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ABSTRACT 

With the recent advances in the field of electroencephalography (EEG), researchers have been able 

to detect and predict cognitive states and patterns based on electromagnetic signals emitted by 

the brain with greater precision than ever before. EEG has become a viable means of implementing 

brain computer interfaces (BCIs), which translate brain signals into machine commands. The goal 

of CEREBRO was to develop an EEG based concentration detection system and create a two-player 

competitive game that is driven by each players’ level of concentration. In addition, we were to 

implement active sensor hardware which can sense the small signals emitted by the brain while 

minimizing the effective signal to noise ratio (SNR). The end result is a system which is able to 

detect concentration levels in the users by comparing the relative energy levels in the alpha and 

beta bands while using this information to control a simple yet fun tug-of-war style competitive 

game. 
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PROJECT OVERVIEW  

CEREBRO is a research project sponsored by Dr. Yusuf Ozturk and the San Diego State University 

Department of Electrical and Computer Engineering whose goal is to develop an EEG-based 

concentration detection system in the form of a two player “tug-of-war” style game. EEG 

(Electroencephalography) is a method of recording electromagnetic signals emitted by the brain 

which has enabled scientists and researchers to discover how to decode the mental states and/or 

intentions of a person in a noninvasive way. This has allowed for the understanding and 

characterization of a subject’s brain signals, which are divided up into five primary frequency 

bands. These five primary bands are Alpha (8-15 Hz), Beta (16-31 Hz), Gamma (32 +), Theta (4-7 

Hz), and Delta (< 4 Hz). Well-established research in neuroscience has determined that activity in 

the α band is associated primarily with states of conscious quiet and rest, while activity in the β 

band is associated primarily with conscious/alert mental activity such as thinking and receiving 

sensory stimulation [1]. This knowledge forms the basis for the feasibility of the project. Using 

custom-designed active sensors to reliably acquire these small EEG signals, CEREBRO has created 

a system in which two players face off against each other in a tug-of-war style game which is 

controlled using the players’ levels of concentration. The system uses Bluetooth Smart® (aka 

Bluetooth 4.0 LE) technology to transmit EEG data wirelessly in order to produce a portable, no-

mess solution which is packaged entirely in an easy-to-wear visor that is more convenient to the 

user than most EEG systems available today. CEREBRO is an example of the next generation of 

gaming, where users can control video games using their own minds as the controller. In addition 

to gaming, EEG is finding its place in the fields of medicine where amputees are controlling 

robotic limbs with their minds, as well as household remote-control applications such as the 

ability for users to turn appliances and home lighting systems on and off with their thoughts. The 
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realm of possibility that EEG could be applied to is ever-growing. CEREBRO was developed to 

prove that functioning EEG systems can be designed by an undergraduate-level team and hopes 

to fuel future undergraduate EEG research projects. 

 

DESIGN GOALS AND CONSTRAINTS 

Based on the proposal created by OzturkLab, the solution to the problem stated in the project 

overview consisted of six core design requirements. These requirements are as follows: 

1. Active Electrodes for EEG sensors. 
2. Headband for housing the system. 
3. A virtual or physical robot game for concentration detection. 
4. Signal processing algorithms for filtering the data. 
5. Feature extraction and classification algorithms for attention detection. 
6. Host application for communication with OzturkLab EEG module and interface with the game. 

These basic requirements encompass both hardware and software design as well as the required 

core knowledge of how to operate basic electronic test instruments such as the multimeter, 

oscilloscope, function generator etc.  The EEG module mentioned in requirement 6 was designed 

by OzturkLab, and used in a practical setting for the first time in this project. This EEG module 

employs a TI ADS1299 Analog Front End for Analog/Digital conversion, as well as a Nordic 

nRF51822 Bluetooth 4.0 System-on-Chip. We were able to satisfy each requirement stated in the 

proposal, with the exception of having a fully-fledged “robot” as stated in requirement 3, but 

rather a moving globe that followed a track while accurately mimicking a software game. With 

these requirements in mind, we broke down the design path into five critical components; the 

active sensor/headset design, Bluetooth communication software component, signal processing 

and machine learning, host application gaming interface, and finally the physical game with the 

moving globe. 
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ACTIVE SENSOR 

