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ABSTRACT

The use of technology in healthcare, particularly in emergency medical services, has steadily
progressed over the years. Artificial Intelligence (Al) has already demonstrated its value in areas such
as disease prediction, outbreak forecasting, and medical image interpretation. These advancements
have opened opportunities for integrating Al into ambulance and emergency response systems. At the
same time, human-computer interaction has evolved significantly, supported by innovations in
augmented reality, virtual reality, and natural language processing.Combining these modern
technologies has led to the concept of an Intelligent Ambulance System that incorporates Al and
advanced human-interface mechanisms. This system aims to improve the performance, precision, and
responsiveness of emergency medical services by embedding intelligent algorithms and interactive
technologies into ambulance operations.Conventional ambulance services largely depend on manual
procedures for receiving emergency calls, assigning vehicles, and delivering patient care. Call
operators typically dispatch ambulances based on limited information provided during distress calls.
Once at the location, paramedics evaluate the patient with restricted access to prior medical records or
comprehensive clinical data. Communication between field personnel and hospital teams may also be
delayed or insufficient, potentially affecting timely diagnosis and treatment decisions.Given the urgent
and life-critical nature of emergency healthcare, there is a strong need for more intelligent and data-
driven systems.
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1 INTRODUCTION

Efficient and well-coordinated Emergency
Medical Services (EMS) play a critical role
in improving survival and recovery during
pre-hospital emergencies such as stroke and
cardiac arrest. In such situations, both the
speed of response and the appropriateness of
the dispatched resources significantly
influence patient outcomes. The conventional
method of sending the nearest available
ambulance to an incident has been found to
be sub-optimal in many cases. When
ambulance resources are limited, accurately
determining the urgency level of each case
becomes essential for effective dispatch
decisions.

To improve prioritization, EMS
organizations around the world have
developed and adopted various pre-hospital
triage systems to classify emergency calls
based on severity. Broadly, these systems fall
into two main categories. The first category
includes protocol-driven models such as the
Medical Priority Dispatch System, which

originated in North America. This approach
assigns priority levels using structured scripts
and standardized questions asked by call
handlers. The second category consists of
Criteria-Based Dispatch systems, which rely on
predefined clinical guidelines to assess patient
symptoms and determine the appropriate
response level. These systems are commonly
used in several Nordic and European countries.
Despite their widespread use, research indicates
that the precision of current dispatch
prioritization methods remains a concern, and
there is limited evidence available to further
refine pre-hospital triage accuracy.

In Singapore, national EMS operations are
managed by the Singapore Civil Defence Force
(SCDF). The organization handles more than
190,000 emergency calls annually through the
national “995” hotline. With a fleet of only 84
ambulances serving a growing and aging
population, efficient allocation of resources is
increasingly important.

Currently, SCDF utilizes a rule-based dispatch
framework comprising 30 internally developed
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protocols that resemble the Criteria-Based
Dispatch approach. During an emergency
call, dispatchers follow specific questioning
guidelines based on the patient’s primary
complaint. Using the collected information,
they assign a severity rating through the
Patient Acuity Category Scale (PACS),
which is Singapore’s nationwide EMS triage
classification system.

The PACS system categorizes cases into five
levels: P1+, P1, P2, P3, and P4. The most
critical cases—P1+ and Pl—include life-
threatening conditions such as cardiac arrest
and severe head injuries. For P1+ incidents, a
fire bike responder may be deployed to
navigate traffic quickly and provide rapid
initial assistance before the ambulance
arrives. P2 cases involve serious emergencies
where patients are typically unable to walk
and may deteriorate without timely care. P3
cases refer to less severe emergencies where
patients experience mild to moderate
symptoms but are still ambulatory; early
treatment can still improve outcomes.
Finally, P4 cases involve non-urgent
situations, such as chronic conditions or old
injuries, that do not require immediate
emergency intervention.

2 LITERATURE SURVEY

A study by Blomberg SN and colleagues
(2019), published in Resuscitation, examined
the application of machine learning techniques
to assist in identifying cardiac arrest during
emergency calls.

The researchers developed predictive models
using information communicated by callers to
emergency dispatch centers. Their findings
suggest that machine learning algorithms can
function as supportive decision-making tools,
helping dispatchers recognize cardiac arrest cases
more effectively and potentially reducing delays
in life-saving interventions.

In a subsequent randomized clinical trial,
Blomberg SN et al. (2021), published in JAMA
Network Open, evaluated the real-world
impact of integrating machine learning into
emergency dispatch systems.

