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ABSTRACT 

Machine learning in motor imagery, the classifier performance of electro-encephalo-graphy 

(EEG) data varies for different subjects. The performance of classifier is degraded when 

applied on different subject. To overcome this issue, common spatial pattern (CSP) method is 

proposed. The dataset contains 9 subjects EEG data. Common spatial pattern is used in 

feature extraction for the improvement of the classifier of different subjects and tested with 

artificial neural network (ANN). Based on the classification, random forest is implemented to 

train the data accuracy. The obtained results show 0.96% of performance improvement 

compared with existing methodology. 

 

Keywords:-Common Spatial Pattern (CSP), Electroencephalography (EEG), Motor imagery 

(MI), Machine learning techniques 

 

INTRODUCTION 

Machine learning techniques has made 

significant progress in machine learning 

and computer vision. DNN has indeed 

been proved to be suitable for complete 

learning deprived of background 

knowledge of the objective issue and to 

scale effectively to enormous data sets. 

DNN is rarely used in EEG data processing 

because of the properties of EEG data. 

 

EEG signals, on the one side, are often 

sample-limited and high-dimensional. 

When applied to data from such a related 

but separate field, the efficiency of a 

classifier trained on information from that 

field often diminishes. While identifying a 

large number of examples from the new 

forum might solve this problem, it is 

frequently too costly or unfeasible. 

Domain Adaptation has thus developed as 

an answer to this challenge; it uses 

statistical features from a source domain, 

where it is plentiful, to build a model to 

work in a target domain, where it is 

minimal or non-existent. In this regard, a 

new trend is to learn structural features 

with shared weights for both domains, 

which would be fundamentally the same as 

learning domain texture features [1]. 

 

The presented method's goal is to extract 

discriminant features from 

electroencephalography (EEG) signals for 

conceptual intent identification, and 

thereby play an important role in EEG-

based brain computer interfaces (BCI). 

Without previous understanding of the 

objective problem and a large data set, 

DNN could be used for end-to-end 

learning.  

 

This research is being conducted to 

determine the method's technical viability, 

that is, to build classifier solely on EEG 

data from several subject with low ability 
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on a new subject. Any strategy established 

should not be unduly dependent on 

computing expertise. This will put a lot of 

pressure on the available technology tools 

[2,3]. As a result, the customer would be 

under a lot of stress. Because relatively 

minor or no adjustments are needed to 

execute the established method, it should 

have a low constraint. Two datasets of 

BCI are used here with three Machine 

learning algorithms such as Support 

Vector Machine, Random Forest 

Algorithm, Naive Bayes, Multilayer 

Perceptron, Decision Tree, are used. These 

algorithms are compared in terms of 

performance accuracy [4].The remaining 

section of the article is organized as 

follows. Section 2 gives the literature 

review of related papers in the research 

domain. Section 3 illustrates the proposed 

work with mathematical equations. 

Section 4 provides the information of 

implementation of the paper. Section 5 

analyses result of the work and 

conclusions along with future work are 

described in section 6. 

 

RELATED WORK 

Artem Rozantsev et. al., [5] demonstrate 

that formally modelling the transition from 

one domain to the other is more efficient. 

To accomplish this, a two- stream structure 

is established, one in the source domain 

and another in the destination domain. The 

weights in comparable layers are 

connected but not shared, as in other 

techniques. On numerous object 

identification and detection tasks, authors 

show that this improves state-of-the-art 

approaches and persistently outperforms 

systems with shared weights in both 

unsupervised and supervised 

environments. On conventional Domain 

Adaptation image processing evaluations, 

authors demonstrate that the technique 

performs state-of-the-art weight- sharing 

methods. They also show that it is well 

adapted to using artificial data to improve 

a classifier's accuracy on actual pictures. 

Chunchu Rambabuet. al., [6] presents a 

summary of artifacts in EEG recordings 

and how to remove them, where artifacts 

of signals are a combined of EMG and 

EOC that effect EEG signals. EEG signals 

are gathered and pre-processed with 

different metrics before being analyzed for 

characteristics. Measurement of EEG 

signals is critical for medical diagnostics. 

