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Brain-computer interface (BCI) technology offers promise for enriching human-

computer interactions across diverse domains. This thesis focuses on blink 

detection within BCI systems and their potential applications. The methodology 

encompasses data collection, EEG pre-processing, and model training. EEG 

data collected using the Ultracortex Mark IV headset was labeled for four 

categories. Various machine learning models were trained and evaluated, with 

the multi-layer CNN achieving a top performance of 74.70%. The results provide 

a foundation for advanced BCI projects, including assistive technology and 

hands-free systems, and suggest the need for hardware upgrades to expedite 

training. Future work entails data collection from multiple individuals, exploring 

real-world data collection settings, additional EEG nodes, and real-time 

applications.  

In summary, this research advances BCI by addressing blink detection, 

enhancing human-computer interactions in healthcare, gaming, communication, 

and assistive technology. 
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1 Introduction 

Brain-Computer Interface (BCI) has rapidly emerged as a promising field with 

significant potential in numerous domains. BCI systems establish a direct 

communication pathway between the brain and external devices, allowing 

individuals to control and interact with technology using their brain signals. While 

BCI holds great promise, the accurate identification and interpretation of user 

commands remain essential for unlocking its full potential. 

One crucial aspect that has garnered the attention of the author in BCI research 

is blink detection. Blinks are natural and involuntary eye movements that occur 

frequently in daily life. However, they also possess potential as a command signal 

in BCI systems. Accurately detecting and interpreting blinks will inherently allow 

users to execute commands, thereby improving the efficiency, usability, and 

naturalness of interactions within BCI systems. 

The motivation behind this study stems from a prior experience of the author with 

BCI technology during an internship. This hands-on experience provided valuable 

insights into the challenges and opportunities in BCI research.  

This study aims to address the gap by checking the feasibility of developing a 

reliable method for identifying blinks using BCI and exploring its potential 

applications. By building upon the prior internship experience and contributing to 

the field of BCI, this thesis seeks to advance the capabilities of BCI systems and 

enhance the user experience in various domains such as healthcare, gaming, 

communication, and assistive technology. By identifying blinks accurately, it 

becomes possible to use it as a control command for a more natural interaction 

using BCI devices. 
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2 Literature Review 

2.1 The Human Brain 

The human brain, comprising of cerebrum, cerebellum, and brain stem, assumes 

primary responsibility for controlling all bodily functions, interpreting external 

stimuli, and embodying the essence of the mind and soul. It governs crucial 

factors such as intelligence, emotions, creativity, and memory, serving as the 

epicenter of human cognition. 

2.1.1 Cerebrum 

The cerebrum is the largest part of the brain and consists of two hemispheres, 

namely the left and the right. Its primary role is to perform complex functions such 

as perceiving sensational, visual, and auditory information. It is also responsible 

for emotional and logical reasoning, speech, learning, and hand-eye 

coordination. The left hemisphere is responsible for speech and logical reasoning 

whereas the right hemisphere is responsible for creativity and spatial ability. 

(Mayfield Clinic, 2018) 

As shown in Figure 1, the cerebrum can further be divided into 4 distinct lobes: 

frontal lobe, parietal lobe, temporal lobe, and occipital lobe. 

→ The frontal lobe (blue) accounts for decision-making, problem-solving, 

planning, and organizing. It also controls the voluntary actions for fine 

motor skills. Additionally, it is involved in speech production, emotion 

regulation, and personality traits. Furthermore, it is responsible for 

attention, concentration, moral reasoning, self-awareness, and 

introspection. 
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→ The parietal lobe (yellow) is situated in the middle of the brain and is liable 

for interpreting languages, vision, hearing, and other sensory tasks. It also 

perceives the spatial and visual depth. 

→ The temporal lobe, (green) located on the side of the brain is essentially 

for audio processing, language comprehension, and memory formation. It 

is also responsible for processing visual stimuli and houses the Wernicke's 

area responsible for understanding languages. 

→ The occipital lobe (red) is situated at the back of the brain and is 

dedicated to vision perception and procession. This allows humans to 

recognize shapes, colors, and movements. 

