Internet of Things and Edge Computing Journal
The Science Brigade Publishers 1

Al-Based Real-Time Emergency Response Systems for Autonomous

Vehicles

By Dr. Victoria Popovi¢

Associate Professor of Information Systems, University of Belgrade, Serbia

1. Introduction

The deployment of autonomous vehicles (AVs) has increased considerably in recent years.
Their increased adoption in various domains and industries underscores the need to ensure
their performance and reliability in the long term. Vehicular accidents necessitate the
development of emergency response systems (ERS) that are effective, real-time, and reliable.
A vigorous ERS promises improved safety, better policymaking, and public safety
improvements. As critical Al methods, intelligent systems have shown promise in
marshalling the complex structure of vehicular control operations and processing multimodal
communication flows. These Al algorithms result in a unique approach to absorb information

from various scenarios and develop operations and decision protocols in real-time.

Although an emergency for an AV can arise from a vehicular accident, terrorist attack, or
natural disaster events, the research proposition here explores the advantages of having an
Al-based ERS in an AV to prevent mishaps. The ERS can help return safety levels to normal
by evacuating passengers from the AV, coordinating with local emergency aid services to
reach the site immediately, delivering real-time AV status information to emergency
operations, and accessing optimal avenues for an AV to go in the presence of vegetation
blockage and wildfire. The concepts of an AV and the ERS are presented. In the next part,
perceptions of a robust AV and its conscientious role for various stakeholders are recognized
as international law. This paper is organized as follows. Subsequently, we describe earlier
related work, the context of this paper, the creation of the AV, and the aims of the ERS. Finally,

the first and second aspects of an EV-ERS are summarized in this essay.
2. Autonomous Vehicles and Emergency Response Systems

Autonomous vehicles are intelligent transportation systems that are capable of driving

themselves autonomously without human input. To accomplish these tasks, autonomous
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vehicles depend on various technologies such as cameras, radars, LIDAR, GPS, inertial
measurement units, ultrasonic sensors, and V2X communications for sensing the
environment. Several mapping, localization, obstacle detection, object and pedestrian
recognition, path planning, and vehicle control systems are required to be integrated in order
to execute these advanced technologies. With technological advancements, these vehicles are
trained to understand the surroundings and act accordingly in several complex driving

scenarios, including emergency situations.

Emergencies are unforeseen incidents that require immediate attention. The effectiveness of
the technology-driven autonomous vehicles increases when they are combined with smooth
and robust emergency response systems capable of managing these complexities. A more
comprehensive and coordinated management strategy provides realistic decision-making
essential for handling potential outcomes. Implementing an emergency response system can
assist in minimizing possible outcomes, as well as in other decision-making processes. An
emergency response system may be linked to trust mechanisms in order to obtain valuable
and feasible results. A synergistic association between the KNN-based emergency response
system and a confidence-based function would be beneficial. These systems predict both the
driver behavior and the emergency response system future assistance continuance or
withdrawal, therefore envisaging system performance. Additionally, other emergency
response system components could be incorporated within such a vehicle control framework.
This detailed view demonstrates the suitability of combining autonomous vehicles and real-

time emergency response systems to elevate public safety and hazard management.
2.1. Overview of Autonomous Vehicles

Autonomous vehicles (AV) are integrated systems that can perceive, analyze the surrounding
environment, and navigate or operate independently. Sensory data extracted from Light
Detection and Ranging (LiDAR), radar, and cameras is augmented with Global Positioning
Systems (GPS), Inertial Measurement Units (IMU), and maps to provide a "trajectory” for the
vehicle to follow, considering many objectives like energy consumption, passenger comfort,
and so on. Different AV companies may use different combinations of inputs, perform
different analyses on the data, and transmit different commands to the vehicle actuators to

accomplish this "trajectory." It is this analysis of the data and construction of the trajectory
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that is relevant for AVERT. The basic components of an AV that make it function are the on-
board sensors (like cameras, light/laser/radar detection systems, GPS, accelerometers,
gyroscopes, etc.), data computational system, control algorithm, bidirectional communication
system, and some external devices like the GPS or inertial sensors that help locate the vehicle

with respect to its surroundings.

