                                     (4.2.5) 

Above equation is based on a polynomial function which can be implemented using 

equation 4.2.4 and can be mapped to feature space.  

2 2( , ) exp( / (2 ))k x y x y                                                           (4.2.6) 
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Above equation represents kernel function for Radial Bias function which is nonlinear 

in nature. The σ is used as a radius function which can be also used as a deviation. 

( , ) tanh( ( ) )k x y x y                                                     (4.2.7) 

Above equation forms the basis for sigmoidal function. This also nonlinear function. In 

most of the cases, Radial Bias Function and polynomial functions are generally used. In 

our approach also we have used both kernel functions.  

4.2.3 Deep Learning Network (LSTM) 

The artificial neural network has been used to solve a variety of problems ranging from 

classification to time series forecasting. In our work, we have utilized the neural network 

for identification of EEG’s event-related potential. Such a work network should have 

capabilities of remembering the event. Recurrent Neural Network (RNN) has the 

capability of remembering the short sequence of time. RNN’s structure has delays which 

are directly connected to the hidden layer. This time delayed property helps the network 

to remember short events. But with the introduction of delay network suffers from 

several problems like decaying of gradient and blowing up of gradient [34], [35]. This 

Problem can be solved by utilizing Long Short-Term Memory (LSTM) Neural Network 

[34], [36]. LSTM replaces the hidden vector of RNN with the memory block. These 

memory blocks are typical blocks which have separate ‘input’, ‘output’ and ‘forget’ 

gates. These gates regulate interaction with the conventional RNN’s data flow that 

removes the recurrent connection. As shown in figure 4.9. 
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Figure 4.9 Conventional RNN with Forget Node 

 

Figure 4.10 Internal Cell Structure of LSTM 



Temporal Domain Processing 

  

37 

 

The comparable analogy is shown in figure 4.9 of LSTM basic Cell structure. The Cell 

state is controlled by combined effect from ‘Input gate’, ‘Output gate’ and ‘Forget gate’. 

The cell state update is based on conventional RNN network. The main modification 

from RNN to LSTM is that the output of the cell is multiplied by an activation function. 

As shown in the output node of figure 4.9. Forget node shown in figure suggests that 

according to the following equation. 

 1( , )f t t ff W h x b                                                     (4.2.8) 

Where W is weight vector of forget function  

b is a bias of network.  

The forget node’s output f is determined by the current cell’s input and the previous 

cell’s output. The previous cell’s output is multiplied by sigma and this step will 

determine how much the output of the previous state should be forgotten.  

  1,i t t ii W h x b                                                              (4.2.9) 

Where W is the weight vector of the input node and b is a bias of network. 

Here i is input to the network and determined by above equation similar to forget 

function.  

This function will be combined with cell status by the following equation.  

  1tanh ,c t t cC W h x b                                                    (4.2.10) 

Where W is weight vector of cell and b is a bias of network.  

The cell status is combined effort of input and forget node. This cell status must be 

converted to output so, that it can be sent to the next layer.  

  1,o t t oO W h x b                                                       (4.2.11) 

Where W is the weight vector of the output node and b is bias to the network.  

The output is modified from the status of Cell. The output is then provided to the hidden 

layer as per below equation.  
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tanh( )th O C                                                            (4.2.12) 

As with the case of Artificial Neural Network, the training will determine weight vector 

and optimization function reduces problems arising in gradient.  
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4.3 Analysis of Database and Implementation of Algorithm 

4.3.1 Database Analysis 

 

Figure 4.11 Basic Database Analysis 



Proposed Methodology 

40 

 

I have used three different databases to test the proposed algorithm. These databases are 

of different montage systems as discussed in chapter 3. To provide generalized handling 

to these databases we have used the methodology as shown in figure 4.10. Out of three 

two databases were in EDF format and one in GDF format. It is required to convert this 

different format into one format so that further processing becomes common. I have 

used MATLAB to convert these formats into ‘.mat’ format. These databases have event 

marked for a different activity. Using this events we can extract EEG signals for onset 

of movement. These onsets are considered as epoch as shown in figure.  