Detecting brain waves from the head can be 

highly problematic due to the low 

amplitude of the signals (1-50 µV range) 

and the high impedance of the skin.  The 

developed active sensor addresses these 

problems by acting as an impedance buffer, 

mitigating the noise and distortion at the skin/sensor interface.  By placing the high impedance 

of the op-amp (GΩ range) in series with the relatively lower resistance of the skin (100kΩ), the 

resulting voltage-divider forces all the voltage to drop across the op-amp.  In effect, next to zero 

noise power is generated at the skin and the SNR is greatly improved. Other features of the active 

sensor include a boost to the signal with 15 V/V of gain, giving the signal added resistance to 

noise as it travels through wires and connectors into the ADC of the EEG board.  The sensor also 

operates on very low power, with an operating current of around 1 µA.  This allows for extremely 

long life and the ability to use small coin batteries for power.   

 

SENSOR REQUIREMENTS AND PERFORMANCE 

The primary requirement is that the sensor must receive alpha and beta waves from the brain 

and deliver a differential output signal to the ADC on the EEG Board.  The ADS1299 ADC has a 

resolution of about .5 µV while alpha and beta waves have amplitudes of 1-50 µV.  With testing 

it was determined that 15 V/V of gain provided by the active sensor is sufficient to complement 

Fig.1 – Active Sensor Illustration 
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the 24 V/V programmable gain of the ADS1299, boosting the signal to an easily measurable level 

while not exceeding the limits of the supply rail.    

The active sensor was also required to be small, have low noise contribution, and operate on low 

power.  The LMC6442 op-amp meets these requirements, with a small SOIC package that 

operates on 1 µA and has an input-referred voltage noise rated at 170 nV/√Hz.   Total SNR was 

not conclusively determined for the active sensor due to failures of the EEG board and a lack of 

suitable test equipment.  Future analysis will be continued once an operational EEG Board is 

provided.   

The frequency response was analyzed using a 20 mV test 

signal from a signal generator.  The voltage gain was 

measured at frequencies from 1-200 Hz (Figure 2).  With a     

-3dB frequency of approximately 175 Hz, the frequency 

range of interest (1-50 Hz) remains free from significant 

attenuation.  Also, this data shows that our 500 Hz sampling 

rate is sufficient to account for the major signal components, 

avoiding aliasing in software filtering.   

 

SENSOR DESIGN AND OPERATION                                                                  

The primary aim for the active sensor design was 

simplicity.  As seen in Figure 3, the sensor consists 

of only a few resistors, 2 capacitors for power and 

high frequency signal rejection (C1 and C3 
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Fig.3 – Sensor Schematic 
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respectively), and the LMC6442 op amp.  A dual supply with two CR2032 batteries was 

implemented to keep the input impedance high, as opposed to injecting DC via a voltage divider, 

which would lower the sensor’s impedance buffering and add noise producing components.   

In this design, two sensors are placed at 

industry standard test points FP1 and FPZ 

[7]. An illustration of these points is given 

in Figure 4. FP1, at the frontal cortex, is 

commonly associated with concentration 

(beta waves), while FPZ is a signal 

reference point [1].  With this setup, any common noise experienced by both sensors is rejected 

by the ADC’s high CMRR, and only the difference between FP1 and FPZ (brainwaves) is amplified.  

The earlobe was chosen as the common reference for the sensors and EEG Board due to the low 

signal activity at that location.  

 

Fig.4 – Sensor Head Placement & Interface to EEG Board 
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BLUETOOTH 4.0 IMPLEMENTATION 

As mentioned in the design requirements, 

CEREBRO was to utilize OzturkLab’s EEG module 

as the board for collecting and transmitting 

electromagnetic waves emitted by the brain. The 

raw analog EEG signal obtained by the active 

sensor is digitized in the ADC of the EEG module. 

