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Abstract

The integration of smart technologies in healthcare has revolutionized patient monitoring and
diagnostics. This paper presents a smart patient monitoring and motion tracking system designed for
hospitals, leveraging EEG (electroencephalogram) signals to track patient movements and monitor
neurological health. The proposed system combines motion tracking with real-time EEG signal analysis
to enhance patient safety, especially for individuals prone to seizures, neurological disorders, or other
mobility-related risks. The system employs non-invasive EEG devices to capture brain activity, which
is processed using advanced signal processing techniques and machine learning algorithms. Key EEG
patterns associated with motion intention, sleep cycles, or abnormal neural activity are analyzed in real
time. Simultaneously, motion tracking sensors integrated into wearable devices provide complementary
data on patients’ physical movements. This dual-mode monitoring enables the system to detect critical
events such as falls, convulsions, or prolonged immobility, triggering alerts for immediate medical
intervention. A central feature of the system is its ability to classify and interpret EEG signals to predict
potential neurological events such as epileptic seizures. Deep learning models, trained on large FEG
datasets, ensure high accuracy in detecting anomalies. The combined data is transmitted to a secure
cloud platform, where healthcare professionals can access and analyze patient health metrics remotely.
The system also incorporates a user-friendly interface that visualizes EEG and motion data, offering
real-time updates and customizable alerts. This reduces the workload on hospital staff and minimizes
the risk of human error.

Keywords: Non-invasive monitoring, patient monitoring system, motion tracking, machine learning,
wearable sensors

INTRODUCTION

In recent years, advances in healthcare technologies have led to the integration of smart systems for
patient monitoring and motion tracking in hospitals. Among these, the use of electroencephalogram
(EEG) signals has garnered attention because of their ability to provide real-time insights into brain
activity, cognitive states, and neurological
conditions. EEG signals are non-invasive and are
widely used to monitor brain activity through
electrical patterns detected on the scalp. Leveraging
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EEG signals for smart patient monitoring and
motion tracking has opened new avenues for
enhancing patient care, safety, and rehabilitation
processes. Hospitals often face challenges in
continuously monitoring patients, particularly those
with critical conditions, mobility impairments, or
neurological disorders. Traditional monitoring
systems are limited in their ability to provide
detailed, real-time data regarding a patient’s
cognitive state and physical activity. By
incorporating EEG-based systems, it is possible to
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overcome these limitations, as EEG signals not only reflect neurological health but can also be analyzed
to infer motion patterns and detect abnormalities.

A smart patient monitoring system utilizing EEG signals typically involves sensors, signal acquisition
devices, and machine learning algorithms for data processing and analysis. These systems can detect
critical changes in brain activity, such as seizures or cognitive decline, and provide real-time
information to healthcare providers. Furthermore, by integrating motion tracking capabilities, these
systems can help monitor patient movements and ensure the safety of individuals at risk of falls or
physical injuries. This is particularly beneficial in intensive care units (ICUs), elderly care, and
rehabilitation settings.

Motion tracking using EEG signals is achieved by decoding motor intent and neural signals
associated with movement. Such systems can be extended to aid in physical therapy by providing
insights into motor function recovery and enabling brain—computer interface (BCI) applications for
patients with paralysis or severe disabilities.

Incorporating EEG-based smart systems into hospital settings also supports the growing trend of
personalized medicine, as it allows healthcare providers to tailor treatment plans based on continuous,
individualized data. The real-time nature of these systems enhances decision making, reduces response
times during emergencies, and improves overall patient outcomes.

Background History

The healthcare industry is constantly striving to improve patient outcomes, enhance medical care
quality, and optimize hospital resources. Traditional patient monitoring systems primarily rely on
manual observations or basic devices such as heart rate monitors and oxygen saturation sensors.
However, these systems have limitations in providing real-time, comprehensive, and predictive insights
into a patient’s condition, particularly for patients requiring long-term care or those in critical condition.

Early Dietary Guidelines

Early dietary guidelines are often based on broad population-level recommendations, focusing on
macronutrients and broad food groups. These guidelines are largely uniform and do not consider
individual variations in health status, preferences, or lifestyle. Electroencephalography, which measures
electrical activity in the brain, has gained significant attention owing to its ability to provide insights
into neurological conditions and general health. Initially, EEG was limited to diagnosing neurological
disorders, such as epilepsy, sleep disorders, and brain injuries. Advances in sensor technology and
machine learning have extended their applications to broader areas, including motion tracking and
patient monitoring.