 

Because capacitive sensors are commonly 

employed in biomedical science, they are 

being used for evaluation to solve the EEG 

signal issues which does not involve in 

skin reactions that could not grow while 

long-term measurement. It uses capacitive 

sensors to perform non-contact 

biopotential measurements in a variety of 

ways. It created a capacitive device for 

ECG and EEG surveillance, as well as a 

small capacitive sensor for biopotential 

measurements. 

 

Patricia Becerra-Sánchez et. al., [7] 

describes a new features extraction model 

for pattern identification utilizing data from 

EEG recordings. A new fitness function is 

created using a machine learning 

technique that identifies and chooses 

essential EEG factors that can contribute 

to distinguishing lower and higher 

intellectual loads and builds a novel data 

set potential of enhancing the model's 

forecasting process. In latest years, various 

pattern recognition models based on FS 

techniques based on physiological inputs 

have been suggested. Traditional strategies 

for reducing the minimal proportion of 

original dataset features, creating strong 

prediction models, or evaluating data from 

a given signal to evaluate many 

characteristics employing tiny datasets 

were used to create the models. 

 

Deepa R et. al., [8] discussed feature 

extraction strategies for identifying various 

diseases. The most widely used technique 

for disease categorization is the support 

vector machine. It is commonly used to 
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categorize disorders such as Alzheimer's, 

epilepsy, and Parkinson's. It is a 

supervised learning algorithm that analyze 

signal for regression and classification 

problems. By using some functional 

mapping and maintaining as much 

information in the data as feasible, the 

feature extraction technique is used. The 

goal of feature extraction for classification 

is to find a transformation that extracts a 

subset of new features from the dataset 

while optimizing class separation. This 

task can make use of a variety of time 

domain and frequency domain properties.  

 

The electrodes on the participant’s scalp 

are used in the electroencephalogram 

(EEG) procedure. The electrical signals 

from the brain are amplified by those 

electrodes. It is important to eliminate 

artifacts from the EEG prior analyzing it, 

which is known as pre-processing. In 

research activities and diagnosis, EEG has 

been shown to be a trustworthy technique. 

 

Geeta Sharma et. al., [9] studied diverse 

uses of EEG-based signals in various 

diseases such as spinal injury, post-stroke, 

and so on. The brain computing interface 

(BCI) is a computer-based technology 

which enables the mortal mind to interact 

with electronic equipment such as 

motorized wheelchairs, robotic arms, and 

artificial limbs without the use of 

peripheral devices such as muscles and 

nerves. The goal of BCI is to analyze 

electrical signals transmitted by the brain, 

then amplify and filter them to exclude 

undesired signals.  

 

The analogue signal is then converted to a 

digital signal, which is subsequently 

displayed on the screen in the output form. 

This occurs when various brain processes 

are generated by the mortal mind, which 

are recognized by the system and 

translated into commands depending on 

classification algorithms. 

 

Dipti Pawar et. al., [10] provides a 

thorough examination of feature extraction 

strategies for EEG- based BCI, as well as 

their characteristics. Additionally, open 

challenges for more progression in BCI 

investigations are mentioned. BCI is a 

structure that converts brain activity 

sequences into commands or messages for 

an application interface, allowing direct 

connection between the human mind and 

computer systems.  

 

Electroencephalography (EEG) is a 

straightforward, simple to use, and low- 

cost technology for measuring brain 

activity patterns. 

 

This study examines various feature 

extraction strategies for EEG-based BCI. 

The methodologies for feature extraction 

and classification for various major works 

in the BCI field are summarized. EEG 

signals from all networks are taken into 

account by time domain characteristics. 

Time domain attributes are simple to 

calculate and need a less set of variables to 

be selected. In general, time domain 

characteristics are used with additional 

feature extraction techniques such as 

spatial features or artificial intelligence to 

provide a comprehensive performance 

evaluation. 

