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1. Introduction to Autonomous Vehicles and Urban Environments

An autonomous vehicle (AV) can be defined as a self-driving or robotic vehicle that is capable
of traveling without human command. These vehicles are seen as an integral part of modern,
smart cities. Although AV technology is not a new concept, it has only recently been
integrated into urban infrastructures. From the development of partial automation, the first
experiments with autonomous public transport in urban environments have been conducted
to help last mile mobility solutions. This development has gained interest from companies
and governments worldwide to continue this work in the hopes of eventually constructing
fully connected, automated, smart cities. By doing so, a range of functions could aid and
improve urban living by targeting urban mobility issues, as well as addressing other urban

challenges like pollution and improving care services.

Urban environments are dynamic and hectic landscapes with high traffic densities, due to a
collection of diverse road users and an increased number of unplanned events in comparison
to rural areas. This leads to a high complexity of the traffic flow, which can result in the need
for an acceptable level of vehicle communication to ensure a smooth interaction between all
relevant participants. Fully or highly automated vehicles apply interactive and reactive
control strategies to avoid accidents and can adapt their behavior according to their
environment. This raises the need for these machines to understand complex urban traffic
environments as much as possible while avoiding the risks of overfitting their use of data.
Since the development and progress of natural, probabilistic,c and reafferent sensor
technology, it has been conceivable to introduce machine learning techniques to urban
environments with hopefully beneficial results. Technology-wise, the prospect of

implementing said techniques in vehicles is getting all the closer, but for the continuous
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implementation to be worthwhile, it is imperative to understand what the advantages are and

whether it is of use.
1.1. Overview of Autonomous Vehicle Technology
One. Introduction

1.1 Overview of Autonomous Vehicle Technology Data processing and analytics involve
sifting through volumes of data to both establish data processing parameters and conduct
analytic comparisons across ranges of data. The rise of modern machine learning—an
advancement of artificial intelligence —has enabled recommendation systems on popular
online shopping platforms. It is also at the core of a fully digital self-service solution where a
new current account is tailored to a customer's spending pattern or a feasibility assessment on
transport conditions in Nairobi as part of a project to promote an ecology of zero-emission
public and commercial vehicles. Autonomous vehicles are taking these capabilities one step
further. Fitted with advanced computing infrastructure, modern autonomous vehicles take in
data from various sensors such as LIDAR, several forms of cameras, and radar systems
mounted around the vehicle, typically at the top, to provide 360-degree coverage. The most
common LIDAR system is the Velodyne in its 64HDL or 360-series, while another system has
proprietary LIDAR and radar sensors. In any case, these sensors help constantly scan and

locate the precise position of vehicles, pedestrians, and other obstacles in the vehicle's vicinity.

This chapter provides an introduction to machine learning, an advanced method for decision
making, in the context of autonomous vehicles. Autonomous vehicles, also known as self-
driving cars, are vehicles with automation systems that can manipulate the vehicle without
human assistance. Automation is controlled by software algorithms that generate decisions
by processing the output from a multitude of vehicle-mounted sensors. Input from LIDAR,
radar, GPS, inertial measurements, and several types of cameras are processed by complex
software algorithms that recognize objects such as pedestrians, cars, and traffic signs. These
algorithms are designed to function in urban landscapes where the driverless car's sensors are
constantly capturing a high volume of rapidly changing data. As a robot, the vehicle should
comply with road rules and engage in normative behavior that is acceptable to human drivers.
Today's driverless cars can operate by themselves, know the prevailing speed limit, maintain

minimum/maximum safety clearances with pedestrians and other road users, overtake static
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vehicles, and travel up to a controlled traffic signal. In this section, we discuss the system
components of driverless vehicles, describe the increasing automation of driving functions,
and highlight the decision-making capacity of the software algorithms that manage the
vehicle's automation system. Given the increasing automation of driving functions, we then
present the manual and automation functions in a vehicle and walk through two vehicles that

differ by five levels in their ability to operate autonomously.
1.2. Challenges in Urban Environments