 

Figure 1. Lobes of the Brain (Pixabay, 2015). 
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2.1.2 Cerebellum 

The cerebellum, situated just below the cerebrum is responsible for voluntary 

movement, maintaining the posture and the equilibrium of the body. 

2.1.3 Brain Stem 

The brain stem operates as the central relay system, facilitating communication 

between the cerebrum, cerebellum, and spinal cord (Mayfield Clinic, 2018). It 

carries out involuntary functions paramount to life sustenance including 

respiration, sleep cycles, heart rate, reflex actions, and digestion.  

2.2 Brain-Computer Interface  

Brain-Computer Interface (BCI), also known as Human-Computer Interface (HCI) 

is a device that can utilize different signals from the body to communicate with an 

external device. Three main kinds of signals are adopted as signal input: 

Electromyogram (EMG) for muscle activity; Electrooculogram (EOG) for eye 

movement and Electroencephalogram (EEG), for respiratory and brain 

movement (Kaya, 2021).  

BCI is categorized into three different categories (Neurotech, 2012): 

1.  Invasive: electrodes planted directly into the cortex.  

2. Semi-Invasive: electrodes are planted on the dura.  

3. Non-Invasive: electrodes are placed on the scalp. 

In Figure 2, we can see the different layers of a human skull for a better 

understanding of the anatomy of the different types of BCI. 
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Figure 2. Dura mater, Cerebral cortex, Skin (Pinterest, n.d.). 

2.3 Ultracortex Mark IV  

The Ultracortex is a non-invasive 3D-printable headset that comes with 

electrodes, ear clips, cables, and a board (OpenBCI Documentation, 2016).  

The electrodes are divided into three main types; spikey, flat, and comfort. The 

spikey electrodes are used to measure the EEG signals from the part that is 

covered with hair whereas the flat electrodes are used to measure the input from 

the parts that would be in direct contact with the skin (forehead). The comfort 

electrodes make sure there is an even weight distribution for a comfortable fit. 

The ear clips are used as the reference and bias point (acts as a ground) to find 

the error estimate when collecting the data. The Ctyon board offers 8 channels 

and 16 channels with an extension board (Daisy). A USB dongle is used to 

connect the cyton board to the computer.  
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2.4 Machine Learning  

2.4.1 Introduction to Machine Learning 

”Machine learning is programming computers to optimize a performance criterion 

using example data or experience.” (Alpaydin E., 2014) 

 

Figure 3. AI, ML, DL Venn Diagram (Corpnce, n.d.). 

In ML, algorithms are designed to iteratively learn patterns and relationships from 

input data and improve their performance over time. This is achieved using 

various techniques, such as supervised learning, unsupervised learning, and 

reinforcement learning. Supervised learning involves training a model with 

labeled data, where the desired output is known, while unsupervised learning 

deals with discovering hidden patterns and structures in unlabeled data. 

Reinforcement learning focuses on training an agent to make sequential 

decisions through interactions with an environment, based on receiving rewards 

or penalties. 
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ML models can be divided into classification and regression models. 

Classification models are used for pattern recognition. Some of the commonly 

used classification algorithms are Binary Classification, Decision Trees, Random 

Forest, and Support Vector Machines(SVM). Regression models are used to 

make predictions based on the input variable. A few good regression models are 

Linear regression, Decision Tree, Random Forest, Support Vector 

Regression(SVR), and Neural Network. 

2.4.2 Pre-processing 

Feature selection and extraction are two extremely important processes of data 

pre-processing. Irrelevant features not only waste computing resources but also 

introduce unnecessary noise (Zhang, 2021). Feature selection refers to selecting 

the most relevant features that are related to the data and how they can be used 

to get the desired results.  

The treatment of these features to get a higher correlation factor between the 

input and output is referred to as feature extraction. After selecting the features, 

the extracted features should have smaller dimensions and maximum correlation 

with the target.   

2.5 Low Pass Filter  

A low-pass filter allows low frequencies to pass and restricts the high frequencies. 

A 10Hz Butterworth low-pass filter (Equation 1) is implemented in the project. It 

allows frequencies up to 10Hz to pass and attenuates the other frequencies.  
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Equation 1. Butterworth Filter Formula (Circuit Digest, 2019). 
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3 Methodology 

The project can be broken down into four main parts: Data Collection, 

Visualisation, Data Pre-processing, and Model Training and Evaluation (Figure 

4).  

