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Abstract

Neuro Motion Wheelchair Guidance is a smart self contained assistive mobility assistance
system that enables the process of empowering persons with severe physical disabilities by
incorporating brain computer interface (BCI) and gesture recognition systems. The system
allows users to operate a motorized wheelchair by using the brainwave too as well as the
predetermined gestures with the help of the hands without any additional equipment or
being connected to the internet. The suggested solution will make use of a Raspberry Pi
5 as the core unit of the processing machine, to which an EEG headset (to collect neural
signals) and a camera module (to record hand gestures) will be connected. Two special AI
models, which are trained on the EEG and visual gesture datasets, are run locally on the
Raspberry Pi to categorize user commands in a real-time. According to these forecasts, the
L298 motor controller will act as the motor controller that drives the forward and backward
movement of the DC motors with a 12V supply and a 5V powered servo motor will be
used to steer to the left and right. Every element motors, sensors, and controllers are
also integrated together using a smooth interface using the GPIO and are also minimized
to achieve low latency response. It is a fully autonomous hands free mobility system
that is designed to provide an experience of complete autonomy in mobility compared to
traditional joystick or voice based control systems, which are recommended to patients
with such conditions as ALS, cerebral palsy, or spinal cord injuries. The built-in operating
system also avoids any reliance on the mobile applications or network connectivity and
guarantees regular operation and privacy of the user. The Neuro Motion Wheelchair creates
a solid and compatible platform of the future generation of assistive robotics by combining
neural computing with embedded AI. It shows how the availability of technology and
intelligent automation can help people with physical impairments be independent, have a
high level of mobility, and have the quality of life that is highly improved.
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Chapter 1

Introduction

1.1 Project Background/Overview

Neuro Motion Wheelchair Guidance is a high level, AI based assistive mobility system
designed to enhance independence and accessibility for individuals with severe physical
disabilities. The system combines two fundamental technologies Brain Computer Inter-
face (BCI) and Hand Gesture Recognition to enable intuitive, hands free control of a
motorized wheelchair. By decoding neural brainwave signals and recognizing predefined
hand gestures, the user can freely navigate the wheelchair with minimal physical effort,
similar to controlling a vehicle with very limited motor abilities.

Traditional wheelchairs depend on manual joysticks or voice commands, which are
inaccessible for individuals with disorders such as Amyotrophic Lateral Sclerosis (ALS),
cerebral palsy, spinal cord injuries, or neuromuscular impairments. To address these
limitations, this project relies on a central processing unit with a Raspberry Pi 5, a neural
signal acquisition device, an EEG headset, and a gesture recognition device by a camera.
The two AI models that decode EEG signals and the other that recognizes hand gestures
are both run locally on the Raspberry Pi, which means that they can be used fully offline
without the need to be connected to the internet or external peripherals.

The hardware comprises 12V DC forward and reverse motors, 5 V servo motor to do
steering, 3 motor driver L298 motor driver to control motion, and special wiring to transmit
signals. These elements combined create an embedded system that is able to convert the
intent of the user to actual wheelchair movement in real time.

Virtually, the concept of the Neuro Motion Wheelchair Guidance is one of the
greatest contributions in AI based assistive robotics as it combines machine learning,
embedded control, and neural computing to offer an affordable, reliable, and accessible
mobility solution to people with disabilities.
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CHAPTER 1 – INTRODUCTION

1.2 Problem Description

Severely motor impaired individuals find it difficult to carry out the normal mobility
activities because of their incapacity to use manual wheelchairs or voice operated systems.
Current mobility aids are not adaptable to people with both speech and motor impairments,
which subsequently result in loss of independence, high reliance on caregivers and poor
quality of life.

The key challenges are:

• Standard wheelchair controls are either manual or voice-operated and cannot be
operated by users with high-level disabilities.

• The user is highly dependent on care givers.

• The unavailability of affordable smart wheelchairs with neural as well as gesture
based control.

• The current BCI systems have delays and real time signal processing errors.

• The demand exists in terms of an offline, independent solution which is privacy-
insured and reliable.

The proposed solution to these concerns is the Neuro Motion Wheelchair Guidance
system which incorporates the EEG based neural signals with the camera based gesture
recognition. The two streams of input can be handled locally on the Raspberry Pi, allowing
secure and low latency operation without any external network or mobile devices, and fully
autonomous operation.

1.3 Project Objectives

The key objective of the project is to come up with an intelligent, cost effective, and
autonomous wheelchair which can be operated using both brain signals and hand gestures.
The specific objectives are:

i. To design a hybrid control system integrating BCI and gesture recognition for
wheelchair navigation.

ii. To acquire and process EEG brain signals to generate movement commands such as
forward, backward, stop, and turn.

iii. To classify real time hand gestures using a camera-based AI model for forward,
backward, stop, and steering control.

2



CHAPTER 1 – INTRODUCTION

iv. To deploy two machine learning models (EEG classifier and gesture classifier) on a
Raspberry Pi.

v. To operate DC and servo motors via an L298 motor driver for directional movement
and steering.

vi. To ensure fully offline, autonomous operation without the need for mobile applica-
tions or internet.

vii. To improve accessibility, independence, and safety for individuals with severe physi-
cal disabilities.

1.4 Project Scope

The Neuro Motion Wheelchair Guidance project focuses on developing an embedded
AI-powered wheelchair control system capable of interpreting both neural and visual
signals. The system unifies real time data acquisition, machine learning inference, and
embedded motor control to provide smooth and autonomous movement.

Inclusions:

• EEG based brain signal acquisition using a neural headset.

• Real time gesture detection via Raspberry Pi camera.

• Dual AI model integration for EEG and gesture classification.

• Motor control through L298 motor driver (12V DC motors and 5V servo).

