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Abstract: 

Mind Machine Interface (MMI) or Brain computer Interface (BCI) technology  represents a highly growing field of research with 

application systems. Its contributions in medical fields range from prevention to neuronal rehabilitation for serious in jurie s. Mind 

reading and remote communication have their unique fingerprint in numerous fields such as educational, self-regulat ion, 

production, marketing, security as well as games and entertainment. It creates a mutual understanding between users and the 

surrounding systems. This paper shows the applicat ion areas that could benefit  from brain  waves in  facilitating o r ach ieving their 

goals. We choose emotions as credentials because aside from being inextricably  linked to the user, their variat ion over time 

provides valuable meta-informat ion about the user’s state and evolution. 
 

Keywords: BCI: Brain Computer Interface, MMI: Mind Machine Interface.  

 

I.     INTRODUCTION 
 

Mind Machine Interface (MMI) or Brain Computer Interface 

(BCI) technology is a powerful communication tool between 

users and systems. It does not require any external devices  or 

muscle intervention to issue commands and complete the 

interaction [1]. The research community has initially 

developed BCIs with b iomedical applications in  mind, leading 

to the generation of assistive devices [2]. They have facilitated 

restoring the movement ability for physically challenged or 

locked-in users and replacing lost motor functionality [3]. The 

promising future pred icted for BCI has encouraged research 

community to study the involvement of BCI in the life of non-

paralyzed  humans through medical applications. However, the 

scope of research has been further widened to include non-

medical applications. More recent studies have targeted 

normal individuals by exp loring the use of BCIs as a novel 

input device and investigating the generation of hands-free 

applications [1,2]. The use of BCI interfaces for healthy users 

has been subject to some doubts as discussed in [4]. The 

problem of poor information transfer rate (ITR) of BCIs and 

its effect on reducing the commands user can give has been 

addressed as one of those issues. It has been claimed that this 

problem restricts BCI utilizat ion for locked-in persons as it 

will not be able to keep up with ordinary communication ways 

or even existing human computer interfaces.  On the other 

hand, some of MMI advantages for able bodied users have 

been enlightened in [5]. BCI could be helpfu l especially for 

safety applications or applications where it  is instantaneously 

difficult to move and the response time is crucial. Besides they 

can also be used to increase the accuracy of the HCI systems, 

resulting in MMI contribution in various fields such as 

industry, educational, advertising, entertainment, and smart 

transportation. Despite its expected success, Brain computer 

interfacing needs to overcome technical diff iculties as well as 

challenges posed by user acceptance to deal with such newly 

discovered technology. The next sections will p rovide more 

informat ion about BCI functions and associated applications. 

Various methods for acquiring brain signals are then exp lored 

along with the electrical changes reflected in the recorded 

brain waves. 
 

I.I MMI FUNCTIONS 

Applications of MMI are functionality on either observing the 

user state or allowing the user to deliver his \her ideas. BCI 

system records the brain waves and sends them to the 

computer system to complete the intended task. The 

transmitted waves are therefore used to express an idea or 

control an object. 
 

I.I.I Communication and control  

Brain computer interface (BCI) systems build a 

communicat ion bridge between human brain  and the external 

world eliminating the need for typical information delivery 

methods. They manage the sending of messages from human 

brains and decoding their silent thoughts. Thus they can help 

handicapped people to tell and write down their opinions and 

ideas via variety of methods such as in spelling applications 

[6], semantic categorizat ion [7], or silent speech 

communicat ion [8]. BCIs can  also facilitate hands -free 

applications bringing the ease and comfort  to human beings 

through mind-controlling of machines. They only require 

incorporating brain signals in order to accomplish a set of 

commands and no muscles intervention is needed [9,10,3]. 

BCI assistive robots can offer support for disabled users in 

daily and professional life, increasing their cooperation in 

building their community. 
 

