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Abstract 

Brain-Computer Interface (BCI) technology facilitates direct communication between the human brain and 

external devices, offering transformative potential in assistive and smart automation systems. This paper 

details the design and implementation of a system enabling control of basic electrical appliances—such as 

lights and fans—using Electroencephalogram (EEG) signals. The project employs an EEG headset to capture 

brainwave activity, which is processed and interpreted through a microcontroller (Arduino) to control 

electrical devices via relay circuits. The system operates by detecting specific brainwave patterns associated 

with mental states like attention and relaxation. These patterns are captured by the EEG headset and 

transmitted to the Arduino microcontroller. The Arduino processes the signals and, based on predefined 

thresholds, activates relay circuits that control the connected appliances. For instance, a heightened state of 

concentration may trigger the activation of a light, while a relaxed state may turn it off. This BCI-based system 

demonstrates the integration of neuroscience, embedded systems, and basic electrical principles to create 

hands-free, thought-controlled environments. Such environments are particularly beneficial for individuals 

with physical disabilities, offering them increased autonomy and control over their surroundings. The 

simplicity and cost-effectiveness of the design make it a viable solution for real-world applications, enhancing 

the quality of life for users by providing an intuitive and non-invasive method of interaction with everyday 

appliances. 

Keywords: Brain-Computer Interface (BCI), Electroencephalography (EEG), Neurotechnology, Assistive 
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1. Introduction  

In the era of smart technology and automation, the 

pursuit of seamless human-machine interaction has 

become a significant area of research and innovation. 

Among the most transformative technologies 

enabling such interaction is the Brain-Computer 

Interface (BCI) — a communication pathway that 

facilitates direct interaction between the human brain 

and external devices. This technology holds immense 

potential, especially in applications aimed at 

improving the quality of life for individuals with 

motor impairments or neurodegenerative diseases. 

One highly practical and impactful application of 

BCI is in controlling basic electrical appliances in a 

home or institutional setting. 

1.1. The Need for Assistive Home Automation 

For individuals with severe physical disabilities, 

simple everyday tasks such as switching on a fan, 

turning off a light, or operating a television can 

become insurmountable challenges. While 

conventional home automation solutions like voice 

control or mobile apps provide some level of 

convenience, they are often inaccessible to users with 

speech or motor impairments. This gap underscores 

the importance of developing systems that can be 

controlled purely through thought, eliminating the 

need for physical movement or speech. BCI systems, 

especially those based on electroencephalography 

(EEG), offer a viable solution. EEG is a non-invasive 

method of capturing the brain’s electrical activity 

through electrodes placed on the scalp. With the help 

of machine learning and signal processing 

techniques, these signals can be analyzed to interpret 
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a user’s intentions [1-3].  

1.2. Overview of Brain-Computer Interface 

(BCI) Technology 

A typical BCI system consists of several core 

components: signal acquisition, preprocessing, 

feature extraction, classification, and control 

execution. The EEG signals generated by the brain 

are first captured using an EEG headset. These raw 

signals are often noisy and require preprocessing 

using filtering techniques to remove artifacts caused 

by eye blinks, muscle movements, or environmental 

noise. Once the signal is cleaned, specific features — 

such as frequency bands or voltage levels associated 

with cognitive or emotional states — are extracted. 

These features are then passed through a 

classification algorithm, often powered by machine 

learning models like Support Vector Machines 

(SVM), k-Nearest Neighbors (k-NN), or even deep 

learning networks. The output is interpreted as a 

specific command, which is finally transmitted to a 

microcontroller (such as Arduino or Raspberry Pi) 

that controls the operation of connected electrical 

appliances via relays or smart modules, Figure 1 [4-

7]. 

 

 
Figure 1 Brain-Computer Interface (BCI) 

Technology 
 

1.3. Relevance and Potential Impact 

The integration of BCI with home automation offers 

a highly accessible and scalable solution for smart 

living. Unlike invasive neural implants, EEG-based 

systems are safer and more practical for everyday 

use. Furthermore, as EEG devices become more 

affordable and machine learning algorithms grow 

more accurate, the real-world applicability of BCI 

systems continues to improve. In addition to aiding 

those with disabilities, BCI-powered appliance 

control can find applications in industrial safety 

systems, high-stress environments where hands-free 

control is essential, or even in gaming and 

entertainment setups where intuitive interaction is 

desired. This paper proposes a cost-effective, user-

friendly system that allows basic electrical appliances 

to be controlled using EEG signals. The system is 

built using an off-the-shelf EEG headset, open-source 

software for signal processing, and microcontroller-

based hardware for device control. The goal is to 

create a working prototype that demonstrates the 

feasibility of EEG-based home automation and opens 

doors to further innovations in assistive technologies. 