The operation of autonomous vehicles has evolved to include all the systems in vehicles that
make driving safer and more comfortable for the driver and passengers. These systems may
communicate with the driver, help make some decisions, or may take control of some of the
vehicle functions. A great revolution is happening in the automotive and transportation
sectors right now, with the development of autonomous vehicles. Safety and the related topic
of emergency response for human-driven vehicles have been active areas of research and
development for many years. With the advent of autonomous vehicles, those efforts have
found a more challenging impetus. The news media talk and hype about AVs often dwells on
a future where cars will drive around with no human inside. However, only a few "Level 5"

AVs have been deployed.
2.2. Importance of Emergency Response Systems

Emergency response systems play pivotal roles in ensuring public safety. For autonomous
vehicles, such systems are imperative, as they are supposed to be capable of making a real-
time reply to unpredictable incidents. A vehicle in an emergency condition without a proper
safety response system will lead to fatal results. Hence, the development of such a safety
system is of utmost importance. Many accident scenarios require an emergency response,
including highway accidents, vulnerable road user protection, and medical emergencies.
Appropriate interventions in these cases will reduce crashes by several orders of magnitude.
Accurate location of a crash site to emergency services within a kilometer may prevent crashes
from propagating into secondary incidents, reducing injury severity and the need for EMS

personnel on the scene.

Wireless communication is frequently used for real-time roadside sensor data collection and
reporting. Many standards focus on wireless communication technologies dynamically
supporting this real-time scenario. In the USA, there are a minimum of 29 communication

networks in active deployments over most connected-vehicle safety applications. These
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networks vary in terms of geographical coverage, market share, and traffic data services.
Transitioning between wireless networks can impact public safety communications if the
handoff is not expeditious, particularly when the mobile unit is not in active communication.
In the future, attractive applications, like autonomous driving systems that prevent accidents,
demand completely reliable data transmission between vehicles and the surroundings. Speed
and reliability of a safety-relevant communication network are fundamental for efficient
assistance after a crash. Existing networks still cannot provide the necessary broad and
redundant communication possibilities for an efficient and completely reliable emergency
response to accidents. Simulation-based research on emergency response has shown benefits
to both emergency response crews and the potentially injured parties at crash scenes from an
efficient deployment of evacuation and emergency response resources. In showing how
technology can be used within the different phases of simulation, real-time simulations can
be used to train Emergency Medical Technicians in ways to facilitate the evacuation of injured

patients.

Although a variety of research fields require the event-free flow of traffic to maintain their
goals, one large impact is for the emergency response network and its ability to provide
service to society. There are several scenarios that demand an emergency response, such as
crashes, hazardous materials spills, and illnesses occurring during mass events. For the
human body to recover from injuries inflicted during an accident, the most critical factor is
the time it takes to obtain medical assistance. The so-called "Golden Hour" is the period of
time following a traumatic injury during which care must be given to maximize the chances
of saving an injured person’s life. The time frame to action varies, but most indicate that
medical assistance to an injured person is best if it begins within 60 minutes of the injury. So
far, few projects or current technologies have been implemented to provide suggestions as to
how long the EMS must stay at the accident scene as opposed to rapidly evacuating people to
hospitals. Concerning autonomous vehicles, experts have long recognized the importance of
including efficient communication technologies between autonomous vehicles and the
emergency services. Owing to accidents, changes in environmental or vehicular conditions,
or changes in route, an autonomous vehicle can immediately want to contact emergency

services to assist with transport to a hospital or similar. Besides providing help in case of an
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emergency situation, it is an enormous boon to all other vehicles on the road, improves human

confidence and safety, and acts as a great sales pitch for the manufacturer or developer.
3. Machine Learning in Emergency Response Systems