I.I.II User state monitoring  

Early BCI applications have targeted disabled users who have 

mobility or speaking issues. Their aim was to provide an 

alternative communication channel for those users. But later 

on, BCI enters the world of healthy people as well.   It works 

as a physiological measuring tool that retrieves and uses 

informat ion about an individual’s emotional, cognitive or 

affectiveness state. The target of brain signals utilization has 

been extended beyond controlling some object or offering a 

substitution for specific functions, in what is called passive 

BCI. The precise awareness of the current emotional or 

cognitive state can affect the recognition of the mental task 

associated with the recorded brain waves. Another beneficial 

employment of such information is to determine the state itself 

and use that knowledge for enhancing various BCI systems. 

BCI User state monitoring function is considered a helpful 

hand in Human Computer Interfaces and adapts them 

according to the estimated user emot ional o r cognitive state. It 

participates in a shared control environment and decides the 

best type of control that might be used in certain situations. It 

also contributes in the development of s mart environments and 

emotion controlling applicat ions. Working conditions’ 
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assessment and educational methods’ evaluation are examples 

of other fields that could benefit from measuring user’s brain 

state. The next  section highlights some applications that 

exploit brain computer interface. 

 

I.II  BCI SYS TEM COMPONENTS  

BCI system consists of four basic components. They include 

signal acquisition, signal preprocessing, feature extraction, and 

classification. 
 

 
Figure.1. BCI Components 

 

Signal acquisit ion component, described in details in the 

following section, is responsible for record ing the brain waves 

and sending them to the preprocessing component for signal 

enhancement and noise reduction. Feature extraction 

component generates the discriminative characteristics for the 

improved signal, decreasing the size of the data applied to the 

classification component. Classifiers are translating the 

produced features into device commands. 

 

I.III  SIGNAL ACQUIS ITION 

 

Measuring brain generated oscillations is one of the main 

components in any  BCI based system. It reflects the voluntary 

neural actions generated by user’s current activity. Various 

methods for signal acquisition have been studied. It is the BCI 

application and the category of its intended users that decides 

the proper signal acquisition method and its measured 

phenomena. As shown in Fig. there are two general classes of 

brain acquisition methods: invasive and non-invasive methods. 

In invasive technology, electrodes are neurosurgical implanted 

either inside the user’s brain or over the surface of the brain, 

while in non-invasive technologies; the brain activity is 

measured using external sensors. 

 

 
Fig.2. Signal Acquisition Methods 

Here we are only interested in non-invasive method of using 

EEG electrodes. We only focus  on the EEG. 

Electroencephalography (EEG) is the recording of electrical 

activity along the scalp through easuring voltage fluctuations 

accompanying neurotransmission activity within the brain. 

The electrodes are attached in a cap-like device. It has unique 

usability advantages over other types of brain  signal recording 

that recommend it  for commercial use. It is easy to use, 

portable and inexpensive. EEG record ing also provides high 

temporal resolution. However its signal to noise ratio and 

spatial resolution represent a limitation compared to other 

methods. Several solutions have been provided to enhance 

EEG spatial resolution issue and improve signal localizat ion. 

The increased use of electrodes up to 256 has been suggested. 

An international electrode pos itioning system has been 

revealed. It makes the distance between adjacent pair of 

electrodes to be either 10% or 20% of the scalp diameter [3]. 

This configuration has been commonly used across different 

EEG systems. Another EEG acquiring method presents an 

unobtrusive in-the-ear EEG record ing. It has been tested 

against on-scalp EEG and proven feasibility. This approach’s 

gain appears in fixing electrode position, comforting user and 

robustness to electromagnetic interference. A Lot of 

researches regarding BCI based applications have begun 

concerning with reducing the number of used electrodes, while 

maintaining signal to noise ratio.  

 

II. LITERATURE S URVEY 

 

