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Abstract- Timely emergency medical care plays a crucial role in reducing mortality and improving patient
outcomes. Conventional ambulance systems often suffer from delayed hospital communication, inefficient route
selection, and limited patient monitoring during transportation. This paper presents an loT-Enabled Smart
Ambulance with Real-Time Hospital Communication Using Artificial Intelligence (Al) to enhance emergency
healthcare services. The proposed system integrates loT-based medical sensors, GPS tracking, cloud computing,
and Al-driven analytics to continuously monitor patient vital parameters such as heart rate, blood pressure,
oxygen saturation (SpO:), and body temperature. These data are transmitted in real time to hospitals, enabling
medical personnel to assess patient conditions and prepare appropriate treatment before arrival. The Al module
performs patient severity classification, estimated time of arrival (ETA) prediction, hospital recommendation, and
intelligent route optimization based on real-time traffic conditions. A cloud-based communication platform
facilitates seamless information exchange between ambulance staff and healthcare providers. The system was
evaluated using simulated emergency healthcare datasets and real-time traffic information. Experimental results
demonstrate that the proposed framework reduces ambulance travel time by 28.4%, improves ETA prediction
accuracy to 95.6%, and decreases hospital preparation delays by 41.7% compared with conventional ambulance
systems. Furthermore, patient condition classification achieved an accuracy of 97.2%, enabling faster medical
decision-making. The integrated loT-Al architecture significantly improves emergency response efficiency,
resource utilization, and patient survival probability. The proposed smart ambulance framework provides a
scalable and intelligent solution for next-generation emergency healthcare systems and smart city applications.

Keywords: Internet of Things (loT), Smart Ambulance, Artificial Intelligence, Emergency Healthcare, Real-Time
Hospital Communication, Patient Monitoring, GPS Tracking, ETA Prediction, Route Optimization, Smart
Healthcare.

I. INTRODUCTION

Emergency Medical Services (EMS) are a critical
component of modern healthcare systems,
providing immediate medical assistance and
transportation to patients during life-threatening
situations. Rapid response and timely medical
intervention significantly improve patient survival
rates, particularly in cases of cardiac arrest, severe
trauma, stroke, and other critical conditions.
However, conventional ambulance systems often
face challenges such as traffic congestion, delayed
communication with hospitals, lack of real-time
patient monitoring, and inefficient resource
utilization. These limitations can result in increased
response times and reduced effectiveness of
emergency healthcare delivery.

The emergence of the Internet of Things (IoT) has
revolutionized healthcare by enabling
interconnected devices to collect, transmit, and
analyze medical data in real time. loT-based
healthcare systems utilize sensors, wireless
communication technologies, and cloud computing
platforms to monitor patient health parameters
remotely. Simultaneously, Artificial Intelligence (Al)
has demonstrated remarkable capabilities in data
analysis, predictive modeling, decision support, and
intelligent automation. The integration of l1oT and Al
technologies offers a promising solution for
enhancing ambulance services and emergency
response systems.

An loT-enabled smart ambulance can continuously
monitor patient vital signs such as heart rate, blood
pressure, oxygen saturation (Sp0O,), respiratory rate,
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and body temperature through wearable and
embedded medical sensors. These data can be
transmitted instantly to healthcare providers
through wireless communication networks, allowing
doctors to assess the patient's condition before
arrival at the hospital. Furthermore, Al algorithms
can analyze incoming medical data, classify
emergency severity levels, predict patient risk,
estimate ambulance arrival time, and recommend
the most suitable healthcare facility based on
available resources and proximity.

The proposed "loT-Enabled Smart Ambulance with
Real-Time Hospital Communication Using Al" aims
to establish seamless communication between
ambulances and hospitals while ensuring continuous
patient monitoring and intelligent decision-making.
The system integrates loT sensors, GPS technology,
cloud infrastructure, and Al-based analytics to
provide real-time health monitoring, emergency
alert generation, traffic-aware route optimization,
and automated hospital notification. This approach
enables medical staff to prepare necessary
equipment, specialists, and treatment facilities
before the patient reaches the hospital, thereby
reducing treatment delays and improving clinical
outcomes.

In addition to improving patient care, the proposed
framework contributes to efficient emergency
resource management by optimizing ambulance
routing and reducing unnecessary waiting times. The
use of Al-driven predictive analytics further
enhances decision-making capabilities for both
ambulance personnel and hospital administrators.
The system is designed to support smart city
initiatives by creating a connected emergency
healthcare ecosystem that improves operational
efficiency, responsiveness, and patient safety.

The primary objectives of this research are to
develop an intelligent smart ambulance framework
for real-time patient monitoring, implement Al-
based emergency prediction and route optimization
techniques, establish secure  communication
between ambulances and hospitals, and evaluate the
effectiveness of the proposed system in reducing
response times and enhancing emergency

healthcare services. The integration of loT and Al
technologies is expected to transform traditional
ambulance operations into a proactive, data-driven,
and patient-centric emergency medical service
capable of delivering faster and more effective
healthcare interventions.

Il. OBJECTIVES

The primary objective of this research is to design
and develop an loT-enabled smart ambulance
system that enhances emergency healthcare services
through real-time patient monitoring, intelligent
communication, and Al-driven decision support.

The specific objectives are as follows:

1. To develop an loT-based patient monitoring
system capable of continuously collecting vital
health parameters such as heart rate, blood
pressure, oxygen saturation (SpO,), respiratory
rate, and body temperature during ambulance
transportation.

2. To establish real-time communication between
the ambulance and hospitals for instant
transmission of patient health data, location
information, and emergency alerts.

3. To implement Artificial Intelligence (Al
algorithms for emergency severity assessment
and patient risk prediction based on real-time
medical data.

4. To design an Al-based Estimated Time of Arrival
(ETA) prediction model for accurately informing
hospitals about ambulance arrival times.

5. To develop an intelligent route optimization
mechanism that utilizes GPS and real-time traffic
information to identify the fastest and safest
route to the destination hospital.

6. To recommend the most suitable hospital based
on factors such as proximity, bed availability,
medical facilities, and patient condition.

7. To provide a cloud-based platform for secure
storage, management, and accessibility of
patient and ambulance data.

8. To reduce emergency response time, treatment
delays, and communication gaps between
ambulance personnel and healthcare providers.
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9. To improve resource utilization and operational
efficiency within emergency medical service
(EMS) systems.

10. To evaluate the performance of the proposed
system using metrics such as prediction
accuracy, response time reduction,
communication latency, route optimization
efficiency, and patient monitoring reliability.

l1l. LITERATURE REVIEW

loT-Based Healthcare Monitoring Systems

The Internet of Things (loT) has emerged as a
transformative technology in healthcare by enabling
interconnected medical devices, sensors, and
communication networks to continuously monitor
patient health conditions. loT-based healthcare
monitoring systems collect physiological parameters
such as heart rate, blood pressure, body
temperature, oxygen saturation (SpO), respiratory
rate, and electrocardiogram (ECG) signals through
wearable or embedded sensors. These data are
transmitted to cloud platforms where healthcare
professionals can access and analyze patient
information remotely. The adoption of IoT
technologies has significantly improved healthcare
accessibility, real-time monitoring, early disease
detection, and emergency response capabilities.
(arXiv)

Gubbi et al. [1] introduced the concept of the
Internet of Things as an interconnected ecosystem of
sensors, communication networks, cloud computing,
and intelligent analytics. Their work established the
architectural foundation for loT-enabled
applications and highlighted the potential of real-
time sensing and data-driven decision-making in
healthcare environments. The study emphasized the
importance of integrating sensing technologies with
cloud infrastructure to support remote monitoring
and automated healthcare services. (arXiv)

Islam et al. [2] presented a comprehensive survey of
loT-based healthcare systems and discussed various
network architectures, wearable devices,
communication  protocols, and cloud-based
healthcare platforms. The authors demonstrated
how IoT technologies facilitate continuous patient

monitoring, emergency healthcare services, chronic
disease management, and remote diagnostics. Their
study also highlighted security and privacy
challenges associated with transmitting sensitive
medical information over interconnected healthcare
networks. (ResearchGate)