Machine learning or artificial intelligence is concerned with incorporating computer-based
models for intelligent decision-making based on complex data from different sources. These
advanced technologies are catered towards performance improvements, where optimal
decision-making is ultimately based upon several sources, like real-time updated data, big
data, data analytics, and similar. Examples include predictive maintenance, predictive quality,
and real-time monitoring systems. Speaking of emergency services, the task is quite similar.
Billions of traffic data points are generated regularly, which is beneficial for real-time and
predictive analytics to provide benefits to stakeholders in different ways. Despite their
different application domains, the basic tasks or functions of advanced emergency services
remain prediction. These hubs are responsible for analyzing available historical and live data
to predict future incidents before they become unmanageable or large-scale, and data analysis
whose results are then used for the optimum actions to be taken in response to an incident.
Recent advances in these technologies are contributed by advanced predictive analytics,
artificial intelligence, and machine learning, as well as real-time processing of big data in a

consolidated data hub system.

These systems, which have been developed to provide a host of predictive analytics, can
handle a variety of data management and decision-making processes and are currently
operational. A major advantage of AI/ML forecasting is that it reduces subjectivity, such as
biases. The prediction is based entirely on historical and real-time data and is not influenced
by personal factors. For example, the system does not care about the patient’s physical
appearance or the family member’s behavior because the prediction is not intuitive. AI/ML
systems provide a more effective and capable system when dealing with various data
resources and management structures. In this sense, advanced predictive analytic systems are
capable of managing different real-time data resources and making real-time decisions about
the data analytics performed. In contrast, advanced workflow applications are limited to
traditional tools, which are not affordable and beneficial for all types of use cases. For

example, an Al-based incident response system has the ability to predict traffic-related
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incidents, including road traffic accidents, environmental hazards like storms or hurricanes,
mob protests, and many similar situations. If the government is supposed to predict traffic
jams and congestion on main roads and highways, then an Al-based traffic forecasting system
is also a part of the predictive traffic system. All these systems discuss the real-time handling

of emergency-like situations.
3.1. Fundamentals of Machine Learning

Machine learning encompasses special algorithms as well as statistical models that permit
computer systems to improve hypothesis-learning capabilities iteratively from data. It is used
extensively across nearly all application domains. There are two primary types of learning:
supervised and unsupervised learning. The former occurs when features are preprocessed
with known outcomes. Unsupervised learning, however, requires improved similarity or
clustering measures for identifying different data patterns. Inner mechanics lie at the heart of
machine learning to allow programs to learn from experience, offering precise instructions. It
is noted that machine learning is significantly enhanced by data mining and big data
technologies that optimize enormous data volume handling as well as computational

processing aspects of machine learning programs.

The right data quality for supervised learning models is a critical success factor. Consequently,
less useful or corrupt data can create inaccuracies or even render the model useless or non-
functional. During training processes, developed and produced data are utilized to increase
the hypothesis. The more training data available for model hypothesis construction, the more
accurate the model becomes. Several different algorithms are becoming increasingly popular
in the framework of machine learning, including classification algorithms such as k-nearest
neighbors, decision trees, random forests, support vector machines, and naive Bayes, as well
as regression algorithms such as linear regression, polynomial regression, and multivariate
regression. The 'dimensional curse' is the reason why 'feature selection' and 'dimensionality
reduction' are key factors in either classification or regression problems: the number of feature
observations and unrelatedness grows as the dimensions get bigger. The iterative approach is
one of the model training processes that includes performing predictions on training data for

constant improvements. Therefore, training data feedback loops help converge to an overall
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hypothesis that optimizes the predictions. Model assumptions in unsupervised learning are

different from those in supervised learning.
3.2. Applications in Incident Management

3.2.1. Overview One of the most straightforward applications of machine learning in
emergency management and incident response lies in generating better situational awareness
during an unfolding incident. Continuous, real-time data flows in conjunction with the
processing capacity of modern computational systems provide an opportunity to filter the
data for the development of specific responses to unfolding crises, particularly with respect
to location-based issues. Similarly, data processing speeds and computing power are being
used to obtain, filter, and deliver vast amounts of information with respect to natural
disasters. In both contexts, the use of machine learning algorithms for real-time data
integration has numerous practical applications in emergency management. Predictive
analytics is a related field but focuses on doing today what might avoid an incident tomorrow,

such as scenario planning.