 

Swati Vaidet. al., [11] gives a brief 

summary of EEG signals and the BCI 

system. An overview of the traditional 

approaches for signal feature extraction is 

also included in the publication. BCI is a 

interaction channel between the human 

mind and a computer system. It permits 

consumers to operate peripherals that are 

not controlled by peripheral nerves or 

muscles via brain activity. A brain-

computer interface system helps a user to 

deliver orders to an external device 

utilizing brain signals. Due to inherent 

constraints such as temporal dependency, 

high feature vector set dimensions, and 

uncertainty, engineers must make quick 
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and precise conclusions for EEG signals. 

To achieve this, the system latency and 

reaction time must be minimized so that 

the BCI system can work in physical - 

world environments. The fact that EEG is 

a straightforward technology, in which 

signals are obtained by an electrode 

inserted on the scalp, is one of the factors 

that contribute to noise. 

 

K. Saranyaet. al., [12] conducted a survey 

of all the enhanced strategies to filter the 

EEG signal, as well as a comparative 

analysis of the numerous classification 

techniques that used categorize the 

emotions. A multimodal classification 

method that uses EEG signals while also 

measuring performance with Natural 

Language Processing is proposed for 

enhancing the precision. 

 

Multi-emotions may be classified using 

the developed model, which is based on 

brain EEG signals. To collect a significant 

range of signals, an EEG signal recording 

headset with a small number of providers is 

required. The system consists of three 

steps, the first of which is receiving the 

signals inactive and performing 

preprocessing, which includes distortion 

and outlier reduction.  

 

The data is then used to train a classifier 

on many emotions, and the second stage is 

testing data, in which the data can be 

collected in actual environments and the 

classifier is used to determine the subject's 

emotion. In the third stage, the subjects 

were instructed to look at an image or 

listen to music and then write a textual 

response to it. The text is analyzed for 

emotion using NLP, which is obtained 

respectively with the analysis of the EEG 

data acquired at the time. To improve the 

findings, both of the results were pooled.  

Chetan Umaleet. al., [13] focuses on the 

EGG signal's utility in identifying human 

anxiety levels. It also compares different 

preprocessing strategies and different 

categorization algorithms. The research 

presents a system that will evaluate the 

EEG output and assess human anxiety 

levels using a variety of classifiers. This 

study examines a variety of feature 

extraction approaches and classification 

algorithms for detecting stress levels. 

Based on findings, a method is designed 

that would utilize a distinct EEG electrode 

headset to collect signals, that will be pre- 

processed with Discrete Wavelet 

Transform and categorized utilizing a 

variety of classifiers to determine points. 

 

Early stress identification can prevent the 

occurrence of chronic mental disease. EEG 

signal recording and analysis can be a 

useful tool in this case. This study 

recommends using a EEG channel headset 

as a compact and cost-effective substitute 

to typical different technology. 

 

Ugur Halici et al [14] have proposed deep 

learning methods for the improvement of 

performance of EEG classification motor 

tasks brain signals. To categorize the motor 

tasks of EEG signals, author proposed 

convolutional neural network (CNN) and 

stack auto encoders (SAE). One 

dimensional convolutional and max-

pooling layers has been introduced to 

combine the time and frequency of EEG 

signals. They have also proposed deep 

network by synthesizing SAE and CNN. 

The deep network of SAE is classified by 

extracting the features in CNN. Their 

method results in improvement of 9% over 

the existing system. These methods can be 

applied to large amount of BCI data. 

 

PROPOSED SYSTEM  

The model proposed here considers the 

peripheral and restricted distribution 

mismatch among the source and target 

areas for learning the deep classification 

model. This is accomplished by combining 

the efforts of three components. This 

work proposes the new approach of 

domain adaptation method which is further 
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classified as extraction, discriminator and 

classifier of Convolution Neural Network 

(CNN) model along with relu unit. The 

system framework is shown below in 

Figure 1. It depicts how the system is 

created and how it works.

 

 
Fig.1:-System Architecture. 

 

The steps of the proposed system are as 

follows: 

1. Feature Extractor: It maps the original 

EEG data into feature representation 

to learn discriminative information. 