Most systems monitor only specific parameters, such as heart rate or temperature, without providing
holistic insights into patient well-being. Medical staff often rely on manual interventions to assess
patient condition, which can lead to fatigue and errors.

Monitoring patient motion, particularly for individuals with mobility issues, is often neglected or
requires separate systems. Neurological Monitoring enables the continuous tracking of brain activity to
detect signs of distress, seizures, or cognitive decline. Analysis of brain signals related to movement,
helping to predict or track motion without additional invasive devices. artificial intelligence (Al)-driven
analysis of EEG patterns can provide early warnings for critical conditions, enabling timely
intervention.

This study stems from the need to build a comprehensive, non-invasive monitoring system that
combines the capabilities of EEG-based brain signal analysis with motion tracking to enhance patient
care. By leveraging the advancements in wearable EEG devices, wireless communication, and Al, this
study aims to bridge the gap between traditional monitoring systems and the growing demand for smart
healthcare solutions.
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Problem Statement

In modern healthcare, continuous patient monitoring and motion tracking are crucial for ensuring
timely medical intervention and improving patient outcomes. However, existing systems often rely on
bulky, invasive, or expensive technologies that may not simultaneously provide real-time insights into
neurological and physical states. Hospitals face challenges in effectively monitoring patients with
neurological disorders, tracking motion for rehabilitation, and detecting critical events such as seizures
or falls. The lack of an integrated and efficient system limits healthcare providers’ ability to deliver
proactive and personalized care.

There is a need for a smart, non-invasive, and cost-effective system that leverages EEG signals to
monitor patients’ neurological activity and physical motion in real time, enabling improved decision
making, early detection of anomalies, and better patient care management.

Key problems associated with the provided problem statement:

e Existing systems often fail to provide continuous, real-time insights into patients’ neurological
and physical states, leading to delays in detecting critical conditions, such as seizures or sudden
health deterioration.

e Current patient monitoring and motion tracking systems function independently, making it
difficult to correlate neurological data (e.g., EEG signals) with physical motion or activity for
comprehensive analysis.

e Many traditional monitoring systems are invasive or require bulky hardware, causing discomfort
to patients and making their prolonged use impractical.

e Advanced systems capable of both motion tracking and EEG monitoring are often expensive,
limiting their adoption in resource-constrained hospitals or healthcare facilities.

e Neurological conditions such as epilepsy, Parkinson’s disease, and stroke require specialized,
precise monitoring, which many generic systems cannot effectively achieve.

o For patients undergoing rehabilitation, current systems do not provide sufficient motion tracking
to assess and guide recovery progress in real-time.

e Healthcare providers often face challenges owing to the manual analysis of complex data,
increasing the workload and the potential for human error.

e Existing systems are not optimized for the early detection of anomalies, such as abnormal EEG
patterns or unexpected motion, which reduces the ability to take timely action.

e Many systems are not adaptive or customizable to individual patient needs, making it difficult to
provide personalized healthcare solutions.

e Collecting and storing sensitive EEG and motion data in real-time raises issues related to data
security, privacy, and effective management for long-term use.

Scope of the Paper

The smart patient monitoring and motion tracking system for hospitals using EEG signals aims to
revolutionize healthcare by providing a comprehensive solution for the real-time monitoring and
management of patients. The system continuously tracks neurological activity using EEG signals and
physical movements, offering early detection of critical events such as seizures, falls, or abnormal
patterns. It is particularly beneficial for managing neurological disorders, such as epilepsy, Parkinson’s
disease, and stroke, as well as for enhancing rehabilitation through motion tracking. By integrating EEG
and motion data, the system delivers a holistic view of patient health, aiding in personalized treatment
plans and optimized hospital workflows. Utilizing non-invasive, cost-effective technology ensures
comfort for patients while being accessible to resource-constrained hospitals. Advanced features such
as Al-driven anomaly detection, seamless data integration, and predictive analysis further support
efficient decision making and proactive care. Ultimately, this study seeks to enhance patient safety,
improve healthcare delivery, and contribute to medical research with a robust dataset for future
innovations.
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Existing System

Existing systems for patient monitoring and motion tracking in hospitals aim to improve healthcare
quality by utilizing advanced technologies such as electroencephalography. These systems primarily
focus on the real-time monitoring of patients’ neurological and physical activities to ensure timely
interventions and effective treatments. EEG systems are widely employed to monitor brain activity in
clinical settings. Traditional EEG monitoring systems use scalp electrodes to detect the electrical signals
produced by the brain. These systems have evolved to include wearable devices and wireless
transmission capabilities, enabling continuous monitoring without tethering patients to the stationary
equipment.

