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Abstract:  

This review summarizes the current state of research works made in  the field of Brain Computer Interface (BCI) with emphasis on 

its applications to the needs of those with severe neuromuscular disabilities. In order to address all current BCI research, it 

includes approaches that use standard scalp-recorded EEG as well as those that use epidural, subdural, or intracortical recording. 

While all these present day BCIs use electrophysiological methods, this paper consists discussion on  basic princip les of BCI 

design and operation. It alsohighlights the essential elements of BCI along with the several categories of electrophysiological 

BCIs; it gives a review on current research works,considerable prospects for the future, and discusses the issues most important 

for further BCI development and applications. This paper is a survey of various novel algorithms for different methods of feature 

extraction used by renowned personals . It also emphasizes on different core concepts underlying the various  BCI communicat ion 

techniques. This survey mainly focuses  on cursor movement using brain computer interface.   
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I. INTRODUCTION  

 

Background: For many years people have speculated that 

electroencephalographic activity or other electrophysiological 

measures of brain functions might provide a new non-

muscular channel for sending messages and commands to the 

external world, this concept was then actually introduced and 

was called – a brain–computer interface (BCI). Over the past 

15 years, productive BCI research programs have arisen. A 

brain–computer interface (BCI) is a system that allows 

communicat ion between brain and a computer or a robot by 

which a person can send messages without any use of 

peripheral nerves and muscles. BCI systems might help to 

restore abilit ies to patients who have lost sensory or motor 

function because of the damaged region. 

 

Introduction to BCI: BCI is a communication system which 

allows a subject to act on his environment only by means of 

his thoughts, without using the brain’s normal output pathways 

of peripheral nerves and muscles. In recent years, researchers 

have increasingly focused on BCI systems. BCI technology 

can be extremely useful in assisting, augmenting or repairing 

human cognitive or sensory-motor functions. 

 

Applications: This can provide control signals for a simple 

interface between the user and the computer known as a brain–

computer interface (BCI). Precise positioning of the controlled 

cursor has so far not been achieved. What adds to the difficulty 

of this research is that a new subject does not know what 

thought patterns are going to give the best results, so initially 

the subject and machine are learning in parallel. Currently 

there are two main approaches to a subject’s training with BCI 

systems that do not require external stimuli. Many researchers 

developed a brain–computer interface for 2-D cursor control 

for manipulating hands-free peripheral user interface. This 

kind of systems provides an alternative communicat ion or 

control channel for patients with severe disabilities. Such 

patients might become able to select target on a computer 

monitor by moving a cursor through mental activity.  

 

 
Figure.1.Components of a typical BCI system 

 

 
Figure.2. Block Diagram of BCI System 

It is a comprehensive listing of all relevant work to help 

engineers and researchers who are new in the field to get a 

general idea of the current state of BCI based cursor 

movement systems .  

3. BCI Systems for Cursor Control  

An electroencephalogram (EEG) based brain computer 

interface (BCI) is proposed for two dimensional cursor 

control. The horizontal and vertical movements of the cursor 

are controlled using brain waves. 

 

 In the paper[1], Yuanqing Li, Chuanchu Wang, Haihong 

Zhang and Cuntai Guanproposed a method for 2D 

movementcontrol of a cursor. In their approach, the vertical 

movementof the cursor was controlled by P300 potential, 
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while thehorizontal movement was controlled by mu or beta 

Rhythm. Three subjects attended their experiment. After 

ashort term of training in 2D cursor control, all three 

subjectssucceeded in using this system and obtained 

satisfactoryaccuracy rates (average accuracy rate: 89.5%) for 

movingthe cursor to targets. Besides relatively short training 

time, their experiments and further data analysis results show 

twoother advantages of their method and BCI system: first, 

twoalmost independent control s ignals for 2D cursor control 

wereobtained, second, the cursor can move from one 

randomlygiven point to another randomly given 

point.Researchers stated that thehorizontal and vertical 

movements of the cursor are controlled by mu/beta rhythm and 

P300 potential respectively.  