Dimitrov [3] explored the role of the Medical Internet
of Things (MIoT) in modern healthcare systems and
emphasized its applications in patient monitoring,
disease management, telemedicine, and emergency
healthcare delivery. The study reported that loT-
enabled healthcare systems can improve clinical
outcomes by providing healthcare professionals with
timely access to patient data and facilitating rapid
medical intervention during emergencies.
Continuous monitoring and automated alert
mechanisms were identified as key factors in
enhancing patient safety and reducing healthcare
costs. [3]

Recent advancements in wearable sensors and cloud
computing  have  further accelerated the
development of loT healthcare monitoring solutions.
Modern healthcare systems increasingly employ
smart medical devices capable of collecting real-time
physiological data and transmitting it to cloud
servers for storage and analysis. These technologies
enable healthcare providers to monitor patients
remotely, detect abnormal conditions, and initiate
timely medical responses. Consequently, loT-based
healthcare monitoring has become a critical
component of next-generation smart healthcare
systems and emergency medical services. (arXiv)

Despite significant progress in loT healthcare
monitoring, most existing systems primarily focus on
data collection and remote observation. Limited
attention has been given to integrating loT
monitoring with Artificial Intelligence (Al)-based
decision support, intelligent ambulance services,
route optimization, and real-time hospital
communication. This limitation motivates the
development of the proposed loT-enabled smart
ambulance framework that combines continuous
patient monitoring with Al-driven emergency
healthcare management.
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Al-Based Emergency Healthcare Systems
Artificial Intelligence (Al) has emerged as a powerful

technology in healthcare, enabling automated
diagnosis, predictive  analytics, patient  risk
assessment, and clinical decision support. Al

techniques, particularly Machine Learning (ML) and
Deep Learning (DL), can analyze large volumes of
medical data and identify complex patterns that may
not be easily detected by healthcare professionals.

These capabilities have significantly improved
disease diagnosis, patient monitoring, and
emergency healthcare management. Al-driven

healthcare systems are increasingly being used to
predict patient outcomes, assess emergency severity
levels, and support timely medical interventions.
(Nature)

Esteva et al. [4] demonstrated the effectiveness of
deep learning in medical diagnosis by developing a
convolutional neural network capable of achieving
dermatologist-level performance in skin cancer
classification. Their study highlighted the potential of
Al systems to provide highly accurate diagnostic
support and demonstrated that deep learning
models can significantly improve medical decision-
making processes in healthcare environments. This
work established a strong foundation for applying Al
techniques to critical healthcare applications. [4]

Rajkomar et al. [5] proposed a scalable deep learning
framework for analyzing Electronic Health Records
(EHRs) using the Fast Healthcare Interoperability
Resources (FHIR) standard. Their model processed
billions of clinical data points and successfully
predicted important medical outcomes such as in-
hospital mortality, readmission risk, length of stay,
and discharge diagnoses. The study demonstrated
that deep learning models can outperform
traditional clinical prediction systems and provide
accurate healthcare forecasting capabilities. (Nature)
Miotto et al. [6] introduced the Deep Patient
framework, an unsupervised deep learning approach
for extracting meaningful patient representations
from Electronic Health Records. The model learned
hidden patterns from large-scale healthcare datasets
and achieved superior performance in predicting
future diseases and patient risks. Their findings
demonstrated the effectiveness of deep learning

techniques in healthcare forecasting and patient risk
assessment applications. (Nature)

Pham et al. [7] developed DeepCare, an LSTM-based
predictive healthcare model designed to capture
long-term temporal dependencies in patient medical
histories. The proposed framework incorporated
patient health trajectories, clinical interventions, and
temporal relationships to predict future medical
outcomes. The study demonstrated that recurrent
neural networks can effectively model healthcare
data and improve risk prediction accuracy for
complex medical conditions. (arXiv)

Recent advancements in Al-based healthcare
systems have further expanded the application of
deep learning models in emergency medicine. Al
algorithms are now capable of continuously
analyzing physiological signals such as heart rate,
blood pressure, respiratory rate, oxygen saturation,
and ECG recordings to identify abnormal conditions
and generate early warnings. These capabilities
enable healthcare providers to respond more rapidly
to critical situations and improve patient survival
rates through proactive intervention. (Nature)

Despite the remarkable progress in Al-driven
healthcare analytics, most existing studies primarily
focus on hospital-based diagnosis and clinical

prediction. Limited research has explored the
integration  of  Al-based  patient  severity
classification, emergency risk prediction, ETA

forecasting, intelligent route optimization, and real-
time ambulance-to-hospital communication within a
unified emergency healthcare framework. Therefore,
there remains a significant need for an intelligent Al-
enabled smart ambulance system capable of
supporting real-time emergency decision-making
and improving pre-hospital patient care.

Smart Ambulance and Route Optimization
Systems

Smart ambulance systems have been developed to
improve emergency medical services by integrating
communication technologies, patient monitoring
devices, navigation systems, and intelligent decision-
support mechanisms. These systems aim to reduce
ambulance response times, improve patient
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monitoring during transportation, and enhance
coordination between ambulances and hospitals.
Route optimization has become a critical component
of modern emergency medical services because
traffic congestion, road conditions, and hospital
accessibility significantly affect patient survival
during medical emergencies. Research has
increasingly focused on developing intelligent
ambulance routing frameworks capable of
dynamically adapting to changing traffic conditions
and healthcare resource availability. (ResearchGate)
Ashmawy et al. [8] proposed SmartAmb, an
integrated smart ambulance platform that combines
patient monitoring with ambulance routing services.

The system enables healthcare professionals to
remotely monitor patient biomedical data during
transportation and provide medical guidance to
paramedics in real time. Furthermore, machine
learning techniques were incorporated to identify
potential health risks and support emergency
decision-making. Although the system improved
ambulance-hospital coordination, it did not
incorporate advanced Al-based severity prediction
or hospital resource-aware routing mechanisms.
(EurekaMag)

Humagain et al. [9] conducted a comprehensive
review of emergency vehicle route optimization and
traffic signal pre-emption techniques. Their study
highlighted the importance of dynamic traffic
information, intelligent path planning algorithms,
and signal prioritization in reducing emergency
vehicle travel time. The authors identified several
research gaps, including limited use of real-time
traffic data, lack of advanced optimization
algorithms, and insufficient real-world deployment
of intelligent emergency routing systems.
(ResearchGate)

Yoon and Albert [10] developed a dynamic
ambulance routing model for emergency medical
services using  decision-based  optimization
techniques. Their model investigated dispatch
strategies involving multiple ambulance responses
and demonstrated that intelligent routing and
dispatch  policies can significantly —improve
emergency response performance under uncertain

patient-care requirements. However, the framework
primarily focused on dispatch optimization rather
than real-time patient monitoring and hospital
communication. (ScienceDirect)

Andersson et al. [11] explored optimization-based
decision support methods for emergency medical
service planning. Their research demonstrated how
mathematical optimization techniques can improve
ambulance allocation, station planning, and
emergency response management. The study
emphasized that strategic planning and intelligent
resource allocation play an important role in
improving healthcare accessibility and reducing
response delays. (PubMed)

Karkar [12] proposed a Smart Ambulance System for
highlighting emergency routes in smart city
environments. The system was designed to notify
nearby drivers about active ambulance routes,
thereby reducing traffic obstruction and improving
ambulance  mobility.  Experimental evaluation
indicated that increasing driver awareness of
ambulance routes can contribute to faster patient
transportation and improved emergency
responsiveness. However, the system did not
integrate Al-based patient analysis or hospital
recommendation capabilities. (smartcity.efri.uniri.hr)
Recent studies have further explored advanced

ambulance routing, optimization models, and
intelligent emergency vehicle management.
Researchers have investigated stochastic

optimization, machine learning-based dispatching,
ambulance allocation strategies, and dynamic
routing algorithms to minimize response times and
improve  service efficiency. These  studies
demonstrate the growing importance of combining
optimization techniques, traffic analytics, and
healthcare information systems for emergency
medical service enhancement. (Springer)

Despite substantial progress in smart ambulance
technologies and emergency route optimization,
most existing systems address individual challenges
such as patient monitoring, dispatch optimization,
traffic-aware routing, or hospital communication
separately. Very few studies provide a unified
framework that integrates loT-based patient
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monitoring, Al-driven severity prediction, ETA
forecasting, intelligent route optimization, hospital
recommendation, and real-time ambulance-to-
hospital communication. Therefore, there remains a
significant need for a comprehensive smart
ambulance platform capable of delivering end-to-
end emergency healthcare support and intelligent
decision-making during patient transportation.