Neurological Disorder Detection

EEG signals are critical for the diagnosis of epilepsy, sleep disorders, and brain injuries. Systems
analyze waveforms, such as alpha, beta, theta, and delta waves, to identify abnormalities. Devices such
as portable EEG caps or headbands allow unobtrusive data collection, making it easier to monitor
patients outside the hospital setting. Limitations of existing EEG monitoring:

e Lack of integration with other physiological data, like heart rate or oxygen levels.

e High sensitivity to noise and artifacts, requiring pre-processing for accurate analysis.

e Cost and complexity limit widespread adoption, particularly in under-resourced settings.

Motion tracking systems are critical for patients with mobility issues, those undergoing rehabilitation,
or individuals at risk of falls. These systems use technologies such as accelerometers, gyroscopes, and
video-based tracking to analyze movement patterns. Fall Detection works by sensors detecting abrupt
changes in posture and alerts caregivers in case of falls, reducing response time. Rehabilitation support
was provided by systems tracking motion range and activity levels to evaluate the effectiveness of
physical therapy exercises.

Limitations of existing motion tracking systems:

o Dependence on external devices can be inconvenient for patients, especially the elderly or
disabled individuals.

e Limited ability to correlate motion data with neurological conditions without integration with
systems such as EEG.

e Difficulty in distinguishing between intentional and unintentional movements, leading to false
alarms.

Recent advances have aimed to combine EEG monitoring with motion tracking to provide holistic
patient monitoring. These systems correlate brain activity with physical motion, offering insights into
conditions such as Parkinson’s disease (PD), stroke recovery, and other motor-related disorders.

Real-Time Correlation
EEG signals and motion data were analyzed together to understand brain—body interaction.

Activity Recognition
Systems can classify activities (e.g., walking, sitting, lying) and associate them with EEG patterns,
aiding patient recovery plans.

Artificial Intelligence and Machine Learning
Algorithms analyze complex data patterns to predict potential health issues or provide alerts for
abnormal behavior.

Limitations of current integrated systems:
e Challenges in data synchronization between the EEG and motion sensors.
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e High computational requirements for processing and analyzing multi-modal data.
e Limited clinical validation and adoption due to technological and financial constraints.

Despite their potential, existing systems face hurdles in hospital environments; deploying these
systems across multiple patients in a hospital setting requires significant infrastructure, and real-time
monitoring generates large volumes of sensitive data, necessitating robust security measures.

Existing patient monitoring and motion tracking systems utilizing EEG signals offer significant
benefits, but remain limited in terms of integration, affordability, and ease of use. Innovations such as
wearable technology, cloud computing, and Al-driven analysis address some challenges, but their
widespread implementation in hospitals demands further advancements in scalability, accuracy, and
user-friendliness.

Proposed System

The proposed system aims to revolutionize patient monitoring and motion tracking in hospitals by
leveraging EEG signals. This system combines real-time EEG signal analysis with advanced machine
learning algorithms and Internet of Things (IoT) technologies to ensure continuous monitoring of
patient health and motion. It addresses critical challenges in traditional healthcare setups, such as limited
access to real-time data, inadequate motion tracking, and delayed responses to critical health conditions.

It starts by capturing brain activity in the form of EEG signals using wearable, non-invasive EEG
headsets. These headsets were equipped with multiple electrodes positioned according to the 10-20
system to ensure accurate signal acquisition. The module also filters out the noise and artifacts caused
by environmental interference, patient movement, or muscle contractions.

The captured EEG signals are transmitted to a central processing unit, either on a local server or a
cloud. The unit extracts key features such as amplitude, frequency, and brainwave patterns (e.g., alpha,
beta, delta, and theta waves), and advanced machine learning algorithms analyze the extracted features
to detect abnormalities such as seizures, stress levels, or sleep disorders. The system uses supervised
models trained on large EEG signal datasets for an accurate classification.