Urban environments present a broad range of problems not found in highway driving
conditions. Although pedestrians and cyclists can be modeled as dynamic obstacle fields to
the vehicle, their unpredictability makes them difficult to model. The variability of human
behavior and high speed of pedestrians and cyclists in congested traffic make it dangerous to
rely on a safety margin strategy for avoiding collisions. Many decision-making strategies
involve predicting pedestrian or cyclist trajectories, but there is a considerable amount of noise
and model uncertainty in trajectory predictions; a high enough probability of a detected
obstacle taking a specific trajectory does not necessarily equate to a low collision probability.
Therefore, the decision-making algorithm should not rely on highly accurate predictions but
instead should balance inherent collision risk by minimizing the consequences of the worst-
case scenario for each possible action given the uncertainty in the prediction. Additionally, in
some cultures, pedestrians have the right of way at street intersections controlled by stop
signs. For a vehicle with perfect perception reliability, deciding between stopping at an
intersection with an approaching pedestrian over a relatively short distance or proceeding
through the stop sign with the concomitant higher velocity proliferates the problem of legal

compliance.

Traffic congestion is also an important field of study when developing decision-making
algorithms. Traffic interacts with the reacting strategies of human drivers; thus, in an effort to
reduce overall travel time, the vehicle controller will rely on the likelihood of future traffic
patterns in its decision-making processes as well. This involves not just traffic in the vicinity
of the vehicle but may also necessitate long-term planning of the state of traffic signals in the
city. Consequently, making convenience-oriented decision-making will also require

cooperation or cooperation-inspired strategies in other nearby vehicles to minimize conflict.
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Another algorithm aims to decrease traffic congestion by increasing capacity or roadway
traffic. The vast majority of strategies used for mobility models of autonomous vehicles have
not been developed for the urban environment. Moreover, it is considered to have the
potential to achieve good results in improving traffic fluidity and general travel time
reduction while allowing cooperation with other surrounding vehicles and compliant traffic
when necessary. For the previously mentioned reasons, testing convenience-based decision-
making on busy city road environments is also difficult in realistic scenarios. This section
discusses, in chronological order, limitations inherent to city traffic flow, stop and yield
regulatory constraints, unconventional city infrastructure, vehicle standards, and public

feedback.

2. Machine Learning Fundamentals for Autonomous Vehicles

Machine learning for enhancing autonomous vehicle decision-making in urban environments
2. Machine learning fundamentals for autonomous vehicles

Machine learning plays a critical role in the development of autonomous vehicles, which
requires the use of supervised learning, unsupervised learning, and reinforcement learning.
Supervised learning can enable autonomous vehicles to process valuable and useful
information and solve tasks including object detection and tracking. Unsupervised learning
is particularly useful in clustering, pattern recognition for data reduction, and other tasks such
as traffic analysis, traffic flow prediction, vehicle re-identification, trajectory prediction, and
pattern mining. Reinforcement learning provides the ability to train the model utilizing trial
and error for decision-making in autonomous vehicles. Such decision-making tasks could

include lateral and longitudinal controls, trajectory planning, and decision-level control.

Supervised learning tasks, working with static inputs and desired output labels, need a huge
dataset to be efficient. For instance, it is applied in the detection processes of lane markings
and road signs, semantic segmentation, object detection, and localization. Since autonomous
agents control physical systems in the real world, supervised learning is prone to being
inefficient and cannot correctly detect all cases. Unsupervised learning tasks process static
input but with no known desired output labels and can be employed in the system for

clustering and data reduction. It can also be used in traffic data analysis systems, prediction

Distributed Learning and Broad Applications in Scientific Research
Annual Volume 10 [2024]
© DLABI - All Rights Reserved
Licensed under CC BY-NC-ND 4.0