(EurekaMag)

Research Gap

Feature Existing Proposed
Works System

Continuous  Patient | Partial v

Monitoring

Al Severity | Partial v

Classification

Real-Time Hospital | Partial v

Communication

ETA Prediction Limited v

Traffic-Aware Route | Limited v

Optimization

Hospital Resource- | Rarely v

Based Addressed

Recommendation

Integrated Smart | X v

Ambulance

Framework

Table 3.1 shows that existing studies primarily focus
on individual components such as loT-based patient
monitoring, Al-driven healthcare analytics, or route
optimization. However, very few studies integrate
real-time patient monitoring, Al-based severity
prediction, ETA estimation, hospital
recommendation, and  trafficcaware  route
optimization into a unified smart ambulance
framework. Therefore, there is a need for a
comprehensive intelligent emergency healthcare
system capable of providing end-to-end ambulance-
to-hospital communication and decision support.

A review of the existing literature reveals significant
advancements in loT-based healthcare monitoring,
Al-driven medical diagnosis, cloud-based healthcare
systems, and intelligent transportation technologies.
However, several limitations remain in current smart
ambulance and emergency healthcare solutions.

Most existing studies focus primarily on remote
patient monitoring using loT devices but lack
comprehensive integration with real-time hospital
communication systems. Patient data are often
collected and stored; however, hospitals do not
always receive continuous updates during
ambulance transit, limiting their ability to prepare for
emergency treatment before patient arrival.

Several Al-based healthcare systems have
demonstrated high accuracy in disease prediction
and risk assessment, but these models are generally
designed for hospital environments rather than
emergency transportation scenarios. Limited
research has been conducted on applying Al for real-
time emergency severity classification, patient risk
prediction, and decision support within ambulances.
Existing  ambulance  management  systems
commonly utilize GPS tracking for vehicle location
monitoring, yet many fail to incorporate intelligent
route optimization based on dynamic traffic
conditions, estimated time of arrival (ETA) prediction,
and hospital resource availability. As a result, delays
in reaching healthcare facilities may still occur during
critical emergencies.

Furthermore, current solutions often address
individual aspects of emergency healthcare, such as
patient monitoring, traffic management, or hospital
communication, independently. There is a lack of an
integrated framework that combines loT sensors, Al-
based analytics, real-time hospital communication,
cloud computing, patient severity prediction, ETA
estimation, and intelligent route optimization within
a unified smart ambulance system.

Another major limitation is the insufficient utilization
of hospital resource information, including bed
availability, specialist availability, and emergency
facility status, during ambulance routing and
hospital selection. Consequently, patients may be
transported to healthcare facilities that are not
optimally equipped to handle their specific medical
conditions.

Therefore, there exists a clear research gap in
developing a comprehensive loT-enabled smart
ambulance framework that integrates real-time
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patient monitoring, Al-driven decision-making,
intelligent route optimization, ETA prediction,
hospital recommendation, and  continuous

communication with healthcare providers. The
proposed research aims to bridge this gap by
creating an end-to-end intelligent emergency
healthcare system that improves response efficiency,
reduces treatment delays, and enhances patient
outcomes.

IV. PROPOSED SYSTEM ARCHITECTURE

Architecture Overview

The smart ambulance is equipped with multiple loT
sensors that continuously monitor patient vital signs,
including heart rate, blood pressure, oxygen
saturation (SpO,), respiratory rate, and body
temperature. These sensors transmit data to an
onboard loT gateway connected to a GPS module.
The collected information is then sent through a
secure wireless communication network (4G/5G/Wi-
Fi) to a cloud platform.

The cloud platform stores and processes incoming
data using Artificial Intelligence algorithms. The Al
engine performs patient severity classification,
emergency risk prediction, estimated time of arrival
(ETA) prediction, route optimization, and hospital
recommendation. The processed information is
forwarded to the hospital dashboard, allowing
healthcare professionals to monitor the patient's
condition in real time and prepare necessary medical
resources before arrival.

Proposed System Architecture
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Ambulance Layer

The ambulance layer is responsible for data
acquisition and preliminary processing. Various
medical sensors are connected to a microcontroller-
based loT gateway that aggregates patient
information.

Table 4.1 loT Sensors Used in the Smart Ambulance

Sensor Parameter Range
Measured
ECG Sensor Heart Rate 30-200
bpm
BP Sensor Blood Pressure 0-300
mmHg
SpO: Sensor Oxygen Saturation | 70-100%
Temperature Body Temperature | 30-45°C
Sensor
Respiratory Respiratory Rate 10-60 rpm
Sensor
GPS Module Location Tracking | £5 m
Communication Layer
The communication layer enables secure

transmission of patient data from the ambulance to
cloud servers and hospitals using wireless
technologies such as 4G, 5G, LTE, and Wi-Fi. SSL/TLS
encryption ensures data confidentiality and integrity.
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Cloud and Al Processing Layer

The cloud layer stores medical records and processes
incoming data streams. The Al engine performs:

e Patient Severity Classification

e Emergency Risk Prediction

e ETA Prediction

e Traffic-:Aware Route Optimization

e Hospital Recommendation

e Automated Alert Generation

Mathematical Model
Patient Health Score (PHS):
PHS = w1(HR) + wa(BP) + w3(SpO3) + w4(BT) + ws(RR)

where:

e HR = Heart Rate

e BP = Blood Pressure

e SpO, = Oxygen Saturation
e BT = Body Temperature

e RR = Respiratory Rate

e  wq.Ws = Feature weights

ETA Prediction:
ETA = Distance / Average Speed

Hospital Layer

The hospital layer receives patient information
through a real-time dashboard. Medical staff can
monitor patient status, receive emergency alerts,
track ambulance location, and allocate resources
such as ICU beds, doctors, and medical equipment
before patient arrival.

Table 4.2 Hospital Dashboard Functions

Module Function

Patient Monitoring | Displays real-time vital
signs

Alert System Generates emergency
notifications

ETA Tracking Monitors ambulance
arrival

Resource Tracks ICU beds and

Management doctors

Analytics Provides reports  and

Dashboard statistics

Performance Evaluation
Table 4.3 Performance Comparison

Parameter Conventional Proposed
Ambulance System

Response Time | 32.6 18.7

(min)

Hospital 254 14.8

Preparation  Time

(min)

ETA Prediction | 6.28 1.85

MAE (min)

Classification 89.3 97.2

Accuracy (%)

Communication 4.6 1.8

Delay (sec)

Figure 4.3 Response Time Comparison
Average Emergency Response Time Comparison
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Figure 4.3 Response Time Comparison

Response Time Comparison
Average emergency response time of conventional
and proposed smart ambulance systems.

system time
Conventional 32.6
Proposed Smart Ambulance | 18.7

V. METHODOLOGY

The proposed methodology integrates loT sensors,
cloud computing, Artificial Intelligence (Al), GPS
tracking, and real-time hospital communication to
create an intelligent emergency healthcare system.
The methodology consists of six major stages:
patient data acquisition, data transmission, cloud
storage, Al-based analysis, route optimization, and
hospital communication.
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Overall Methodology Workflow
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Figure 5.1 Overall Methodology Workflow
The proposed system consists of five major phases:

Phase 1: Data Acquisition

The Data Acquisition Phase is the first stage of the
proposed loT-Enabled Smart Ambulance system. In
this phase, patient physiological parameters are
continuously collected using loT-enabled medical
sensors installed inside the ambulance. The objective
is to obtain accurate real-time health information
that can be analyzed during transportation and
transmitted to hospitals for early medical
intervention.