This study assessed whether Al-based decision
support could enhance dispatcher recognition of
out-of-hospital cardiac arrest during live
emergency calls. The results demonstrated that
the incorporation of machine learning
significantly improved the identification rate of
cardiac arrest cases compared to standard
dispatch procedures. The trial provided strong
clinical evidence supporting the practical value of
Al-assisted emergency call triage.

Another important contribution was made by
Tollinton L and colleagues (2020), whose work

was published in the International Journal of
Medical Informatics. This research focused on
predicting  whether  patients  involved in
unconsciousness or fainting incidents would require
transport to the hospital. The study utilized natural
language processing (NLP) techniques to analyze
free-text notes recorded by emergency call handlers
at the London Ambulance Service. By incorporating
textual data into predictive models, the researchers
improved the accuracy of patient conveyance
predictions. Their findings highlight the critical role
of unstructured textual information in enhancing

decision-making  within  emergency medical
services.

3 EXISTING SYSTEM

In conventional emergency medical response

systems, ambulance services primarily depend on
manual evaluation by paramedics and basic
communication with hospital staff. Although this
approach has been widely practiced, it presents
several operational challenges. Factors such as
heavy traffic congestion, absence of intelligent route
planning, and scarcity of medical resources
frequently result in delayed response and treatment
times.

Moreover, traditional ambulances often lack
advanced real-time monitoring systems that
continuously track patients’ vital signs during
transport. Without immediate data transmission to
hospitals or direct consultation with medical
specialists, paramedics may face difficulties in
delivering optimal pre-hospital care. This limitation
can delay critical clinical decisions and reduce the
effectiveness of treatment provided en route to the
hospital. Consequently, these constraints may
negatively affect patient outcomes, especially in
time-sensitive emergencies such as cardiac arrest,
stroke, or severe trauma.

3.1 DIS ADVANTAGES:

3.1.1 Delayed Response Due to Traffic Congestion
Ambulances often face heavy traffic, especially in
urban areas, which increases response and transport
time. Without intelligent route optimization or traffic
prediction systems, delays become unavoidable.

3.1.2 Limited Real-Time Patient Monitoring
Traditional ambulances may lack advanced systems
for continuous real-time monitoring of vital signs
such as ECG, oxygen saturation, blood pressure, and
heart rate. This can reduce the ability to detect sudden
deterioration during transit.

3.1.3 Manual Decision-Making Limitations
Dispatch decisions are largely based on human
assessment, which can lead to errors or
misjudgments,  particularly in  high-pressure
situations. Inaccurate triage may result in either
overuse or underuse of ambulance resources.

3.1.4 Inefficient Resource Utilization

Without data-driven allocation strategies, ambulances
may be dispatched suboptimally, leaving certain
regions underserved while others experience resource
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redundancy.

4 PROPOSED SYSTEM

To realize this proposed system, two separate
applications have been developed: a Hospital
Application and an Ambulance Application.
Hospital Application:

This module is responsible for loading and
preprocessing  the  healthcare  dataset,
followed by training multiple machine
learning algorithms using the processed data.
Once the models are trained and validated,
the hospital system activates a cloud-based
server that continuously listens for incoming
requests from ambulance units. The server
processes patient data received from
ambulances and generates predictions
regarding the patient’s medical condition.
Ambulance Application:

In situations where IoT-based medical
sensors are not available, the ambulance
module allows patient vital parameters to be
uploaded manually from a file. These
parameters simulate real-time vital signs such
as heart rate, blood pressure, oxygen levels,
and other clinical indicators. The application
then securely transmits this data to the
hospital server. Upon receiving the data, the
trained Al model analyzes the information
and predicts the patient’s health status. The
prediction results are immediately sent back
to the ambulance team, enabling paramedics
to take appropriate and timely medical
actions during transit.

This Al-driven ambulance framework
addresses the growing demand for efficient
emergency care in rapidly expanding urban
populations. By integrating predictive
analytics, cloud communication, and
automated decision support, the system
enhances  response  speed,  improves
coordination between ambulances and
hospitals, and optimizes medical
interventions.

Overall, the proposed Al-based Ambulance
System represents a major advancement in
emergency medical services. By utilizing
modern computational technologies, it
ensures faster decision-making, better
resource utilization, and improved patient
outcomes—making every second count
during life-threatening emergencies.

4.1 ADVANTAGES:

4.1.1 Faster Medical Decision-Making

The system uses trained machine learning
models to quickly analyze patient vital signs
and predict medical conditions, enabling
paramedics to take immediate and informed
action.

4.1.2 Improved Pre-Hospital Care

By receiving Al-generated predictions from

the hospital server, ambulance staff can begin
appropriate treatment during transit, improving
patient survival chances.

4.1.3 Real-Time Communication

Continuous data exchange between the
ambulance and hospital server ensures that
healthcare professionals are prepared before the
patient arrives.