The processed data are sent to a user-friendly mobile or web interface accessible to healthcare
professionals and caregivers. Continuous display of EEG readings and motion data, enabling immediate
attention to abnormalities. Alerts are triggered when abnormalities are detected, such as sudden drops
in EEG activity or unusual motion patterns indicating falls or seizures. Notifications are sent via app
notifications.

Key Features

e This system enables hospitals to continuously monitor patients’ brain activity. This is particularly
crucial for patients in critical care, post-surgery, or neurological wards, where changes in brain
activity may indicate complications.

o Integrated motion sensors track patient movements and help detect falls or periods of prolonged
inactivity. This feature is essential for elderly or immobilized patients who are prone to accidents
Or pressure sores.

e The system leverages deep learning techniques, such as convolutional neural networks (CNNs)
and recurrent neural networks (RNNs), for precise abnormality detection in EEG signals. For
instance, it can predict seizures or assess the risk of coma in critically i1l patients.

e JoT devices ensure seamless communication between the EEG acquisition module, motion
sensors, and the central monitoring interface. This connectivity facilitates uninterrupted
monitoring and data flow across the systems.

e The interface is designed to be intuitive, providing healthcare professionals with detailed
visualizations of EEG and motion data, summaries of patient health, and the ability to customize
alert thresholds.
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Advantages
Enhanced Patient Safety
Continuous monitoring and automated alerts minimize response times during emergencies.

Improved Diagnostic Accuracy
Advanced data analysis helps to identify subtle patterns and trends that might be missed by manual
observation.

Efficient Resource Allocation
Real-time data allows hospitals to allocate resources more effectively by identifying patients
requiring immediate attention.

Scalability
This system can be scaled for use in large hospitals or home-based care settings.

The proposed smart patient monitoring and motion tracking system represents a significant leap
forward in hospital care. By combining EEG signal analysis, [oT technologies, and machine learning,
it ensures accurate real-time monitoring and proactive healthcare delivery. Its implementation can
significantly enhance patient safety, improve diagnostic accuracy, and optimize hospital operations,
ultimately saving lives and improving patient outcomes.

LITERATURE SURVEY

Bruno Gil Rosa et al. [1-3] presented a compact wearable device for monitoring sleep by integrating
electroencephalography, head motion detection, and chemical analysis of sweat pH and cortisol levels.
The EEG system features an 80 dB amplification gain, whereas the pH and cortisol sensors demonstrate
a sensitivity of 48 mV/unit and 7 pA current decay per decade, respectively. The device tracks circadian-
cycle biomarkers influencing brain functions, such as memory, cognition, and neuronal plasticity, with
effects on EEG patterns. Planned designs include integration into an eye mask and earplugs for the non-
intrusive, precise monitoring of sleep-related conditions.

Dabbaghian et al. [4] explained a notable feature of this EEG device and its analog motion artifact
detection and compensation system, which addresses the challenges posed by motion-induced noise
during EEG signal acquisition. By implementing this analog method, the device effectively reduces
motion artifacts, thereby improving the accuracy of EEG recordings. The technical specifications of the
headband include a voltage gain of 260 V/V and a bandwidth ranging from DC to 300 Hz, ensuring the
capture of a wide spectrum of EEG signals. In addition, it supports wireless communication and
facilitates real-time data transmission to external devices for monitoring and analysis. In summary, this
fully flexible, lightweight, and wireless EEG monitoring headband offers significant advancements in
ambulatory EEG diagnostics by enhancing user comfort and signal accuracy through effective motion
artifact management.

Carretero, Ana, and Alvaro Araujo [5] propose “Analysis of Simple Algorithms for Motion Detection
in Wearable Devices,” which examines the development of efficient and straightforward algorithms for
detecting imagined upper-limb movements using EEG signals. Two algorithms, FBA (Filter Bank
Algorithm) and BLA (Band-Limited Algorithm), were designed based on signal properties such as
correlation and wavelet energy. These algorithms were tested using a public database of 105 subjects
performing motor imagery tasks, with evaluations considering different electrode configurations and
frequency bands. The study revealed that six electrodes provided optimal performance, and a frequency
range of 25-30 Hz within the beta band was the most effective for detecting motor imagery movements.
However, the findings highlight the limitations of these simple algorithms in fully meeting the demands
of wearable devices, particularly because of individual variations among users. This underscores the
need for adaptive algorithms and optimized hardware setups to enhance the practicality and accuracy
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of wearable motion detection systems. This study provides valuable insights into the development of
efficient motion detection algorithms for wearable EEG devices, emphasizing the balance between
simplicity and adaptability to achieve user-friendly and accurate motion detection systems.