 

The main algorithm steps for detection of P300 potential used 

in this paper includes 

 

(i) Feature extraction; 

(ii) Train a SVM classifier; 

(iii) Classification and P300 detection 

 

Dandan Huang, paper[2] discussed a novel algorithm to 

explore whether human intentions to move or cease to move 

right and left hands can provide four spatiotemporal patterns in 

single-trial non-invasive EEG signals to achieve a two-

dimensional cursor control. Subjects performed motor tasks by 

either physical movement or motor imagery. Spatial filtering, 

temporal filtering, feature selection and classification methods 

were exp lored to support accurate computer pattern 

recognition. The performance was evaluated by both offline 

classification and online two-dimensional cursor control. 

Event-relatedde-synchronization (ERD) and post-movement 

event-relatedsynchronization (ERS) were observed on the 

contra lateral hemisphere to the moving hand for both physical 

movementand motor imagery. Author stated that offline 

classification of four motortasks provided 10-fold cross-

validation accuracy as high as88% for physical movement and 

73% for motor imagery.Subjects participating in experiments 

with physical movementwere ab le to complete the online game 

with the averageaccuracy of 85.5±4.65%. Subjects 

participating in motorimagery study also completed the game 

successfully. 

 

Novel work[3] d iscussed two-dimensional cursor controlled by 

noninvasive EEG- based brain-computer interface 

(BCI).Usersare typically required to receive long term training 

to learn effective regulation of their brain rhythmic activit ies, 

and to maintain sustained attention during the operation. 

Researchers proposed a two dimensional BCI using event-

related desynchronization and event related synchronization 

associated with human natural behavior so that users no longer 

need long term t rain ing or high mental loads to maintain 

concentration. Genetic algorithms (GA)-based mahalanobis 

linear d istance (MLD) classifiers and classification and a 

model adaptation method was employed for better decoding of 

human movement intention from EEG act ivity. 

 

The results demonstrated effective control accuracy for four 

class classifications as high as 77.1% during online control 

with physical movement and 57.3% with motor imagery.  

  

PrachiKewate, PranaliSuryawanshi Proposed research work 

[10] and developed brain-controlled robots. The techniques 

used in the BMI vary from application to application. P300, 

SSVEP, ERD/ERS are some of the techniques used by the 

researchers. They implemented the former function in an 

EEG-based brain–computer interface system using motor 

imagery and the P300 potential to control the left and right 

movements, respectively. Specifically, to select the direction 

of interest, the user must focus his or her attention on a 

flashing button to evoke the P300 potential.  

 

Paper [14], Author LuzhengBia, Jinling Liana, KeJiea, 

RuLaib, YiliLiuIn proposed a novel two-dimension (2-D) 

cursor control system by using steady state visual evoked 

potential (SSVEP) and P300 signals to control the direction 

and speed of the cursor, respectively. A hybrid stimulus 

interface was developed, where P300 visual stimuli are 

distributed at the top and bottom edges, representing 

accelerating and decelerating commands, respectively, and 

SSVEP stimuli, representing turning clockwise and 

counterclockwise, respectively, were located at the right and 

left sides. A classifier built with support vector machine was 

first used to distinguish between the direction and speed 

control commands, and if the classificat ion result was the 

speed control command, a linear classifier was then applied to 

classify accelerating and decelerating commands. A real-time 

cursor control system was developed and tested with eight 

participants. Researcher stated that this work is used for the 

users, who are unable to produce event-related 

desynchronization /event-related synchronization (ERD/ERS) 

well but can produce P300 and SSVEP potentials compared to 

other 2-D cursorcontrol systems. The proposed system can be 

used as a complementary, and somet imes an alternative system 

to the existing 2-D cursor control systems. 

 

Method to control a cursor on a monitor screen is discussed in 

the paper [4]; a  user generally needs to perform two tasks 

sequentially. They implemented the former function in an 

EEG-based brain–computer interface system using motor 

imagery and the P300 potential to control the horizontal and 

vertical cursor movements, respectively. In  this study, the 

target selection or rejection functionality was  implemented 

using a hybrid feature from motor imagery and the P300 

potential. Author stated thatspecifically, to select the target of 

interest, the user must focus his or her attention on a flashing 

button to evoke the P300 potential. The average duration of 

each trial and average accuracyof target selection were 18.19 s 

and 93.99%, respectively, and each target selection or 

rejection event was performed within 2 s. 