In our analysis we have separated EEG data of left side and right side upper limb 

movement for further processing. In figure two type analysis are shown, Time domain 

and Frequency domain analysis. Frequency analysis is most fruitful in terms of 

determining movement because active brain parts have different frequency than other 

non-active parts. Whereas time domain analysis will provide information about 

amplitude at particular time with respect to electrode position. So both analysis are done 

in order to find effective channels for particular individual.  

The frequency domain analysis calculates power of the particular frequency band for all 

epochs in database using Hanning window of fixed length. The frequency of interest 

chosen in between 12 Hz to 30 Hz, since the active brain parts produces the same band. 

The power spectrum calculated using above mentioned settings. If we consider all 

epochs than we can generate averaged power spectrum of each database and also 

compare their results. Using this method we can only localize frequency component 

within particular time interval. So we can use time-frequency analysis using wavelet. 

After generating Power spectrum and time-frequency feature we can generate statistics 

for left side and right side epochs. Analysis of feature can be done on several ways. We 

can either use probabilities arising between two classes (based on sampling distribution 

between left or right side movement) or Monte-carlo probability estimation (based on 

permutation distribution left or right side movement). Using these methods we can 

generate statistics and perform channel selection as shown in figure 4.10. 

The time domain analysis calculates time domain feature like covariance of epochs of 

different classes. The covariance value can be determined by removing mean value of 

each channel in each epoch. This data further processed for statistics in same as done in 

frequency domain analysis. 
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4.3.2 Implementation of Algorithm 

 

Figure 4.12 Implementation of Proposed approach
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Implementation of algorithm require MRI for forward model generation. Since MRI is 

expensive and time consuming process. Additionally we don’t have MRI from subjects 

from database. In such scenario we can use Colin-27 high resolution MRI scan[37]. 

From this MRI scan different fields (i.e. Brain, Scalp, and Skull) can be extracted. This 

step provides anatomical information like size of head and volume inside each segment. 

As shown in following figure 4.12. 

 

Figure 4.13 Forward model Generation. 

Once we get shape estimations we can create triangulation of all surfaces. Triangulation 

is most important part since it forms the basis of volume conduction. Triangulation is 

different points in which total head parts are divided. This can be treated as segments of 

skull, scalp and brain. In our work we have taken 1000 triangles of scalp, 2000 triangles 

of skull and 3000 triangles of the Brain volume. As shown in above figure once we 

produce triangles than we have to assign them conductivities so that quantity of signal 

travelling through various regions of head can be approximated.  

This approximation is done by either BEM or FEM methods. These methods are 

discussed in detail in this chapter only. Now we required to create dipoles on surface of 

brain so that during inverse projection of EEG data we can approximate volume 

conduction function. This process is also called as lead field generation which uses 

volume generated from BEM/FEM method. The lead field combines all dipoles located 

in side brain surface and number of electrodes located at scalp surface. At the end of 

leadfield generation we get forward model for further processing. In BEM method we 

utilize three concentric sphere approach whereas in FEM method we use five spheres 

namely Gray matter, White matter, CSF fluid, Skull and Scalp. Computationally Fem 

method is very expensive to compute in comparison with BEM method. The 
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conductivity determination is the only difference between this two methods. In 

Comparison BEM’s performance is also same as FEM’s performance. So in our work 

we have utilize BEM method for forward model computation.  

Inverse model computation is most critical task since it will determine volume 

conduction and spread of electrical activity on scalp surface. Normally Volume 

conduction is non-linear in nature and differs person to person basis. If we properly 

approximate volume conduction for particular individual than identification of region 

of interest becomes easier. So overall accuracy of algorithm depends on this process. 

Before inverse Projection actually performed we have to filter data and approximate 

cross spectral density (CSD) at each grid point (dipole source) for particular frequency. 

As discussed here following Figure 4.13 shows the processing of EEG data for inverse 

projection. 

 

Figure 4.14 Inverse Projection of EEG data. 

In Power Spectrum estimation the frequency of interest is in beta band (12-30Hz). Here 

cross spectral estimation is done for particular frequency (16Hz or 20Hz or 30Hz can be 

used) for each grid point. This step will be calculated for whole data epochs (left and 

right both epoch) so that a common condition on data can be formed. In next step we 

can use three different methods (DICS, PCC and MNE) as discussed in this chapter. We 

combine precompiled Lead field from forward model with PSD and CSD of EEG data 

with both conditions (both epochs). 