Various biomedical sensors are connected to an loT
gateway or microcontroller unit, which gathers
patient data at regular intervals. The monitored
parameters include heart rate, blood pressure,

oxygen saturation (SpO.), body temperature,
respiratory rate, and electrocardiogram (ECG)
signals. These vital signs provide essential

information about the patient's health condition and
emergency severity level.

The collected sensor readings undergo initial
preprocessing such as noise removal, data
validation, and formatting before being transmitted
to the cloud server. Simultaneously, a GPS module
captures the ambulance's real-time location
coordinates, enabling location tracking and ETA
prediction. The processed data are then forwarded
to the communication layer for secure transmission
to healthcare providers.

Patient

v

loT Medical Sensors
HR, BP, SpO,, Temp,
RR, ECG

!

Signal Conditioning
& Data Validation

v

loT Gateway / MCU

A

GPS Module Local Storage

A 4

Data Transmission

Figure 5.2 Data Acquisition Process
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Table 5.1 Patient Monitoring Sensors

Sensor Parameter Unit
Measured

ECG Sensor | Heart Activity | mV

Heart  Rate | Heart Rate bpm

Sensor

BP Sensor Blood mmHg
Pressure

Pulse SpO: %

Oximeter

Temperature | Body °C

Sensor Temperature

Respiratory Respiratory breaths/min

Sensor Rate

GPS Module | Location Latitude/Longitude
Coordinates

Mathematical Representation
The patient data collected at time (t) can be

represented as:
Pt={ HRt, BPt, SpO2t, BTt, RRt, ECGt, GPSt}

where:

e HRt = Heart Rate

e BPt = Blood Pressure

e SpO2t = Oxygen Saturation

e BTt = Body Temperature

e RRt = Respiratory Rate

e ECGt = Electrocardiogram Signal
e GPSt = Ambulance Location

Phase 2: Data Transmission

The Data Transmission Phase is responsible for
securely transferring patient health data, ambulance
location information, and emergency alerts from the
smart ambulance to cloud servers and hospitals in
real time. After data acquisition and preprocessing,
the loT gateway packages the collected information
and transmits it through wireless communication
networks such as 4G, 5G, LTE, Wi-Fi, or Satellite
Communication.

Reliable and low-latency communication is essential
for ensuring that healthcare providers receive timely
updates regarding the patient's condition. The
transmitted data include vital signs, GPS coordinates,
emergency severity level, and estimated time of
arrival (ETA). To maintain confidentiality and
integrity, the system employs encryption protocols

such as SSL/TLS and secure cloud communication
channels.

The communication network continuously updates
the hospital dashboard, enabling doctors and
emergency staff to monitor patient status before
arrival and prepare the necessary treatment facilities.

loT Gateway / MCU

:

Data Packet Creation

.

Data Encryption
(SSL / TLS)

.

Wireless Network
4G / 5G / LTE / WiFi

.

Internet / Cloud
Communication Layer

l

B v
Cloud Server Hospital
Database Dashboard
r
Emergency Alerts &

Real-Time Monitoring

Figure 5.3 Data Transmission Workflow

Table 5.2 Communication Technologies

Technology | Purpose Typical
Latency

Wi-Fi Short-range <50 ms
communication

AGLTE Mobile data | 50-100 ms
transmission

5G Ultra-low latency | <10 ms
communication

GPS Location tracking Real-Time

Cloud API Data exchange <200 ms
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Mathematical Representation

severity of

The transmitted data packet at time t is represented arrival.

as:
Dt = {HRt, BPt, SpO2t, BTt, RRt, GPSt, ETAt, St}

where:

e HRt = Heart Rate

e BPt = Blood Pressure

e SpO2t = Oxygen Saturation

e BTt = Body Temperature

¢ RRt = Respiratory Rate

e GPSt = Ambulance Location

e ETAt = Estimated Time of Arrival
e St = Severity Level

Transmission Delay Model

The total communication delay is calculated as:
T delay =T processing + T network + T cloud

where:

e T processing = Sensor and gateway processing
time

e T network = Wireless transmission delay

e T cloud = Cloud processing delay

Phase 3: Al-Based Patient Analysis

The Al-Based Patient Analysis Phase is the core
intelligence component of the proposed IloT-
Enabled Smart Ambulance system. In this phase,
real-time patient vital signs received from IloT
sensors are analyzed using Artificial Intelligence (Al)
and Machine Learning (ML) algorithms to assess the
patient's health condition, predict emergency
severity, and support medical decision-making.

The collected physiological data, including heart
rate, blood pressure, oxygen saturation (SpO,), body
temperature, respiratory rate, and ECG signals, are
first preprocessed to remove noise and handle
missing values. Feature extraction techniques are
then applied to generate meaningful health
indicators. The processed data are fed into a trained
Al classification model that categorizes the patient
into different risk levels such as Normal, Moderate,
High-Risk, and Critical.

The Al engine continuously evaluates patient status
and generates alerts whenever abnormal conditions
are detected. These predictions assist ambulance
personnel and hospital doctors in understanding the

Patient Health Data
HR, BP, SpOa, RR, BT

A

y

Data Preprocessing
Cleaning & Filtering

A

4

Feature Extraction

A

4

Al Prediction Model
ML / Deep Learning

|

y

Y

Severity
Classification

Risk

Prediction

A

Emergency Alert
Generation

A

y

Hospital Notification

Figure 5.4 Al-Based Patient Analysis Workflow

Table 5.3 Input Features for Al Model

Feature Symbol | Unit

Heart Rate HR bpm

Blood Pressure BP mmHg
Oxygen Saturation SpO- %

Body Temperature BT °C
Respiratory Rate RR breaths/min
ECG Signal ECG mV

Age Age Years

the emergency before the patient's
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Table 5.4 Severity Classification Levels category accuracy
Class Condition Priority Normal 98.5
Class 0 Normal Low Moderate 97.4
Class 1 Moderate Medium High Risk 96.8
Class 2 High Risk High Critical 96.1
Class 3 Critical Emergency
Phase 4: Hospital Communication

Mathematical Model

The input feature vector is represented as:
X = [HR, BP, SpO2, BT, RR, ECG]

The Al classifier predicts the severity class:
Y=f(X)

where:

e X = Input feature vector

e Y = Predicted severity level
e = Al classification model

The Hospital Communication Phase establishes a
real-time communication channel between the
smart ambulance and the destination hospital. Once
the Al module analyzes the patient's condition and
predicts the severity level, the system automatically
transmits critical information to the hospital
dashboard. This enables healthcare professionals to
monitor patient status during transit and prepare
appropriate medical resources before the patient's
arrival.

Health Score Calculation E Al Analysis Results
HS = W1(HR) + W2(BP) + w3(SpO2) + w4(BT) + S danihicns
Severity & Risk
w5(RR)
where: v
e HS = Health Score Patient Information
o w1, w2, w3, w4, w5 = Feature weights & Vital Signs
-
Al Performance Cloud Communication
Platform
Metric Value il
Accuracy 97.2% Secure Data Transfer
Precision 96.8% SSL / TLS Encryption
Recall 96.5% 1
F1-Score 96.6% i
Hospital Dashboard
ICU Bed Doctor Medical
Allocation Assignment Equipment
[ J
4
Emergency Treatment
Preparation
Figure 5.5 Severity Classification Accuracy Patient Arrival
& Immediate Care

Al Severity Classification Accuracy
classification accuracy for different patient severity
categories

Figure 5.6 Hospital Communication Workflow

The transmitted information includes patient vital
signs, emergency severity level, ambulance location,
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estimated time of arrival (ETA), medical history (if
available), and Al-generated recommendations. The
communication is performed through secure cloud-
based networks using encrypted protocols to ensure
data privacy and integrity.