Once digitized, the data is transmitted wirelessly 

using a Nordic nRF1822 transceiver that follows 

the PAN technology defined within Bluetooth 4.0 

LE standard. This technology is used to support 

our device’s low power requirements while 

maintaining strong communication between master/slave devices. The profile used to establish 

this communication link is known as GATT (Generic Attribute Profile); a master/slave link 

established from two machines sharing the same service characteristics as can be viewed in 

Figure 5. Controlled by embedded software that was developed by OzturkLab, the EEG module 

broadcasts its service UUID (Universally Unique Identifier), which defines its behavior, until a 

slave machine (our host application) listening for that same service is found. From that point on, 

the module continues to transmit its digitally converted brainwave data to the paired host until 

the connection breaks. Figure 6 provides an illustration for the processing of this data. 

Fig.5 – GATT Protocol Abstraction 
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DEVICE CONFIGURATION 

Prior to streaming wireless information to the host 

application, the EEG module needs to be configured in order 

for the device to understand how our application wants data 

stream to be formatted. In addition, our software 

architecture was designed with reuse in mind, which 

encompasses the implementation of efficient, easy-to-read 

code. The device configuration class has global enumerations 

defined that detail various device setting values such as the 

different values associated when setting the gain. Instead of 

having a user look through data sheets, all possible 

configuration values were defined in the class. A byte array is 

initialized that dynamically modifies its size to incorporate 

setting the device registers. These registers define device 

parameters such as the type of output that is expected 

or the specific register accepting raw data. Lastly, setter methods are written that allow the 

user to define what GATT profile the device is expected to be broadcasting. During the 

execution of the host application software, the EEG modules used to simulate the game 

Fig.6 – GATT Communication 

Fig.7 – BLEDevice Class Members and Methods 
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interface have their registers configured accordingly, and the byte array created is transmitted 

to the device itself, which internally sets the bits for the configurable registers and allows for 

EEG data transmission. Figure 7 depicts the class diagram of the device configuration class. 

BLUETOOTH COMMUNICATION 

Our host application sits atop the Windows Metro framework 

and uses the native GATT Bluetooth Runtime library in order to 

establish a communication stream between the EEG module 

and the host. One of the fundamental reasons we chose to 

design our application using the Windows Metro Framework 

(aka Windows RT or Windows Store Apps) was due to its fully 

integrated Bluetooth 4.0 API’s, which did not exist for 

Windows Presentation Foundation (WPF) applications.  

The Bluetooth service class accepts an instance of a device 

configuration class (mentioned in previous section) as input. 

The parameters set by the user within the device class are then 

used to perform a device discovery for any broadcasting signals 

that have matching GATT characteristics as well as matching 

device names. Once found, an initialization sequence is 

executed which extracts the specific service defined by 

the EEG module and then transmits the byte array that configures the registers of the paired 

device. In order to construct logic that handles the sequence of incoming data, an event handler 

is set-up that triggers when new data has been transmitted from the paired device. Every packet 

Fig.8 – BluetoothService Class Members & Methods 
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transmits 216 bits of data at 250 samples/sec. After the 4th byte within the packet (first four bytes 

are control registers), channel data is separated in 3 byte chunks. Since the game interface 

operates by analyzing one channel of data, bytes [5:7] are extracted and multiplied by a scalar 

(determined by Dr. Ozturk’s research group). This result is passed through the signal analysis 

algorithms which return the user’s level of concentration. Figure 8 illustrates the class diagram 

of the BluetoothService class. 