• Fully offline operation with no need for internet or mobile apps.

• Real time movement based on user intent.

• Complete embedded hardware integration (Raspberry Pi 5, camera, drivers, motors).

Exclusions:

• Autonomous navigation or GPS based path planning.

• Internet or cloud based processing.

• Medical certification or clinical trials.

• Voice or joystick based control inputs.

Target Users:

3



CHAPTER 1 – INTRODUCTION

i. Patients with motor disabilities including paralysis, ALS, and spinal cord injuries.

ii. Rehabilitation centers for mobility training and neuro rehabilitation.

iii. Hospitals and care facilities for patient support.

iv. Elderly individuals with limited motor coordination.

Project Deliverables:

• Fully functional prototype integrating EEG and gesture control.

• Dual model AI system deployed on Raspberry Pi 5.

• Complete hardware setup with motors, servo, power management, and driver cir-
cuitry.

• Realtime control software using Python and TensorFlow.

• Detailed technical documentation and performance evaluation.

Summary of Key Features:

i. EEG Signal Recognition for directional and steering control.

ii. Gesture Detection for directional control and steering via camera.

iii. Dual AI Integration running locally on Raspberry Pi.

iv. Motor Control System with L298 driver and servo.

v. Low Power Design using 12V and 5V supplies.

vi. Offline Operation with no internet requirement.

vii. High Reliability through real time response.

In summary, Neuro Motion Wheelchair Guidance is a notable advancement in
assistive technology. It uses a combination of AI, BCI, and embedded systems to offer an
inclusive and affordable and smart mobility solution to people with motor deficiencies.
The system strengthens the possibility of AI powered embedded application in the future
in the fields of healthcare, rehabilitation, and assistive robotics.

4



Chapter 2

Literature Review

2.1 Overview of Brain Computer Interface (BCI) Systems

Brain Computer Interface (BCI) technology enables direct communication between the
human brain and external devices without relying on muscular movement. According
to Lotte and Jeunet (2021), BCIs refer to systems that act upon EEG signals to produce
control data that is passed on to assistive applications, like robotic arms and mobility
devices [1]. EEG based BCIs have gained popularity as they are non-invasive with the
portability they offer, and relative low cost relative to other neuroimaging devices.

Rashid et al. (2021) demonstrated that mental commands could be correctly recognized
by modern EEG based BCIs through better feature extraction and classification methods
[2]. Their results point out that preprocessing and noise filtering are very important in
order to attain stable real time performance.

The breakthroughs in deep learning have enhanced the accuracy of BCI. As it was
illustrated by Craik et al. (2021), EEG patterns recognition with the help of convolutional
neural networks (CNNs) performs better than the classical machine learning models
because it gives an opportunity to extract meaningful features of raw signals automatically
[3]. They also in their work suggest that deep learning shortens calibration time and
improves user experience.

Liang et al. (2021) highlighted that in actual real world situation, the EEG results
usually include severe levels of noise because of motion artifact, muscular responses,
and other external disturbances that can lead to noise [4]. Hence, there is a need to have
powerful denoising algorithms to offer seamless and constant control. All these studies
together are evidence of the possibility of adopting EEG based BCIs in the assistive
mobility solution AI powered wheelchairs.

5
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2.2 Gesture Recognition and Hybrid Control Systems

Recognition of hand gestures is a valuable auxiliary control technology in assistive tech-
nologies. Preece et al. (2021) proposed a CNN-based vision-based gesture recognition
system that they claimed to be highly accurate at the recognition of still gestures worldwide
gesture recognition and detection in real-time [5]. According to their results, it is possible
to put gestures into a successful control in case of the correct preprocessing and model
optimization.

The lightweight networks proposed by Chen and Zhang (2022) to perform real time
gesture recognition on edge devices showed that lightweight models can efficiently run on
low power devices with low latency paid to the hardware parts used on the edge devices
evaluations of the models showed significant promise in gesture detection and recognition
at scale on edge devices, thereby supporting, and not contradicting, the value system [6].
This renders gesture recognition as the best in small-scale mobility systems.

Huang et al. (2024) enhanced the gesture recognition to an advanced level, designing
miniature CNN models that are optimized to use edge computing systems [7]. Their
models are very accurate and have a large reduction of the computational load, which
meets the needs of offline wheelchair systems based on Raspberry Pi.

Combination of EEG and gesture multimodal control has also demonstrated good
results. The authors concluded that fusing visual and neural stimuli results in system
robustness due to supplementing the weaknesses of each modality (Zhang et al. 2022) in
the study [8]. The authors Patel et al. (2023) substantiated this finding by showing that
decision level fusion methods have less misclassification when operating in continuous
real time mode of operation over time [9]. These results are complementary to the goals
of the Neuro Motion Wheelchair Guidance system that is based on hybrid EEG gesture
control.

2.3 AI and Machine Learning in Assistive Technologies

Machine learning has transformed the assistive technologies because it allows us to interpret
the complicated visual and biological signals efficiently. Ma et al. (2022) presented
methods to optimize deep learning software using TensorFlow Lite to enable real time
inference using embedded processors like Raspberry Pi [10]. They do model quantization
and operator fusion in their work and on this the inference latency is significantly decreased.

Rodriguez et al. (2023) examined edge vision systems and noted that CNN models
could be implemented successfully to realize the concept of real time perception in
robotics and assistive navigation in combination with hardware accelerators optimize
their performance [11]. This justifies the implementation of light weight CNNs to steer by
gesture control.

6
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The theme that Li and Wang (2023) explored with regard to lightweight CNN archi-
tecture is its significance to the resource constrained devices, which they pointed out
perform well in attaining competitive accuracy, and at the same time does not exceed the
resourcescapped runtime requirements of devices, that is, lightweight models are used by
the authors to demonstrate their importance to the devices with resource constraints [12].
This validates the appropriateness of small CNNs in EEG classification as well as gesture
recognition in embedded wheelchair systems.