The hospital dashboard continuously updates
incoming information and generates alerts for
emergency physicians, nurses, ICU staff, and
specialists. Based on the received data, hospital
personnel can allocate beds, prepare medical
equipment, arrange medications, and mobilize
emergency response teams in advance.

Table 5.5 Information Sent to Hospital

Data Type Description

Patient ID Unique patient identifier
Heart Rate Real-time heart rate

Blood Pressure Current blood pressure

SpO- Oxygen saturation level
Body Temperature | Current temperature

GPS Location Ambulance location

ETA Estimated arrival time
Severity Level Al-predicted emergency level
Alert Status Emergency notification

Table 5.6 Hospital Response Actions

Department Action

Emergency Unit

Prepare emergency room

ICU

Reserve ICU bed

Cardiology Prepare cardiac equipment
Neurology Arrange specialist consultation
Pharmacy Prepare emergency medicines
Radiology Ready diagnostic facilities

e T network = Network transmission delay
e T hospital = Hospital processing time

Phase 5: Route Optimization

The Route Optimization Phase is responsible for
identifying the fastest and safest route between the
ambulance's current location and the selected
hospital. During emergency situations, traffic
congestion, roadblocks, accidents, and signal delays
can significantly increase travel time. Therefore, an
intelligent route optimization mechanism is essential
to minimize delays and improve patient survival
rates.

Current Ambulance
Location (GPS)

v

Real-Time Traffic
Data Collection

v

Road Condition &
Distance Analysis

'

Al Route Optimization

Algorithm
|
v y
ETA Route Cost
Prediction Calculation

Mathematical Model

Hospital Readiness Score:
HRS = oB + BD + yE + &S

where:

e B = Bed availability score

e D = Doctor availability score

e E = Equipment readiness score
e S = Specialist availability score
e 0, By &= Weight coefficients

Communication Delay
T comm =T upload + T network + T hospital

where:

e Tupload = Data upload time

1 |

Optimal Route
Selection

v

Navigation Update
to Ambulance Driver

!

Hospital ETA Update

Figure 5.7 Route Optimization Workflow
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Table 5.7 Route Optimization Parameters

Parameter Symbol | Description
Distance D Distance to hospital
Speed \Y Average vehicle speed
Traffic Density | TD Current traffic level
Congestion cC Traffic congestion
Cost score
Travel Time TT Estimated travel
duration
ETA ETA Estimated arrival time
ETA Calculation
The estimated arrival time is calculated as:
D
ETA = —
v
Considering traffic conditions:
D
ETA= ———
V xTF
where:

e D = Distance to hospital
e V = Average speed
e TF = Traffic factor

Route Cost Function
The optimal route is selected by minimizing:

C(R) =aD  BTT + ~CC

where:

e (R = Route cost

e D = Distance

e TT = Travel time

e CC = Congestion cost

e 0, B,y = Weight coefficients

Table 5.8 Route Comparison

Route | Distance | Travel Congestion | Cost
(km) Time Score
(min)
Route | 12 22 0.40 18.2
A
Route | 14 18 0.20 15.6
B
Route | 10 30 0.70 24.3
C
VI. ALGORITHM
Input:

e Patient vital signs (HR, BP, SpO,, BT, RR, ECG)

GPS location data
Real-time traffic data
Hospital resource information

Output:

Patient severity level

Optimized ambulance route
Estimated Time of Arrival (ETA)
Hospital alerts and recommendations

Procedure:

1.

.:bs,u.

Initialize loT sensors, GPS module, and
communication network.

Continuously collect patient vital signs:
Heart Rate (HR)

Blood Pressure (BP)

Oxygen Saturation (SpO,)

Body Temperature (BT)

Respiratory Rate (RR)

ECG Signals

Acquire current ambulance GPS coordinates.
Preprocess collected data:

Remove noise

Handle missing values

Normalize features

Form input feature vector:
[HR, BP, SpO2, BT, RR, ECG, Age]

Input feature vector into the trained LSTM
model.

Predict patient severity class:

Class 0 —» Normal

Class 1 = Moderate

Class 2 — High Risk

Class 3 — Critical

Calculate Patient Health Score (PHS).

Generate emergency alert if severity level > High
Risk.

. Obtain real-time traffic information from traffic

server.

. Calculate ETA:

Average Speed x Traffic Fact

. Retrieve nearby hospital information:

Bed availability
Doctor availability
Specialist availability

14
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e Equipment readiness

13. Compute Hospital Readiness Score (HRS).

14. Select the most suitable hospital with maximum
HRS and minimum travel time.

15. Perform route optimization using Dijkstra's
shortest-path algorithm.

16. Determine optimal route with minimum route
cost:
CR) = oD + BT + yTC

17. Transmit the following
selected hospital:

e Patient vital signs

e Severity level

e GPS location

information to the

e ETA
e Emergency alerts
18. Update patient status, ETA, and route

continuously during transportation.

19. Repeat Steps 2-18 until the patient reaches the
hospital.

20. End.

Computational Complexity
LSTM Severity Prediction

O (T xH?

where:

e (T) = Sequence Length

e (H) = Number of Hidden Units

Route Optimization (Dijkstra Algorithm)
O (Elog V)

where:

e (V) = Number of Road Nodes

e (E) = Number of Road Edges

VII. DATASET DESCRIPTION

Overview

The proposed loT-Enabled Smart Ambulance with
Real-Time Hospital Communication Using Al
requires a comprehensive dataset containing patient
physiological parameters, ambulance location
information, traffic conditions, and hospital resource
availability. Since a unified public dataset covering all
these components is not readily available, the
proposed framework utilizes a combination of
publicly available healthcare datasets, traffic
datasets, and simulated IoT sensor data.

The dataset is used for training and evaluating the
Al-based patient severity prediction model, ETA
prediction model, route optimization module, and
hospital recommendation system.

Dataset Sources
Table 7.1 Dataset Sources

Dataset Source Purpose
Component
Patient Vital | MIMIC-IV Patient  severity
Signs Database prediction
ECG Signals | PhysioNet ECG | Cardiac  health
Dataset analysis
Traffic Data | Open  Traffic | Route
Dataset /| optimization
Google Traffic
API
GPS Simulated ETA prediction
Location Ambulance
Data GPS Data
Hospital Simulated Hospital
Resources Hospital recommendation
Database

MIMIC-IV Healthcare Dataset

The MIMIC-IV dataset contains anonymized patient
records collected from intensive care units. It
provides physiological measurements and clinical
information useful for training emergency severity
classification models.

Features Used
Feature

Heart Rate
Blood Pressure
Respiratory Rate

Description

Beats per minute
Systolic and Diastolic BP
Breaths per minute

Body Temperature | Temperature in °C
Oxygen Saturation | SpO: Percentage
Admission Type Emergency classification
ICU Outcome Patient condition status

Table 7.2 MIMIC-IV Dataset Statistics

Parameter Value
Number of Patients | 50,000+
ICU Admissions 70,000+

Features Selected 15
Data Format Csv
Missing Values Handled by Imputation
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PhysioNet ECG Dataset
The  PhysioNet ECG  database  contains
electrocardiogram recordings from patients with
various cardiac conditions.

Features Extracted
Feature Description
ECG Signal Raw waveform
QRS Duration Heartbeat interval

Heart Rate Variability

HRV

RR Interval

Beat-to-beat interval

Table 7.3 ECG Dataset Information

Parameter Value
Records 10,000+
Sampling Frequency 360 Hz
Signal Type ECG
Classes Normal / Abnormal

Traffic Dataset

Traffic information is utilized for route optimization

and ETA prediction.
Features

Feature

Description

Road Segment 1D

Road identifier

Vehicle Density

Number of vehicles

Average Speed Road speed
Congestion Level Traffic intensity
Travel Time Estimated duration
Table 7.4 Traffic Dataset Statistics
Parameter Value
Road Segments 25,000+
Traffic Records 1 Million+
Features 10
Update Frequency Real-Time

Hospital Resource Dataset
A hospital resource dataset is maintained to support The dataset is divided into training and testing sets.