 

SIGNAL PROCESSING AND DETECTING CONCENTRATION 

As per requirements 4 and 5 of the project proposal, we were to devise a way to detect a person’s 

level of concentration using only their brain waves collected by the EEG module. This is a 

significant problem which many researchers are currently working on. We started by finding and 

reading academic research papers describing how concentration detection is currently 

implemented. There were a few academic papers which described viable solutions with decent 

accuracy, so we referenced them and evaluated how feasible they would be to implement. These 

papers provided different solutions to detecting concentration through machine learning and 

EEG feature extraction methods, which we incorporated into our own solution [1-6]. Ultimately, 

we decided that the best solution was to use machine learning in order to predict the 

concentration level of individual users, based on the results described in [1]. The full description 

of the signal processing method is now given. Our concentration detection algorithm consists of 

three main components. These include feature extraction, supervised machine learning, and 

generation of a concentration level using a mathematical model based on a predicted label. The 

supervised learning algorithm we are using is support vector classification, which has been shown 

in multiple papers to provided high classification accuracy for a relatively small amount of 
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features. The process of detecting concentration is given in Figure 9.

 

 

FEATURE EXTRACTION 

Different frequency bands of EEG signals have known characteristics. These bands are very low 

frequency and exhibit very low amplitudes.  

Name Band Amplitude General Characteristics 

α 8-13Hz 30-50μV Relaxation and reflection 

β 14-30Hz 2-20μV Deep thinking, focus, and anxiety 

θ 4-7Hz < 30μV Idling or drowsiness 

δ 0.5-3Hz 100-200μV Adult slow wave sleep 

γ 31-50Hz 5-10μV Cross-modal sensory processing 

 

The frequency bands most closely related to the information we are interested in are the alpha 

band, which is associated with relaxation, and the beta band, which is associated with 

concentration and deep thinking. In this, the features we extract from the signal are the energy 

in the alpha in beta bands, using the following equations:                

 

Fig. 9 – Concentration Detection Operation 

Fig.10  – EEG Frequency Bands 
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      𝐸𝛼 = ∫ |𝑋(𝑓)|2𝑑𝑓
13

8
                     

𝐸𝛽 = ∫ |𝑋(𝑓)|2𝑑𝑓
30

14

 

The energy of the signal is taken every 250 samples, giving us one second worth of data at a 

250Hz sample rate. To implement this in software, we first found a signal processing library for 

C# which would allow us to take the FFT of a signal. A wrapper class of our design encapsulates 

this library and contains all of the signal processing features that we need, including taking the 

FFT, IFFT, and finding the energy and power of a signal between two frequency bands. This was 

tested against the FFT in MATLAB using known signals and both environments yielded identical 

results. 

 

MACHINE LEARNING 

The decision to employ machine learning was based on the solutions in [1] and [3]. The method 

used in this system is support vector classification. Using this method, we first develop a training 

set for each individual user which is comprised of sample data from when the user is 

concentrating and when the user is relaxing. The 

energies in the alpha and beta bands are the features 

used in the training samples and as input after the 

support vector machine (SVM) is trained in order to 

predict if a user is concentrating or relaxing.  SVMs 

work by solving an optimization problem in which a 

hyperplane is found that separates a set of labelled 

training data with the widest possible margin. The 

labels of the training data are known a priori, and Fig.11 – Support Vector Machine Objective 
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nonlinear separations between the data are found using a kernel function which transforms the 

input data to a higher dimension. A depiction of the support vector machine objective is given in 

Figure 11.  

 

SVM TRAINING AND TRAINING UI 

To train a support vector machine, we first have to obtain a corpus of data from the user with 

samples of them relaxing and concentrating. 

In this, we had to devise a way to induce 

concentration and relaxation. Based on prior 

research, it was shown that the users must 

perform some mental task in order to have 

concentration induced [1]. Previous studies 

have used concentration tasks such as 

listening to English phrases and answering 

related questions [1]. Since our application 

required a user interface of some sort, we 

decided that a practical way to induce 

concentration was to have each user train in 

the concentration phase by completing basic arithmetic in a timed setting. Next, the user would 

train the SVM for relaxation by selecting a 70 second relaxing sound clip from among 10 different 

options. Figure 12 shows a screenshot of our application during the training and relaxation 

phases. During each of these training phases, the signal processing and machine learning 

components are collecting EEG training data by taking the energy of the signal in the alpha and 

Fig.12 – Concentration/Relaxation Phase UI 
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beta bands and assigning a label of either “concentrating” or “relaxing” depending on the training 

phase. An example training set obtained from one of our test subjects is reproduced in Figure 13, 

where the blue squares represent a concentrating state and the red circles represent when the 

user was relaxing. This data was obtained using the TI ADS1299 Development Kit early in the 

semester. 