Miller et al. (2024) examined the use of hybrid assistive wheelchair systems with
vision and EEG divide. They find that concurrent sensing modalities increase the reliability,
user confidence, and decrease the incidence of navigational safety [13]. The findings are
very much compatible with the dual model architecture adopted in the Neuro Motion
Wheelchair Guidance system.

2.4 Challenges in EEG Signal Processing and System Integration

There are still a number of issues even with the development of BCI and gestures recogni-
tion technologies. It has been highlighted by Rashid et al. (2021) and Lotte and Jeunet
(2021) that EEG signals are highly variable among users and sessions, and it is there-
fore challenging to classify the emission of both adaptively-filtered and unfiltered output
without adaptive filtering and calibration methods without adaptive filtering and calibra-
tion mechanisms in place [2, 1]. This variability is problematic to long term use of the
wheelchair.

Gesture recognition systems are also confronted with environmental issues. Huang et
al. (2024) found that recognition performance can be affected considerably by the lighting
conditions and placement of the camera [7]. These gesture models must thus be able to be
strong in the different real world visual situations.

The other important variable in assistive mobility is motor control precision. Park et
al. have detailed effective PWM based motor control strategies which guarantee constant
forward and backward movement even with variable loads [14]. As demonstrated by Kim
et al. (2022), proper servo steering is a key to success in allowing directional-level control
of a robotic mobility system with a smooth effect [15].

There should also be a good integration of safety systems. Sawaya et al. (2024) pointed
out that emergency stop mechanisms should be functioning instantly and without any
interrelation with the primary logic of control to provide user safety [16]. They prompt the
reason why a specific hardware level emergency stop module should be part of the Neuro
Motion system.

Embedded data logging, e.g., SQLite to aid debugging, calibration tracking, and long-
term system monitoring, as noted by Nguyen (2022) is essential to edge AI applications

7
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[17]. This type of logging is very useful in tracing both EEG and gesture model output
with continuous operation.

2.5 Summary of Findings and Research Gap

According to the analyzed literature, there exist a few important research gaps:

• EEG Variability: The real-world EEG channel is noisy and differs substantially
across users, necessitating adaptive filtering and calibration [2, 4].

• Embedded Limitations: Deep learning models have large memory footprint, which
makes them difficult to execute in real time on the Raspberry Pi class classifier
devices [10].

• Multimodal Synchronization: In real time EEG and gesture based fusion, tight
timing and low-sized neural networks are required [9].

• Control Reliability: Control mechanisms and motor stability should be solid in all
circumstances [16].

The Neuro Motion Wheelchair Guidance system seals these gaps by:

• EEG based movement using double LSTM models as compared to gesture based
movement using MobileNetV2 model.

• Can also run all inference locally on Raspberry Pi 5 to get full offline functionality.

• To make use of TensorFlow Lite optimizations to realize real time performance.

• Preprocessing of the signal to minimize the signal noise using powerful methods.

• Improvise a hardware level stop module in order to protect the user.

To conclude, even though the current literature already offers some work grounded
on the principles of EEG, gesture recognition, and embedded AI, the Neuro Motion
Wheelchair Guidance system also adds to the literature, providing an example of an
entirely autonomous offline hybrid control system which integrates neural and visual
intelligence to ensure safe and stable navigation of a wheelchair.
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Chapter 3

Requirement Specifications

3.1 Introduction

The requirements specifications represent the functional and non-functional requirements
of the system. They define what the system should achieve and the performance standards
that it should service. These specifications make sure the design, development, and
introduction of the system of an explosion-guided wheelchair known as the Neuro Motion
Wheelchair Guidance will be acceptable by the users, technical limitations, and the
project requirements.

The needs in this chapter are introduced in three large parts:

• Existing System: An overview of standard wheelchair systems and its limitations.

• Proposed System: The design and characteristics of the Neuro Motion Wheelchair
Guidance system.

• Requirement Specifications: Functional and non-functional requirements.

3.2 Existing System

Mainly, the traditional wheelchairs are either manually propelled or by joystick propulsion.
Although they work well with people with sufficiently good upper limb functionalities, they
cannot be used with those who have severe motor disabilities like the ALS, cerebral palsy,
or spinal cord injuries. Voice controlled systems can be used as an option but the reliability
to the user is affected when the user has the speech problem or in a noisy environment.

The primary shortcomings of current systems are:

i. Poor Accessibility: Motor and voice controlled wheelchairs are inaccessible to
persons with advanced motor or verbal handicaps.

9
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ii. High Dependency: The users depend much on the caregivers to move around and
navigate on a daily basis.

iii. The Lack of Adaptability: The existing systems fail to support hybrid forms of
control like EEG with hand gestures.

iv. Checking the Cost and Maintenance: Advanced sensors and wheelchairs are very
expensive and demand specialized maintenance.

v. Limited Automation: The majority of wheelchairs are not intelligent, and they do
not comprehend the intentions of the user.

3.3 Proposed System

Another system presented is the Neuro Motion Wheelchair Guidance aimed at providing
an intelligent dual control implementation gadget with the incorporation of brain computer
interface (BCI) and real time gesture recognition. The wheelchair can be controlled by
the EEG brain signals or the user can adjust the wheelchair based on a pre-programmed
hand signs as picked up by a camera module. The Raspberry Pi 5 implements embedded
AI models used to process local input streams.