The human brain is one of the most complex structures of the 

universe. Numerous experiments and studies have been carried 

out on it to analyze its characteristics. As a result of the 

availability of high-speed electronics and efficient algorithms, 

various efficient Brain Computer Interface devices have been 

developed. The dry electrode based Brain Computer Interface 

device implemented here belongs to the class of non-invasive 

Brain Computer Interfaces. [11] states that EEG is the first 

non-invasive neuro-imaging technique discovered which is 

used for measuring the electrical activ ity of the brain. Due to 

its ease of use, low cost and high temporal resolution. This 

method is the most widely used one in BCIs .It follows a 

standardized positioning of electrodes over the scalp 

recommended by the International Federation of Societies for 

Electroencephalography and Clinical Neurophysiology. [12] 

states that Signals detectabilty is limited by a number of 

factors. Due to the temporal nature of  brainwave siganls,the 

location of the electrode is the key factor in determining which 

signals can be detected by a particular headset. The power 

spectral density(PSD) is  determined for a set of known 

frequency bands including the delta(0.5 - 4Hz), theta(4 -8Hz), 

alpha(8-13Hz), beta(13 - 30Hz) frequency band. Each of these 

frequencies is found in  all reg ions of the brain at a  given t ime, 

but regional variation in power over time for a particular band 

can occur in a response to change the subjects mental ability. 

[13] states that Neuroscientists have investigated brain activity 

during meditation. Significantly enhanced activation has been 

ob-served in the temporal lobe during meditation in several 

fMRI studies. EEG studies on meditation have revealed 

enhanced alpha band activity during meditation. An increase 

of activ ity in  the gamma  band of the EEG during meditation 

has also been reported; in particular, subjects exhib it more 

paroxys mal gamma waves (PGWs). The knowledge of the 

PGW distribution together with brain functional mapping may 

help us to have a better understanding of the brain activity 

during meditation. This paper also proposes a fully automated 

procedure for extracting and clustering PGWs in EEG 
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recordings of meditators, by combining several signal 

processing techniques including principal component analysis 

(PCA), blind signal separation (BSS), and K-means clustering. 

The proposed procedure is able to identify multip le sources 

that generate PGWs, and associate sources with different types 

of PGWs. [14] states that The use of the P300 component [4] 

of an evoked potential in current brain–computer interfaces 

(BCIs) is a feasible method to translate the user’s intent into 

commands to control artificial devices. Farwell and Donchin 

demonstrated how the P300 can be used to spell words by 

“mere thought.” Steady research in this field improved 

informat ion transfer rates as well as accuracies, which is a 

crucial issue in terms of usability. In addit ion to the P300 

component in electroencephalography (EEG) data, several 

other types of signals can be used to translate the user’s intent 

into commands. Examples for the most common types are 

slow cortical potentials, mu and beta rhythms, event related 

(de)synchronization, and steady-state visual evoked potentials. 

[15] States that contribution Reaction-Diffusion Cellular 

Nonlinear Networks (RD-CNN) with polynomial weight 

functions and nonlinear diffusion coupling have been 

proposed for an approximat ion of short time segments of EEG 

signals in epilepsy. Thereby, the network parameter values are 

determined in  a supervised optimization procedure. The 

influences of the segment lengths, the polynomial coupling 

orders, nonlinear d iffusion and the optimization methods on 

the accuracy of the proposed modeling procedure have been 

studied. [16] States a method to describe the general 

characteristics of an EEG t race in a few quantitative terms is 

introduced. Its descriptive parameters are entirely based on 

time, but they can be derived also from the statistical moments 

of the power spectrum. Thus the method used provides a 

bridge between a physical time domain interpretation and the 

conventional frequency domain description. ADS1299 device 

a family of  eight-channel, low noise, 24-bit,  simultaneous-

sampling delta-sigma,  analog-to-digital converters (ADCs) 

with a built-in programmable gain amplifier (PGA), internal 

reference, and an onboard oscillator. The ADS1299 

incorporates all commonly-required features for extra cran ial 

electroencephalogram (EEG) and electrocard iography (ECG) 