 

 

In terms of implementation, the first step was to find a C# library for support vector machines. 

We chose to use LibSVM, currently one of the most popular libraries for support vector machines. 

After choosing this, we researched how to use the library to solve classification problems and 

wrote a C# class that wrapped around the functionality of the library. The class allows for adding 

training samples, training the support vector machine, using cross-validation to test the 

prediction accuracy, and making predictions using new samples. After creating the class, we 

developed a small test application which was used to test the ability of the support vector 

machine to train on new users and make predictions based on this training. We used three test 

Fig.13 – Training Data of Test Subject 
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subjects to validate our approach, subjecting them to a blind study in which we ran them through 

our training procedure and collected training data from them. This data was partitioned into 

training and testing data, and supplied to the support vector machine. Using this approach, we 

obtained fairly decent prediction accuracy (on the order of 80%). 

 

CONCENTRATION LEVEL 

After the training phases and during the tug-of-war game, we use the predictions made by the 

support vector machine in conjunction with 

a mathematical model to determine a 

number between 0 and 1 that represents 

the user’s instantaneous level of 

concentration. The model is based on the 

observation that energy in the beta 

frequency band is generally higher when 

the user is concentrating versus when the 

user is relaxing. In this, we decided to take an 

average of the user’s beta energy during both the concentration and relaxation training phases 

to use as a benchmark. During the actual game, we take the ratio of energy in the beta band at 

the current sample time with the average energy obtained during training, and supply this as the 

argument to a modified sigmoid function. The sigmoid function is given below.  

1

1 + 𝑒−𝑡
 

Fig.14 – Sigmoid Function Behavior 
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The behavior of a sigmoid, illustrated in Figure 14, is such that it asymptotically approaches 0 as 

t approaches -∞, and approaches 1 and t approaches ∞.  Our modified implementation of the 

sigmoid function is given below: 

𝐶𝑖 =
1

1 + 𝑒
−(

𝛽𝑖
𝛽𝑝𝑖

)

− 0.5 ∗ 𝑝𝑖 

𝑝𝑖 = {
0                    𝐶𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑛𝑔

1                               𝑅𝑒𝑙𝑎𝑥𝑖𝑛𝑔
 

𝐶𝑖 is the concentration level, 𝑝𝑖 is the predicted label, 𝛽𝑖 is the energy in the beta band, and 𝛽𝑝𝑖 is 

the average beta energy during training for either relaxation or concentration, depending on the 

prediction made by the SVM. In addition, we bias the output by 0.5 depending on the predicted 

label. Using this model, the user has a concentration level between 0.0 and 0.5 when relaxation 

is predicted, and a concentration level between 0.5 and 1.0 when concentration is predicted. This 

value of concentration is used to control the instantaneous levels of concentration in each player. 

At each sample time, the difference in concentration is taken between the two users and added 

to a running score of the overall level of concentration. The difference is multiplied by a scaling 

factor which essentially controls the speed of the ball movement. The overall concentration level 

is then used to control the position of the ball in the tug-of-war. 

 

TUG-OF-WAR GAME MODULE 

The game module of the host application consists of a graphical user interface to reflect the 

processed data of the SVM back to the user in the form of gauges and a ball (used in a tug/push-

of-war style) to enhance the game experience. On the main page, there are two gauges that show 

the instantaneous concentration levels of each players. Each gauge is made out of two rectangle 

objects on top of each other having one of the rectangles with a fixed height, while the other 
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rectangle fluctuates based on the processed data value. There is a ball location towards the top 

of the page that gravitates (left or right) towards the person who is less concentrated. When the 

ball reaches the end, the person on the other end is declared the winner and the ball is reset back 

to the middle. This GUI is illustrated in Figure 15. 