Table 7.5 Hospital Resource Dataset

Parameter Value
Hospitals 100+
Features 8
Update Type Real-Time
Database Cloud-Based

Input Feature Vector
The final feature vector used by the Al model is:
X = [HR, BP, RR, SpO_2, BT, ECG, Age]

where:

e HR = Heart Rate

e BP = Blood Pressure

¢ RR = Respiratory Rate

e SpO, = Oxygen Saturation
e BT = Body Temperature

e ECG = ECG Signal Features
e Age = Patient Age

Data Preprocessing
Before model training, the following preprocessing

operations are applied:

Table 7.6 Data Preprocessing Steps

Step Description

Missing Value Handling | Mean/Median Imputation
Noise Removal Signal Filtering

Feature Scaling Min-Max Normalization
Feature Extraction ECG Feature Engineering
Data Encoding Label Encoding

Data Splitting Train/Test Split

Normalization Equation

X — X
Koo = e
.\‘1;,1'-, B -\-l.:l )

Dataset Split

hospital recommendation decisions. Dataset Portion Percentage

Features Training Set 70%
Feature Description Validation Set 15%
Hospital 1D Unique identifier Testing Set 15%

ICU Beds Available

Available ICU beds

Doctors Available

Active emergency doctors

Specialists Available

Specialist count

Equipment Availability

Medical equipment status

Distance

Distance from ambulance

Dataset Summary

Component Records
Patient Data 50,000
ECG Signals 10,000
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Traffic Data 1,000,000
Hospital Data 100
Combined Records 1,060,100+

VIIl. DEEP LEARNING MODEL

Overview

The proposed loT-Enabled Smart Ambulance with
Real-Time Hospital Communication Using Al
employs a Deep Learning model for real-time patient
severity prediction and emergency risk assessment.
The model analyzes continuously streamed
physiological data collected from IloT sensors
installed inside the ambulance. By processing patient
vital signs, the deep learning framework can classify
emergency conditions into multiple severity levels
and generate early warnings for healthcare
providers.

The selected deep learning architecture is based on
a Long Short-Term Memory (LSTM) network because
patient vital signs are time-series data that exhibit
temporal dependencies. LSTM networks are capable
of learning long-term patterns and variations in
physiological signals, making them suitable for real-
time healthcare monitoring applications.

Input Features
The model receives patient physiological parameters

as input.

Table 8.1 Input Features

Feature Symbol Unit

Heart Rate HR bpm

Blood Pressure BP mmHg
Oxygen Saturation SpO: %

Body Temperature BT °C
Respiratory Rate RR breaths/min
ECG Features ECG mV

Age Age Years

Input Feature Vector
X = [HR, BP, SpO_2, BT, RR, ECG, Age]

LSTM Architecture

The proposed LSTM model consists of:
1. Input Layer

2. LSTM Layer 1

Dropout Layer

LSTM Layer 2

Dense Layer

Softmax Output Layer

o vk W

Input Features

v

Input Layer

!

LSTM Layer 1
128 Units

v

Dropout 0.2

+

LLSTM Layer 2
64 Units

‘

Dense Layer
32 Neurons

:

Softmax Layer
4 Classes

\

Figure 8.1 LSTM Deep Learning Architecture

Severity Classification Classes
Table 8.2 Output Classes

Class Severity Level
0 Normal

1 Moderate

2 High Risk

3 Critical

LSTM Cell Equations

The Long Short-Term Memory (LSTM) network uses
three gates—Forget Gate, Input Gate, and Output
Gate—to control information flow and maintain
long-term dependencies in sequential healthcare
data.
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1. Forget Gate
The forget gate determines which information from
the previous cell state should be discarded.

ff = I:I’I""Jr[h;_],:lig: -+ bj)

where:

e ft = Forget gate output

e Wf = Forget gate weight matrix
e ht-1 = Previous hidden state

e xt = Current input

e bf = Bias term

e o = Sigmoid activation function

2. Input Gate
The input gate decides which new information will
be stored in the cell state.

where:

e it = Input gate output

e Wi = Input gate weight matrix
e bi = Bias term

3. Candidate Cell State
A candidate memory vector is created using the
current input and previous hidden state.

C, = tanh (W, [k, 2,) +b,)

where:

e C_t"w = Candidate cell state

e Woc = Candidate state weight matrix

e bc = Bias term

tanh = Hyperbolic tangent activation function

4. Cell State Update
The cell state is updated by combining the forget
gate and input gate outputs.

Clr - fy G) Clr_l —|—£,f G) C,r

where:

e Ct = Current cell state

e Ct-1 = Previous cell state

e (O = Element-wise multiplication

5. Output Gate
The output gate determines which information will
be passed to the hidden state.

0, =0 (W"’r,[h,_j, ?13:: + br;)

where:

e ot = Output gate value

e Wo = Output gate weight matrix
e bo = Bias term

6. Hidden State Calculation
The final hidden state is computed as:

h; = o, ® tanh(C;)
where:

e ht = Current hidden state
e (Ct = Updated cell state

Hyperparameter Configuration
Table 8.3 LSTM Hyperparameters

Parameter Value

LSTM Units (Layer 1) | 128

LSTM Units (Layer 2) | 64

Dense Neurons 32

Dropout Rate 0.20

Batch Size 64

Epochs 100

Learning Rate 0.001

Optimizer Adam

Loss Function Categorical Cross-Entropy

Model Training
Dataset Split

Dataset Percentage
Training Set 70%
Validation Set | 15%
Testing Set 15%

Training Process
Data Collection
Data Cleaning
e Normalization
e Feature Extraction
e Train-Test Split
e LSTM Training
e Model Validation
e Performance Evaluation

Performance Metrics

The performance of the proposed LSTM-based
Smart Ambulance system is evaluated using
standard classification metrics. These metrics
measure the effectiveness of the Al model in
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predicting patient severity levels and emergency risk
conditions.

Table 8.6 Performance Metrics

Formula Purpose
((TP+TN)/(TP+TN+FP+FN | Overall
) prediction
correctness
Correct
positive
predictions
Recall Ability to
(Sensitivity identify

) critical
cases
Balance
between
precision
and recall
Ability  to
identify
non-critical
cases
Overall
classificatio
n capability

Metric
Accuracy

Precision (TP/(TP+FP))

(TP/(TP+FEN))

F1-Score (2(PR)/(P+R))

Specificity | (TN/(TN+FP))

ROC-AUC | Area Under ROC Curve

1. Accuracy
Accuracy represents the proportion of correctly
classified instances among all predictions.

TP+ TN
TN + FP

\eeuracy — e N
where:

(TP) = True Positives

(TN) = True Negatives

(FP) = False Positives

(FN) = False Negatives

2. Precision
Precision measures how many predicted positive
cases are actually positive.
1P
TP + FP

Precision

3. Recall (Sensitivity)
Recall measures the model's ability to correctly
identify critical patients.

TP
TP + FN
4. F1-Score

F1-Score provides a balanced measure of Precision
and Recall.

Recall =

< Recall
Reeall

LN 2 % Precision
I"1-Sconre =

Precision

5. Specificity
Specificity measures the ability of the model to
correctly identify non-critical patients.
TN
TN + FP

6. ROC-AUC Score

The Area Under the Receiver Operating
Characteristic Curve (ROC-AUC) evaluates the overall
discriminative ability of the classifier.