Distributed Learning and Broad Applications in Scientific Research 477

of traffic flow, and vehicle re-identification. Reinforcement learning is framed as an
autonomous agent that learns to continuously interact with a sequential decision-making
problem and has to learn how to sense the environment and how to solve the problem. It can
cope with a variety of autonomous vehicle systems, including vehicle energy management,
autonomous operation, and waypoint navigation. To achieve the desired intelligent
operation, an autonomous vehicle typically adopts large-scale data, including learning-based
supervision. The optimal autonomous operation may not need that much data, but it needs
higher data quality. High-quality data are costly and hard to collect, making it suitable for the
data-driven framework of autonomous vehicles. Data-driven methods refer to those that
employ methods and concepts from statistics, machine learning, mathematics, and Al to
identify relevant information features for decision-making based on historical data and a
precise model of the vehicle system, including the contextual environment. The mainstay of
many of these method families implies the use of supervised learning, unsupervised learning,
and reinforcement learning, whose application is mainly in behaving methods (in the case of
supervised learning), understanding methods (in the case of unsupervised learning), and

learning methods (in the case of reinforcement learning).
2.1. Supervised Learning

Unsupervised, semi-supervised, reinforcement, transfer, or active learning are but a few of
the existing subfields of machine learning. In this work, our focus is on the supervised
learning paradigm. One of the core elements behind software development - including
algorithms used for autonomous or semi-autonomous vehicles - is that one assumes complete
control of the development environment, including the data, algorithms, and conditions that
may affect the provision of outputs. Supervised learning is particularly suitable for the
development of image recognition and object detection systems - an important tool in control

for autonomous and/ or semi-autonomous vehicles.

Supervised learning consists of learning from labeled datasets. Essentially, a dataset is a list
of input-output pairs, and the machine learning model follows from the optimization of some
loss function associated with these pairs. Some of the core elements leading to a complete (and
commercially successful) object detector for vehicular contexts consist of the implementation

of a machine learning model. Model options are diverse and include regression, support
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vector machines, and neural networks, among others. Given the nature of inputs (large images
or videos) and outputs (bounding boxes, possibly for multiple object categories of interest),
the use of neural network models is particularly suitable. In the core development of a
network capable of making correct predictions, often ignored elements consist of selecting
network architecture, performing feature engineering or feature selection, and tailoring the
loss function. Indeed, in the features composed of the object bounding boxes, different
elements are used, and the best options depend highly on the context. Furthermore, one of the
main challenges encountered by state-of-the-art solutions is the need for a wide-ranging
collection of data, in addition to careful consideration of overfitting. What overfitting means
is that the model is tailored to the extent that generalization to new data is not possible.
Moreover, some of the potential applications include learning traffic scenes to classify a
variety of objects, including pedestrians, cyclists, trucks, buses, cars, and motorcycles, and

other scenarios.
2.2. Unsupervised Learning

Unsupervised Learning. Unsupervised learning is a machine learning task where the system
is presented with input data without any labels, and the system tries to figure out the hidden
structure of the data. A common unsupervised learning task, which is relevant and frequently
used for autonomous vehicles, is clustering. Clustering is used for partitioning a dataset into
a number of subsets, which are referred to as clusters. The purpose of this task is to simplify
the data before further analyzing and making decisions. Another unsupervised learning task
is called dimensionality reduction, where the goal is to simplify data by representing it in a

fewer number of dimensions.

Clustering. The clustering analysis is used for finding homogeneous subgroups of cases,
representing a partitioning of the dataset. There are two important algorithms in the clustering
task that are frequently used: k-means and hierarchical clustering. The k-means algorithm
uses a centroid of each cluster to represent the data point within the cluster. Hierarchical
clustering is an algorithm where each data point is its cluster, and the algorithm unifies the
closest clusters to make only a few clusters. Dimensionality reduction is also used in
unsupervised learning to simplify complex datasets. It is widely used in traffic as it can