The process of projecting common filtered data on leadfield is almost same for DICS 

and PCC. The only difference in DICS and PCC method is that DICS projects data of 
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individual condition. Whereas PCC uses common filter for whole database. We have 

used this two projection methods in our work. 

For back projection a common frequency is considered at each dipole to compute CSD. 

We have tested it for different frequency to see the effect of different frequency on 

Projection. The result of this is discussed in next chapter. Now in order to identify region 

of interest as shown in figure 4.11, we have to project data on brain surface and project 

EEG signal intensity on scalp surface simultaneously. To project EEG intensity on to 

scalp surface we will perform following steps.   

 

Figure 4.15 Selection of ROI by comparing results of Projection on brain and scalp surface 

Using above analysis ROI is selected for individual in different databases. The data in 

different databases are collected at different location so variation of volume conduction 

is also different. The number of channels also varies in ROI because montage system 

have different population of electrode in same area. For database-1 we have used 

average 5 number of channels, for database-2 we have used average 6 number of 
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channels and for database-3 we have used 3 number of channels. Due to this effect data 

handling in next portion of algorithm will defer slightly. Until now all the databases are 

treated in common manner. Now spatial localization of source is completed here, now 

in temporal domain processing three algorithms have been used[38]. Their 

implementation are as follows. 1st algorithm uses PCA and LDA to predict movement 

where PCA reduces data and produces features in following manner. All the databases 

have different sampling rate so their sample size and number of channels are different.  

Table 4.1 Data processing from database 

Sr. 

No. 

Database No. of 

Channels 

in ROI 

Sampling 

Rate 

Event 

Duration 

No. of 

samples to 

process 

1 
Database-1 5 channels 160Hz 4seconds 640 per 

channel 

2 
Database-2 6 channels 512Hz 3seconds 1536 per 

channel 

3 
Database-3 3 channels 250Hz 3seconds 750 per 

Channel 

The data selected in accordance to above table.  To process this data according to 1st 

algorithm following figure 4.16 is having implementation. 

 

Figure 4.16 PCA plus LDA Implementation 
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Algorithm 2 is based on Support Vector Machine (SVM). In SVM two types of kernel 

function (Radial Bias Function and Polynomial Function) are used during 

implementation. The detailed implementation is shown in figure 4.16. 

 

Figure 4.17 Implementation of SVM with Kernals 

Above figure shows implementation of SVM with two kernals on database. Both Epochs are 

supplied as classes to training with both kernals. The data is average of three trials of each 

subject with 7 such subjects from each database. The algorithm implementation on database 

yield different results since the number of channels are different for each database. 

Additionally sampling rate are different so sample numbers are also different. One way to 

address this issue is to use down sampling of databases taken at higher resolution. One 

database is having 160Hz sampling rate so we can reduce sampling rate of other databases 

to the same. After training of the algorithm in testing phase random movement epoch is 

provided and their results are discussed in next chapter. 
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Figure 4.18 Implementation of LSTM network 

Algorithm 3 is based on LSTM network its theory already discussed in this chapter. In 

implementation of algorithm data provided in same manner as we have provided in 

algorithm 2. The average of three trial is performed in order to avoid spurious data. The 

network training phase utilizes 7 subjects from database but during testing phase random 

epoch is provided from subjects other than used in training. The results are discussed in 

next chapter.  

Summary of Analysis Performed: 

 Time domain and frequency domain analysis of Databases. 

 Frequency analysis on Inverse Projected data (effect of frequency on brain source). 

 Comparison of different Inverse model (DICS, PCC). 

 ROI selection based on Inverse projection and frequency domain analysis of EEG. 

 Comparison of performance of algorithms on each database. 

 Overall performance of algorithms on databases. 
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Results and Discussion 

This chapter discusses Results of various analysis performed on three different 

databases and three different algorithms for movement classification. From these three 

databases two were from web source and one database was taken from GMERS, 

Gandhinagar. The proposed approach provides uniform handling to different databases 

by utilizing anatomical information. 