Inoue et al. [6] investigated the efficiency of wearable EEG devices in recording and analyzing brain
activity. This study emphasizes addressing the challenges associated with signal contamination by
introducing an automatic method for detecting artifacts in EEG data. By analyzing the recorded EEG
signals, this study aims to improve the quality and reliability of data collected through wearable devices.
This advancement is critical for enhancing the accuracy of EEG-based diagnostics and monitoring,
particularly in the ambulatory and real-world settings. These findings will contribute to the development
of more effective and user-friendly wearable EEG technologies.

Mai et al. [2] introduced an innovative approach to emotion recognition utilizing ear EEG signals.
The proposed system employs a deep neural network in conjunction with a superlet-based signal-to-
image conversion framework, transforming raw EEG signals into three-channel images for enhanced
feature extraction. This methodology leverages the IoT to facilitate real-time emotion detection in
wearable devices. The integration of superlets enhances the time-frequency resolution and improves the
accuracy of emotion classification. This research contributes to the advancement of affective computing
by providing a novel framework for emotion recognition using wearable ear EEG technology.

Shin et al. [5] introduced the brain—Al closed-loop system (BACLoS), a wireless platform that
facilitates real-time interactions between human brain activity and Al. Utilizing wearable
electroencephalography devices, BACLoS captures brain signals, particularly error-related potentials
(ErrPs), which are indicative of the human perception of machine errors. These signals are transmitted
to the Al system, enabling the assessment and refinement of decision making processes based on human
feedback. By integrating human cognitive responses, the system aims to improve the accuracy and
reliability of autonomous machine decisions and foster a synergistic relationship between human
intuition and Al capabilities.

Sabry, Farida, et al. [7] integrated machine learning (ML) with wearable healthcare devices that have
significantly advanced personalized health monitoring and diagnostics. Recent studies have explored
various ML applications in this domain, including activity recognition, vital-sign monitoring, and
disease detection. However, challenges, such as data privacy, security, computational limitations, and
user acceptance, persist. To address these issues, researchers have proposed solutions, such as federated
learning frameworks, which enable collaborative model training without compromising individual data
privacy. Additionally, the development of efficient algorithms tailored for resource-constrained
wearable devices is underway to enhance real-time data processing capabilities. Despite these
advancements, further research is necessary to overcome the existing challenges and fully realize the
potential of ML in healthcare wearables.

Sakphrom et al. [8] proposed a paper for the development of an intelligent medical system using low-
cost wearable monitoring devices to measure vital signals, such as heart rate, blood pressure, and body
temperature. Designed for affordability and efficiency, the system employs a smart wearable device
powered by an ESP32 microcontroller and integrated sensors with data displayed on an organic light-
emitting diode (OLED) screen and transmitted to an IoT platform (Things Board). The IoT platform
facilitates real-time monitoring, data storage, visualization, and alert notifications to the medical staff.
In sixty participants, the system demonstrated high accuracy compared with standard medical devices,
with mean errors of 1.22% for heart rate, 1.39% for systolic blood pressure, 1.01% for diastolic blood
pressure, and 0.13% for body temperature. With a low production cost of approximately $30 per device,
the system is suitable for field hospitals, regular healthcare settings, and palliative care, particularly for
resource-limited environments or emergencies, such as the COVID-19 pandemic. The system
effectively reduces the workload of medical staff by automating patient monitoring and provides a
practical and scalable solution for modern healthcare.
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Amer, Nisreen Said, and Samir Brahim Belhaouari [9] provided an extensive overview of the use of
EEG signal processing for medical applications, particularly in diagnosing and monitoring neurological
disorders such as epilepsy, Alzheimer’s disease, autism, and Parkinson’s disease. It discusses the key
challenges in EEG signal processing, including noise and artifacts, and reviews advanced techniques
for pre-processing, feature extraction, and classification. This study highlights the evolution of EEG-
based diagnostic tools, leveraging ML and deep learning (DL) methods to improve accuracy and
efficiency. It explores traditional ML algorithms, such as support vector machines (SVM) and K-
Nearest Neighbors (KNN), as well as DL frameworks, such as CNNs, RNNs, and Graph Neural
Network (GNN), for analyzing complex EEG signals. Additionally, this review examines publicly
available EEG datasets and summarizes state-of-the-art classification methods for identifying brain
disorders. This study provides valuable insights into current advancements and future directions in EEG
signal analysis, serving as a comprehensive resource for researchers and clinicians in the field.