 

Rafal Kus, Diana Valbuena, Jaroslaw Zygierewicz, Tatsiana 

Malechka, Axel Graeser, paper[5] suggested a new multiclass 

brain–computer interface (BCI) based on the modulation of 

sensorimotor oscillat ions by imagining movements. It was 

described by the application of advanced signal processing 

tools, statistics and machine learning.Author’s system offered 

1.Asynchronous mode of operation. 2. Automatic selection of 

user-dependent parameters based on initial calibration.Final 

recognition of motor imagery is effectuated by a multinomial 

logistic regression classifier. Their system was evaluated in 

two studies. The subjects’ task was to navigate a cursor along 

a computer rendered 2-D maze. A  peak informat ion transfer 

rate of 8.0 bit/min was achieved. Five subjects performed with 

a mean ITR of 4.5 bit/min and an accuracy of 74.84%. The 

results demonstrated that the use of automated interfaces to 

reduce complexity for the intended operator (outside the 

laboratory) was indeed possible. 

  

In the Novel framework [6] researchers proposedBCI system 

that captures and decodes electroencephalogram (EEG) signals 

and transforms human thoughts into actions. They studied the 

application of combining classifiers based on wavelet features 

to improve the performance of EEG signal classification in 

BCI systems. Three normal subjects K3b, K6b and L1b were 
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asked to perform imaginary movements of left hand, right 

hand, tongue and foot during predefined time interval. EEG 

signals were decomposed into wavelet coefficients by discrete 

wavelet transform and used as feature vectors, presenting them 

into classifiers. Four combin ing classifiers were us ed to 

evaluate the EEG signals and control the Cursor in four 

directions (Up, Down, Left, And Right). 

 

In thepaper[7], Authorsstated that their non-invasive brain 

computer interface uses EEG signals and beta frequency bands 

over sensorimotor cortex to control cursor movement 

horizontally (i.e., one-dimension). The main goal of this study 

was to help people with severe motor disabilit ies (i.e., Spinal 

cord injuries) and provide them a new way of communication 

and control options by which they can move the cursor in one 

dimension. In this research work, offline analysis of the data 

collected was used to make the user able of controlling the 

movement of the cursor horizontally (i.e., one dimension). The 

data was collected during a session in which the user selected 

among two targets by thinking and moving either the right 

hand little finger or the left hand little finger. The Adaptive-

Network based fuzzy inference system algorithm was 

examined for the classificat ion method with some parameters. 

 

In the offline analysis  the method used showed a significant 

performance in the classification accuracy level. Authors 

achieve an accuracy level of more than 80%.This result 

suggests that using the adaptive-network based fuzzy in ference 

system algorithm can be used to improve online operation of 

the current BCI system. 

 

In this novel work [8] Jonathan R. Wolpaw and Dennis J. 

McFarland proposed that a noninvasive BCI that uses scalp-

recorded electroencephalographic activity and anadaptive 

algorithm can provide humans, including people with spinal 

cord injuries, with mult idimensional point-to-point movement 

control that falls within the range of that reported with 

invasive methods in monkeys.  

 

Movement control by this noninvasiveBCI had been 

implemented by expanding theadaptive algorithm to include 

additional EEG record ing locations , additional frequency 

bands, and time-domain EEGfeatures; by refining the user 

training protocol; and by improvingthe translation of EEG 

features into cursor movements .In movement time, precision, 

and accuracy, the results were comparable to those with 

invasive BCIs. The adaptive algorithm used in this 

noninvasive BCI identifies and focused on the 

electroencephalographic features that the person was best able 

to control and encourages further improvement in that control. 

 

This paper [9], Mariska J. Vansteensel, Dora Hermes, Erik J. 

Aarnoutse, Martin G. Bleichner, Gerwin Schalk, Peter C. van 

Rijen, Frans S. S. Leijten and Nick F. Ramsey investigated 

whether the cognitive control network can be used for BCI 

purposes. He also determined the feasibility of using 

functional magnetic resonance imaging (fMRI) for 

noninvasive localization of the cognitive control network. 