5.1 Time Domain and Frequency Domain Analysis 

This is row analysis of all three databases where frequency band of interest and 

correlation of data is performed to provide Frequency domain and Time domain analysis 

respectively. In Frequency domain analysis the signals are filtered with the band of 12-

30Hz using Hanning window whereas for Time domain analysis correlation and 

averaging of data is considered[39], [40]. Databases used here have different channel 

count so, their outcome of analysis have different plotting pattern which is discussed 

here. 

5.1.1 Result of Database-1 

The database-1 have 64 EEG channels recording sampled at 160Hz. Frequency domain 

plotting and time domain plotting is shown in Figure 5.1. On left hand side all the images 

are projection of EEG signal on scalp surface with time domain analysis. On right hand 

side all the images are projection of EEG signal on scalp surface with frequency domain 

analysis.  
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Figure 5.1 Analysis of Database-1 

  

Time Domain Frequency Domain 
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5.1.2 Results of Database-2 

Time Domain Frequency Domain 

  

  

  

 

Figure 5.2 Analysis of Database-2 

From image it is clear that when we do time domain analysis the spreading of power is 

present throughout the scalp surface. On the other hand frequency domain analysis 

provide information on frequency power associated with particular part of Scalp Surface  
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5.1.3 Results of Database-3 

Time Domain Frequency Domain 

  

  

  

 

Figure 5.3 Analysis of Database-3 

.In general we conclude that frequency domain analysis provides more information 

compared to time domain analysis. From analysis point of view this finding is very 

important. For further processing we have utilized frequency domain features only. 
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5.2 Frequency Analysis of Inverse Projected Data 

The aim to this analysis is to check the dominant frequencies present in the signals and their effect of inverse projection. Using this analysis we 

can also narrow down the frequencies from 12-30Hz’s overall band to lower band. During experimentation we found following results of 

frequency projection. 

 

Figure 5.4 Comparison of Frequency Projection on Brain Surface of Database 3 (16Hz and 20Hz) 
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Figure 5.5 Comparison of Frequency Projection on Brain Surface of Database 3 (16Hz & 30Hz) 

In comparison to inverse projected data at 16 Hz contains more power and lesser spread as compared to 20Hz and 30Hz. From this to figure we 

can conclude that for database 3 the spread of power increase as the projected frequency increases. So for further analysis we will utilize 

frequency band of 12 Hz-20 Hz. Next figure 5.6 shows the result for database 2. 
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Figure 5.6 Comparison of Frequency Projection on Brain Surface of Database 2 (16Hz & 20Hz) 

In comparison to Database 3’s results with Database 2’s results are similar. So for Database 2 we will use frequency band around 12 Hz-20 Hz 

in order to preserve more valuable information. For further analysis we will stick to frequency band around 12 Hz-20 Hz. As we are working 

with frequency domain data for Inverse projection we can utilize only two methods Dynamic Imaging of Coherence Sources (DICS) and Partial 

Canonical Correlation/Coherence (PCC). Since both the method supports frequency based data analysis. Other methods (MNE, and LCMV) is 

not useful because they work with time domain data. 
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5.3 Comparison of Different Inverse Projection Method 

From previous Results of analysis done in chapter 5.2 and chapter 5.1 we have decided to use frequency domain analysis. As discussed in 

previous section now we can only use DICS and PCC methods.  

 

Figure 5.7 Comparison of Inverse Projection Methods for Database-2
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We have performed comparisons of results of both the methods as shown in following Figure 5.7 for database 2. In same manner the following 

figure 5.8 shows comparison for database 3. 

 

Figure 5.8 Comparison of Inverse Projection Methods for Database-3



Region of Interest based Channel selection  

57 

 

From above results we can conclude that the DICS methods performance is superior to 

PCC method. As we can see from figure 5.7 and 5.8 that DICS method provides higher 

intensity as compared to PCC. In addition spread of power is comparatively less in DICS 

than PCC, so in further work we will use DICS method for inverse projection. In next 

subsection we have used following configuration for all the analysis. 