Amin et al. [10] addressed the significant public health concern of falls, particularly among the
elderly, leading to increased injury and mortality rates. The economic impact is substantial, with falls
imposing financial burdens on individuals, families, and healthcare systems due to medical expenses
and hospitalization. Various fall detection techniques have been developed, including vision-based,
ambient-based, wearable-based, and multi-modal sensing methods, each with distinct advantages and
limitations. Advancements in technology, especially within the IoT, have enhanced automatic fall
detection systems, enabled timely assistance, and reduced the need for constant caregiver presence. A
review of fifty-four relevant studies provided insights into current trends and findings in fall detection,
guiding future research directions. Timely detection is crucial as it can mitigate injury severity and
improve outcomes in elderly individuals. Ongoing research and development in fall detection
technologies are essential to enhance the safety and independence of the aging population.

METHODOLOGY

The methodology for developing a smart patient monitoring and motion tracking system using EEG
signals involves several stages, including hardware setup, signal acquisition, data pre-processing,
feature extraction, motion tracking, monitoring system integration, and evaluation. Each stage is crucial
for ensuring that the system is robust, efficient, and accurate for real-world applications.

Hardware Setup
EEG Acquisition Device

A portable EEG headset or cap with electrodes was placed according to the 10-20 system to measure
brain activity.

Motion Sensors
Accelerometers and gyroscopes for tracking patient movement.

Connectivity Modules
Wi-Fi, Bluetooth, or IoT modules for data transmission.

EEG Signal Acquisition

EEG signals were captured in real time to monitor the electrical activity of the brain. Signals typically
range between 1 and 100 Hz and are divided into different bands (delta, theta, alpha, beta, and gamma),
each associated with specific mental and physical states. High-resolution sampling (250-500 Hz) was
used to ensure accurate data capture. Motion sensors collect data on patient movement simultaneously.

Data Pre-Processing
Raw EEG and motion data are often noisy owing to artifacts such as motion artifacts caused by head
movements and electromyographic (EMG) noise from muscle activity.
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Power-Line Interference

Owing to electrical devices. To enhance the signal quality, band-pass filters (e.g., 0.5-50 Hz) were
applied to remove irrelevant frequency components. Independent component analysis (ICA) or wavelet
transformation is used to isolate and eliminate noise.

Normalization
Scales data for consistency across samples.

Feature Extraction

To interpret EEG signals and motion data, the system extracts meaningful features and the power
spectral density (PSD) of the frequency bands. Event-related potentials (ERP) for specific stimuli are
used to extract EEG features and movement acceleration and velocity, Orientation from gyroscopic
data, for pattern recognition for repetitive motions like walking or tremors.

Classification and Analysis

The processed features are fed into ML or DL models to classify patient states: mental state
monitoring models, such as SVM, decision trees, and neural networks, classify mental states (e.g., sleep,
alertness, seizures). Movement pattern recognition algorithms identify movement anomalies, bed exit
behaviors, and tremors.

Motion Tracking and Integration

A motion tracking module was developed to identify patient activity (e.g., lying, walking, sitting),
detect abnormal motions (e.g., falls, tremors), and fuse data from EEG and motion sensors using sensor
fusion algorithms such as Kalman filters for real-time tracking. The integrated motion data aids in
correlating brain activity with physical state.

Hospital Monitoring System Integration
EEG and motion data are transmitted to a central monitoring system via loT protocols (e.g., MQTT
and HTTP).

Dashboard
A web or mobile application that displays patient vitals and activity status.

Alerts trigger automatic alarms for critical events (e.g., seizure onset and patient fall). and the data
are stored in a cloud-based repository that stores historical data for long-term analysis. The system
ensures secure data transmission using encryption protocols such as SSL/TLS.