Author used different methods, patients with intractable 

epilepsy, who were temporarily implanted with subdural grid 

electrodes for diagnostic purposes, attempted to gain BCI 

control using the electrocorticographic (ECoG) signal of the 

left dorsolateral prefrontal cortex (DLPFC). Each patient 

conducted 1 or more runs vocally to allow monitoring of 

correct understanding of the instruction and performance. All 

patients quickly obtained a high degree of cursor control 

during the first vocal run; all subjects reached a performance 

score of 80% (with 50% correct chance level). Performance 

during silent runs was initially 80% in 2 of 3 patients, but 

levels 80% were obtained within 6 and 12 silent runs, 

respectively. The maximum obtained bitrate was 0.64, 0.52, 

and 0.42 b its per trial, for Patients 1, 2, and 3, respectively. 

Offline analysis of the cursor control tasks confirmed that the 

signal of the selected electrode of each patient exhib ited a 

large difference in power between up trials and down trialsin 

runs with high performance scores .  

 

In this novel research paper [12] Leonard J. Trejo, Bryan 

Matthews, Roman Rosipalhave developed and tested two 

EEG-based brain-computer interfaces (BCI) for users to 

control a cursor on a computer display. Their system uses an 

adaptive algorithm, based on kernel partial least squares 

classification (KPLS), to associate patterns in mult ichannel 

EEG frequency spectra with cursor controls. Their first BCI, 

Target Practice, was a system for one-dimensional device 

control, in which participants used biofeedback to learn 

voluntary control of their EEG spectra. Target Pract ice used a 

KPLS classifier to map power spectra of 30-electrode EEG 

signals to rightward or leftward position of a moving cursor on 

a computer display. Three subjects learned to control motion 

of a cursor on a video display in multip le blocks of 60 trials 

over periods of up to six weeks. The best subject’s average 

skill in correct selection of the cursor direct ion grew from 58% 

to 88% after 13 training sessions. Target Practice also 

implemented online control of two artifact sources: a) removal 

of ocular art ifact by linear subtraction of wavelet-smoothed 

vertical and horizontal EOG signals, b) control of muscle 

artifact by inhib ition of BCI training during periods of 

relatively high power in the 40-64 Hz band. They have tested 

the system in real-time operation in three human subjects. 

Across subjects and sessions, control accuracy ranged from 

80% to 100% correct with lags of 1-5 seconds for movement 

initiat ion and turning. 

 

Method to determine parameters to control cursor movement 

using noninvasive brain signals, or electroencephalogram 

(EEG) for brain-computer interface (BCI) was discussed in 

paper [13]. Two conditions were applied i.e. Control condition 

where subjects relax (resting state) and Task condition where 

subjects imagine a movement. In both conditions, EEG signals 

were recorded from 19 scalp locations. In Task condition, 

subjects were asked to imagine a movement to move the 

cursor on the screen towards target position. Fast Fourier 

Transform (FFT) was used to analyze the recorded EEG 

signals. To obtain maximum speed and accuracy, EEG data 

were divided into various interval and difference in power 

values between Task and Control conditions were calculated. 

Author suggests that difference in delta frequency band 

between resting and active imagination may be used to control 

one dimensional cursor movement with parietal region 

producing the optimum output. 

 

Research work in paper [15],  presented a visually multimodal 

feedback approach that provides participants with additional 

informat ion on their actual ability to control the cursor. Two 

groups of participants performed either the classic or the 

multimodal feedback approach. Preliminary results were 

promising, such that the increased complexity of the display 

has not led to worsening of performance due to anticipated 

higher attention demands of processing of multimodal 

feedback information. 

 

Presented work revealed that participants were still able to 

control the BCI with the same accuracy as compared to 

unimodal feedback. Researchers stated that, that was 

quiteencouraging.  
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A novel approach for continuously decoding imagined 

movements from EEG signals in a BCI experiment with 

reduced training time was described by Trent J Bradberry, 

Rodolphe J Gentili and Jose L Contreras -Vidal in paper [16]. 