Table 5.1 Methods used for Spatial Domain localization 

Sr. No. Step for Spatial Domain localization Method used 

1 Signal’s frequency range 12-20Hz (Subsection-5.2) 

2 Forward model Generation BEM method 

3 Inverse Solution 
DICS method (Subsection-

5.3) 

 

For Forward model generation BEM method is utilized because computationally it is 

very efficient and generated mesh structure is as good as generated by FEM.  So I have 

used BEM method for processing all the results. 

5.4 Region of Interest based Channel selection 

In this analysis using spatial domain localization I have identified Region of Interest 

from comparing Inverse projected data and frequency data projection on scalp surface. 

Using this methodology we can approximate individual’s volume conduction function. 

Normally it is nonlinear function so approximation of this function reduces overall 

complexity of detecting algorithm. With the use of this ROI can be determined. Once 

ROI is identified for particular person we can select the channels falls into ROI. This 

step will reduce channel count drastically and further temporal domain detection 

becomes easier task. Following table shows selected channels based on our analysis. 
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Table 5.2 Selected channels for particular individual 

Sr. No. Subject_database Selected Channel 

1 Subject_1_database_1 FC2, FC4, C2, C4, Cz 

2 Subject_2_database_1 CP3, CP1, CPz, CP5, C1 

3 Subject_3_database_1 CP3, CP1, CPz, C3, C1 

4 Subject_4_database_1 FC4, FC6, C5, C3, CP3 

5 Subject_5_database_1 T5, C5, C3, CPz, CP2 

6 Subject_6_database_1 FC1, C3, Cz, C2, C4 

7 Subject_7_database_1 C5, FC2, FC4, FC6, TP7 

8 Subject_1_database_2 CCP5, CP5, CP3, CPP3, P1, P3 

9 Subject_2_database_2 CP2, CP4, CPP2, CPP4, CCP2h, CPz 

10 Subject_3_database_2 FCz, C6, C1,C2, FCC1h, FCC2h 

11 Subject_4_database_2 FC3, CPP1, C5, C3, C1, FC1 

12 Subject_5_database_2 CCP1h, CCP2h, CP1, CPz, CP2, CPP1 

13 Subject_6_database_2 FCC1h, FCC2h, Cz, C1, C2, CCP1h 

14 Subject_7_database_2 FCC1h, FCC2h, Cz, FC1, FCz, FFC1 

15 Subject_1_database_3 T8, C4, P8 

16 Subject_2_database_3 F3, C3, Cz 

17 Subject_3_database_3 F3, T7, C3 

18 Subject_4_database_3 C4, Cz, T8 

19 Subject_5_database_3 P8, T8, C4 

20 Subject_6_database_3 T8, P8, T4 

21 Subject_7_database_3 P3, Pz, P4 

 

For database-1 total 5 channels are selected per individual and the selection is justified 

based on following images. The location and name of the channels are already discussed 

in chapter 3. For database-2 total 6 channels are selected per individual because this 

database is based on 10/5 montage system so population of channel is more. And for 

database-3 total 3 channels are selected per individual because of 10/20 montage system 

used in this database. The selection is based on following analysis. 
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Following images were generated using inverse projection of individual EEG data onto 

forward model and projection of filtered data onto topoplot generated in MATLAB. The 

details of projection method is already discussed in section 4.3. In this analysis we are 

interested finding active area in brain. Using inverse projection we have found out that 

activity is in motor region of brain only. Now we are interested in identification of 

volume conduction area of individual person. This volume conduction area is 

determined by combining frequency projected data on scalp surface and active brain 

parts. This step will give us reduced number of channel in form of Region of Interest. 

This Region of Interest is determined by identification of higher power area on scalp 

surface. This can be visually confirmed by analyzing images simultaneously as shown 

in below figures.  

The channels are selected by performing t-test on frequency power at each channel 

location. Using this configuration channels were selected in table 5.2. For different 

databases number of selected channel were different due to difference in montage 

system. For example database 1 is having 10/10 montage system with 64 channels so, 5 

channels were used for further analysis. Whereas database 2 is having 10/5 montage 

system with 61 channels and 6 channels selected for further analysis. The reason behind 

more number of channels selected than database 1 is due to higher number of electrode 

population in 10/5 montage system. In database 3 only 3 channels were selected for 

further analysis because of 10/20 montage system of EEG amplifier.  

