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ABSTRACT

The development of smart health monitoring systems has emerged as a consequence of the integration of Internet of
Things (IoT) and Machine Learning (ML) technologies within the healthcare sector. This transformation has signifi-
cantly reshaped patient care methodologies, shifting from traditional approaches to electronic healthcare systems.
Leveraging IoT technology fosters a contemporary medical device ecosystem, enabling seamless communication
among healthcare professionals, patients, and medical devices. Through the deployment of IoT devices, including
sensors and transmitters, coupled with Machine Learning algorithms, applications have arisen from remote patient
monitoring to real-time health assessment during ambulance transit. This proposed framework monitors essential
physiological parameters including body temperature, blood pressure, heart rate, sweat analysis, glucose levels,
ECG, EEG, and pulse oximetry, transmitting relevant data for tailored processing and analysis. Implantable IoT
devices serve as conduits for wireless communication, data storage, centralized computation, and portable processing,
facilitating connectivity among sensors, GPS-enabled ambulances, medical practitioners, and patients. To mitigate
potential health risks, sensors equipped with Machine Learning capabilities promptly assess illness severity and
recommend interventions, potentially triggering automated alerts to healthcare providers. This seamless exchange
of information via IoT and wireless networks enables rapid doctor–patient communication, personalized medical
recommendations, prescription management, and hospital selection based on individual health profiles.
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1. INTRODUCTION

The Internet of Things (IoT) connects physical objects
through communication protocols and has produced signifi-
cant technological progress. It integrates wireless networks,
cellular networks, gateways, and wearable sensors, improving
daily life by providing valuable data, increasing productivity,
and reducing cost. IoT-based remote patient health monitor-
ing is a promising solution for global health disparities. From

remote monitoring to the integration of smart sensors and
medical devices, this technology has substantial potential.

Utilizing biosensors for in-patient monitoring and wireless
telemedicine, the primary aim of this study is to develop an
intelligent patient health tracking framework. The framework
supports affordable and trustworthy devices during ambu-
lance journeys and enables communication among patients,
medical equipment, and healthcare professionals. Continuous
signal recording from sensors is correlated with key physi-
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ological indicators and transmitted wirelessly for real-time
monitoring. The resulting data are processed and compared
with existing health records in data centers. Machine learn-
ing decision-support systems categorize patients according
to health status, enable prompt specialist intervention, and
analyze historical medical records to support illness prognos-
tication.

2. RELATED WORK

Sherman [1] discusses advanced automation and the emer-
gence of Healthcare 5.0 as a response to digital wellness and
modernized medical services. Acharya and Patil [2] devel-
oped an IoT-based medical observation kit for monitoring
heart rate, ECG, body temperature, and respiration using
pulse sensors, temperature sensors, blood-pressure sensors,
electrocardiogram devices, and Raspberry Pi systems. Trivedi
and Cheeran [3] proposed an Android-based health-parameter
infrastructure that converts biosensor signals into digital data
and transmits them wirelessly for analysis.

Dagtas et al. [6] presented multistage real-time monitoring
using ZigBee in smart homes. Niewolny [7] emphasized the
role of autonomous IoT devices in healthcare organizations,
while Lo et al. [8] proposed a low-power body sensor network
for pervasive monitoring. Jani et al. [9] addressed ECG and
EMG measurement using low-cost contactless approaches.
Hossain and Muhammad [10] introduced a cloud-assisted
cognitive healthcare framework that analyzes EEG and other
contextual signals to identify emergencies.

3. METHODOLOGY

The proposed methodology integrates IoT sensing, edge pro-
cessing, cloud analytics, and machine learning. Physiological
data are gathered through wearable and implantable sensors
and transmitted to an edge device such as a Raspberry Pi. The
edge layer performs preprocessing, noise removal, missing-
value handling, and preliminary decision support. Cleaned
data are forwarded to cloud and data-center resources for
secure processing, historical comparison, severity calculation,
and doctor-facing analysis.