applications. With its high levels of integration and 

exceptional performance, the ADS1299-x enables the creation 

of scalable medical instrumentation systems at significantly 

reduced size, power, and overall cost. PIC 32-b it 

Microcontrollers (up to 256 KB Flash and 64 KB SRAM) with 

Audio and Graphics Interfaces, USB, and Advanced Analog 

which are helpful in lower cost and reduce power. The 

different types of brain waves and their respective frequencies 

that we can get are exp lained as follows: ALPHA WAVES (8 

TO 12 HZ): Alpha brainwaves are dominant during quietly 

flowing thoughts, and in some meditative states. Alpha is ‘the 

power of now’, being here, in the present. Alpha is the resting 

state for the b rain. Alpha waves aid overall mental 

coordination, calmness, alertness, mind/body integration and 

learning. BETA WAVES (12 TO 38 HZ) :Beta brainwaves 

dominate our normal waking state of consciousness when 

attention is directed towards cognitive tasks and the outside 

world. Beta is a ‘fast’ activity, present when we are alert, 

attentive, engaged in problem solving, judgment, decision 

making, and engaged in focused mental activ ity. Beta 

brainwaves are further div ided into three bands; Lo-Beta 

(Beta1, 12-15Hz) can be thought of as a 'fast idle, or musing. 

Beta (Beta2, 15-22Hz) is high engagement or actively figuring 

something out. Hi-Beta (Beta3, 22-38Hz) is highly complex 

thought, integrating new experiences, high anxiety, or 

excitement. Continual high frequency processing is not a very 

efficient way to run  the brain, as it  takes a t remendous amount 

of energy GAMMA WAVES (38 TO 42 HZ): Gamma 

brainwaves are the fastest of brain waves (high frequency, like 

a flute), and relate to simultaneous processing of information 

from different brain areas passes information rapid ly, and as 

the most subtle of the brainwave frequencies, the mind has to 

be quiet to access it. Gamma was dismissed as 'spare brain 

noise' until researchers discovered it was highly active when in 

states of universal love, altruism, and the ‘higher virtues’. 

Gamma is also above the frequency of neuronal firing, so how 

it is generated remains a mystery. It is speculated that Gamma 

rhythms modulate perception and consciousness. THETA 

WAVES (3 TO 8 HZ): Theta brainwaves occur most often in 

sleep but are also dominant in deep meditation. It  acts as our 

gateway to learning and memory. In theta, our senses are 

withdrawn from the external world and focused on signals 

originating from within. It is that twilight state which we 

normally only experience fleetingly as we wake or drift off to 

sleep. In theta we are in a dream; vivid imagery, intuition and 

informat ion beyond our normal conscious awareness. It’s 

where we hold our ‘stuff’, our fears, troubled h istory, and 

nightmares. DELTA WAVES(0.5 TO 3HZ): Delta brainwaves 

are slow, loud brainwaves (low frequency and deeply 

penetrating, like a drum beat). They  are generated in deepest 

meditation and dreamless sleep. Delta waves suspend external 

awareness and are the source of empathy. Healing and 

regeneration are stimulated in  this state, and that is why deep 

restorative sleep is so essential to the healing process. 

Translation algorithms convert the input features (independent 

variable) into device control commands (dependent variable). 

An efficient BCI should have three levels of adaptation. First, 

is the ability  of the t ranslation algorithm to adapt to each 

user’s signal features. The best features are different from 

person to person. Second, periodic online ad justments should 

be done as brain signals change according to hormonal levels, 

environmental changes, illness and spontaneous change over 

time within the same person for unknown reasons. Third, the 

algorithm should be able to adapt to the wave changes in the 

brain because of the feedback effect of an online BCI 

operation. This feedback should encourage the user to make 

the BCI more accurate by encouraging the user to produce 

stronger feature signals in  their brain  signals. The other type is 

the EEG based BCI. The sensors of the EEG have the best 

safety and lowest invasiveness but the accuracy of the brain 

signal access is the poorest. Despite extensive research on this 

type of BCI over the last 15 years, the accuracy of EEG based 

BCI is not promising for a clinically useful aid for patients to 

provide an artificial prosthesis control. Nevertheless, this type 

has been shown to be useful as a simple speller which 

provides patients a slow but effective way of communicat ion. 

Ordinary  EEG sensors need special preparat ion. Conduction 

gel should be put beneath each electrode to decrease the 

impedance of the contacting scalp, which causes discomfort 

and needs considerable preparation t ime. These technical 

issues have recently been solved by the development of a non 

contact dry EEG sensor that is based on the optical detection 

of the physiological electrical signals. Notwithstanding this 

breakthrough in resolving the technical issues that have been 

identified by the BCI community concerning the EEG sensors, 

the EEG technique still lacks the spatial resolution needed for 

a robust and accurate BCI. 