2. Literature Review 

The field of Brain-Computer Interface (BCI) has seen 

significant advances over the past two decades, 

especially with the development of non-invasive 

systems using Electroencephalography (EEG). The 

ability to decode human thought and translate it into 

actionable commands for controlling external devices 

has led to groundbreaking applications in medicine, 

robotics, and smart home systems. A growing body 

of research has explored how BCI systems can be 

integrated with home automation technologies to 

assist individuals with disabilities and enhance user 

interaction with their environment. This literature 

survey aims to provide an overview of key 

contributions, technologies, and findings in this 

domain [8-1]. Schalk et al. (2004) introduced 

BCI2000, a general-purpose system for BCI research 

that demonstrated the feasibility of real-time control 

using EEG signals. Their framework supported real-

time signal acquisition, preprocessing, feature 

extraction, and feedback. It laid the foundation for 

further research on integrating BCI into real-world 

applications. Wolpaw et al. (2002) provided 

foundational insight into BCIs, distinguishing 

between invasive, partially invasive, and non-

invasive methods. EEG-based BCIs, although limited 

by signal quality, offer practical advantages in real-

world applications. Lotte et al. (2007) reviewed 

classification algorithms for EEG-based BCIs and 

emphasized preprocessing techniques such as 

filtering, artifact removal (e.g., EOG, EMG), and 

feature extraction methods like Fourier Transform, 
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Wavelet Transform, and Independent Component 

Analysis (ICA). Chanel et al. (2008) demonstrated 

the feasibility of emotion recognition from EEG 

signals, which can enhance BCI adaptability and user 

experience. Rebsamen et al. (2010) introduced a BCI-

controlled wheelchair, demonstrating how motor 

imagery signals can translate into directional 

commands. Kim et al. (2013) developed a home 

automation system using steady-state visually evoked 

potentials (SSVEP), allowing users to control lights, 

fans, and other devices using visual stimuli. George 

et al. (2014) designed an EEG-based system for 

switching ON/OFF appliances based on blinking and 

mental commands. Their study highlighted the 

importance of signal stability and user training. 

3. Methodology 

 System Overview: The methodology for 

designing basic electrical appliances controlled 

through EEG signals using BCI involves several 

integrated components: EEG signal acquisition, 

signal preprocessing, feature extraction, 

classification, and device control. The goal is to 

enable users to operate appliances such as lights, 

fans, and switches through mental commands or 

cognitive states detected via EEG signals. The 

entire system functions in real time, with 

minimal latency and user training, Figure 2. 

 

 
Figure 2 Signal Acquisition 

 

 EEG Signal Acquisition: The first step involves 

acquiring EEG signals using a non-invasive 

brainwave sensing device such as Emotiv 

EPOC, Neurosky Mind Wave, or Open BCI.  

These headsets typically include multiple 

electrodes placed on the scalp according to the 

10–20 international system. The user is asked to 

perform specific mental tasks—such as 

imagining hand movement, focusing on a 

stimulus, or blinking intentionally—to generate 

distinguishable EEG patterns. The device 

captures brainwave data and sends it to a 

computer or microcontroller via Bluetooth or 

USB. 

 Signal Preprocessing: EEG signals are 

inherently noisy due to interference from muscle 

activity (EMG), eye movement (EOG), and 

external electronic devices. Preprocessing is 

necessary to remove artifacts and improve signal 

quality. This step involves applying filters such 

as band-pass filters (typically between 1 Hz and 

40 Hz) to isolate relevant brainwave frequencies 

(e.g., alpha, beta, theta). Techniques like 

Independent Component Analysis (ICA) or 

adaptive filtering may also be used to remove 

common artifacts and enhance signal clarity. 

 Feature Extraction and Classification: Once 

the signal is cleaned, feature extraction is 

performed to identify distinguishing patterns in 

the EEG data. Time-domain, frequency-domain, 

or time-frequency domain methods such as Fast 

Fourier Transform (FFT), Discrete Wavelet 

Transform (DWT), or power spectral density 

(PSD) are commonly used. These features are 

then input to a machine learning classifier—such 

as Support Vector Machines (SVM), k-Nearest 

Neighbors (k-NN), or more recently, 

Convolutional Neural Networks (CNN)—to 

determine the user’s intended command (e.g., 

ON, OFF, left, right), Figure 3. 