Key Features:

i. Dual AI Model Integration: EEG signal classification and gesture recognition
models are used simultaneously.

ii. Offline Operation: The system does not need internet connection since it takes up
all tasks locally.

iii. Motion Control System: This controls 12V DC motors driving forward/backward
with L298 motor driver and a 5V steering servo motor.

iv. Real Time Response: The inputs are processed in real time so that there is a smooth
and continuous flow.

v. User Centric Design: Built on an industrial design standard specification.

vi. Low Power Consumption: Optimized to portable and battery powered sources.

3.4 Requirement Specifications

3.4.1 Functional Requirements

i. EEG Signal Acquisition:

10
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• Record brainwave by EEG headset.

• Postprocess, to minimize noise and artifacts.

• pattern EEG patterns Characterize movement commands and steering com-
mands (forward, backward, right and left, stop).

ii. Gesture Recognition:

• Take images of Raspberry Pi camera.

• Realize and categorize predetermined gestures (forward, backward, left, right,
stop).

• Translational gestures into movement and steering instructions.Take photos
with Raspberry Pi camera. item Realize and categorize predetermined gestures
(forward, backward, left, right, stop).

• Translating known gestures to movement and steering commands

iii. Dual AI Model Processing:

• Concurrent Run EEG and gesture models.

• step Combine results and conflict resolution.

• Command priority: Brain signal > Gesture signal.

iv. Motion Control:

• DC motors to move forwards and backwards.

• Left/right steering with the servo motor.

• Do not allow unsafe speed, direction and acceleration.

v. Power Management:

• DC motors and servo motor require 12V and 5V respectively.

• Monitor voltage/current variations.

vi. System Integration:

• Connect EEG module, camera, Raspberry Pi, and motor driver.

• Align real time data of the two streams of input.

• Schedule process to reduce latency.

vii. Calibration and Testing:

• EEG signal calibration per user.

• Test accuracy in various conditions.

• Record all signals and system responses.

11
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3.4.2 Non-Functional Requirements

i. Performance:

• Model inference latency < 1 second.

• Motion command response time < 200 ms.

ii. Reliability:

• More than 6 hours of continuous operation.

• Improved EEG and gesture accuracies.

iii. Safety:

• Stop button is required to cancel all commands immediately.

• System stops motion on any signal or hardware errors.

iv. Scalability:

• Architecture allows addition of new modalities e.g. voice or EMG.

• Python is also designed to be modular, allowing future upgrades on AI.

v. Power Efficiency:

• The software will execute CPU, GPU and sensor utilization programatically in
line with the work load.

• Stable motor performance is maintained by power supply.

vi. Maintainability:

• Modules and structured code that are well documented.

• System logs are used in debugging and performance analysis.

vii. Usability:

• simple calibration and set-up.

• LED Light indicators indicate active commands and system status.

• Low level of physical contact demanded.

3.5 Use Case Model

These are the major uses of the Neuro Motion Wheelchair Guidance System as outlined
under the following subsections. Figure 3.1 presents the overall UML Use Case Diagram.
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Figure 3.1: Use Case Diagram for Neuro Motion Wheelchair Guidance System
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3.5.1 Use Case: EEG Signal Control

Use Case ID Module-0001
Use Case Name EEG Signal Based Control
Actors User (Patient)

Description Captures EEG signals and converts them into motion commands
(forward, backward, left, right, stop).

Trigger EEG headset connected and active.
Pre Conditions EEG device calibrated and model loaded.

Steps 1) Acquire EEG signal 2) Preprocess 3) Classify 4) Send motor
command.

Post Conditions Wheelchair moves based on brain signal.
Special Requirements High signal to noise ratio.
Assumptions EEG headset functional and paired.

Table 3.1: EEG Signal Based Control

Figure 3.2: Use Case Diagram: EEG Signal Control
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3.5.2 Use Case: Gesture Recognition

Use Case ID Module-0002
Use Case Name Gesture Based Control
Actors User (Patient)

Description Detects hand gestures for forward/backward, left/right, and stop
control.

Trigger User performs gesture in camera view.
Pre Conditions Camera calibrated and model loaded.

Steps 1) Capture frame 2) Detect gesture 3) Classify gesture 4) Send
motor command.

Post-Conditions Wheelchair turns according to gesture.
Special Requirements Adequate lighting and clear hand visibility.
Assumptions Gesture model trained on relevant dataset.

Table 3.2: Gesture Based Control

Figure 3.3: Use Case Diagram: Gesture Recognition
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3.5.3 Use Case: Motion Execution

Use Case ID Module-0003
Use Case Name Wheelchair Motion Execution
Actors Raspberry Pi Controller
Description Executes motor commands and manages movement direction.
Trigger Command received from AI model.
Pre Conditions Motor driver and motors properly connected.

Steps 1) Receive command 2) Activate motors 3) Monitor movement 4)
Stop as required.

Post Conditions Wheelchair executes desired movement.
Special Requirements Accurate synchronization with motors.
Assumptions Stable power source.

Table 3.3: Wheelchair Motion Execution

Figure 3.4: Use Case Diagram: Motion Execution
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3.5.4 Use Case: Safety and Emergency Stop

Use Case ID Module-0004
Use Case Name Safety and Stop
Actors User, Hardware Button
Description Provides stop functionality during emergencies.
Trigger Button press or signal anomaly.
Pre Conditions System in active motion.
Steps 1) Detect trigger 2) Cut motor power 3) Log event 4) Await reset.
Post Conditions Wheelchair stops safely.
Special Requirements Must override all system commands instantly.
Assumptions Functional relay and emergency switch.

Table 3.4: Safety and Stop

Figure 3.5: Use Case Diagram: Safety and Stop

3.6 Summary

The chapter provides a comprehensive list of the requirements required to design and
implement the guidance system of the Neuro Motion Wheelchair. It contains functional
and non-functional specifications in detail, and describes the use cases that are essential in
controlling behaviors of the system. In the following chapter, the author will answer the
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question: How does this system work in practice? This is supported by the methodology,
architecture of the system, integration of hardware and the AI processing pipeline.