They demonstrate that, using this  noninvasive BCI system and 

observational learning, subjects were able to accomplish two-

dimensional control of a cursor with performance levels 

comparable to those of invasive BCI systems. Compared to 

other studies of noninvasive BCI systems, train ing time was 

substantially reduced, requiring only a single session of 

decoder calibration (∼20 min) and subject practice (∼20 min). 

In addition, he used standardized low-resolution brain 

electromagnetic tomography to reveal that the neural sources 

that encoded observed cursor movement may implicate a 

human mirror neuron system. Authors’ work offers the 

potential to continuously control complex devices such as 

robotic arms with one’s mind without lengthy training or 

surgery. 

 

Dandan Huang, in the paper [17] explored whether human 

intentions to move or cease to move right and left hands can be 

decoded from spatiotemporal features in non-invasive 

electroencephalography (EEG) in order to control a discrete 

two-dimensional cursor movement for a potential mult i-

dimensional Brain-Computer interface (BCI). Spatial filtering, 

temporal filtering, feature selection and classification methods 

were exp lored. The performance of the proposed BCI was 

evaluated by both offline classificat ion and online two-

dimensional cursor control. Event-related desynchronization 

(ERD) and post-movement event-related synchronization 

(ERS) were observed on the contralateral hemisphere to the 

hand moved for both motor execution and motor imagery. 

Researcher stated that EEG beta band activity in the 

contralateral hemisphere over the motor cortex provided the 

best detection of either sustained or ceased movement of the 

right or left hand. The offline classification of four motor tasks 

(sustain or cease to move right or left hand) provided 10-fo ld 

cross-validation accuracy as high as 88% for motor execution 

and 73% for motor imagery. The subjects participating in 

experiments with physical movement were able to complete 

the online game with motor execution at the average accuracy 

of 85.5±4.65%; Subjects participating in motor imagery study 

also completed the game successfully. The proposed BCI 

provides a new practical multid imensional method by 

noninvasive EEG signal associated with human natural 

behavior, which does not need long-term training. 

 

AYDEM_IR developed a CSP-based moving window 

technique to obtain the most distinguishable CSP features and 

increase the classifiers performance by finding the best time 

segment of electroencephalogram trials  [18]. The extracted 

features were tested by using support vector machines 

(SVMs). The performance of the classifier was measured in 

terms of classification accuracy and kappa coefficient. The 

proposed method was successfully applied to the two-

dimensionalcursor movement imagery data sets, which were 

acquired from three healthy human subjects in two sessions on 

differentdays. Author stated that instead of using the whole 

data length of EEG trials, extracting CSP features fromthe best 

time segment provides higher classificat ion accuracy. 

 

Real life applications were d iscussed in paper [19]. Eight 

patients with chronic hand plegia resulting from stroke 

(residual finger extension function rated on the Medical 

Research Council scale_0/5) were recruited from the Stroke 

Neuro-rehabilitation Clinic, Human Cortical Physiology 

Section of the National Institute for Neuro logical Disorders 

and Stroke (NINDS) and the Clin ic of Neurology of the 

University of Tubingen. Diagnostic MRIs revealed single, 

unilateral subcortical, cort ical ormixed lesions in all patients. 

A magnetoencephalography-based BCI system was used for 

this study. Patients participated in between 13 to 22 training 

sessions geared to volitionally modulaterhythm amplitude 

originating in sensorimotor areas of the cortex, which in turn 

raised or lowered a screen cursor in the direction of a target 

displayed on the screen through the BCI interface. 

Performance feedback was provided visually in real-t ime. 

Successful trials (in which the cursor made contact with the 

target) resulted in opening/closing of an orthosis attached to 

the paralyzed hand. Train ing resulted in successful BCI 

control in 6 of 8 patients. This control was associated with 

increased range and specificity of rhythm modulation as 

recorded from sensors overlying central ipsilesional (4 

patients) or contralesional (2 patients) reg ions of the array. 

Clin ical scales were used to rate hand function showed no 

significant improvement after train ing. Author stated that their 

results suggest, volitional control of neuromagnetic activity 

features recorded over central scalp regions can be achieved 

with BCI train ing after stroke, and used to control grasping 

actions through a mechanical hand orthosis. 