decrease computational complexity, increase data approximation quality, reduce storage
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requirements, and enhance data visualization. One of those dimensionality reduction
techniques refers to an unsupervised learning task used for finding a new coordinate system.
This new coordinate system is essentially new directions of the data. Most implementations
are used to reduce computational complexity and store a reduced amount of data with a
minimum effect on traffic-related results. Anomaly detection in unsupervised learning with
an autonomous vehicle also refers to devising algorithms that can tell whether a particular
case is unusual in some way. Please note that in an autonomous vehicle system, anomaly
detection is primarily used to find unusual behavior in traffic scenarios. For example, unusual
behavior can be a vehicle violation. Detecting unusually slow traffic is important, and by
having this unsupervised clustered dataset, the number of clusters can be approximated
where the quality of data approximation can also be adjusted. This can be useful in
autonomous driving to check if there is a traffic jam somewhere or whether the traffic is free
of any congestion. In addition, traffic pattern recognition is becoming increasingly important
in autonomous vehicle system development in recent years. Through analyzing large
historical data, transportation companies can estimate important events that are strongly
influenced by traffic patterns such as accidents and traffic congestion. These traffic pattern-
based forecasting issues can be seen as an alternative application to an autonomous vehicle-
based system where the main goal is to avoid such events to secure a higher level of safety.
Unsupervised learning has improved the environmental perception of autonomous vehicles,
and because of that, it can be used in unpredictable and unknown urban street networks. In
this way, interesting places such as dining, pick-up and drop-off sites can also be added to the
system navigation domain. This section highlighted the significant contributions of
unsupervised methods to improving and adding new functionalities to the autonomous

vehicle system.
2.3. Reinforcement Learning

Reinforcement learning is a commonly applied method to train autonomous vehicles for
exceptional cases in a dynamic environment. In broad terms, an RL agent is trained by
interacting with an environment. An agent in a learning state interacts with its environment
by taking an action, and this action causes a change in the environment’s state. Upon taking
an action, the learning agent also receives feedback from the environment, which is called a

reward. Through successive trials and errors, the learning agent seeks to maximize its
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cumulative reward value. During the training process, the simulated or real environment
serves for practitioners to train and test the agent’s learned policy, while the feedback in the
form of rewards guides the agent to make future decisions. RL provides an effective method
for teaching an agent how to decide on an optimal action, which leads to a successful outcome

in real-world cases.

Reinforcement learning is expressed as an agent learning from an environment through
interaction. The interaction consists of the agent selecting an action from a finite set,
representation of the environment by a set of states, and an action leading to a state transition
called a state change. A reward is also returned for each action given the state at that point in
time. Common RL algorithms include the value-based method such as Q-learning, policy-
based methods such as a combination of policy gradients, actor-critic, and advanced RL such
as deep reinforcement learning. Reinforcement learning can be applied to the decision-making
related to the path planning problem, which shows the best route from an origin to a
destination involving speed, time, and distance, among other constraints. Sample RL-based
applications are provided in the domain of urban autonomous driving. They include
approaches to the decision-making of merging onto a highway and overtaking at an
intersection, car-following cruise control, and an automated tuning trigger on pedestrian
behavior. Reinforcement learning-based automated agents make decisions in fully automated
urban autonomous driving. Thus, the contributions made represent a selection of many
advances and trends that are relevant to the subject matter. Two key challenges of RL in
practice include sample efficiency and the trade-off between exploration and exploitation.
Sample efficiency is about how much data and computational resources are required to tune
the model, while the trade-off in exploration and exploitation is about acquiring enough data
to understand the rewards and penalties before mainly choosing the most effective actions.
The capacity to learn in real-time is a key advantage of RL, as it allows the agent to adapt to

the changing environment in urban areas.
3. Al-Based Approaches for Navigating Traffic Scenarios

Autonomous vehicles (AVs) have to navigate through a multitude of traffic scenarios
prevalent in urban landscapes. Al techniques have proved to be efficient at modeling complex

traffic interaction scenarios. Employing data-driven models through Al is essential to develop
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perception algorithms that operate over large areas to perceive dense urban environments. Al
also has the ability to help understand the uncontrolled and diverse nature of urban scenarios
that make safe AV deployment a non-trivial exercise. Machine learning techniques can be
used to predict pedestrian behavior by predicting relations and trajectories. Simultaneously,
machine learning helps in modeling how people move nowadays, termed as the pattern of

life analysis. Recent advancements in Al can also predict human movements at intersections.