Figure 1. Architecture diagram of the proposed IntelliCare frame-
work.

4. PROPOSED WORK

The proposed IntelliCare framework links GPS-enabled am-
bulances, physiological sensors, edge IoT gateways, cloud
data centers, machine learning models, doctors, and hospi-
tal databases. Sensors collect parameters such as heart rate,

temperature, blood pressure, oximetry, glucose, EEG, and
ECG. A Pi camera supports video streaming from the ambu-
lance. The Raspberry Pi aggregates signals and communi-
cates with the cloud through an edge IoT gateway. The cloud
separates processed and unprocessed data, performs severity
and analysis calculations using machine learning, and shares
emergency flags with doctors.

Doctors review the analysis and prescribe medicines or hospi-
tal recommendations. The assistant in the ambulance receives
drug and hospital guidance while GPS coordinates support
routing and facility selection. This closed loop enables con-
tinuous monitoring, rapid triage, and remote clinical support
during patient transportation.

Figure 2. Workflow diagram of IntelliCare communication among
edge devices, cloud data center, machine learning model, and health-
care providers.

4.1 Sensors

The system uses multiple biomedical sensors to provide com-
plementary indicators of patient status.

4.1.1 Electrocardiogram (ECG) Sensor

An ECG sensor records electrical activity of the heart and
supports detection of rhythm abnormalities and cardiovascu-
lar emergencies. In the proposed system, ECG signals are
acquired in real time and transmitted to the edge device for
preprocessing and cloud-based assessment.

4.1.2 Body Temperature Sensor

Body temperature monitoring helps identify fever, hypother-
mia, and infection-related risk. Temperature data are col-
lected continuously and included in the machine learning
feature vector.

4.1.3 Blood Pressure Sensor

Blood pressure measurements support the identification of hy-
pertension, hypotension, and cardiovascular instability. Sys-
tolic and diastolic readings are monitored as part of the risk-
classification pipeline.

4.1.4 Glucose Monitoring Sensor

Glucose sensors assist in identifying diabetic risk, hypo-
glycemia, and hyperglycemia. These readings are especially
important during emergency transit for patients with known
metabolic disorders.

4.1.5 Pulse Oximetry Sensor

Pulse oximetry measures oxygen saturation and pulse rate.
The sensor supports rapid detection of respiratory distress and
hypoxia, allowing automated alert generation when oxygen
levels become critical.
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4.1.6 Electroencephalogram (EEG) Sensor

EEG sensors capture brain electrical activity and provide in-
formation relevant to neurological abnormalities, seizures,
and unconsciousness. EEG signals enrich the decision-
support system when neurological monitoring is required.

4.2 Embedded Device

The embedded device, represented by Raspberry Pi in the
architecture, functions as an edge computing node. It gathers
sensor measurements, synchronizes streams, performs prelim-
inary filtering, and transmits cleaned data to cloud services.
Its low cost, portability, and compatibility with sensors make
it suitable for ambulance-based deployment.

4.3 Cloud Computing and Edge Computing

Edge computing reduces latency by performing preprocessing
close to the patient, while cloud computing provides scalable
storage, centralized analysis, and access to historical records.
This two-layer design enables timely classification while pre-
serving the capacity for deeper analytics, doctor dashboards,
and hospital database integration.

4.4 Workflow and Classification

The classification layer uses machine learning algorithms to
classify patients as critical, semi-critical, or normal, and to
recommend suitable intervention. Table 1 summarizes the
algorithmic steps used in the framework.

Table 1. Machine learning workflow for patient monitoring and
classification

Algorithm Main processing steps
Naive Bayes Collect ECG, temperature, blood pressure, glucose,

oximetry, and EEG data; remove noise; handle missing
values; standardize formats; extract health features; train
the model; classify patients as critical, semi-critical, or
normal; evaluate accuracy, precision, recall, and F1-score.