This methodology establishes a comprehensive approach for designing a smart patient monitoring
and motion tracking system using EEG signals (Figure 1). The integration of EEG and motion data
enables precise tracking of patient state and provides critical insights for healthcare providers. Through
iterative development and validation, the system promises to enhance hospital care, safety, and
efficiency.

Working of the Proposed System

Non-invasive EEG sensors were placed on the patient’s scalp to capture brainwave activity. These
sensors detect electrical signals produced by neuronal activity and provide real-time data on a patient’s
neurological state. The acquired EEG signals are transmitted wirelessly to a central monitoring system
using loT technology. This ensured continuous data flow without restricting patient mobility.

Advanced ML algorithms, such as KNN and SVM, process incoming EEG data to interpret the
patient’s mental and physical states. For instance, specific EEG patterns can indicate stress levels,
alertness, or the onset of neurological anomalies.
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Figure 1. Motion tracking system using EEG signals.

By analyzing the EEG patterns associated with motor imagery, the system can infer the patient’s
intended motions. This is particularly beneficial for patients with limited mobility, as it allows for the
monitoring of movement intentions and the detection of involuntary movements or spasms. The system
continuously monitors irregular EEG patterns that may signify critical health events such as seizures or
sudden changes in consciousness. Upon detecting such anomalies, it promptly alerts healthcare
providers to enable swift medical intervention.

All EEG data were securely stored for longitudinal analysis. These historical data aid in tracking
patient progress, adjusting treatment plans, and conducting research on neurological health trends. By
integrating EEG signal monitoring with IoT and ML, this system offers a comprehensive solution for
real-time patient monitoring and motion tracking, thereby enhancing patient safety and the efficiency
of healthcare delivery.

Random Forest

The random forest algorithm is an ensemble learning technique that combines the predictions of
multiple decision trees to create a more accurate and robust model. It is widely used for classification
and regression tasks, owing to its simplicity and effectiveness. The algorithm works by introducing
randomness in both the data and feature selection. It employs bootstrap sampling, in which multiple
subsets of the training data are randomly selected with replacement, and individual decision trees are
trained on these subsets. In addition, at each node split within a tree, a random subset of features was
chosen to determine the best split. This randomness reduces the correlation between trees, improves the
robustness of the model, and reduces overfitting. Each tree grows independently, typically to full depth,
without pruning. For classification tasks, predictions were aggregated through majority voting, whereas
predictions were averaged for regression tasks. Random Forest excels in handling nonlinearity, noise,
and high-dimensional data, and provides feature importance rankings to identify the most influential
variables. However, it can be computationally expensive for large datasets and is less interpretable than
the individual decision trees. Despite its limitations, it remains a popular and versatile algorithm applied
in various fields such as healthcare, finance, and environmental science.
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Need for Random Forest

The need for the random forest algorithm arises from its ability to address several challenges in ML,
making it a versatile and powerful tool for both classification and regression tasks. Random Forest is
particularly valuable because of its capacity to handle complex datasets with high dimensionality and
noise. Combining multiple decision trees reduces the risk of overfitting that individual trees may
encounter, leading to more generalized and robust predictions. It is effective in capturing the nonlinear
relationships and interactions between features without requiring extensive feature engineering.
Moreover, random forest incorporates randomness through bootstrap sampling and feature subset
selection, which enhances its resilience to noisy data and ensures diversity among trees. This diversity
improves overall accuracy and stability. It also provides feature importance rankings, which help in
understanding the contribution of each feature to the predictions, aiding feature selection, and
interpretability. In practical applications, random forest is required for tasks where reliability,
scalability, and interpretability are essential (Figures 2—4). Its ability to handle imbalanced datasets,

Random forest algorithm in machine learning
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Figure 4. Errors and the number of predictors.

classify large volumes of data, and deliver consistent results makes it indispensable in healthcare
(disease diagnosis), finance (credit risk assessment), and e-commerce (recommendation systems). In
addition, it serves as a robust baseline model for comparison with more complex algorithms.

Working of Random Forest
Step 1: Import required libraries.
Step 2: Load and explore data.
Step 3: Split data into training and testing sets.
Step 4. Initialize and train the random forest model.
Step 5: Make predictions on test data.
Step 6. Evaluate the model.
Step 7: Feature importance.

Suppose we have a new data point, and we need to place it in the required category.

The random forest algorithm works (Figure 5) by building multiple decision trees during the training
phase and combining their outputs to produce a final prediction.