 

III. METHODOLOGY 

This project is sub-divided into 2 modules which include 

designing of Mind Machine Interface (MMI) and training 
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those signals into respective event. The Methodologies here 

used are as follows. 

 

III.I Designing a MMI 

For the design of MMI the aim of the design was to build a 

Device that collect the brain signals and to transmit it 

wirelessly to laptop or any other module. The requirement was 

to design a 32 bit board that is capable of computing the huge 

amount of data that comes from the brain. For the designing of 

MMI we have used ADS1299 which is a ADC(Analog to 

Dig ital Converter) that has capability to meet our 

requirements. ADS1299 IC has 8 channels of 4 bits each from 

where it  is getting the signals from the brain. The reason we 

choose this IC is it possible to process 32 bits of data parallel. 

The data that we are getting is sent through Bluetooth to the 

processing device connected. Later there is a use of PIC 

microcontroller by which we are able to load the circuit, which 

is supported by boot loader. Later those are connected to the 

respective resistors and capacitors for the power consumption 

based on the calculation. After when the board is completely 

ready the board is now ready to work. Later the process of 

boot loading starts. PIC Microcontroller is loaded with the 

boot loader that is available in the internet and freeware to use. 

After when the boot loading is done there is need to program 

the BLE i.e Bluetooth for the sake of data transfer from Host 

to Dongle. 

 

 The MMI board communicates via RFduino 

Bluetooth modules made by RFdigital.  

  Our selection of Bluetooth and RFduino was based 

on the desire to connect with mobile devices, and the 

need for accessible development environment.  

 As it has loaded with boot loader it allows me to 

upload code to the Host 

 MMI comes with a RFduino module on-board for 

communicat ion, and an RFduino based USB Dongle 

for communicat ing to computer.  

 The protocol here used is gazelle protocol which I 

have used to communicate with the two devices, i.e 

host and dongle. 

 

III.I.I     Gazelle Protocol  

The Gazell Link Layer is a protocol for setting up a robust 

wireless link between typically  one single Host and up to eight 

Devices in a star network topology. The Gazell Link Layer is a 

protocol designed to minimize power consumption in  power-

sensitive wireless desktop products and is also suitable for a 

range of other wireless applications. Gazell takes advantage of 

the fact that one end of the communicat ion can be "always on" 

in order to minimize the power consumption of the power-

sensitive devices on the other end. A typical packet transaction 

between a Device and a Host consists of a Device init iating 

the transaction by sending a data packet to the Host after 

which the Host sends an ACK packet in return.  When an ACK 

packet is received by the Device, it knows that the init ial 

packet was successfully transmitted and the 

nrf_gzll_device_tx_success() callback function will be called 

to notify the application of this. Similarly, when the init ial 

packet is received by the Host, the nrf_gzll_  host_rx_ 

data_ready() callback function will be called to notify to the 

application that a new packet has been received. Note that 

these callback functions are actually  queued so that the 

application avoids race conditions. This is discussed later in 

the section Callback queueing. 

 

 
 

Figure.3. Packet transactions in Gazelle Protocol 

 

A transaction can fail, because either: 

 

• The initial packet from the Device was not received 

correctly by the Host, 

 

• Or the corresponding ACK packet was not received 

correctly by the Device. Note that packets with a failing 

Cyclic Redundancy Check (CRC) are ignored by Gazell. If a  

transaction fails the Device will attempt to retransmit the 

initial packet to the Host until the ACK is finally  received or 

the maximum number of transmission attempts is reached. If 

the maximum number of transmission attempts is reached the 

retransmissions will stop and the nrf_gzll_device_tx_failed () 

callback will be called. In the case where only the ACK packet 

sent from the Host to the Device is lost, but both the initial 

packet and the subsequent retransmission attempts are being 

successfully received by the Host, the repeated packets will be 

discarded by the Host, but the ACK packets will still be sent in 

return to the Device. This prevents the application receiving 

duplicate data packets at the Host. 