 

PHYSICAL GAME 

As per design requirement 3 mentioned previously, we were to incorporate a physical 

representation of the game described in the previous section. The most practical way of 

approaching this problem considering time constraints was to have a moving globe on a track 

that would directly mimic the ball moving across the screen as in Figure 15. The design consisted 

of a custom built wooden track, a standard globe shaped lightbulb housing with wheels attached 

to the bottom, a 5V stepper motor, and an STM32F0 Discovery microcontroller to control the 

stepper motor. The fully assembled track is shown in Figure 16. 

Fig.15 – Tug-Of-War Game UI 
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PHYSICAL GAME OPERATION 

The physical game operates as a pulley 

system. There is a single drive belt 

where direction of movement is 

controlled by the stepper motor which 

is controlled by the Discovery board. 

The host application sends the value of 

the ball Location (a number between 0 

and 100) to a background application to route this value over 

USB serial port to the microcontroller. The reason a background application was necessary is 

because Windows Metro Apps do not support serial port communication. Our solution was to 

send UDP packets every time interval specified by the programmer to a background Windows 

Forms application with the value of the ball location, which was in turn send over the serial port 

to the microcontroller. The embedded software on the microcontroller simply uses this serial 

data (a single byte) to manipulate the PWM controlling the stepper motor.  A block diagram of 

the physical game operation is shown in Figure 17. 

 

Fig.16 – Physical Game Illustration 

Fig.17 – Physical Game Operation 
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PRODUCT PACKAGING 

The final remaining requirement remaining was 

a headband to house the system on the user. 

CEREBRO wanted to develop an easy-to-wear 

package that would not require the user to 

spend a lot of time preparing like most EEG 

systems today. We purchased two visors shown 

in Figure 17 and mounted the EEG module and 

4.5V battery pack (3x 1.5V AAA batteries) to 

power the board. The active sensor, contained in a flexible nylon headband, is applied prior to 

the visor with two adhesive EEG electrode pads applied to the skin. After the sensor is applied 

and tightened for good contact, the visor is placed on the head and the inputs to the sensor are 

connected with the EEG module to channel 1. 

 

CONCLUSION 

The completion of this EEG based concentration detection system shows that CEREBRO has 

accomplished its goal of applying EEG technology in a low-powered wireless setting to a gaming 

application. With the help of Dr. Ozturk’s research team, CEREBRO has created a product that 

may one day lead to more undergraduate EEG based research projects and hopes to fuel the 

innovation of brain-computer interface systems at San Diego State University and elsewhere. This 

team was successful in developing a concentration detection system with an active sensor, 

Bluetooth communication with a host application, signal processing to accurately measure 

concentration, and a gaming interface which allows users to wirelessly compete with each other 

Fig.18 – CEREBRO Visor 
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using only their level of concentration. The ability of the sensor to accurately measure small 

signals by the brain has verified using standard test equipment. The digitization of this data and 

transmission over Bluetooth has been proven to be accurate by passing known signals over one 

of our EEG modules. Concentration prediction accuracy was validated through a double blind 

study of test subjects where we obtained accuracy in the rage of 70-80%. The culmination of this 

work is an engaging and novel system which advances the future of gaming. Future work should 

include further test and validation of the signal processing algorithms using fully functioning EEG 

hardware, as we were met with some hardware failures related to the EEG modules which have 

prevented us from conclusively verifying the full functionality of the product. With functional and 

fully tested EEG modules, we believe that our system will be a viable product for use in both a 

commercial and academic setting.  

 

RECOMMENDATIONS 

Upon completion of the semester, there were some things that, if done differently, would have 

improved the final product and led to a fully functioning system. The first was arguably an issue 

of communication in the project proposal. The proposal we were given at the start of the 

semester said that “[the EEG module] is built in two different form factors, 1) a circular board 