2. Classifier: It uses the collected feature 

representations from the feature 

extractor to forecast the output labels. 

3. Domain Discriminator: Its purpose is 

used to determine from which domain 

the features originate in order to limit 

the feature distribution across domains 

to be identical. 

Visual representation is a useful 

communication tool among the user and 

the system designer.  

 

Figure 2 shows a broad overview hierarchy diagram. 

 

 
 

Fig. 2:-Flow Diagram. 
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EXTRACTION OF DATA 

CSV (comma-separated value) files are a 

typical data transformation and storage 

form. Python has the capacity to read, 

modify, and write data to and from CSV 

files. Pandas is the most widely used 

Python data manipulation library, and data 

frames are a Pandas data type for sorting 

2D data. 

 

PREPROCESSING OF DATA 

Noise from various forms and sources 

contaminates raw EEG. Filtering away 

undesirable noise is a vital step in 

extracting meaningful information from 

EEG due to its tiny amplitude. We were 

able to reduce visual artifacts caused by 

physical movement. The notch is a highly 

selective filter that rejects all except a 

small frequency band across the selected 

frequency. It will not interfere with other 

frequencies in the EEG signal. 

 

RESULT 

The equipment should be linked to the 

web in order to select the individual 

element with ocular artifact as an output 

requirement. All electrode data attached to 

the scalp of people should be included in 

the data. As per the data set provided, the 

program will also provide the prediction 

performance of the emotion level 

evaluated. 

 

IMPLEMENTATION 

This section includes network model and 

energy model. 

 

a. Naïve Bayes Algorithm 

Naive Bayes is a machine learning 

model which is used for big volume 

of information. It is suggested to 

utilize Naive Bayes if one is working 

with data that has millions of records. 

When it pertains to NLP tasks like 

sentimental analysis, it performs 

admirably. It is a simple and quick 

categorization algorithm. 

 

b. Support Vector Machine 

Support Vector Machine (SVM) is 

machine learning approach that could 

be used for classification and 

regression analysis. SVMs are more 

typically employed in classification 

difficulties. The objective of SVMs is 

to find a hyper-plane. Text 

classification activities like category 

assignment, spam detection, and 

sentiment analysis are all done with 

SVM. It is especially popular for 

image recognition tasks, where it 

excels at aspect-based recognition and 

color-based classification. SVM is 

also used in a variety of pattern 

classification applications, including 

postal automation. 

 

c. Random Forest Algorithm 

Random forest is a learning-based 

supervised method. The basic steps of 

random forest algorithm are as 

follows: 

From the train set, random data is 

selected. 

The data points that are selected 

should be built on the decision tree. 

Select the number of decision trees 

that has been constructed. 

Repeat Step 1 & 2. 

Find predictions of each tree of the 

new data sets, and assign the data 

points which wins majority votes in 

the prediction category. 

 

d. Multilayer Perceptron 

A feedforward ANN called a 

multilayer perceptron (MLP) is a type 

of feedforward ANN. The name MLP 

is indistinct; it could be used to refer 

to any feedforward ANN, or it could 

denote networks made up of many 

layers of perceptrons [15]. There are 

at smallest three stages of nodes in an 

MLP: an input, hidden, and an output 

layer. Each layer consists with an 

exception of the first layer, a node 

with activation function. Back 
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propagation is a supervised learning 

method used by MLP [16]. 

 

e. Decision Tree 

For partitioning datasets, decision 

trees give a nonparametric technique. 

Regression models that depict 

correlations between variables as 

cross- products between them are 

examples of alternative data mining 

strategies. Because of their capacity to 

integrate vast complex datasets into 

incredibly simple yet information-rich 

graphs and charts, decision trees were 

selected for this study. The resulting 

graphical tree representation was 

thought to be a helpful tool for 

quickly elucidating the crucial 

parameter combinations that result to 

undesirable potential losses, which 

can then be turned into a system of 

regulations. Additional benefits of 

employing decision tree algorithms 

comprise minimum data preparation 

requirements and reliability on large 

datasets [14]. 