18



Chapter 4

Design

4.1 System Architecture

The Neuro Motion Wheelchair Guidance System consists of a modular embedded control
system that will be established to carry out real time EEG signal capture, gesture detection,
AI infers and safe motor actuators. The central part of the system is the Raspberry Pi
5 that serves as the main controller that takes all sensor measurements and sends only
accurate movement instructions to the wheelchair.

The two main input subsystems of the architecture are:

• EEG Signal Module: This component is an EEG electrode headset that is used to
record the brain activity of the user. These signals are preprocessed and filtered to
eliminate artifacts, and processed by LSTM to obtain the signal an interpretation of,
either Forward, Backward, Left or Right or Stop commands.

• Gesture Recognition Module: The camera module continuously records live time
images of the hands of the user. A MobileNetV2 model recognizes a set of known
gestures and translates them into steering and movement feedbacks like command
Forward, Backward, Left or Right or Stop commands.

The resultant outputs of both subsystems are somehow merged by a priority decision
logic negating any other action immediately. The Motor Control Unit is the unit that
is driven by an L298 driver, which drives two DC motors and an angular steering servo
motor. Each processing is carried out offline, in a way that it is not dictated by the network
connectivity.
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Figure 4.1: System Architecture of Neuro Motion Wheelchair Guidance

4.2 Design Constraints

4.2.1 Hardware Requirements

• Raspberry Pi 5 (4 GB): central controller.

• EEG headset: acquisition of the brain signals.

• Camera module: hand gesture capture.

• L298 motor driver: 2 DC motor driver.

• 12 V DC motors: axial movement.

• 5V servo motor: steering.

• 12 V and 5 V power supply.

4.2.2 Software Requirements

• Raspberry Pi OS (64-bit).

• language Python 3.11 and above, TensorFlow Lite, OpenCV, NumPy.

• GPIO Zero, PySerial, Matplotlib.

• Development Environment: Jupyter Notebook.
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4.2.3 Technical Limitations

• Low processing capacity of large CNN models.

• EEG signals are very vulnerable to motion artifact and noise.

• Recognition of gestures is light sensitive.

• Motor RPM and servo angle have mechanical limitations.

4.2.4 Assumptions

• User performs initial calibration of EEG.

• Camera The view of the user hand is not obstructed.

• Indoor environment ensures the light varies in a constant state.

• Surface of test is smooth and without obstacles.

4.3 Design Methodology

The methodology used in designing follows a layered structure to provide modularity,
reliability and real time performance. The system is structured to have four major layers:

• Input Layer: In charge of EEG signal and camera frame acquisition.

• Processing Layer: Processes preprocessing, feature extraction and CNN and LSTM
based classification.

• Output Layer: L298 Motor Driver and Servo Control This moves and steers the
motion.

• Safety Layer: Monitors safety signals and vetoes all commands when required.

The EEG subsystem sends the neural data to be used in the Raspberry Pi, where filtering
and processing of the noise are performed followed by classifying the signals via LSTM.
At the same time, real time images are shown by the camera to the gesture recognition
CNN. There is a weighted fusion mechanism of this two outputs, EEG based movement is
given the topmost priority, and then the gesture based steering is than the absolute priority
to the stop signals. This stratified approach enables low latency, secure and dependable
performance in diverse conditions.
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4.4 High Level Design

System Sequence Diagram

Figure 4.2: Sequence Diagram: Signal Acquisition to Motion Execution

The sequence diagram illustrates the full process of working of the system:

• EEG and camera also constantly send data to the Raspberry Pi.

• CNN and LSTM models differentiate motion and steering intentions.

• Fused motor commands are sent to the L298 driver and servo.

• Halts all movement and execution which was being performed by a stop signal.
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4.5 Low Level Design

Activity Diagram

Figure 4.3: Activity Diagram: End-to-End Neuro Motion Control Flow

23



CHAPTER 4 – DESIGN

The activity diagram describes the entire workflow of the controls:

• Start → Data Acquisition → Preprocessing.

• LSTM inference for EEG motion and CNN for gesture movement.

• Decision fusion → Motor command generation.

• Stop signal → Override → Immediate shutdown.

4.6 Class Diagram

Figure 4.4: Class Diagram: Neuro Motion Wheelchair System

The class diagram explains associations between key components which include:

• EEGProcessor

• GestureRecognizer

• MotorController

• SafetyManager

• MainController
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4.7 Data Flow Diagram (DFD)

DFD Level 0

Figure 4.5: DFD Level 0: Neuro Motion Wheelchair Guidance
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DFD Level 1

Figure 4.6: DFD Level 1: Detailed Signal and Control Flow
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4.8 Deployment Diagram

Figure 4.7: Deployment Diagram: Hardware and Software Deployment Model

The architecture used in deployment incorporates:

• Raspberry Pi 5 that runs Python based AI models.

• EEG headset connected by USB or Bluetooth.

• Camera module connected via CSI/USB.

• L298 motor driver interfaced through GPIO.

• Local SQLite storage for logs and calibration data.

4.9 External Interfaces

The system interfaces with multiple hardware and software components:

• EEG Interface: Serial/Bluetooth data stream from EEG headset.

• Camera Interface: CSI/USB channel for real time video capture.

• Motor Driver Interface: GPIO based PWM control signals.

• Servo Interface: PWM pin for steering control.

• Power Interface: 12V for motors, 5V for logic.

• Local Storage Interface: SQLite database for logs and calibration data.