RESULT AND DISCUSSION

The proposed smart patient monitoring and motion tracking system, utilizing EEG signals,
demonstrates high accuracy in vital monitoring and motion detection, with successful detection rates
exceeding 90%. The system architecture enables rapid alert generation and notification delivery with
average response times measured in seconds, which are crucial for addressing critical health events
without delay. Healthcare professionals provided positive initial feedback, noting the system’s user-
friendly interface and its potential to enhance patient care (Figure 6). They appreciate the real-time
monitoring capabilities and reduction in manual observation workload. During implementation,
challenges, such as sensor placement optimization and minimization of signal interference, are
encountered. Additionally, ensuring data security and patient privacy requires robust encryption and
compliance with healthcare regulations. Compared with traditional patient monitoring methods, this
EEG-based system offers significant improvements, including continuous real-time monitoring,
enhanced motion tracking, and quicker response times. These advancements have contributed to
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Random forest regression results
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Figure 5. Regression of the random forest.
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improved patient outcomes and more efficient healthcare deliveries. Overall, the system represents a
substantial advancement in patient monitoring technology, addressing the limitations of conventional
methods and aligning them with the growing emphasis on integrating advanced technologies into
healthcare settings. For a visual demonstration of capturing artifact-free EEG, motion, and eye tracking
in real-world environments.
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CONCLUSION

A smart patient monitoring and motion tracking system for hospitals using EEG signals is an
innovative healthcare solution designed to improve patient care by integrating EEG signals with motion
tracking technology. This system continuously monitors brain activity and physical movements to
provide real-time data for patients, particularly those with neurological disorders. By tracking EEG
signals, it can detect changes in brain function, such as seizures or sleep patterns, while motion tracking
monitors physical activity, helping prevent falls and assess mobility. The system sends automatic alerts
to healthcare providers if abnormal patterns are detected, thereby ensuring quick responses. Real-time
data processing enhances decision making, enabling more personalized and efficient patient care. This
approach not only improves patient safety and treatment outcomes but also allows remote monitoring,
ensuring comprehensive care even outside the hospital setting.

The development of smart patient monitoring and motion tracking systems using EEG signals
represents a significant advancement in modern healthcare. This system integrates the capabilities of
advanced signal processing, ML, and wireless communication technologies to provide a non-invasive
and efficient solution for continuous health monitoring in hospital environments. Leveraging EEG
signals enables the precise detection of various health parameters, including neurological activities,
cognitive states, and physical movements, offering real-time insights into patient conditions.

The integration of motion tracking further enhances the system’s utility by monitoring patients’
physical activities, ensuring safety, and identifying potential risks, such as falls or erratic movements.
Such functionality is especially critical for patients with conditions such as epilepsy, Parkinson’s
disease, or stroke, where both neurological and physical monitoring are crucial. Through the use of
wearable EEG devices, this system promotes patient comfort and mobility, addressing the limitations
of traditional monitoring setups, which are often restrictive and cumbersome.

From a technical perspective, the system relies on sophisticated algorithms to analyze EEG signals
and motion data. These algorithms filter noise, classify brain wave patterns, and correlate motion
tracking data with EEG outputs, thereby delivering accurate and actionable information. ML models,
particularly DL techniques, play a pivotal role in enhancing a system’s adaptability and accuracy. For
instance, these models can predict potential health anomalies by analyzing EEG trends and deviations
from normal patterns, thereby enabling early intervention and improving patient outcomes.

The system also emphasizes seamless communication and data integration. Employing wireless data
transmission and cloud-based storage, it facilitates real-time data access for healthcare providers,
enabling remote monitoring and decision making. This aspect is particularly relevant in the context of
telemedicine and smart hospitals, where such technologies bridge the gap between patient needs and
health care delivery.

Despite its potential, the system faces challenges, including the need for precise calibration, handling
of artifacts in EEG signals, and ensuring data privacy and security. However, continuous advancements
in hardware miniaturization, computational power, and data encryption methods are expected to address
these challenges, thereby making the system more robust and reliable.

In conclusion, a smart patient monitoring and motion tracking system using EEG signals represents
a transformative step in healthcare, offering enhanced diagnostic capabilities, patient safety, and
personalized care. Its successful implementation has the potential to improve patient outcomes, reduce
hospital workloads, and redefine modern medical care standards.
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