 

f. CNN Model 

A convolutional neural network (or 

CNN) is a multilayer neural network 

or deep learning framework 

influenced by a human being's visual 

system. The CNN is well-suited to a 

variety of machine learning and 

natural language processing tasks. In 

Convolutional Neural Networks, the 

Rectifier Linear Unit (ReLU) is the 

most widely employed activation 

function. It converts all of the input 

values into positive numbers. When 

compared to other algorithms, ReLU 

has the benefit of requiring extremely 

little computation. 

 

g. Common Spatial Pattern (CSP) 

The CSP algorithm has been shown to 

be useful in BCI for features 

extraction in motor imaging tasks, 

however it is susceptible to over-

fitting. Many techniques for 

normalizing CSP for two-class 

problems have been devised, but when 

it comes to multiclass CSP, they 

haven't worked. The CSP algorithm is 

frequently utilized in the BCI area, 

and it is used to find spatial filters that 

optimize variation among classes [15].

 

 

The following are the steps for CSP algorithm: 

 

Let Xk = (𝑋𝑐
𝑘 , t), c = 1, …, C, t = t0 , …, T 

 

Denotes the EEG recording of the kth trial. 

 

Where C is the number of electrodes, Yk ∈ {1, 2} is the class label of the kth trail. 

 

Two class-covariance matrices are as follows: 

 

∑ =  (𝑋𝑘𝑋𝑘𝑇)(𝑘: 𝑦𝑘 = 1) 𝑎𝑛𝑑 ∑ =  (𝑋𝑘𝑋𝑘𝑇)(𝑘: 𝑦𝑘 = 2)21                                       (1) 

 

W∑ 𝑊𝑇  =  𝐷1  and W∑ 𝑊𝑇  =  𝐼 −  𝐷2                                                                (2) 

 

W is a matric and D is a Diagonal matrix. 

 

Determine a matrix P 

P(∑ + ∑  21 ) PT = I           (3) 
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Define S1 = P∑ 𝑃𝑇
1  and S2 = P∑ 𝑃𝑇

2  

Compute a matrix R and a diagonal matrix D by spectral concept  

𝑆1
𝑇  =  𝑅𝐷𝑅𝑇                                                                                                                                       (4) 

 

From S1+S2=I it observed that 𝑆𝑇= R(I-D)RT. For class 1 trail row matrix of 𝑝𝑡ℎ R has 

variance of D element and class 2 train has 1-dp variance. For class 1 trail if dp is nearer to 1 

then R row is maximized and for class 2, if dp is nearer to 0 then R row is minimized. 

The final result that satisfies (2) can be achieved from 

𝑊 =  𝑅𝑇𝑃           (5) 

The EEG recording Xk are projected onto 

𝑍𝑘 = W 𝑋𝑘            (6) 

 

The analysis of W is twofold, the W rows 

are the spatial filters, while the W-1 

columns can be seen as the CSPs 

 

 

RESULTS 

The performance and web application of 

the proposed system is shown in this 

results section. Figure 3 depicts              

the dataset preprocessing outputs.

 

 
Fig.3:-Data Preprocessing 

 

Figure 4 shows Graph of EDA missing values 

 
Fig.4:-EDA-Graph-Missing value 
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Figure 5 shows the screenshot of Jupyter 

Notebook execution in which each 

individual machine learning algorithm’s 

accuracy is depicted. The Random forest is 

described as the best algorithm with 

respect to efficiency exhibiting accuracy of 

96.23%. The efficiency of Naive Bayes, 

Support Vector Machine, Multilayer 

Perceptron, Decision Tree, Linear 

Regression and Alpha Beta pruning is 

68.01%, 91.66%, 32.66%, 89.51%, 

90.59% and 80.24% respectively.

 

 
Fig.5:-Training performance of Machine learning algorithms 

 

The training performance is also depicted in Fig. 6 in a graphical representation. 