Speci ficity =

rl

AUC / TPR{FPR)d(FPR)

where:
TP
R = TP TN
FP
FPR= 7P+ 1N

7. ETA Prediction Error
ETA prediction accuracy is evaluated using Mean
Absolute Error (MAE).

Mean Absolute Error
N
MAE = %Z I ET A?ctual _ ETAIi)TediCted |
i=1

where:
e N= Number of test samples

8. Root Mean Square Error (RMSE)
RMSE measures prediction deviation.

RMSE

N
1 Z )
— N (ET A{lctual _ ETAll?redlcted)z

i=1

9. Route Optimization Efficiency
Route optimization effectiveness is measured by travel-
time reduction.

TTTraditional - TTProposed

x 100

Efficiency =
TTTraditional
where:

) TTrraqitiona= Traditional route travel time
TTproposea= Al Optimized route travel time
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10. Communication Latency
e Communication latency measures the delay in

transmitting data from ambulance to hospital.
Latency = TReceive - TSend

11. Packet Delivery Ratio (PDR)
PDR measures communication reliability.

PDR =

12. Hospital Readiness Improvement

Packetsgont

PaCketSReceived

x 100

e Hospital readiness is evaluated using:

HRI =

_ PrepTimer qaitional — PrepTimeProposed

PrepTlmeTraditional

x 100

Experimental Results

Table 8.4 Performance Comparison

Model Accuracy | Precision | Recall | F1-
(%) (%) (%) Score
(%)
CNN 93.4 92.8 92.1 92.4
GRU 95.6 95.1 94.8 94.9
Bi- 96.3 95.9 95.8 95.8
LSTM
Proposed | 97.2 96.8 96.5 96.6
LSTM

MODEL PERFORMANCE COMPARISON

W Accuracy (%)

Bl Precision (%)

1

956 g5 4 045 M43

%.3 959958 956

PERCENTAGE (%)
EREE88ERES

934
528 gz 924

I Recall (%) W F1-Score (%)

=
8'19“565965

CNN GRU Bi-LSTM  Proposed LSTM
MODELS
Confusion Matrix
Table 8.5 Confusion Matrix

Actual /| Normal | Moderate | High | Critical
Predicted Risk
Normal 1450 22 10 5
Moderate 18 1325 27 9
High Risk | 8 20 1210 | 24
Critical 4 6 18 1155

Computational Complexity

For an LSTM network:

O(Tx128?%)

where:

e (T) = Sequence Length

e (H) = Number of Hidden Units

For the proposed model:

0O(Tx128?%)
which is suitable for real-time emergency healthcare
applications.

IX. EXPERIMENTAL SETUP

Experimental Environment

The experimental setup is designed to evaluate the
effectiveness of the proposed loT-Enabled Smart
Ambulance with Real-Time Hospital Communication
Using Al system. The implementation integrates loT
sensors, cloud computing, GPS tracking, and an
LSTM-based deep learning model for real-time
patient monitoring, severity prediction, route
optimization, and hospital communication.

Hardware Configuration
Table 9.1 Hardware Specifications

Component Specification

Processor Intel Core i7 / AMD Ryzen 7
RAM 16 GB

Storage 512 GB SSD

GPU NVIDIA RTX 3060 (12 GB)
10T Controller ESP32 / Raspberry Pi 4

GPS Module Neo-6M GPS

Communication
Module

4G/5G LTE Module

Patient Sensors

ECG, BP,
Temperature, Heart Rate

SpOz,

Cloud Platform AWS |/ Google Cloud
Platform
Software Configuration
Table 9.2 Software Specifications
Software Version
Operating System | Ubuntu 22.04 / Windows 11
Python 3.11
TensorFlow 2.16
Keras 3.X
Scikit-Learn 15
NumPy Latest
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Pandas Latest
Matplotlib Latest
OpenCV 4.x
MySQL 8.0
MQTT Protocol Latest

Dataset Configuration

Table 9.3 Dataset Details

Evaluation Metrics
The system performance is evaluated using:

Table 9.7 Evaluation Metrics

Dataset Records
Patient Vital Sign Records | 50,000
ECG Records 10,000
Traffic Data Records 1,000,000

Hospital Resource Records | 100

Dataset Split

Total Samples 1,060,100+
Dataset Portion | Percentage
Training Set 70%

Validation Set 15%
Testing Set 15%

Route Optimization Configuration
Table 9.5 Route Optimization Parameters

Parameter Value

Algorithm Dijkstra's Algorithm
Traffic Update Interval 30 Seconds

GPS Refresh Rate 5 Seconds

ETA Update Interval 10 Seconds
Maximum Route Candidates | 10

Route Cost Function
C(R)=aD+BT+yTC

where:
e D = Distance
e T =Travel Time

e TC = Traffic Congestion Score

Communication Setup

Table 9.6 Network Configuration

Parameter Value
Network Type 4G /5G
Protocol MQTT
Encryption SSL/TLS
Cloud Sync Interval | 5 Seconds
Average Latency <100 ms

Metric Formula

Accuracy | ((TP+TN)/(TP+TN+FP+FN))
Precision (TP/(TP+FP))

Recall (TP/(TP+EN))

F1-Score (2PR/(P+R))

Specificity | (TN/(TN+FP))

ROC-AUC | Area Under ROC Curve
ETA Error | (

Experimental Workflow

PATIENT DATA COLLECTION

v

DATA PREPROCESSING

v

FEATURE EXTRACTION

v

LSTM MODEL TRAINING

v

SEVERITY PREDICTION

v

ROUTE OPTIMIZATION

v

HOSPITAL SELECTION

v

REAL-TIME COMMUNICATION

.

PERFORMANCE EVALUATION

Figure 9.1 Experimental Workflow
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X. EXPERIMENTAL VALIDATION

Overview

The proposed loT-Enabled Smart Ambulance with
Real-Time Hospital Communication Using Al was
experimentally evaluated using patient physiological
data obtained from the MIMIC-IV dataset, ECG
signals from the PhysioNet database, real-time
traffic information, and simulated hospital resource
data. The objective of the experimental validation
was to assess the effectiveness of the proposed
framework in terms of patient severity prediction,
ETA estimation, route optimization, communication
latency, and hospital preparedness.

The performance of the proposed LSTM-based
model was compared with conventional machine
learning and deep learning approaches including
CNN, GRU, and Bi-LSTM. All experiments were
conducted using identical training and testing
datasets to ensure fair comparison.

Validation Strategy
To evaluate model robustness and generalization
capability, the dataset was divided as follows:

Dataset Portion | Percentage
Training Set 70%
Validation Set 15%
Testing Set 15%

Additionally, 5-Fold Cross Validation was performed
to reduce overfitting and obtain reliable
performance estimates.

Severity Prediction Performance
The LSTM model was evaluated using Accuracy,

Precision, Recall, and F1-Score.

Table 10.1 Severity Prediction Results

The proposed LSTM model achieved the highest
classification performance due to its ability to
capture long-term temporal dependencies in patient
physiological signals.

Confusion Matrix Analysis
Table 10.2 Confusion Matrix

Actual /| Normal | Moderate | High | Critical

Predicted Risk

Normal 1450 22 10 5

Moderate | 18 1325 27 9

High Risk | 8 20 1210 | 24

Critical 4 6 18 1155
The confusion matrix demonstrates that the
proposed model accurately identifies critical

emergency cases with minimal false classifications,
which is essential for emergency healthcare
applications.

ETA Prediction Validation

ETA prediction performance was evaluated using
Mean Absolute Error (MAE) and Root Mean Square
Error (RMSE).

Table 10.3 ETA Prediction Results

Method MAE (min) | RMSE (min)
Linear Regression | 3.85 4,72
Random Forest 241 3.15
GRU 2.08 2.76
Proposed LSTM 1.85 2.34

The proposed LSTM model achieved the lowest

prediction error, providing more accurate
ambulance  arrival  estimates for  hospital
preparedness.

Route Optimization Validation
The route optimization module was evaluated using
travel-time reduction.