 

 

Figure 5.9 ROI selection Process
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Figure 5.10 ROI Selection of Subject-1 from Database-1 
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Figure 5.11 ROI Selection of Subject-6 from Database-1 
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Figure 5.12 ROI Selection of Subject-7 from Database-1 
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Figure 5.13 ROI Selection of Subject-1 from Database-2 
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Figure 5.14 ROI Selection of Subject-6 from Database-2 



Region of Interest based Channel selection  

65 

 

 

Figure 5.15 ROI Selection of Subject-7 from Database-2 
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Figure 5.16 ROI Selection of Subject-1 from Database-3 
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Figure 5.17 ROI Selection of Subject-2 from Database-3 
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Figure 5.18 ROI Selection of Subject-5 from Database-3 
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5.5 Performance Evaluation of Algorithms on Databases  

During initial phase only two algorithm were tested at that time the implementation of 

all the algorithms on all the databases are based on discussion on section 4.3.2. For all 

the Databases 7-subjects were chosen for training of algorithms. And for testing purpose 

we have used randomly selected data of selected subjects from each database. The 

results are shown in table below for all the databases. 

Table 5.3 Comparison of performance of all algorithms on database-1 

Sr. 

No. 

Subject PCA & LDA 

Classification 

rate % 

SVM 

Classification rate 

LSTM 

Classification 

rate RBF % Polynomial 

% 

1 Subject-1 95% 80% 88% 95% 

2 Subject-2 100% 80% 85% 95% 

3 Subject-3 100% 85% 90% 100% 

4 Subject-4 100% 90% 90% 95% 

5 Subject-5 100% 90% 85% 100% 

6 Subject-6 95% 85% 88% 90% 

7 Subject-7 100% 80% 85% 100% 

 

From results of database-1 it is clear that PCA & LDA method and LSTM method 

provide similar classification rate. Comparatively SVM have not performed as good as 

other method. Probable reason to such fall out in performance is that data provided in 

form of one dimensional array instead of channel formation. One possible way to 

improvise is to provide features to the SVM classifier rather than providing EEG data 

directly. As we have seen with PCA and LDA combination method. In this method PCA 

identifies components with highest variation using Eigen estimation. This features are 

further filtered based on Eigen values and they are reduced to merely 13 feature per 

subject. The Net effect comes in form of improvisation in the result of simpler method 

like LDA. Another notable Performance provided by LSTM is due to its ability to take 

data in 2D form. The LSTM method can learn patterns using time delay and recurrent 

neural network. This way we can not only preserve event related information but 
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network also learns correlation in database. Another advantage of LSTM is that it 

provides higher accuracy in classification with all-time and event related information.  

Following table shows performance of all algorithms on database 2. This database is 

having 10/5 montage system so number of channels is more compared to other 

databases.  

Table 5.4 Comparison of performance of all algorithms on database-2 

Sr. 

No. 

Subject PCA & LDA 

Classification 

SVM 

Classification 

LSTM 

Classification 

RBF Polynomial 

1 Subject-1 85% 85% 90% 90% 

2 Subject-2 95% 80% 95% 95% 

3 Subject-3 100% 85% 95% 100% 

4 Subject-4 90% 88% 100% 90% 

5 Subject-5 100% 80% 95% 95% 

6 Subject-6 85% 85% 90% 90% 

7 Subject-7 100% 85% 90% 90% 

 

Following table shows performance of database-3 which is acquired from GMERS, 

Gandhinagar. Here total number of channel is 21 and only 3 channels are from them. 

This database is used to validate performance of methodology presented here.  

Table 5.5 Comparison of performance of all algorithms on database-3 

Sr. 

No. 