 

 
Fig.6:-Training performance graph 
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Fig.7:-Confusion matrix representation 

 

 
Fig.8:-Confusion matrix screenshot in Jupyter Notebook 

 

The performance of best algorithm is also 

represented using confusion matrix. It is a 

method to summarize the performance a 

classification method efficiency. If there is 

a disturbed quantity of samples in every 

class or if it has multiple class datasets, 

then the classification performance only 

could be inaccurate. Figure 7 and 8 shows 

the matrix representations. 

 

The web application is implemented for 

the proposed system whose result 

screenshots are presented in Figure 9 and 

10. Figure 9 shows the home page which 

has button to select the EEG signals that 

has to be tested. 

 

When clicked on button it will redirects to 

the local files to select the EEG Signal. 

Once the signal is selected, the signal is 

tested and result is displayed. In  Figure 10, 

“eeg_signal1.csv” file is selected and 

result is displayed as “Motion Intention 

level is: Right hand”. 
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Fig.9:-Home page of Web application 

 

 

 
Fig.10:-Signal selection and first result display 

 

Similarly, in Figure 11 “eeg_signal2.csv” 

file is selected and result is displayed as 

“Motion Intention level is: Left hand”. In 

Figure 12 “eeg_signal3.csv” file is 

selected and result is displayed as “Motion 

Intention level is: Feet”. 

The Epoch graphs for the above results are 

shown in below figures. Figure 13 shows 

Right hand epoch. Figure 14 shows Left 

had epoch. Figure 15 shows Feet epoch. 
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Fig.11:-Second result display 

 

 

 
Fig.12:-Third result display 
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Fig.13:-Right hand epoch 

 

 

 
Fig.14:-Left hand epoch 

 
Fig.15:-Feet epoch 
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Fig.16:-Comparison of Unsupervised DA and CNN models 

 

 
Fig.17:-Training accuracy of Unsupervised DA and CNN models 

 
Fig.18:-CSP model accuracy and CSP model loss 
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The comparison of Unsupervised Domain 

Adaptation and the proposed CNN model 

is shown in Figure 17. The Training 

accuracy is also compared for these two 

models which is depicted in Figure 17. 

Figure 18 displays the CSP model 

accuracy and CSP model loss which is 

used for feature extraction. 

 

CONCLUSION AND FUTURE WORK 

To tackle the EEG-based MI classification 

job, a CSP method is used in feature 

extraction to maximize the covariance 

between the subjects. As a result, the 

characteristics created from the source 

domain are distributed similarly to those 

created from the target domain. The 

findings show that the suggested system 

results state-of-the-art techniques in 

detecting motor intention from EEG data.  

 

It also indicates that the suggested 

adversarial reduction and the centre deficit 

could greatly decreases inter subject and 

intra subject non stationary, and that they 

can be used to various BCI applications. 

 

The seven algorithms are compared with 

respect to efficiency. The performance 

accuracy of all algorithms is as follows. 

The efficiency of Random Forest 

algorithm, Naive Bayes, Support Vector 

Machine, Multilayer Perceptron, Decision 

Tree is 96.23%, 68.01%, 91.66%, 32.66%, 

89.51%, respectively.  

 

From this analysis, it is cleared that 

Random Forest has resulted in best 

accuracy in this proposed work. The 

output is now a web site, but future work 

would be included creating an Android 

app for people to use and translating the 

existing network into their EEG Motor 

intention signal for deep learning models. 

 

REFERENCES 

1. Shreyas, J., Chouhan, D., Rao, S. T., 

Udayaprasad, P. K., Srinidhi, N. N., 

& Kumar, S. D. (2021). An energy 

efficient optimal path selection 

technique for IoT using genetic 

algorithm. International Journal of 

Intelligent Internet of Things 

Computing, 1(3), 230-248. 

2. Shreyas, J., Reddy, C. S., 

Udayaprasad, P. K., Chouhan, D., & 

Kumar, S. D. (2021). Bacteria 

Foraging Optimization-Based 

Geographical Routing Scheme in 

IoT. In Applications of Artificial 

Intelligence in Engineering (pp. 397-

407). Springer, Singapore. 