Random Forest Gather data from blood pressure, glucose, pulse oximetry,
and EEG sensors; preprocess the data; extract relevant
status features; train an ensemble of decision trees; clas-
sify patient health status; deploy the trained model for
real-time assessment.

Decision Tree Collect disease-related information, including communi-
cability and intensity; select relevant classification fea-
tures; train a classification tree; classify diseases into
communicable and non-communicable categories; refine
severity levels and support deployment.

Multilayer Percep-
tron

Collect physiological data; preprocess and standardize
signals; extract indicators such as blood pressure, glucose,
oxygen saturation, and EEG patterns; train an MLP on
historical and live data; calculate health points; provide
decision support and feedback-based refinement.

4.5 Naive Bayes Classification Algorithm

Naive Bayes supports probabilistic classification using condi-
tional independence assumptions. In IntelliCare, it estimates
the probability of a patient class from sensor-derived features
and historical information. Its low computational cost makes
it useful for early triage and rapid edge-assisted decision
making.

4.6 Random Forest Algorithm

Random Forest trains multiple decision trees and combines
their outputs to improve classification robustness. It can
process nonlinear interactions among vital signs and reduce
overfitting by aggregating decisions across trees. This makes
it suitable for classifying complex patient conditions from

heterogeneous sensor data.

4.7 Decision Tree Algorithm

Decision Tree classification provides interpretable decision
rules based on selected medical features. It is useful for
separating communicable and non-communicable disease cat-
egories and for assigning severity levels that can be reviewed
by healthcare staff.

4.8 Multilayer Perceptron

A Multilayer Perceptron (MLP) learns complex patterns in
physiological data through interconnected layers. The MLP
supports the calculation of health points from current readings
and historical trends, then contributes to decision support,
intervention prioritization, and continuous model refinement.

4.9 Patient Risk Identification Using Machine Learning

Risk identification combines real-time physiological data and
medical history. Features from vital signs and historical
records are extracted and used to train models that calcu-
late patient life points and classify risk. Based on the output,
hospitals are recommended according to capability, special-
ization, and proximity to the ambulance location. The system
integrates with ambulance telemetry, maintains privacy and
security, and is continuously optimized to align with evolving
patient-care practices.

4.10 Data Latency

Reliable healthcare transmission requires advanced broad-
band capacity, minimal latency, and strong security. Legacy
networks are insufficient for continuous medical data ex-
change. IntelliCare therefore emphasizes low latency, lo-
cation awareness, and guaranteed quality of service so that
clinicians receive critical patient data quickly. Ultra-reliable
low-latency communication is especially important in ambu-
lance scenarios where delayed analysis can affect outcomes.

4.11 Privacy of Data for Information Exchange

The Smart Healthcare system requires strong security and
privacy protections. Elliptic curve cryptography (ECC) is
suitable for IoT healthcare because it provides strong en-
cryption with compact keys and low computational over-
head. These characteristics make ECC appropriate for
resource-constrained sensors and edge devices. Combined
with security protocols such as two-factor authentication and
blockchain-based integrity mechanisms, the framework can
protect patient data from unauthorized access and tampering.

5. CONCLUSION

The proposed integrated system for remote patient monitoring
and healthcare delivery represents a substantial step in using
IoT and machine learning to improve healthcare services. Al-
though currently developmental, its potential to transform
telemedicine is compelling. By linking patients, medical
staff, and healthcare facilities, the system supports proactive,
efficient, and tailored healthcare provision. Wearable sensors,
edge devices, cloud data centers, and machine learning al-
gorithms collect, analyze, and classify physiological data so
that timely interventions can be delivered. Telemedicine ca-
pabilities further improve the framework by enabling remote
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professionals to provide real-time aid during patient transit.
Robust privacy and security measures, including encryption
and blockchain technologies, safeguard patient data from
unauthorized access and tampering. As development contin-
ues, IntelliCare can improve patient outcomes and expand
healthcare accessibility and efficiency.
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