4.1.4 Reduced Human Error

Al-based prediction minimizes dependency
solely on manual assessment, reducing the risk
of  misjudgment  during  high-pressure
emergency situations.

5 RELATED WORK

The integration of artificial intelligence and
advanced human-machine interface
technologies  into  ambulance  services
significantly enhances the performance of
emergency medical systems. These innovations
improve  operational efficiency, clinical
accuracy, communication, and overall patient
outcomes, creating a more responsive and
reliable emergency care framework.

5.1. Increased Operational Efficiency
Automation of routine tasks such as dispatch
coordination, route planning, and data
processing reduces response time and improves
workflow  management. Al-based route
optimization helps ambulances avoid traffic
congestion and reach emergency locations more
quickly.

5.2. Greater Diagnostic Accuracy

Al-powered predictive analytics and decision-
support tools analyze large volumes of medical
data to generate reliable insights. This supports
paramedics in making accurate clinical
decisions, leading to improved diagnosis and
treatment during pre-hospital care.

5.3. Better Resource Allocation

By evaluating historical data and forecasting
emergency demand, the system enables optimal
deployment of ambulances, medical personnel,
and equipment. This minimizes resource
wastage and ensures better coverage across
service areas.

5.4. Improved Quality of Patient Care

Access to real-time patient information and
medical history allows emergency responders to
deliver personalized and condition-specific
treatment. Being better informed before
reaching the scene enhances preparedness and
treatment effectiveness.

5.5. Rapid Clinical Decision Support

Al systems can process patient data instantly
and provide immediate recommendations. In
critical emergencies such as cardiac arrest or
stroke, faster = decision-making  directly
contributes to higher survival rates.

5.6 ALGORITHM INVOLVED
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5.6.1 RANDOM FOREST ALGORITHM
Random Forest is a supervised machine
learning algorithm used for classification and
regression tasks. It was introduced by Leo
Breiman in 2001 as an extension of decision
tree models. The core idea is to build
multiple decision trees and combine their
predictions to improve accuracy and reduce
over fitting.

Step-by-step process:

Select N random samples from the
dataset.Build a decision tree for each sample.
At each node:

Select a random subset of features.Choose
the best split among them.Repeat for many
trees.

Aggregate results:

Classification — Majority Vote

Regression — Mean of predictions

If we denote:
o Ti(z),To(2), ..., T,(2) as individual tree predictions
Then:

¢ (Classification Output:

§ = mode(Ty(z), Ty(z), .., Tu(z))

¢ Regression Output:
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Fig 2:In the above system interface, the
ambulance application first uploads the
patient’s test data, which represents vital

health parameters. This data is then transmitted
to the hospital server through the cloud
connection. Upon receiving the patient
information, the server processes the data using
the trained AI model to analyze the patient’s
condition.After evaluation, the system classifies
the condition as either normal or abnormal
based on the prediction results. The server then
immediately sends the prediction outcome back
to the ambulance application. Based on this
response, paramedics can take appropriate
medical actions during transit and inform
hospital staff for further preparation if the
condition is identified as abnormal.
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Fig3:In the proposed system, the ambulance

application continuously transmits the patient’s
vital parameters to the hospital server. These
parameters may include heart rate, blood
pressure, oxygen saturation, temperature, and
other relevant clinical indicators. The server
processes this incoming data using trained Al
models to predict the patient’s medical
condition in real time.Based on the predicted
condition, doctors and hospital staff can
immediately prepare the necessary medications,
medical equipment, and treatment arrangements
before the patient arrives. This proactive
approach reduces delays in treatment, ensures
better preparedness, and improves the chances
of positive patient outcomes during critical
emergencies.

5. CONCLUSION

The Intelligent Ambulance project, which
combines artificial intelligence with advanced
human interaction technologies, highlights the
trans-formative impact of digital innovation in
emergency medical services. By embedding Al
capabilities into ambulance operations and
enhancing human-machine communication, the
system establishes a smarter and more adaptive
emergency healthcare framework.The
implementation of this approach has
demonstrated notable improvements, including
reduced response times, more precise patient
condition analysis, and stronger coordination
between paramedics and hospital teams. Al-
powered decision support tools assist medical
personnel in evaluating patient data quickly and
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accurately, while human expertise ensures
appropriate clinical judgment in critical
situations.The effective collaboration
between intelligent algorithms and healthcare
professionals strengthens emergency
response efficiency and elevates the quality
of patient care. Overall, the project illustrates
how integrating Al with human-centered
technologies can significantly advance pre-
hospital emergency services, ultimately
leading to better clinical outcomes and
improved survival rates.
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