3. J. Shreyas and S. M. Dilip Kumar. A 

Survey on Computational 

Intelligence Techniques for Internet 

of Things”, Communication and 

Intelligent Systems,  Lecture Notes in 

Networks and Systems 120, © 

Springer Nature Singapore Pte Ltd. 

2020. 

4. Shreyas, J., Jumnal, A., Kumar, S. 

D., & Venugopal, K. R. (2020). 

Application of computational 

intelligence techniques for internet 

of things: an extensive 

survey. International Journal of 

Computational Intelligence 

Studies, 9(3), 234-288. 

5. Artem Rozantsev, Mathieu 

Salzmann and Pascal Fua. (2016). 

Beyond Sharing Weights for Deep 

Domain Adaptation”, pp. 1-10. 

6. Chunchu Rambabu and B Rama 

Murthy (2014). EEG Signal with 

Feature Extraction using SVM and 

ICA Classifiers. International 

Journal of Computer 

Applications.85, 2014. 

7. Patricia Becerra-Sanchez, Angelica 

Reyes-Munozand Antonio Guerrero-

Ibanez (2020). Feature Selection 

Model Based on EEG Signals for 

Assessing the Cognitive Workload in 

Drivers. Sensors, pp. 1-25. 

8. Deepa R, Dr. A. Shanmugam and 

Tamil selvan E. EEG Feature 

Extraction and Classification of 

Alzheimer’s Disease using Support 

https://doi.org/10.5281/zenodo.5805957


   

 

 

 

HBRP Publication Page 1-16 2021. All Rights Reserved                                                          Page 16 

Journal of Advances in Computational Intelligence Theory  

Volume 3 Issue 3 

DOI: https://doi.org/10.5281/zenodo.5805957  

Vector Machine Classifier. 

International Journal of Electronics, 

Electrical and Computational 

System,6.165-169p. 

9. Sharma, G., Sharma, N., Singh, T., 

& Agrawal, R. (2017). A Detailed 

Study of EEG based Brain Computer 

Interface. In ICITKM (pp. 137-143). 

10. Pawar, D., & Dhage, S. (2020). 

Feature Extraction Methods for 

Electroencephalography based 

Brain-Computer Interface: A 

Review. IAENG International 

Journal of Computer Science, 47(3). 

11. Vaid, S., Singh, P., & Kaur, C. 

(2015, February). EEG signal 

analysis for BCI interface: A review. 

In 2015 fifth international 

conference on advanced computing 

& communication technologies (pp. 

143-147). IEEE. 

12. K. Saranya, S. Jayanthy. BCI based 

EEG Signals for Emotion 

Classification. International Journal 

of Recent Technology and 

Engineering.7.p 385-389. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

13. Umale, C., Vaidya, A., Shirude, S., 

& Raut, A. (2016). Feature 

extraction techniques and 

classification algorithms for EEG 

signals to detect human stress-a 

review. International Journal of 

Computer Applications Technology 

and Research, 5(1), 8-13. 

14. Tabar, Y. R., & Halici, U. (2016). A 

novel deep learning approach for 

classification of EEG motor imagery 

signals. Journal of neural 

engineering, 14(1), 016003. 

15. Hastie, T., Tibshirani, R., & 

Friedman, J. (2009). The elements of 

statistical learnin. Cited on, 33. 

16. Rosenblatt, F. (1961). Principles of 

neurodynamics. perceptrons and the 

theory of brain mechanisms. Cornell 

Aeronautical Lab Inc Buffalo NY. 

 

Cite this article as: Shreyas J, 

Bhavani D, Udayaprasad P K, 

Srinidhi N N, Dharamendra 

Chouhan, & S M Dilip Kumar. 

(2021). Common Spatial Filter for 

Improving the Classification of EEG 

using Artificial Neural Network. 

Journal of Advances in 

Computational Intelligence Theory, 

3(3), 1–16. 

https://doi.org/10.5281/zenodo.5805

957 

 

 

https://doi.org/10.5281/zenodo.5805957