Vehicle movement prediction remains an essential part of understanding the behavior of
agents populating the environment. For example, machine learning models can predict future
destination probabilities of vehicles, thus enhancing the quality of prediction of vehicle
trajectories on the traffic planning timescale that earlier established tests show to be difficult
to predict. Moreover, machine learning for vehicle observation would allow model-free real-
time decision-making that can positively influence passenger waiting times. In addition to the
prediction of pedestrian and vehicle behavior, there is work on using machine learning to

integrate traffic signal prediction and signal optimization in an urban environment.

Data intake about scenario states and environment dynamics is important for better decision-
making. Fusion of data across various sensors helps in modeling the scenario better. Machine
learning and Al techniques can also be used for sensor fusion, understanding the scenario
context to improve the trade-off, and idle reasoning based on the scenario context. Al can also
be used to assess how and whether data should be used in the decision algorithm, considering
the vehicle motion control throttle, speed, and brake to reach the destination and vehicle
powertrain topic. Accelerating AV deployment can involve machine learning to reason in
multiple scenarios and optimize ADAS decisions, considering the present scenario adaptation
and updates. Reinforcement learning is used to model real-time decision-making optimally in
scenarios. There is also work aimed at developing experimental evaluation of Al models by
enabling urban flow simulation in urban loop detectors. Al and machine learning can also be

used to work on a strategy aimed at leveraging existing urban infrastructure in scenarios.
3.1. Object Detection and Recognition

Object detection is a critical component of an autonomous vehicle system for the simple need
to enable an autonomous vehicle to identify, compartmentalize, and understand the

environment to navigate safely and effectively. Object detection starts with the identification
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and location of objects in an overall environment and describes the bounding box of each
detected object. The current trend in the field of object detection and recognition is to employ
neural network-based architectures, and convolutional neural networks (CNN) have come
out on top due to their state-of-the-art performance across various application domains.
Architectures for object detection and recognition are essentially split into 'two-stream'
networks that detect objects by first selectively proposing regions of interest (Rol) known as
region-based convolutional neural network (R-CNN) and single-shot detection (SSD)
methods, which can detect objects at once. The methods employed in the 'two-stream'
networks usually involve fine-tuning deep network architectures with complicated loss
functions to simultaneously learn how to identify the object, convincingly separate object
instances, and learn the bounding box location regression of each object present in the
visualization system. The success in both the R-CNN and SSD relies on leveraging

convolution and deep learning frameworks.

In detection mode, once the networks have been trained sufficiently to learn the features and
spatial locations of the objects, they can perform classification of visual entities and report the
results as output for control decisions. Successful applications of the object detection models
can enable visual robots to distinguish between pedestrians, dogs, bicycles, and motorized
traffic,c or to simultaneously scan the environment for multiple targets with natural
backgrounds. In the context of urban autonomous vehicles, since decisions have to be made
in real time, an accurate, reliable, and efficient interactive object detection and tracking system
is crucial for the system to accommodate unpredictable and complex urban scenarios. The
real-time demand of such a system is particularly emphasized, as the need for reliable input
to aid the vehicle to stop is fundamental to public adoption of autonomous electric vehicles
(AEVs). The challenges posed by real-time applications of object detection stem from mostly
unpredictable factors such as changing weather and lighting conditions, natural occlusion,
variable vehicle and human appearance, and the unexpected nature of possible automobile
maneuvers, which limit system capability. In addition, the unpredictable motion patterns of
pedestrians and other agents can further occlude, overlap, and clutter the scene, posing a
greater challenge in accurately tracing the footprints of each object over low-fidelity and
varying pixel-voltage frames from an embedded camera. To overcome these limitations, one