 

 
 

Figure.4. Failed transaction Recovery 

 

The over-air data is sent in packets (or frames, depending 

upon your preferred  word). The maximum byte allowed per 

packet is 32. We are reserving the first byte to use as a packet 

check-sum in our protocol. So  the availab le bytes -per-packet, 

as far as the uC is concerned, is 31. The over-air protocol that 

the Dongle/RFduino Host gets is: 

 

Byte 1: Packet Counter 

Byte 2: Sample Number 

Bytes 3-5: Data value for EEG channel 1 
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Bytes 6-8: Data value for EEG channel 2 

Bytes 9-11: Data value fo r EEG channel 3 

Bytes 12-14: Data value for EEG channel 4 

Bytes 15-17: Data value for EEG channel 5 

Bytes 18-20: Data value for EEG channel 6 

Bytes 21-23: Data value for EEG channel 6 

Bytes 24-26: Data value for EEG channel 8 

Bytes 27-28: Data value for accelerometer channel X 

Bytes 29-30: Data value for accelerometer channel Y 

Bytes 31-32: Data value for accelerometer channel Z  

Bytes 27-32 is left for the future use where if you are 

implementing any accelerometers in your device. For this time 

instance it is treated as ‘0’ and left  open for the future use. Our 

Host code removes the Packet Counter and adds the header 

and footer. It could be modified to work natively with other 

protocol specs for other signal processing software. Data 

Compression:  In situations where an increase in the sample 

resolution, or higher channel counts are desired, a data 

compression scheme can be implemented. As noted above, 

when sending only the ADS1299 values for 8 channels there 

are six unused bytes in the radio packet. It may  be possible to, 

for example, increase the sample rate, and compress two 

samples worth  of ADS data into a single radio  packet. Or fit 

all 16 channels of data into a single packet and avoid the 

averaging that is currently used. Using the Gazelle protocol we 

are able to code both the Host and Dongle by using Arduino 

IDE which is compatib le to use. It’s just like compiling and 

running the code and the code gets uploaded directly. For this 

uploading the code we are using the dual switch which one 

side is used to upload the code into them and another switch is 

used to as default and to send the data. The board  acts 

accordingly by assuming which switch is on.  The board is 

now able to send the data to the dongle for the further 

processing. The algorithm that has been implemented in order 

to get the data that is Analog in nature and to pass it to the 

Host in the form of Dig ital and further transmit it to the 

Dongle where it gets data as digital. We use DSP(Digital 

Signal Processing) which is compatib le with Arduino IDE for 

the sake of Visualizing the waves that is taken from the brain.  

 

III.II TRAINING THE BRAIN S IGNALS 

 

Here training the brain signals means generating an event 

whenever we get a desired output, e.g an event is generated if 

we observe 3 alpha peaks along with 2 beta peaks. This is 

what we are training the signals to map into certain event 

which are used in generating many events. To train this signals 

we are using counter based approach. The block diagram of 

the approach is shown in fig.6. Counter based approach 

working is shown in fig.7. These alpha and beta bands are 

collected according to the user requirements and generate an 

event which may be in any form (Here we are using led as an 

event). A LED blows if an event is met as per the 

requirements 

   

  Figure.6. Block Diagram 

 

 
Figure.7. Counter Based Approach 

 

IV. RES ULTS  

 

The output we are getting is in  the form of signals which are 

shown below. The results shows us how the actual waves will 

be and after applying the FFT and necessary algorithms like 

counter based approach which is explained in the fig.7. The 

differences between those are shown below.  



International Journal of Engineering Science  and Computing, March 2017         5401                                                                 http://ijesc.org/ 

 
 Figure.8. Raw signals with no algorithms used 

 

 
Figure.9. Output in the form of alpha and beta 

 

The combination of these alpha and beta bands leads to the 

generation of an event. Here a LED is turned on if the 

combination of these alpha and beta waves are met.  

 

V. CONCLUS ION 

 

This technique of fetching brain waves and other brain 

activities in the form of event assures transparency, selectivity 

and accuracy for visualization. This type of event generation 

helps in various fields of In formation technology like 

authentication through brain waves, as well as in Bio medical 

field like identify ing inconsistency and variations in human 

physiological activ ities and many more.  
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