 

Eric C. Leuthardt, Kai J. Miller, Gerwin Schalk, Rajesh P. N. 

Rao, and Jeffrey G. Ojemann, novel work [20] demonstrated 

Electrocorticography (ECoG) to be an effective modality as a 

platform for brain–computer interfaces (BCIs). Through their 

experience with ten subjects, In a subset of four patients, 

closed-loop BCI experiments were attempted with the patient 

receiving online feedback that consisted of one-dimensional 

cursor movement controlled by ECoG features that showed 

correlation with various real and imagined motor and speech 

tasks. All four achieved control, with final target accuracies 

between 73%–100%. They assess the methods for achieving 

control and the manner in which enhancing online control can 

be accomplished by rescreening during online tasks. 

Additionally, they assess the relevant issues of the current 

experimental paradigm in light of their clinical constraints. 

 

In the paper[22]Author measured the effectiveness of a Brain 

Computer Interface (BCI) against a mouse on “point and 

click” tasks performed by ablebodied and upper-limp mot ion-

impaired users. Their methodology was based on the ISO 

9241-9 guidelines. They examine how fitts’ law fits the tested 

input devices, and use gross and detailed trajectory measures 

in order to quantify cursor movement and evaluate 

performance. Authors concluded that Fitts’ law can only 

describe able-bodied users’ performance when selecting 

targets with the mouse. On the other hand, the performance of 

both user groups with the BCI, and of motion impaired users 

with the mouse does not conform to Fitts’ law. They 

conducted a series of methodological experimental studies on 

the performance of ab le-bodied (A B) and motion-impaired 

(MI) users, using a Logitech Cord less Wheel Mouse and a 

Brain Actuated Technologies Cyberlink Brainfingers BCI 

System. The subjects were four ablebodied and four disabled 

users. Two different experiments were set up in order to 

examine Fitts’ law application in one-direct ion point and click 

tasks (MacKenzie, Sellen& Buxton, 1991), and to extract 

detailed trajectory and target selection measures in multi-

directional tasks (Oh & Stuerzlinger, 2002). The design of the 

tests was based on the guidelines provided by ISO 9241-9: 

 

In the novel work [23], Mr. Nilesh Zodape, Dr. Narendra 

Bawane, Pratik Hazare proposed system uses EEG signals as a 

communicat ion linkbetween brains and computers. Signal 

records obtained from the Physio Net EEG dataset were 

analyzed using the Coiflets wavelets and many features were 
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extracted using PSD. The extracted features were input into 

machine learn ingalgorithms to generate the decision rules 

required for application. The suggested online system was  

tested and verygood performance was achieved. This system 

could be helpful for disabled people as they can control 

computerapplications via the imagination of 1D-cursor 

movement. 

 

The 1-D from left to right top of screen movement was taken 

and features were extracted using PSD estimatesuch as FFT 

method period gram and Welch method withand without 

windowing the data, in FFT method threeoverlays were taken 

with 50% overlap, each overlay had120samples i.e. N=120 

and FFT was calculated in the frequency band of 8 to 30Hz 

with a frequency resolution of 2 Hzwhich g ives the 12 PSD 

components for each channel, total 96 PSD components were 

obtained for 16 channels, thePSD was also calcu lated in the 

same manner using period ogram and Welch method with and 

withoutwindowing the data and classification was done with 

thehelp of neural network with one hidden layer and they 

found that the classification accuracy for 1-D 

imaginarymovement was increased up to 100%. 

PSD calcu lation: 

 

        
 

 
             

   

   

 

 

   
 

 
                

 

Peridogram calcu lation for N data point was performed by 

using. 

    
 

 
   

 

 
       

 
     

 

   

   

 

 

       

 

 k= 0, 1,2 …… N-1. 