of the most prominently budding future directions proposed is the development of CNNs
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with deeper and more efficiently connected layers. In order to successfully train deep
networks from scratch, extensive amounts of hand-labeled training data or large annotated
datasets consisting of various features characteristic of those found in the desired categories
have come about. Large amounts of annotated data are particularly critical in the localization
of smaller, desired, fine-grain objects with high intra-class variation when contrasted with the
background, i.e., the traffic clutter. A comparative study was carried out to benchmark six
well-known car datasets to determine which dataset resulted in the highest speed accuracy
for both model types. The results showed a dataset of good size having the best training time,
with the belief that using a significant percentage of good quality annotated data for training

leads to little marginal gain up to a certain number of images for testing.
3.2. Path Planning Algorithms

Path planning is critical for self-driving cars, helping them find the most convenient path from
an initial position to a predetermined goal to navigate in a complex environment dynamically.
In terms of path-planning research, different algorithms could be used, such as A* and its
variational models and rapidly-exploring random trees. These algorithms differ in
computational cost and optimization criteria but are all able to return the path from a given
initial position of the vehicle to a goal while taking into account both static and dynamic
obstacles. In realistic scenarios, however, perfect knowledge of the environment is not
available, and the autonomous vehicle might need to take into account a continuous stream
of inputs to increase safety and efficiency according to a real-time algorithm. Unlike other
techniques, learning-based solutions afford adaptive strategies aiming to plan ahead of time
to iteratively model the environment and update optimal decisions in a more informed way

as new data come in.

Path planning considers the transition from a source to a destination at discrete time steps.
There are some challenges that path-planning algorithms need to consider in realistic
situations, such as static and dynamic obstacles, intersections and traffic signals, varying road
conditions, and the autonomous vehicle’s own capabilities and urgency of the request in order
to convey an optimal and secure route. Several studies used path planning as a simulation-
based application for autonomous vehicles, showing remarkable improvements in the field of

autonomy tools. Path planning can often be performed using trajectory or behavioral planning
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to cater a sequence of maneuver inputs for the system with dense states in the world. Some
research used machine learning models for the more specific domain of urban autonomous
driving. A study modeled critical decision-making tasks using a deep learning framework
trained with real-world trajectory data and showed superior performance on several KPIs for

urban scenarios, such as effectiveness, acceptability, and habituation.
4. Intersection Navigation Strategies

Traffic intersections are one of the most complicated traffic scenarios and a challenge for
autonomous vehicles in urban areas. At the intersection, various road users such as
pedestrians and other vehicles navigate through multiple road directions with varying traffic
signal phases, making the intersection environment complex and dynamic. This requires a
vehicle to make real-time decisions while considering the right-of-way rules. Generally, the
right-of-way is mainly determined by traffic signals at intersections. Intersection navigation
strategies can be classified according to decision-making about traffic signals. The effective
detection of traffic signals provides time to the navigation system for decision-making.
Navigation at intersections involves the following strategies: 1) traffic signal lights
recognition, 2) prediction of the behavior of traffic participants, 3) decision-making for a
collision-free path. Machine learning is the most recent technology that enhances the learning
capability of prediction models used for signal detection and the intention of other traffic
participants. Additionally, machine learning improves the accuracy of signal detection.
Firstly, the high-precision detection of traffic signals is a mandatory step for urban
autonomous vehicles, especially for intersections. This can be achieved using digital
technologies such as machine learning algorithms, including deep learning. Predicting the
behavior of other traffic participants gives an advantage to the navigation system. The
decision-making system provides a safe and collision-free path for a vehicle through
intersections. Collision avoidance through sensor fusion has been proposed for urban
intersection scenarios. The collision avoidance system uses multi-sensor data such as radar
and vehicle-to-vehicle data. The system can generate a secure zone map based on observed
obstacles. Presently, different methods for intersection navigation have been presented using
Al technologies and have been validated in real-world urban traffic. The various existing

methods can be enhanced using urban infrastructure data such as signal phase and timing.
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4.1. Traffic Signal Recognition