 

 
Figure 3 Image 

about:blank
https://doi.org/10.47392/IRJAEM.2025.0353


 

International Research Journal on Advanced Engineering 

and Management 

https://goldncloudpublications.com 

https://doi.org/10.47392/IRJAEM.2025.0353 

e ISSN: 2584-2854 

Volume: 03 

Issue: 06 June 2025 

Page No: 2246 - 2252 

 

   

                        IRJAEM 2249 

 

 Interface with Electrical Appliances: The 

classified output is transmitted to a 

microcontroller unit such as an Arduino or 

Raspberry Pi. This microcontroller acts as a 

bridge between the BCI system and the electrical 

appliances. The corresponding signal (for 

example, turning on a light) is sent to a relay 

module or smart switch connected to the 

appliance.  The system may support multiple 

devices, each mapped to a specific mental 

command or EEG pattern. 

 Feedback and User Interaction: To enhance 

usability, visual or auditory feedback is provided 

to the user after each successful command 

execution. This helps the user confirm whether 

the intended action has been carried out, thereby 

improving system reliability and user 

confidence. In some systems, adaptive learning 

algorithms are implemented to fine-tune 

classification accuracy based on individual 

brainwave patterns over time. 

 Testing and Validation: The system is tested 

under various conditions with multiple users to 

evaluate accuracy, response time, and ease of 

use. Parameters such as false positives, 

command latency, and user fatigue are analyzed. 

Validation may involve comparing the EEG-

based system with traditional control methods 

and assessing its effectiveness for users with and 

without motor impairments, Figure 4. 

 

 
Figure 4 EEG 

 

4. Result and Analysis 

The implementation of the EEG-based BCI system 

for controlling basic electrical appliances yielded 

promising results in terms of functionality, response 

time, and user adaptability. The system was tested 

using a non-invasive EEG headset (e.g., Emotiv or 

Neurosky) interfaced with an Arduino 

microcontroller to control common appliances such 

as lights and fans. The EEG signal was acquired in 

real-time, processed using digital filtering and feature 

extraction algorithms, and classified using a trained 

machine learning model. The corresponding 

command was then sent to the microcontroller to 

execute the appropriate action. The system's 

performance was evaluated based on several key 

metrics: command recognition accuracy, response 

time, and user experience. During multiple trials 

involving different users, the average command 

recognition accuracy ranged between 80% and 90%, 

depending on the complexity of the task and the level 

of user training. Mental tasks like blinking or eye 

movement yielded higher accuracy, while tasks based 

on motor imagery or concentration levels were 

slightly less reliable without sufficient user 

adaptation and training time, Figure 5. 

 

 
Figure 5 Results of EEG Time-Frequency 

Analysis 

 

The average response time—measured from the 

moment a mental command was initiated to the 

activation of the appliance—was approximately 1.2 

to 1.8 seconds. This latency was acceptable for non-

critical applications such as lighting or fan control. It 

was observed that more complex tasks or noisy 

environments increased processing delay slightly, 

emphasizing the importance of optimized signal 
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filtering and real-time processing. The user 

experience was assessed qualitatively through 

feedback from test participants. Most users found the 

system intuitive after a brief training session, 

although some initially experienced difficulty in 

consistently producing clear EEG signals, 

particularly for concentration-based commands. 

Users with prior BCI experience showed faster 

adaptation and higher command success rates. The 

integration of simple visual or audio feedback helped 

users confirm actions and improved system usability. 

Furthermore, the system showed reliable 

performance over extended usage periods, with 

minimal false positives when proper thresholds and 

filtering were applied. However, challenges such as 

signal drift, inter-user variability, and mental fatigue 

were noted, suggesting the need for more adaptive 

and personalized algorithms in future iterations. In 

summary, the results validate the feasibility of using 

EEG signals via BCI to operate basic electrical 

appliances. The system proved to be both functional 

and user-friendly, making it a potential candidate for 

real-world assistive technology and smart home 

integration. The analysis highlights areas for 

refinement, particularly in signal classification 

accuracy and interface robustness under varying 

environmental and user conditions, Figure 6. 

 

 
Figure 6 EEG-derived Brain Graphs Are 

Reliable Measures For Exploring Exercise-

Induced Changes In Brain Networks 
 

Conclusion 

The integration of Brain-Computer Interface (BCI) 

technology with basic electrical appliances represents 

a significant step toward creating intelligent, 

accessible, and user-centric environments. By 

harnessing EEG signals to control household devices, 

this technology offers a powerful solution for 

individuals with physical disabilities, as well as a 

novel approach to smart home automation. The 

methodology presented—spanning signal 

acquisition, preprocessing, feature extraction, 

classification, and appliance control—demonstrates 

the technical feasibility and practicality of such 

systems. Experimental results and prior studies 

confirm that non-invasive EEG-based BCIs can 

effectively differentiate between specific mental 

states or intentional commands, which can then be 

translated into control signals for devices like lights, 

fans, or other switches. Despite current limitations 

related to signal noise, user fatigue, and classification 

accuracy, the system proves to be a promising 

assistive technology, especially in healthcare and 

rehabilitation settings. 
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