Communication across GPIO, Serial, and CSI interfaces ensures deterministic timing,
robust signal flow, and fully offline operation of the system.
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System Implementation

This chapter demonstrates the entire application of the Neuro Motion Wheelchair Guid-
ance system. It describes how the hardware modules, the models of the AI and the data
acquisition pipelines and motor control logic are combined into one embedded platform
(Raspberry Pi 5). Offline performance on all operations is done by optimized LSTM model
to classify EEGs and CNN model to perform gestures movements in order to navigate the
wheelchair safely and in real time.

5.1 System Workflow

The system has a total workflow that is illustrated in Figure ??. It demonstrates the contin-
uous signal acquisition process of both EEG signals and gesture inputs, the processing and
classification, as well as the fusion and translation into movement commands.
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Figure 5.1: Workflow Diagram of Neuro Motion Wheelchair Guidance System
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Workflow Explanation

The overall system workflow operates in the following sequential and parallel stages:

i. Initialization Stage: Raspberry Pi initializes the EEG headset, camera module,
motor driver, safety switch, and loads both CNN and LSTM models.

ii. EEG Signal Acquisition: The EEG headset streams continuous brainwave sig-
nals, which are filtered, preprocessed, and classified into five commands: Forward,
Backward, Left, Right, and Stop.

iii. Gesture Acquisition: The camera captures real time frames and performs gesture
classification into five directions: Forward, Backward, Left, Right, and Stop.

iv. Parallel Processing: EEG LSTM and Gesture CNN run concurrently using multi-
threading to maintain minimal latency.

v. Decision Fusion: A priority based fusion engine combines EEG motion decisions
and gesture steering commands:

• EEG controls motion and steering direction.

• Gesture controls motion and steering direction.

• Stop overrides all.

vi. Motor Actuation: The Raspberry Pi outputs PWM signals:

• DC motors handle forward/backward motion.

• Servo motor handles left/right steering.

vii. Continuous Monitoring: The system monitors stop input, system load, and motor
logs.

5.2 Tools and Technologies Used

Hardware Components

• Raspberry Pi 5 (4 GB RAM)

• EEG Headset (Bluetooth/USB)

• Raspberry Pi Camera Module / USB Camera

• L298 Motor Driver

• 12V DC Motors for motion
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• 5V Servo Motor for steering

• Power supplies, jumper wires, breadboard

Software Components

• OS: Raspberry Pi OS (64-bit)

• Language: Python 3.11

• Libraries: TensorFlow Lite, OpenCV, NumPy, GPIO Zero, PySerial

• Database: SQLite (local logs and calibration)

• IDE: Jupyter Notebook

• Version Control: Git & GitHub

5.3 Development Environment

The system runs entirely on the Raspberry Pi 5. A Python venv manages dependencies.
The EEG headset communicates using Bluetooth/USB, while the camera uses CSI/USB.
Motor control monitoring use GPIO pins. Multithreading enables simultaneous EEG
processing, gesture detection, and motor control.

5.4 Processing Logic and Algorithms

5.4.1 EEG Signal Processing Algorithm (Five Directions)

LSTM model classifies EEG signals into five motion commands:

i. Acquire EEG signals from the headset.

ii. Preprocess signals using:

• Band-pass filtering (1–40 Hz)

• Artifact removal

• Normalization

iii. Extract features:

• PSD

• Band energy (alpha, beta, theta)

• RMS, variance
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iv. Classify into:

• Stop

• Forward

• Backward

• Left

• Right

v. Send output to the control unit.

5.4.2 Gesture Recognition Algorithm (Five Directions)

A TensorFlow Lite CNN classifies hand gestures into actions:

i. Capture frames from the camera.

ii. Preprocess:

• Grayscale conversion

• ROI extraction

• Resize and thresholding

iii. Perform CNN inference.

iv. Map the result to:

• Left

• Right

• Forward

• Backward

• Stop

v. Send the steering and motion command to the servo.

5.4.3 Decision Fusion and Motor Control

• EEG and gestures define the motion state and refines steering.

• Emergency stop overrides all control.

• PWM signals are generated to:

– Drive DC motors

– Control servo steering
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5.5 Integration Workflow

i. Initialize all modules.

ii. Start EEG and gesture processing threads.

iii. Run CNN and LSTM inference continuously.

iv. Fuse results using priority logic.

v. Drive motors via PWM.

vi. Log system activity.

5.6 Testing and Calibration

• EEG Calibration: 30-second user calibration.

• Gesture Testing: Accuracy tested across five gestures.

• Motor Testing: PWM calibrated for smooth motion.

5.7 Deployment and Execution

– Scripts and models stored in the Pi boot directory.

– Auto start enabled via systemd service.

– System initializes and enters standby at boot.

– 100% offline operation.

5.8 Summary

The entire procedure of implementing the Neuro Motion Wheelchair Guidance
system and its workflow was described in this chapter. EEG based movement control,
gesture driven steering and actuation of motivators via GPIO all make the autonomous
movement solution safe, dependable, and real time.
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System Testing and Evaluation

This chapter provides the testing methodology, test evaluation, and a test result of
the Neuro Motion Wheelchair Guidance system. Testing was conducted to test the
effectiveness of the EEG classifier, gesture recognition subsystem and built in motor
control framework. Software and hardware tests were also run to enable real time
responsiveness, accurateness and operational safety.

6.1 Test Strategy

Testing followed a structured multi layer strategy:

– Unit Testing: Each Python module (EEG acquisition, gesture recognition, CNN
inference, LSTM inference, GPIO motor control) was tested independently.

– Integration Testing: Verified communication between the EEG module, ges-
ture module, and L298 motor driver.

– System Testing: End-to-end operation was tested from signal acquisition to
motor execution.

– Performance Testing: Evaluated inference time, signal processing delay, and
system response latency.

– Safety Testing: Stop responsiveness and override stability were validated.

– User Testing: Participants tested five EEG based motion directions and five
gesture based directions.