Traffic signals, including traffic lights, traffic signs, and other regulatory elements, are among
the elements of urban environments. They are particularly crucial for driving policy
adherence and safety. Traffic signal recognition is the process of detecting these physical
devices and interpreting the information they provide. Traffic signal recognition is
preliminary work in the driving strategy section and must be accurate and complete to affect
driving in urban areas. Traffic signal recognition mainly employs computer vision techniques
to detect signals, and deep learning technology has significantly improved the accuracy of
traffic signal recognition and has become a popular research direction in the field of
autonomous vehicle development. Challenges in real-world urban scenarios include
diversified brands, scales, iterative patterns, positions, occlusions, and lighting conditions of
traffic signals. In addition, the change of the traffic signal state should be recognized as quickly

as possible because it has a profound effect on vehicle driving decisions.

According to the different methods of detecting traffic signals, there are gradient-based
methods, feature-based methods, and machine learning-based methods. The current RGB
traffic signal detection algorithm is the HOG feature + SVM classification algorithm and the
YOLOvV3-tiny algorithm. Gradient-based traffic signal detection algorithms implicitly and
explicitly exploit the color distribution to segment traffic signals in a more analytically
principled manner. Feature-based traffic signal detection takes a predefined set of features
that represent signals irrespective of their appearance, and a classifier is trained to recognize
signals in terms of these features. Ambient lighting changes will adversely affect the detection
of traffic signals in this mode. The image processing prefers region-based marking detection
methods and template matching to match traffic lights. When the Hough Circle detection
algorithm is used for traffic signs such as circular stop signs, the algorithm has a high false
positive rate. Convolutional Neural Networks have proven to be an effective means of
detecting and interpreting traffic signals in actual traffic pictures for feature extraction. The
use of Convolutional Neural Networks has grown in the previous few years owing to the
improved projection of the image grid in the feature space and the automated selection of
parameters and features. That is why Convolutional Neural Networks are more image-based
and can solve a variety of vehicle traffic signal detection problems in situations of diversified

occlusion and illumination when adaptability and flexibility are needed.
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4.2. Collision Avoidance Techniques

Subsection 4.2. Collision Avoidance Techniques Collision avoidance is a fundamental part of
ensuring the safe operation of autonomous vehicles. Generally, approaches to collision
avoidance rely on two core technologies: predictive analysis based on the surroundings and
trajectory planning, and the use of real-time sensor data to make micro-adjustments based on
changes in the environment according to predictions. There are various sensors for detecting
potential obstacles that an AV might collide with, some of which include radar, LIDAR, and
cameras. The importance of algorithms for reading real-time sensor data and making
decisions rapidly is crucial for autonomous vehicle systems. In recent years, with the advent
of machine learning algorithms that can aid decision-making and overcome human decision

limitations, there has been a renewed focus on collision avoidance in urban AVs.

Machine learning models are proposed for collision avoidance with adaptive learning for
urban driving scenarios but are trained for a single time step, slightly deviating from
describing the decision-making processes of AVs. One model uses radial basis functions and
look-ahead depth for mission planning and collision avoidance for off-road navigation. This
system is designed to integrate readings from multiple sensors, such as wheel speeds, an IMU,
and lasers, to make decisions on a Toyota Tundra for off-road navigation. There are also a
variety of other methods that use machine learning for decision-making that can be seen as
separate from collision avoidance, such as showing results for decision-making under
uncertainty using reinforcement learning for both urban scenarios and highway merging. In
terms of collision avoidance and machine learning, there are no current models that use
machine learning for decision-making based on prior scenarios in order to avoid collisions
while urban driving. The integration of multiple sensors to provide robustness is not
considered in the reviewed articles. There are examples of urban autonomy in industrial
scenarios, such as an experiment in which a machine learning system worked to avoid

workers in a factory, but this does not generalize to other urban driving scenarios.
5. Case Studies and Applications