 

Figure 4. Research Design. 
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3.1 Data Collection 

Data collection comprises of defining labels, the number of readings required per 

label, and determining the duration of each reading.  

The labels are made based on the duration of a voluntary and involuntary eye 

blink. An involuntary eye blink takes less than or equal to one second whereas, 

when measuring a voluntary eye blink, we can control the duration. The readings 

are recorded for 4 labels: involuntary eye blinks, eyes closed, single voluntary 

eye blinks, and voluntary eye blinks at equal intervals. 

Using a Python script, raw EEG data is collected from 8 channels over a duration 

of 5 minutes through the Ultracortex Mark IV headset. Optical activity takes part 

in two main parts of the brain, the frontal and the occipital lobe. Subsequently, 

channels 3 to 6 (Figure 5) are turned off to make the conditions ideal. 

 

Figure 5. Head Plot (OpenBCI Documentation, 2016). 

The output is stored in a CSV file under the appropriate label in the ’raw_data’ 

folder. This step is repeated six times for each label. Next, the noise and the 

channels that are turned off are removed from the CSV file and saved in the 

'filtered_data' folder. The difference of consecutive readings for each channel is 

calculated and four new channels are introduced. Lastly, the output is passed 

through a 10Hz low-pass filter and saved in the 'signal_filtered_data’ folder 

(Figure 6).  
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Figure 6. Data Storage Structure. 

3.2 Visualization 

The data collected from the headset, in the raw format does not give enough 

details and is not comprehensive. Therefore, to gain an insight from these 

readings, we remove the noise and pass it through a low-pass filter to extract 

information. The low-pass filter scales the readings, which makes it easier to plot 

and identify the patterns. A brief description of the first reading from each label is 

given below along with a graph after pre-processing is completed.   

Data

• filtered_data

• Involuntary_Blinks

• Reading_1.csv- Reading_6.csv

• No_Blinks

• Reading_1.csv- Reading_6.csv

• Single_Voluntary_Blinks

• Reading_1.csv- Reading_6.csv

• Voluntary_Blinks_Equal_Intervals

• Reading_1.csv- Reading_6.csv

• raw_data

• Involuntary_Blinks

• Reading_1_EEG_RAW.csv- Reading_6_EEG_RAW.csv

• No_Blinks

• Reading_1_EEG_RAW.csv- Reading_6_EEG_RAW.csv

• Single_Voluntary_Blinks

• Reading_1_EEG_RAW.csv- Reading_6_EEG_RAW.csv

• Voluntary_Blinks_Equal_Intervals

• Reading_1_EEG_RAW.csv- Reading_6_EEG_RAW.csv

• signal_filtered_data

• Involuntary_Blinks

• Reading_1.csv- Reading_6.csv

• No_Blinks

• Reading_1.csv- Reading_6.csv

• Single_Voluntary_Blinks

• Reading_1.csv- Reading_6.csv

• Voluntary_Blinks_Equal_Intervals

• Reading_1.csv- Reading_6.csv
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Figure 7. Closed Eyes Data Info. 
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Figure 8. Closed Eyes Graph. 
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Figure 9. Involuntary Eye Blink Data Info. 
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Figure 10. Involuntary Eye Blink Graph. 
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Figure 11. Single Voluntary Eye Blink Data Info. 
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Figure 12. Single Voluntary Eye Blink Graph. 
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Figure 13. Single Voluntary Eye Blink (Equal Interval) Data Info. 
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Figure 14. Single Voluntary Eye Blink (Equal Interval) Graph. 

After visualizing the graphs, the change in the amplitude is evident whenever a 

blink occurs. This will be the basis for the model to differentiate the various labels 

and identify when an eye blink occurs. 

3.3 Data pre-processing 

The file structure (Figure 6) defined above cannot be passed directly through the 

model. As a result, all the readings from a single label are stacked together and 

a new column called ’label' is introduced to the CSV files. After the numerical 

assignment for each label, we create a dataset that is an integration of all 24 

readings. The four labels are represented in a numerical format, as mentioned 

below.  
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• 0 -> Eyes Closed 

• 1 -> Involuntary Eye Blinks 

• 2 -> Single Voluntary Eye Blinks 

• 3 -> Single Voluntary Eye Blinks at Equal Intervals 

Following the ML project composition, the dataset is split into a  train and test 

dataset for ease of verification once the model is trained. The training data is 

shuffled to prevent the model from learning how the readings are stored.  