3.2.2. Recent Trends and Case Studies Machine and deep learning are increasingly being
adopted to assist emergency management against a broad array of threats: from the spotting
of chemical spillages in factories before they rupture, to the handling of dozens of calls stating
that a building is alight, and to the specification of substantive resources in advance of a road
closure event. They are used for predictive modeling, optimizing response functions across a
multi-dimensional landscape, and for creating intelligence products or alerting the content of
other analysts to generate joined-up intelligence products. Machine learning can aid in report
triaging and scoring reports automatically for a faster and more standardized service or to
pick out emergent themes. The use of these technologies is also being shared in local and
national forums. They are playing an important role in informing strategic decision-making
and shaping the policy and planning of the first response community, particularly in the UK

and Scandinavia.
4. Designing and Implementing Real-Time AI Systems

The design of an Al system that is created to be well-equipped in steering a vehicle out of

harm’s way during emergency scenarios is part of a real-time decision-making process. This
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kind of system should have an adequate representation for decisions, can efficiently map
advanced information about the surrounding scene to a particular action space, and should
work with high accuracy and speed in real-world environments that may change rapidly. The
creation of a real-time Al system designed for emergency decision-making is divided into four
phases. Data Collection (DC) is the first phase, where high-quality data is collected and
preprocessed. Data Analysis (DA) is the second phase, where the collected data is analyzed
and noise is removed. The third phase, Model Development, Training, and Evaluation
(MDDTE), involves creating the architectures and training the individual models to be able to
make a decision. The last phase is the red-traffic and system integration (RTSI) phase that is
used to fuse the models obtained from the third method as well as social and legal

considerations.

When implementing a system such as this, these are the more important steps that should be
followed. Data Collection (DC): This step focuses on gathering data from various scenarios,
for example, accidents or near accidents. This step involves using a simulator as an
environment for collecting data from a large variety of scenarios. Additionally, a post-
processor for recorded scenarios gives data in the form of the initial and final conditions for
each vehicle driving in any given traffic scenario, a set of future states each vehicle should
reach, as well as the initial and final state. Data is a key ingredient for any real-time system,
especially if artificial intelligence is employed to make decisions. The quality of the data in
terms of how well it represents the system is a key aspect when creating any Al algorithm. In
this particular case, the data should be collected in scenarios as close to the real thing as
possible. Therefore, a basic simulation was created that was able to reproduce diverse, real-

world situations by incorporating social behavior driving.
4.1. Data Collection and Preprocessing

One of the fundamental steps in Al system design is data collection; the quantity and quality
of the data sets dictate the training and reliability of the models. To train an effective and
efficient Al system, both structured data (tabular) and unstructured data (text, image, or
voice) are preferably used. For developing emergency response systems, some of the data
sources include traditional static datasets obtained from historical and public incident reports,

surveillance videos, newspapers, and alert systems. With the advanced sensors deployed in
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autonomous vehicles, it is possible to collect and integrate various data types regarding
immediate surrounding traffic and environmental conditions. This data passes through a
sequence of preprocessing steps such as noise reduction or data quality assurance. The trained
models based on data sets predict various oncoming traffic conditions, likely associated
threats such as imminent collisions, rollovers, skidding, and vehicular crashes based on
vehicle dynamic conditions. A probable injury severity is also calculated based on
personalized occupant information such as age, gender, health conditions, and physical
attributes. Accurate and reliable alerts or incident anticipations can promote effective
planning of the oncoming emergency treatment. In the next section, we provide an overview

of these preprocessing techniques as applied in Al model development.