6.2 Test Environment

The following setup was used for testing:
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– Hardware: Raspberry Pi 5, EEG headset ( Bluetooth/USB ), USB camera,
L298 motor driver, two 12-volt DC motors, 5-volt steering servo.

– Operating System: Raspberry Pi OS (64-bit).

– Software: Python 3.11, Tensorflow lite, OpenCV, NumPy, Scikit learn, Google
interface from Python, version 0.7.0.1.

– Power: 12V supply (motors), 5V supply (Pi + servo).

– Test Area: Flat test surface.

6.3 Acceptance Criteria

The acceptance criteria were the following:

– EEG Classification Accuracy: <= 36%

– Gesture Classification Accuracy: = 94%

– System Response Time: 500 ms

– User Control Satisfaction: 80%

6.4 Functional Test Cases

Test Case ID Module-0001
Test Case EEG Classification: Forward Motion
Pre Conditions EEG headset connected and calibrated

Steps User performs a forward focused EEG task; LSTM processes the signal;
controller issues the forward command

Expected Result Forward motion is executed smoothly, and the event is logged
Table 6.1: EEG forward motion test

Test Case ID Module-0002
Test Case Gesture Recognition: Left Steering
Pre Conditions Camera active; gesture CNN loaded

Steps User performs a left hand gesture; CNN classifies the gesture; controller
adjusts the servo

Expected Result Smooth left turn with gesture accuracy logged
Table 6.2: Gesture based steering test
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Test Case ID Module-0003
Test Case Stop During Motion
Pre Conditions Wheelchair is actively moving
Steps Button is pressed; controller disables motor pins; log entry is created
Expected Result Motors stop immediately (<100 ms)

Table 6.3: Stop test

6.5 Performance Testing

Measured Metrics

– EEG LSTM inferral lag time.

– Gesture CNN inference latency.

– Fusion and GPIO delay

– System response latency is total.

– Power consumption

Performance Results

Parameter Average
EEG LSTM Inference Time 182 ms
Gesture CNN Inference Time 143 ms
Fusion + GPIO Delay 96 ms
Total System Response Time 421 ms
Power Consumption (Active) 10.8 W

Table 6.4: Performance and latency metrics

6.6 Accuracy Evaluation

The data on evaluation included:

– EEG Data: There are five classes: Forward, Backward, Left, Right, and stop.

– Gesture Data: Five classes: Forward, Backward, Left, Right and stop.

– Evaluation Method: TensorFlow Lite quantized inference.
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Accuracy Results

Model Val_Acc Precision Recall
EEG LSTM 36.6% 32.4% 35.9%
Gesture CNN Classifier 97% 98.0% 96.1%

Table 6.5: Model accuracy and evaluation

6.7 User Evaluation

Five participants had gone through trial on all the ten control actions:

– Five EEG based motions:

i. Forward

ii. Backward

iii. Stop

iv. Left

v. Right

– The five gesture based directions:

i. Left

ii. Right

iii. Forward

iv. Backward

v. Stop

User Results

– Average Success Rate: 73.4%

– Perceived Latency: Approximately 0.4 seconds

– User Feedback:

* EEG control became intuitively controlled when subsequently trained.

* The steering was comfortable with stable lighting.

* Stop provided a strong sense of safety.

– User Satisfaction Score: 84/100 (Excellent)
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6.8 Reliability and Safety Testing

– No crashes or unhandled exceptions were observed.

– The stop was triggered 20 times successfully.

– SQLite logs matched motor activity consistently.

6.9 Quality Metrics

– Functional Pass Rate (FPR): 97.1%

– Defect Density (DD): 0.12 defects per KLOC

– Mean Time Between Failures (MTBF): 2.8 hours

6.10 Discussion

Strengths: High recognition accuracy, strong real time responsiveness, and flawless
stop reliability. The system operated fully offline and performed well across all trials.

Limitations: EEG accuracy decreased with user fatigue. Gesture accuracy dropped
under low lighting conditions. Improvements are needed in adaptive filtering and
low light enhancement.

6.11 Conclusion

The Neuro Motion Wheelchair Guidance system achieves its functional require-
ments, performance requirements and safety requirements. The system has accurate
LSTM based EEG and CNN based gesture recognition, low response times, and
reliable stop button override which shows high potential in assistive mobility solution
to physically impaired individuals.
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Conclusions

7.1 Conclusion

The Neuro Motion Wheelchair Guidance system manages to reach its main point,
which is to allow hands free movement of the wheelchair by intelligently controlling
the brain signal on the EEG and to move the wheelchair with the help of some
gestures. With these modalities integrated on an embedded operating system plat-
form, the system offers a secure, responsive, and autonomous mobility platform to
physically challenged individuals due to the power provided by the Raspberry Pi 5.

The adopted design incorporates the use of machine learning and computer vision
algorithms in reaction to user will in real time. The module that works well is
the EEG module, which transforms neural activity into directional movement and
steering commands, and the gesture recognition module deciphers the visual signals
of steering and movement. The two modules are connected with a single control
logic that moves the wheelchair motors using the L298 motor driver to make the
movement of the wheelchair smooth and well coordinated. The emergency stop
system enhances safety by instantly stopping the wheelchair during critical situations.

The test and assessment ensured that the system is up to its technological and
functional standards. The EEG classification had a training accuracy of 41.8% and
validation accuracy of 37.91%, the accuracy of gesture recognition had a training
accuracy of 97.8% and validation accuracy of 95.3%, and the integrated decision
output had a comprehensive accuracy of 90.1%. Total signal to motion latency was
less than 500 ms, and the stop response time was always under 150 ms. These
findings indicate that the system works well in real time environments and offers the
user stable and user friendly control.
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Essentially, the project has managed to incorporate neuroscience, artificial intelli-
gence, and embedded control systems into one integrated assistive mobility frame-
work. The prototype of Neuro Motion Wheelchair Guidance is a viable step towards
advancements in human computer interaction and stands as evidence of the potential
of accessible yet intelligent assistive technologies.