Additionally, dataloaders are made to maintain the readability and modularity of 

the code. By using Equation 2, we define the ’batch size’ hyperparameter as 1250 

for the dataloader to pass the readings through the model at 10-second intervals. 

Batch Size = Sampling Rate * Required Duration 

Equation 2. Batch Size. 

3.4 Model Training and Evaluation 

Neural Network is a technique for building a computer program that learns from 

the data. It is based loosely on how the human brain works (Smilkov & Carter, 

n.d.).  

Neural networks require a large dataset and are good at detecting small changes. 

Two CNN and RNN models are trained and validated on the processed dataset. 

The simple CNN model has one convolution and one classification layer. The 

multi-layer CNN model comprises three convolution layers and a classification 

layer. The RNN model has one RNN and one linear classification layer. The 

models use cross-entropy loss (Equation 3) as a loss function and Adam 

optimizer (Equation 4) with a learning rate of 0.001. 
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Equation 3. Cross Entropy Loss Formula (Stack Overflow, 2017). 

 

Equation 4. Adam Optimizer Formula (PyTorch Contributors, n.d.). 

For a classification model, the data loss decreases and the model accuracy 

increases over the training period. By plotting the train-test loss and accuracy, we 

can identify the best and the worst-performing models (Figure 15).  
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Figure 15. Validating the models. 
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4 Results 

The combined dataset of the 24 readings has approximately 916,000 readings 

and 9 columns. The first four columns are the channel readings, the next four 

columns are the difference of consecutive readings of the channel readings and 

the last column has the labels for identifying and training the models. 

 

Figure 16. Combined Dataset Overview. 

Each model is trained for 5 epochs. The training and testing results are stored in 

a data frame for all the models  (Figure 17).  
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Figure 17. Model results. 

 

The single-layer CNN model achieves the highest accuracy of 56.92% on the 

testing data. The best-performing model is the multi-layered CNN model which 

can reach the accuracy of 74.70% on the testing data. The RNN model reaches 

the best accuracy of 28.73% on the testing data. Even if the model randomly 

guesses the label it should be able to correctly identify the label 25% of the time 

(Equation 5), therefore it is safe to say the RNN model is not learning anything. 

Random Accuracy = 100 / (Number of labels) 

Equation 5. Randomly Calculated Accuracy. 
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5 Conclusion 

The aim of the thesis was to assess the feasibility of constructing a dependable 

method for identifying eye blinks using BCI and exploring its potential 

applications. It justified the proof of concept and provided a foundation for 

enhancing various BCI applications in healthcare, gaming, communication, and 

assistive technology. It encompassed data collection, EEG pre-processing, and 

model training, utilizing EEG data from the Ultracortex Mark IV headset labeled 

for four categories. Three machine learning models were evaluated, with the 

multi-layer CNN achieving a top performance of 74.70%. 

5.1 Interpretation of Results 

The recorded values are for NVIDIA GeForce GTX 1650 Ti, Intel core i7-10750H 

CPU, and 16 GB RAM. Utilizing a faster GPU and CPU will expedite the model 

training time. 

The multi-layered CNN model is the best-performing model. The accuracy of the 

model can be improved by making changes to the hyperparameters (such as 

increasing the hidden layers in the model). It has a training time of 85.89 seconds. 

The training time can be neglected at the current state of the model, however, if 

the model is implemented in real-time, it needs to be observed and kept to the 

lowest possible value to reduce delay.  

5.2 Future Work  

The recorded readings are for a single individual which may cause bias in real-

world scenarios. It is critical to take readings from multiple individuals to improve 

the credibility of the model. The EEG data is recorded in a controlled environment 

in near to optimal conditions, taking readings with interference (such as walking 

and recording the EEG values) can be experimented with. As a part of feature 
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selection, only the four most relevant nodes have been utilized. Using the other 

nodes can be one of the test conditions. Lastly, implementing the code in real 

time will advance the project exponentially. 
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