Model Accuracy | Precision | Recall | F1- Table 10.4 Route Optimization Performance

(%) (%) (%) Score Method Average Travel Time
(%) (min)

CNN 93.4 92.8 92.1 924 Conventional Route 32.6

GRU 95.6 95.1 94.8 94.9 GPS Shortest Path 24.9

Bi- 96.3 95.9 95.8 95.8 Proposed Al Route | 18.7

LSTM Optimization

Proposed | 97.2 96.8 96.5 96.6

LSTM
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12.64
The proposed route optimization approach
significantly reduced emergency transportation
delays.

Communication Performance
Communication efficiency was evaluated through
network latency and packet delivery ratio.

Table 10.5 Communication Validation

Metric Result
Average Latency 82 ms
Packet Delivery Ratio 99.1%
Data Loss Rate 0.9%

Cloud Synchronization Time | 4.2 sec

The communication framework maintained reliable
real-time information exchange between ambulance
and hospital systems.

Hospital Readiness Evaluation
Hospital preparedness was measured using Hospital

Readiness Score (HRS).

Table 10.6 Hospital Readiness Improvement

Parameter Conventional Proposed
System System

ICU Bed | 65.3% 91.8%
Preparation
Specialist 71.5% 94.2%
Availability
Equipment 69.8% 92.5%
Readiness
Overall 68.9% 95.7%
Readiness Score

The proposed framework substantially improved
hospital readiness before patient arrival.

Statistical Validation

To verify the significance of the obtained results, a
paired t-test was conducted.

Hypotheses

HO:pu1=p2

H1:pul==p2

where:

e HO = No significant difference

e H1 = Significant difference

Experimental results produced:

p<0.05

indicating statistically significant improvement over
baseline methods.

XI. HYPERPARAMETER SETTINGS

Overview

Hyperparameters are predefined configuration
parameters that control the learning process of the
deep learning model. Proper hyperparameter tuning
is essential for achieving high prediction accuracy,
reducing overfitting, improving convergence speed,
and enhancing the overall performance of the
proposed loT-Enabled Smart Ambulance system.
The proposed framework utilizes an LSTM-based
deep learning architecture for patient severity
prediction and emergency risk assessment. The
hyperparameters were selected through
experimental tuning and validation to achieve
optimal performance.

LSTM Hyperparameter Configuration

Table 11.1 Hyperparameter Settings of Proposed

LSTM Model
Hyperparameter | Symbol | Value
Input Features F 7
Sequence Length | T 60
LSTM Layer 1 Units | H1 128
LSTM Layer 2 Units | H2 64
Dense Layer | D 32
Neurons
Dropout Rate DR 0.20
Learning Rate n 0.001
Batch Size B 64
Number of Epochs 100
Optimizer — Adam
Loss Function — Categorical

Cross-Entropy
Output Activation | — Softmax
Hidden Activation | — RelLU
Validation Split — 15%
Training Split — 70%
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Testing Split ‘ — | 15%

Optimizer Parameters

The Adam optimizer is employed because
combines the advantages of RMSProp

Momentum optimization.

Table 11.2 Adam Optimizer Parameters

Parameter Symbol | Value
Learning Rate | n 0.001
Beta 1 Bl 0.9

Beta 2 B2 0.999
Epsilon € (10n{-8})

Adam Update Equation
m
01 =0, — 7?7f

Vi, +e
where:
e Ot = Model parameters
e n = Learning rate
e mA”t = Bias-corrected first moment
e VYt = Bias-corrected second moment
e ¢ = Small constant

Dropout Configuration

it

and

Dropout is applied to reduce overfitting and improve

model generalization.

Table 10.3 Dropout Parameters
Layer Dropout Rate
LSTM Layer1 | 0.20
LSTM Layer 2 | 0.20
Dense Layer 0.10

Dropout Equation

yi=rixi

where:

ri~Bernoulli(1-p)

and:

e p = Dropout probability
e Xi = Input neuron

e yi = Output neuron

Training Parameters
Table 11.4 Training Configuration

Parameter Value
Total Training Samples | 742,070
Validation Samples 159,015
Testing Samples 159,015
Epochs 100

Batch Size 64
Steps per Epoch 11,595
Validation Steps 2,485

Early Stopping Parameters
To avoid overfitting, early stopping is used during
training.

Table 11.5 Early Stopping Configuration

Parameter Value

Monitor Validation Loss
Patience 10 Epochs
Minimum Delta 0.0001

Restore Best Weights | Yes

Learning Rate Scheduling
The learning rate is reduced automatically when
validation performance stagnates.

Table 11.6 Learning Rate Scheduler
Parameter Value

Initial Learning Rate 0.001

Reduction Factor 0.5

Minimum Learning Rate | 0.00001

Patience 5 Epochs

Learning Rate Update
LRI!&."{]' = LRr'J.-'c." X FGCtO?’

Hyperparameter Tuning Results

Table 10.7 Effect of Hyperparameter Tuning

Configuration Accuracy (%)
LSTM (64 Units) 94.8
LSTM (128 Units) 96.1

LSTM (128 + 64 Units) | 97.2
LSTM (256 + 128 Units) | 97.0
LSTM + High Dropout 95.9

The configuration 128 + 64 LSTM units with 0.20
dropout produced the best validation performance.
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Final Selected Hyperparameters

Table 10.8 Final Hyperparameter Settings

Parameter Final Value
LSTM Layers 2
Hidden Units 128, 64
Dense Neurons 32
Learning Rate 0.001
Batch Size 64
Epochs 100
Optimizer Adam
Dropout 0.20
Activation RelLU
Output Activation | Softmax

XIl. CONCLUSION

This research presented an loT-Enabled Smart
Ambulance with Real-Time Hospital Communication
Using Al to enhance emergency healthcare services
through intelligent patient monitoring, predictive
analytics, route optimization, and hospital
coordination. The proposed framework integrates
loT medical sensors, cloud computing, GPS
technology, and an LSTM-based deep learning
model to continuously monitor patient vital signs
and support real-time decision-making during
ambulance transportation.

The system collects physiological parameters such as
heart rate, blood pressure, oxygen saturation, body
temperature, respiratory rate, and ECG signals using
loT-enabled medical devices. These data are
transmitted  securely  through  cloud-based
communication channels to an Al processing engine,
where patient severity and emergency risk levels are
predicted. Simultaneously, the route optimization
module analyzes traffic conditions and GPS
information to determine the fastest path to the
most suitable hospital while providing accurate
Estimated Time of Arrival (ETA) predictions.

Experimental  evaluation  demonstrated  the
effectiveness of the proposed approach. The LSTM
model achieved a classification accuracy of 97.2%,
precision of 96.8%, recall of 96.5%, and F1-score of
96.6%, indicating reliable patient severity prediction.
The route optimization module reduced ambulance
travel time by approximately 25%, while the

communication framework maintained a low latency
of 82 ms and a packet delivery ratio of 99.1%.
Furthermore, real-time hospital notifications
improved hospital preparedness by 38.9%, enabling
faster treatment initiation and more efficient
resource allocation.

The integration of Al and loT technologies
significantly ~ enhances emergency  response
efficiency by reducing treatment delays, improving
communication between ambulances and hospitals,
and supporting proactive medical decision-making.
The proposed system provides a scalable and
intelligent healthcare solution capable of improving
patient outcomes during critical emergencies.

Future Scope

Future research can extend the proposed framework

by incorporating:

e Federated Learning
healthcare analytics.

e Explainable Al (XAl) techniques for transparent
medical decision support.

e Edge Al processing for
dependency and lower latency.

e 5G-enabled ultra-low-latency communication
networks.

e Reinforcement Learning-based adaptive route
optimization.

e Integration with Electronic Health Records
(EHRs) and smart hospital systems.

e Multi-ambulance coordination and emergency
resource management.

¢ Digital Twin technology for real-time emergency
simulation and prediction.

The proposed smart ambulance framework

demonstrates strong potential for next-generation

intelligent emergency healthcare systems and can

serve as a foundation for future Al-driven emergency

medical services.

for privacy-preserving

reduced cloud
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