 

Adaptive classifiers were introduced to classify 

electroencephalogram (EEG) signals  in paper[24]. The 

adaptive classifier was brain emotional learning based 

adaptive classifier (BELBAC), which was  based on emotional 

learning process. The main purpose of their research was  to 

use a structural model based on the limbic system of 

mammalian brain, for decision making and control engineering 

applications [29]. They adopted a network model developed 

by Moren and Balkenius, as a computational model that 

mimics amygdala, orb itofrontal cortex, thalamus, sensory 

input cortex and generally, those parts of the brain thought 

responsible for processing emotions. The developed method 

was compared with other methods used for EEG signals 

classification (support vector machine (SVM) and two 

different neural network types (MLP, PNN)).  

 

Development of a simple cursor control emulating the typical 

operations of a computer-mouse, using Electrooculography 

signals (EOG) obtained indirectly through a commercial 16-

electrodes wireless headset originally used to acquired EEG 

signals was discussed in paper [25]. The cursor position was 

controlled using informat ion from a gyroscope included in the 

headset. The clicks were generated through the user’s blinking 

with an adequate detection procedure based on spectral 

analysis. Empirical Mode Decomposition (EMD) technique is 

explored as a simple and quick computational tool, yet 

effective, aimed to the pulse detection in a noisy signal, as 

well as a validation method to distinguish between natural 

blinking and blinks for control. EMD was compared with a 

spectral analysis based on the Discrete Wavelet Transform 

(DWT). The experimental setup, some obtained results, and a 

comparison among the two used spectral analysis, were 

presented. 

S. Kanoh, K. Miyamoto and T. Yoshinobu. A P300-based BCI 

(brain-computer interface) presented novel work[26] for 

controlling the movement of the cursor displayed on the 

computer screen. On the LCD computer screen, the cursor was 

displayed with the surrounded eight small circles, each of 

which was blinked sequentially in a random order. Five 

healthy subjects were requested to gaze at one of the circles 

placed in the preferred direct ion. The P300 activit ies elicited 

by the random blink of the target circle were detected by 

pattern classifier and they were used to move the cursor to the 

same direction as the target circle. It was shown that all of the 

subjects could control the movement of the cursor to their 

preferred direction by moving their gaze point in a short 

distance. Author stated that their system can be applied to the 

voluntary control of the movement of the computer cursor, and 

the navigation of robot or video camera. 

 

In the research work [27], Swat i N. Moon and Dr. Narendra 

Bawane, presented three mental tasks which includes left hand 

movement imagination, right hand movement imagination and 

generation of words beginning with the same random letter. 

These tasks were classified by using neural network (NN) for 

good classification of the features extract ion.Author stated that 

these processes greatly affects the performance of the 

classifier. Electronic phalo graphic (EEG) data samples are 

obtained from BCI III dataset V. The dataset provides pre-

computed features which were computed by using PSD. The 

feature vector contained 96 features. The irrelevant and 

superfluous features affect the performance of the classifier. 

Author uses Genetic Algorithm (GA) for selecting the useful 

and important features. These features were then fed to the 

classifier and performance of the classifier was estimated [30]. 

Their work was to reduce the dimension of feature space and 

improve the performance of the classifier. Use of independent 

component analysis (ICA) to brain signal to remove artifact 

and to obtain low d imension feature vector is covered in [28].  

 

II. APPLICATIONS AND FUT URE S COPE 

 

There are various applications related to BCI based cursor 

control. Discussed systems used to control the direction of 

cursor, in similar way Game controller discussed in paper [2] 

and [17], Robot controller [10], Quad copter controller, 

wheelchair controller etc. are the various applications 

successfully implemented by the researchers. In future we 

could control all gadgets in our day today life. Anything which 

is now controlled manually could be controlled just by 

thinking. 

 

III. CONCLUS ION  

 

This discussion concludes  that BCI allows a person to 

communicate with or control the external world without using 

the brain’s normal output pathways of peripheral nerves and 

muscles. BCI operation depends on the interaction of two 

adaptive controllers, the user, who must maintain close 

correlation between his or her intent and these phenomena, and 

the BCI, which must translate the phenomena into device 

commands that accomplish the user’s intent. Present-day BCIs 

have maximum information transfer rates #25 bits/min. Some 

advanced works in this area are still in progress and will be 

published in separate paper. It helps the students and 

researcher to get awareness of BCI based analysis, 

classification and control of an object. 
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