3cm in diameter and 2) a rectangular two module solution…Both modules can be available to the 

project team for developing their application”. However, the circular board mentioned was not 

built yet at the time that we accepted the project and was only fully tested and confirmed 

functional within the last month of the semester. It was not until early November that were given 

a second rectangular EEG board that in fact turned out to be faulty. This board was experiencing 

an issue where it would transmit data, but the integrity of the data was compromised. We 
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verified this hardware issue by applying an identical sine wave into both of our prototype boards, 

and while one transmitted correct digitized data, the other had different amplitudes and was 

offset by some amount. We determined later under the microscope that it was a burnt resistor, 

but it was too late to repair it in time for design day. This is an issue that could be resolved with 

better communication between the project sponsor and the research team and more 

transparency into the state of the design and functionality of components of the project that our 

team was not directly involved in before accepting the project proposal. Future teams should be 

more open and direct with the sponsor so that both parties are aware of issues related to the 

hardware in the system. 

Another recommendation to any future teams considering approaching the problem of EEG-

based concentration detection is to consider the subjective nature of concentration and 

relaxation. To date, there is no foolproof method of inducing and detecting concentration or 

relaxation, since they are subjective states in the human mind. Random noise components from 

other regions of the brain can affect the integrity of the signals we are trying to obtain, which are 

very difficult to completely filter out especially while trying to test the system in a noisy 

environment like Design Day. It is unlikely that CEREBRO’s system is unaffected by such adverse 

interference and noise components, making Fourier analysis of the signal a less effective solution. 

Future teams should consult with signal processing faculty (Dr. Ashkan Ashrafi and Dr. Fred 

Harris) and biology/bioengineering graduate students early in the semester to get a better 

understanding of the best practices in analyzing EEG signals.  

 

 



22 
 

LIST OF FIGURES 

 

Figure 1   -   Active Sensor Illustration………………………………………………………………………………… 4 

Figure 2   -   Frequency Response of Active Sensor……………………………………………………………… 5 

Figure 3   -   Sensor Schematic…………………………………………………………………………………………….. 5 

Figure 4   -   Sensor Head Placement & Interface to EEG Board…………………………………………… 6 

Figure 5   -   GATT Protocol Abstraction………………………………………………………………………………. 7 

Figure 6   -   GATT Communication……………………………………………………………………………………… 8 

Figure 7   -   BLEDevice Class Members & Methods…………………………………………………………….. 8 

Figure 8   -   BluetoothDevice Class Members & Methods…………………………………………………… 9 

Figure 9   -   Concentration Detection Operation………………………………………………………………. 11 

Figure 10  -  EEG Frequency Bands……..……………………………………………………………………………. 11 

Figure 11  -  Support Vector Machine Objective………………………………………………………………… 12 

Figure 12  -  Concentration & Relaxation Phase UI……………………………………………………………… 13 

Figure 13  -  Training Data of Test Subject ………………………………..……………………………………….. 14 

Figure 14  -  Sigmoid Function Behavior……………………………………………………………………………… 15 

Figure 15  -  Tug-Of-War Game UI……………………………………………………………………………………….. 17 

Figure 16  -  Physical Game Illustration………………………………………………………………………………… 18 

Figure 17  -  Physical Game Operation…………………………………………………………………………………… 18 

Figure 18  -  CEREBRO Visor…………………………………………………………………………………………………… 19 

 

 

 



23 
 

REFERENCES 

 

[1] Liu, Ning-Han, Cheng-Yu Chiang, and Hsuan-Chin Chu. "Recognizing the Degree of Human 

Attention Using EEG Signals from Mobile Sensors." Sensors13.8 (2013): 10273-10286. 

[2] Duru, Dilek Goksel, et al. "Assessment of surgeon's stress level and alertness using EEG during 

laparoscopic simple nephrectomy." Neural Engineering (NER), 2013 6th International IEEE/EMBS 

Conference on. IEEE, 2013. 

[3] George , Laurent, et al. "Using scalp electrical biosignals to control an object by concentration and 

relaxation tasks: design and evaluation." Engineering in Medicine and Biology Society, EMBC, 2011 

Annual International Conference of the IEEE. IEEE, 2011. 

[4] Wang, Qiang, Olga Sourina, and Minh Khoa Nguyen. "Eeg-based" serious" games design for 

medical applications." Cyberworlds (CW), 2010 International Conference on. IEEE, 2010. 