Subject PCA & LDA 

Classification 

SVM 

Classification 

LSTM 

Classification 

RBF Polynomial 

1 Subject-1 90% 100% 100% 90% 

2 Subject-2 90% 65% 85% 100% 

3 Subject-3 95% 85% 100% 90% 

4 Subject-4 90% 100% 100% 100% 

5 Subject-5 90% 100% 100% 95% 

6 Subject-6 100% 65% 100% 95% 

7 Subject-7 85% 50% 100% 100% 
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5.6 Overall Performance of Algorithms on Database 

Table 5.6 Overall performance of all algorithms 

 

As it is evident from above table that in temporal domain processing LSTM and PCA 

plus LDA has outperformed SVM based classification method. Another thing is evident 

from above table is that SVM-RBF kernel methods performed below average. Reason 

for such scenario is that RBF estimates closeness of feature with its basis. Feature bases 

are very large due to higher resolution of EEG data. As discussed in section 5.5 we can 

add feature extraction step before applying data to SVM. On the other hand polynomial 

kernel based SVM has performed slightly better than RBF kernel. The reason is that 

polynomial can comparatively estimate longer pattern. Due to this fact the results are 

better for Polynomial kernel. Another notable fact here is that all the algorithms have 

performed consistently on database-2. The reason for consistency is more number of 

electrode placed at several location due to 10/5 montage system. 
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Conclusion, Major Contribution and Future 

Scope 

6.1 Conclusion: 

 In EEG analysis Frequency range is the most important attribute. In different brain 

part different frequencies present from which 12-30Hz is possessed by active brain 

parts. Through experimentation we have reduced this range to 12-20Hz. Using this 

frequency band we can estimate active parts in brain and further reduce Sampling 

rate of EEG data. 

 Normally in 10/20 montage system the channel count is less so area under one 

electrode is more. So in order to determine activity in brain parts noninvasively we 

have reduce area under each electrode. By employing 10/5 systems around effective 

part of scalp can improvise consistency of algorithm. 

 To make executed movement detection robust we cannot rely only on EEG data 

measured from Scalp surface. Because volume conduction function of individual is 

nonlinear so we have to consider all the channels. This will lead to increase in 

complexity of classifying algorithm. So we have to add anatomical information in 

analysis.  

 Statistical feature extraction method should be used prior to applying supervised 

learning method. Plus EEG analysis requires reduction of data otherwise superior 

supervised learning method will fail to perform. Normally PCA used as data 
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reduction technique only but as we have used it as producer of effective feature. 

Using these features ordinary method like LDA perform superior to SVM. 

 For detection of pattern from sequential data time delayed recurrent network 

normally preferred but it increases error propagation and overall detection accuracy 

reduces. So use of LSTM network can improvise result since it manipulates input 

data using forget node. Using this node it reduces impact of error propagation and 

improves efficiency. Additionally it can take multiple sequence at a time so data 

related to particular event can be preserved. 

6.2 Major Contributions 

 Proposed a novel methodology to localize source in Spatio-Temporal domain. This 

method uses anatomical structural information of Brain and produces spatial 

localization. This method reduces number of channel and selects effective channels 

for individual. It improves movement detection accuracy and provides customized 

solution for individual. 

 Proposed methodology can perform very well with different configuration of EEG 

amplifier and montage system. Several algorithms are already available for BCI but 

they fail to produce same performance on different databases.  

 Identified frequency range to use with executed motor movement task by comparing 

effect of frequency on Inverse projected data. 

 Performed comparison of different inverse projection method based on their 

projection accuracy and computational complexity. 

 Reduction of frequency can lead to reduction of sampling rate can reduce overall 

data points which lead to faster rate of detection and real time implementation can 

be done. 

 

6.3 Future Scope 

 This method can be extended to classification of imagined motor movement. 

Normally problem with imagined movement is that it produces event at very low 

intensity and frequency. But if we add anatomical data to its analysis it can produce 

better result and training time can be greatly reduced. Training time is main hurdle 

with imagined movement detection.
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 We can extend the algorithm toward clinical applications of EEG. Normally 

Epilepsy and sleep analysis are performed under clinical application. So we can 

extend it to provide decision support system. This support system can observers 

patient throughout sleep of patient and report alarming condition directly to the 

physician. 

 We can extend this analysis for rehabilitative application with person with amputee 

in limbs. In real time the system observes EEG signal and can control prosthetic 

hand for amputee person. 

 Design of customized EEG amplifier for individual can be possible with use of 

spatial domain localization approach. So surgical insertion electrode can be avoided 

by using this method. 
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