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ABSTRACT
Due to the development of convenient brain-machine interfaces (BMIs), the automatic selection of a minimum channel (electrode) set has attracted increasing interest because the decrease in the number of channels increases the efficiency of BMIs. This study proposes a deep-learning-based technique to automatically search for the minimum number of channels applicable to general BMI paradigms using a compact convolutional neural network for electroencephalography (EEG)-based BMIs. For verification, three types of BMI paradigms are assessed: 1) the typical P300 auditory oddball; 2) the new top-down steady-state visually evoked potential; and 3) the endogenous motor imagery. We observe that the optimized minimal EEG-channel sets are automatically selected in all three cases. Their decoding accuracies using the minimal channels are statistically equivalent to (or even higher than) those based on all channels. The brain areas of the selected channel set are neurophysiologically interpretable for all of these cognitive task paradigms. This study shows that the minimal EEG channel set can be automatically selected, irrespective of the types of BMI paradigms or EEG input features using a deep-learning approach, which also contributes to their portability.


                          CHAPTER 2
2. SYSTEM ANALYSIS
2.1 EXISTING SYSTEM

· Brain-computer interface (BCI) is an emerging area of research with enormous scope in medical as well as non-medical applications. 
· Most of the existing machine learning studies focus on static data and cannot classify the dynamic changes of brain signals accurately for practical uses. 
· There exist many types of feature selection algorithms like filters, wrapper etc. 
· The design of the experiment, data acquisition, and training requires a high degree of organization and timing. 
· Developing a large database is quite tedious and expensive. The variability of the brain signals produced across subjects is also quite high.
2.1.1 DRAWBACKS OF EXISTING SYSTEM  : 
· The security problem can be divided into identi�cation (also called recognition) and authentication (also called veri�cation) aspects.
· To solve the problem that the intracortical signals are expensive to collect, the authors also proposed a deep neural architecture to aiming at mapping the scalp signals to pseudo-intracranial brain signals.
· The former generally is a multi-class classification problem, and its target is to recognize the identity of the test-person.
· Some papers only attempt to classify the user’s emotional state into a binary (positive/negative) or three categories (positive, neutral, and negative) problem and recognize them by deep learning algorithms. 
2.2. PROPOSED SYSTEM 
· The proposed Reinforced CNN selects the best attention area that leads to the highest classification accuracy using a non-linear reward function to encourage the model. 
· The proposed models filter the output of CNN using Discrete Wavelet Transform (DWT) with Coiflet wavelet mother signal. 
· Others argue for attributing the good performance to smoothing the objective function, while others propose that lengthdirection decoupling is the reason behind its effectiveness.
· Some studies propose new network structures that mix CNN with representation algorithms for feature extraction and classification.
· To reduce feature dimensions, a new approach is proposed to select channels and features that represent the highest emotional state.

2.2.1. ADVANTAGES OF PROPOSED SYSTEM
· These represent but a small sample of the entire set of neurons in this limited region, as spiking can only be detected by microelectrodes closely approximated to a neuron developed a high performance BCI system for communication of ALS patients.
· The wider frequency bands take substantial information from functional areas of a brain (e.g., motor and language) and thus can be used to train a higher-performance BCI system.
· Moreover, the performance of ERD/ERS among users is quite variable, and the accuracy is not very high.
· They have taken advantage of MLP for detecting hierarchical features and LSTM for sequential data learning to optimize classification performance with single-channel recordings. 
Literature Survey:
	             TITLE
	            AUTHORS
	     DESCRIPTION

	Augmenting �e Size of EEG datasets Using Generative Adversarial Networks
	Sherif M Abdelfa�ah, Ghodai M Abdelrahman, and Min Wang. 2018. 
	Electroencephalography (EEG) is one of the most promising methods in the field of Brain-Computer Interfaces (BCIs) due to its rich time-domain resolution and the availability of advanced and portable sensor technology.

	Brain computer interfacing: Applications and challenges
	Sarah N Abdulkader, Ayman Atia, and Mostafa-Sami M Mostafa. 2015. 
	Brain computer interface technology represents a highly growing field of research with application systems.

	Deep convolutional neural network for the automated detection and diagnosis of seizure using EEG signals
	U Rajendra Acharya, Shu Lih Oh, Yuki Hagiwara, Jen Hong Tan, and Hojjat Adeli. 2018. 
	This technique can be time-consuming, limited by technical artifact, provides variable results secondary to reader expertise level, and is limited in identifying abnormalities.

	Performance variation in motor imagery brain–computer interface: a brief review
	Minkyu Ahn and Sung Chan Jun. 2015. 
	Brain-computer interface (BCI) technology has attracted significant attention over recent decades, and has made remarkable progress.



2.3 FEASIBILITY STUDY
The feasibility Analysis is an analytical program through project manager determines the project success ratio and through feasibility study project manager able to see either project. The key considerations involved in the feasibility analysis are:
· Economic Feasibility
· Technical Feasibility
· Operational Feasibility
· Environmental Feasibility
2.3.1 ECONOMICAL FEASIBILITY
Hence this project is economically feasible there is no need to involve any cost for this project. 
2.3.2 TECHNICAL FEASIBILITY
Software Technologies used are PHP and MySql. In the educational institutions, it is possible to update the system in future. No special hardware is required for the purpose of using this system. Hence it is declared that this project is technically feasible.
2.3.3 OPERATIONAL FEASIBILITY
As the admin work mainly to maintain the Patient and Doctor .Doctor will predict patient cancer disease. Hence it is easy to operate with training. Therefore it is operationally feasible for implementation.
2.3.4 ENVIRONMENTAL FEASIBILITY
This project environment is correct as a admin has developed this system and no expenditure is involved under any head and this process is part of admin document management, this project environment is accessible.   
2.4 SYSTEM REQUIREMENTS
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse	: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.1 HARDWARE REQUIREMENTS
             The Hardware of the computer consists of physical component such as Input Devices, Storage Devices, Processing & Control units and Output Devices.  Computer includes external storage unit to store data in programs.
           The Hardware Configuration involved in this project
· System	:  Pentium IV 2.4 GHz.
· Hard Disk	: 40 GB.
· Monitor	: 15 inch VGA Color.
· Mouse 		: Logitech Mouse.
· Ram		: 512 MB
· Keyboard	: Standard Keyboard
2.4.2 SOFTWARE REQUIREMENTS 
 	Software is a group of programs that computers need to do a particular task.  It is an essential requirement of Computer System. The Software used to develop the project is
· Operating System	: Windows XP.
· Platform		: DOT NET TECHNOLOGY
· Front End		: ASP.Net 3.5
· Back End		: SQL SERVER 2005
CHAPTER 3
  SYSTEM DESIGN AND DEVELOPEMENT
SYSTEM ARCHICTURE
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CHAPTER 4
TESTING AND IMPLEMENTATION

0. TESTING
 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 4.1.1Unit Testing
	Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

4.1.2 Block Box Testing
Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.




4.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

















                               CHAPTER 5
CONCLUSION:
    In this paper, we systematically survey the recent advances in deep learning models for BrainComputer Interface. Compared with traditional methods, deep learning not only enables to learn high-level features automatically from BCI signals but also depends less on manual-cra�ed features and domain knowledge. We summarize BCI signals and dominant deep learning models, followed by discussing state-of-the-art deep learning techniques for BCI and identifying the suitable deep learning algorithms for each BCI signal type. Finally, we overview deep learning based BCI applications and point out the open challenges and future directions. 
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