Preprocessing should ensure that the input image is consistent in terms of resolution and scale
across different sensor systems. Some of the basic preprocessing steps include data cleaning,
outlier detection, and data normalization. Data cleaning tasks involve rectifying missing or
nonsensical values. Noisy data impacts modeling and may result in incorrect user outputs. A
significant aspect of data is resource management, as Al operates more efficiently on certain
data ranges and scales. Normalization or standardization is applied to data to ensure it abides
by certain standards and often removes bias so that the models develop a more holistic view
of the data. Attribute extraction and data transformation techniques are needed for effectively
encoding and summarizing the model input space. Improper encoding steps can contribute

to misleading models and lower predictive ability.
4.2. Model Development and Training
Al-Based Real-Time Emergency Response Systems for Autonomous Vehicles

Model Development and Training A starting point of the model development process is to
select the appropriate Al algorithms based on the emergency response task and specific needs.
It is important to learn the regularities behind a large amount of data collected over a large
feature-size space to generalize operations for efficient real-time emergency response. In
model training, iterative procedures should be followed to select the best-performing
algorithms and hyperparameters. Data splitting, cross-validation, and model selection form
important steps in the validation and testing of algorithms, and in obtaining training

performance through a single validation set, which is a collection of unseen data that is
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reserved from the main training set. Data-driven Al algorithms learn from both input features
and emergency response outputs to generate the prerequisite behavior for emergency

response.

Model deployment for the implementation of Al-based real-time emergency response systems
should allow learning of new data for enhanced long-term emergency response. It is
important to benchmark the performance of an in-development Al-based emergency response
system with the performance of existing systems. Overfitting and underfitting are two main
threats to yield an intelligent operation from Al systems. Overfitting tends to perform well on
the training data but performs poorly on the validation dataset. Ensembling and cross-
validation are important strategies that can be used to address issues such as model
underfitting and overfitting. In ensembling methods, a number of base estimators are
formulated, trained, and combined via an external meta-estimator referred to as a grower. For

cross-validation, k-fold and leave-one-out are the main strategies that are usually applied.
4.3. Integration with Autonomous Vehicle Platforms

Real-time emergency response using Al is the backbone of safe operations for autonomous
vehicles. However, there are several challenges that need to be addressed while developing
an autonomous vehicle protection system. Sufficient communication between the emergency
response systems at different levels ensures timely planning of mitigation strategies based on
the evolving nature of an incident during both pre- and post-emergency phases. Systems for
communication need interoperability, which assumes the existence of protocols and
communication interfaces with various systems and devices from disparate manufacturers.
During an emergency, the equipment must provide real-time information and response

subsystems capable of processing data in real time.

For example, a communication interface based on the 12V systems collects and processes
changing traffic conditions and road information. It provides candidates for emergency
vehicles in an emergency or ad hoc traffic management approach. The emergency response
system and vehicle platform lack usability if the user interfaces are poorly designed in terms
of content and cognitive framework, and provision is not made for a feedback mechanism.
Similar to any software system, care should be taken to extensively evaluate the Al-based

software for autonomous vehicle protection. Rigorous testing and validation at various test
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levels must be performed on the Al-based software. Integration tests, which include module
tests and subgroup tests, must be conducted. Thus, the integration of Al features into the
autonomous vehicle platform for emergency response consists of many components
involving Al computing as a primary system element to ensure the safety of autonomous

operations and practical usage.
5. Case Studies and Success Stories

Various case studies serve to showcase the success of an Al-based response system for
emergencies. For instance, many cases demonstrate the success of Al systems in aiding or even
preventing crashes and accidents. Researchers found that children on balconies or rushing
onto roads distracted drivers. The system they studied used a video and acoustic dataset as
the base for its predictive model and identified 274 potential emergencies. These Al-generated

predictions assuredly led to countless accidents being avoided.