[5] Sakai, Yohei, Tohru Yagi, and Wataru Ishii. "EEG analysis of mental concentration in golf 

putting." Biomedical Engineering International Conference (BMEiCON), 2012. IEEE, 2012. 

[6] Hamadicharef, Brahim, et al. "Learning EEG-based spectral-spatial patterns for attention level 

measurement." Circuits and Systems, 2009. ISCAS 2009. IEEE International Symposium on. IEEE, 2009. 

[7] Tong, Shanbao, Quantitative EEG Analysis Methods and Applications. London: Artech House, 

2009. Print. 

 

 

 

 

 



24 
 

Vendor Part # QTY UNIT $ TOTAL

Mouser 71-CRCW1206-100K 10 0.04          0.36          

Mouser 71-CRCW1206-7.5K 10 0.036 0.36          

Mouser 71-CRCW1206-100 10 0.04          0.36          

Mouser 71-CRCW1206-450 10 0.08          0.75          

Mouser 80-C1206C103J5R 10 0.07          0.68          

Mouser 81-C1206C101J5R 10 1.48          14.80        

Discount Dispo TD-985XX 1 18.00        18.00        

Bio-Medical 2 26.96        53.92        

LOGO Spor 2 43.34        86.68        

Mouser 1 9.95          9.95          

Pololu #1205 1 15.95        15.95        

Pololu #2134 1 5.95 5.95          

Amazon.com UPC 780742996969 1 18.99        18.99        

Amazon.com CR2032 Coin Battery holder 5pk 1 -            -           

Amazon.com Plastic shell AAA batteries holder 2pk 1 5.60          5.60          

Amazon.com HMGS hot melt glue 1 4.95          4.95          

Amazon.com 1 8.78          8.78          

SDSU CER002  REVA 2 -            -           

Home Depot 3" Rigid Rubber Caster3" Rigid Rubber Caster3" Rigid Rubber Caster 2 5.48          10.96        

Home Depot 1/2 QTR RND PINE1/2 QTR RND PINE1/2 QTR RND PINE 4 0.54          2.16          

Home Depot White Acrylic Globe 1 7.98          7.98          

Home Depot Solid Bare Copper 7 0.91          6.37          

Home Depot 1-1/4 lattice Pine 8 0.65          5.20          

Home Depot .75IN x 3.5IN R/L Poplar Board 4 1.87          7.48          

Home Depot Loctite Metal & Concrete EPOXY 1 5.77          5.77          

Home Depot Titebond Wood Glue 1 2.97          2.97          

Home Depot Mach Screw Nut SS #8-32 1 0.98          0.98          

Home Depot Scren Door Tension Rol 1 2.97          2.97          

Home Depot Galvanized Wire 16 Guage 1 1.96          1.96          

Home Depot 1 0.98          0.98          

[42] SUBTOTAL 301.86$    

TAX RATE 8.000%

TAX 24.15$      

S & H -$         

OTHER -$         

TOTAL 326.01$    

DRV8834 Low-Voltage Stepper Motor Driver Carrier

Litium Coin Battery 10pk

ACTIVE SENSOR ASSEMBLY PCB 

Threaded Rod Zinc #8-32

Bill of Materials

DESCRIPTION

Thick Film Resistors - SMD 1/4watt 100Kohms 1% 

Thick Film Resistors - SMD 1/4watt 7.5Kohms 1%

Thick Film Resistors - SMD 1/4watt 100ohms 1%

USB to Serial Converter Cable

Stepper Motor: Bipolar, 28×32mm, 3.8V, 0.67 A/Phase

Thick Film Resistors - SMD 1/4watt 450ohms 1%

Multi Cer Cap MLCC - SMD 50volts 10 nF X7R 5%

Multi Cer Cap MLCC - SMD 1206 100pF 50volts 

1.5mm Panel Mount Jack (pkg of 10)  black

Silver Cup EEG Ear Clip Electrode - 40 inch

Athletic Mesh Visor Adult Embroidered 6227 - Green 
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