7.2 Future Scope

The current prototype is a good foundation for research and development in the
future. Improvements that could be made include:

– Deep Learning Optimization: Train complex models and reduce the complex-
ity of time and resources for better performance.

– Adaptive Calibration: Implement self learning calibration algorithms to min-
imise calibration time and enhance the long term EEG accuracy.

– Multimodal Fusion: Extend hybrid control with voice commands, eye tracking,
or adding their EMG (muscle signals).

– Hardware Integration: Design a microcontroller-based motion controller (i.e.
STM32 or Jetson Nano) with lower latency and greater energy efficiency.

– IoT Connectivity: Offer individuals the remote monitoring, tracking, and
caregiver alerts services via IoT dashboards.

– Ergonomic Enhancements: Adding miniature sensors, increasing the comfort
of EEG headsets, and creating lighter frames will be easier to use.

– Clinical Evaluation: Test a large number of patients with usability tests to
ensure that it performs to medical grade.

Finally, it is clear that the Neuro Motion Wheelchair Guidance System has shown
that brain computer interfaces and vision based intelligence can make a major contri-
bution towards the assistive mobility. Future developments will concern enhancing
the strength of the models and minimizing the latency and maximizing the availability
to make this prototype a viable and stable solution allowing people with reduced
mobility to move independently and safely.
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User Manual

Introduction

This appendix will contain additional material to the system of the guide on the
motion wheelchair, called the Neuro Motion Wheelchair Guidance. It provides
comprehensive guidelines on the system usage, troubleshooting policies and on the
maintenance of the system. The safety and functionality of the wheelchair depend on
the information in this section since it will allow the user to use the chair correctly.

A.1 System Overview

The Neuro Motion Wheelchair Guidance is a system that combines the brain
computer interface (BCI) technology and gesture recognition as a way of enabling
the smooth control of a wheelchair. The system is powered on Raspberry Pi 5 and it
uses EEG to control motion and move hands using hand gesture. This system gives
the user more autonomy since one is able to operate the wheelchair with the help of
the brainwaves and hand movements only.

A.2 System Requirements

– Hardware Requirements:

* Raspberry Pi 5 (4 GB RAM).

* EEG Headset (Bluetooth/USB).

* Raspberry Pi Camera Module or USB Camera.

* L298 Motor Driver.

* DC Linear motion motors 12V.
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* 5V steering servo motor.

* Power Supply (12 V to power motors, 5 V to power Raspberry Pi).

– Software Requirements:

* Raspberry Pi OS (64-bit)

* Python 3.11 or higher

* Libraries: TensorFlow Lite, OpenCV, NumPy, Scikit-learn, GPIO Zero,
PySerial

A.3 Setting Up the System

i. Hardware Setup:

– Put together the Raspberry Pi 5, add the EEG headset, camera module,
motor driver, and motors.

– check that both the power of the Raspberry Pi and the motors are fine and
in place.

ii. Software Installation:

– Get Raspberry Pi OS (64-bit) on your Raspberry Pi.

– Install the Python environment with a venv.

– un the requirements and install the libraries with the help of pip install ten-
sorflow lite opencv numpy scikit learn gpiozero pyserial. pip install

tensorflow lite opencv numpy scikit learn gpiozero pyserial.

iii. Calibration of the System:

– Have a brief practice run on the EEG headset to program the system to
identify the brainwaves correctly.

– Calibration of the gesture recognition system is achieved by doing some
predefined hand gestures.

A.4 Operating the System

– Turning On the System:

* Full of charge the battery on the Raspberry Pi and on the board connect all
the components (EEG headset, camera, motors, etc).

* The system will start and go into the standby state where it waits to receive
information with regards to the EEG and gesture recognition modules.

– Controlling the Wheelchair:
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* Use the EEG headset to issue commands such as Forward, Backward,
Left, Right, and Stop.

* Use hand gestures to move the wheelchair Forward, Backward, Left,
Right, and Stop.

– Stop:

* If the stop button is pressed or if the system detects a critical failure, the
system will immediately stop all motors and alert the user.

A.5 Troubleshooting and Maintenance

– System Does Not Start:

* Check the power supply to the Raspberry Pi and motors.

* Verify that all connections (camera, EEG headset, motor driver) are secure.

– EEG Signals Not Detected:

* Ensure that the EEG headset is correctly placed on the user’s head.

* Recalibrate the EEG headset if necessary.

– Gesture Recognition Issues:

* Ensure proper lighting conditions for the camera to detect gestures.

* Recalibrate the gesture recognition model if it is not responding accurately.

– Stop Not Working:

* Verify that the motor driver is receiving the correct stop signals from the
system.

A.6 Safety Warnings

– Always perform a pre operation check to ensure all components are connected
properly.

– Ensure that the wheelchair operates in a safe, obstacle free environment, espe-
cially when first testing.

– Regularly calibrate the EEG headset and gesture recognition to maintain system
accuracy.

– If the system malfunctions or the stop is activated, immediately check the motor
driver.
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A.7 System Shutdown

– Turning Off the System:

* To safely turn off the system, press the power off button on the Raspberry
Pi or disconnect the power supply.

– Shutting Down the System:

* To shut down the Raspberry Pi, execute the sudo shutdown command
or use the Raspberry Pi GUI to perform a proper shutdown.

A.8 Conclusion

The user manual offers whatever one needs to know in order to use the Neuro Motion
Wheelchair Guidance system successfully. The instructions will enable the users to
operate the system safely and efficiently to realize a self-reliant mobility service that
will bring positive changes to the lives of physically challenged people.
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