Feedback demonstrates noticeable benefits of Al systems. Responders were provided with
access to their Al-based prediction system and found they utilized it in a majority of
emergencies. The data-driven information provided nudged responders to make twice as
many decisions during times of high stress. It effectively boosted their confidence in making
on-the-fly decisions and subsequently drove those decisions to conclusion with good recall
and accuracy. This system identified 20% of people experiencing hacking, would-be robbers,
miscreants, and abuse from software or software users. Because Al provided a lead, it was
beneficial. Distress eases when there is a modicum of control in place. Emergency responders

expressed interest in this kind of advance warning, even if it had only a 5% chance of success.

Responses are continually focused on developing and improving. The internal policing
organization of Pittsburgh will trial the theories generated in this experiment for several
weeks. Researchers and their collaborators will work with the police officers and emergency
responders to measure the efficacy of the changes. The update will focus on developing
personnel to manage data-driven updates; those experiencing the shift will receive training
for six hours a week for the next six weeks after the system's implementation. Initiatives also

require time to make it through response procedures in order to uncover value and efficacy.

6. Challenges and Future Directions
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Challenges and Future Directions

This section discusses the challenges that still need to be addressed and some of the future
research issues in launching an Al-based real-time emergency response system for connected

and autonomous vehicles.

The emergency response system raises two aspects of concern in petition technology. From
the perspective of machine learning system design, can we ensure that such an old-school
system would work efficiently, especially in a vehicle-to-vehicle crash? This requires the data
to be carefully selected and modeled to be both relevant to regional crash characteristics and
not overly sensitive to poor human drivers. In any case, authenticating the reliability of a crash
summary profile and mitigating machine learning system safety risks could be an open
avenue for future research. From a technology acceptance perspective, there are currently
challenges to conducting long-term real-world field experiments of this nature. Fully
collecting and interpreting the highly diverse, high-fidelity ambient sensor data essential for
machine learning perception systems in actual crash scenarios in the presence of busy human-
piloted vehicles would be difficult. Significant regulatory and policy permitting systems of

this nature must also be navigated.

There is a need to first develop effective damage-mapping models for a wide variety of
geographical and weather conditions; currently, the algorithms suffer from reduced loss ratios
when rainfall or snowfall further obscure the damage. Developing systems that can
automatically generate models adaptable to navigation maps may be a promising research
plan in which the system cooperates with researchers at local planning and regulatory
agencies to automatically generate damage models. Additionally, work is necessary to
integrate the damage scale with the human capabilities of the first responder. Someone with
a significant amount of experience dealing with tidal waves and associated injuries might be
helpful to plan for. As an area for future research, continuous updating of damage mapping
guidelines as the machine learning units are developed and the fleet further matures is a
promising area for further research. Finally, training and public safety awareness would
necessitate ongoing coordination and consultation with local emergency responders. Are they
familiar with the technological developments in automatic emergency assistance and possibly

training future EMTs or giving instructors access to the AI?
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7. Conclusion

This paper has discussed the potential importance of Al-based real-time emergency response
systems for autonomous vehicles. By enabling AV systems to better understand emergency
situations relating to other road users, the AI models can adapt their predictions, behaviors,
and action selection accordingly. The paper has indicated that there are significant challenges
that will need to be considered, including real-time model performance, growing
requirements for large datasets, system robustness, emergency service demands, and ethical
considerations. While tools such as deep reinforcement learning have seen some research in
components of emergency response systems, there is a great deal of work ahead in combining
these components into holistic models and systems. As a part of the larger spectrum of
incident management systems, Al-based real-time emergency response systems have the
potential to greatly improve public safety at the sites of accidents or emergencies. Major
difficulties will need addressing in order to bring this about, bringing together interests from
industry, the public, academia, policymakers, and various regulatory and standards bodies
who will have an interest in ensuring that new systems do not introduce more problems than
they solve. The use of machine learning and artificial intelligence in autonomous systems for
supporting roadway safety has a potentially transformative role not only in autonomous
vehicle design but also for interplay with traffic management and control; a key area for future
research is the effect that more effective and adaptable emergency response may have on

automatic incident detection and control systems.
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