This section presents the case studies and real-world applications of state-of-the-art machine
learning for autonomous vehicles. To place the above-mentioned statistical categorization into

context such that it can be assessed and generalized, we have introduced some of the proposed
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practical case studies that solved real-world challenges using machine learning and artificial
intelligence for autonomous vehicles. In each case, we discuss the objective, the machine
learning model(s) used, including the feature information inputted into the model, the
validation methodology, the computational resources used, and the performance metric used
to evaluate the models. Furthermore, we attempt to discuss the main lessons learned and the

challenges encountered from the implemented case studies.

Case Study: Valmontone City, Race Day. The objective is to address and develop a platform
to support the race organizers in simulating urban traffic on the Valmontone streets. Our goal
is to demonstrate to the organizers what safety measures can be implemented to make
cohabitation possible, as well as to simulate emergency scenarios for selective autonomous
optimal stopping control of incomplete crossings at street intersections. Autonomy Routing
and Signal Control Combined Scheme for Efficiency and Pedestrian Safety. The objective is to
regulate vehicular flow to simulate improvements, such as overall traffic flow, road
saturation, vehicle and pedestrian waiting times, pedestrian distribution in road crossings,
and hybrid vehicle count distribution. Data for vehicles includes geolocation, spline, and
speed, while data for pedestrians includes geolocation and time. The challenge is to create a
realistic simulation for the impact of the regulation on overall and partial effects. Data is
gathered using a drone. The challenge is simulating an estimation score for autonomous
vehicle trajectory planning in a non-autonomous flow with a mixed impact on several road
crossings. Data includes trajectory and timestamp of a hybrid test vehicle. The validation
methodology involves assessing all the outputs and specifying the correlation between inputs
and outputs and their relative intensity. The main challenge was redefining the objective after
the previous one proved too difficult to reach due to conflicting objectives; a kind of case
optimization was needed. We achieved less ambitious goals, suitable in a regulated research

approach, that had not been done previously.
5.1. Real-World Implementation Examples

Autonomous vehicle (AV) startups are proving the capabilities of machine learning (ML) for
enhancing AV decision-making in a variety of real-world urban environments. One startup
offers a downtown robotaxi service in a city of 12 million people. Another AV startup has

tested its AV prototypes in the environs of an unnamed city of 22 million people. An Arizona
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AV startup has offered limited robotaxi services to the residents of a suburb of Phoenix home
to less than 250,000 people. These novel transportation solutions are made possible by
breakthroughs in ML for perceptual and control systems. Indeed, these firms have each
developed end-to-end AV perception systems that learn to extract compellingly 'hidden'
visual patterns and landmarks that can enhance the modular approaches implemented in
most commercial AV stacks today. By focusing on three differing ways the above firms have
proven the capacity of their modular ML systems for handling real-world urban street scenes,
we illustrate fundamental components needed to solve the challenges for machine perception

posed in this paper.

In all three cases, detailed stakeholder advisories exist not only because of the exciting
technical advancements they describe but also due to their real-world implementation
implications. These examples reinforce the difficulty posed in autonomous driving for high-
speed and on-the-fly decision-making: a lack of reliable decision-making occurs even when
only a fraction of the environment is not immediately observable. Real-world real-time
performance, scalability (multi-sensor/channel fusion), and innovation (can encode new
designs) are the driving principles expressed for ML research and verification and validation.
While this has not led to exact duplication, these companies have provided insights and some
correction on precisely why the presented theoretical paradigms have not been proven
adequate in urban autonomous driving. It is further noted that the ML advances in these
guidance designs were not purely in the application of so-called deep and/ or recurrent neural
networks. All research and real-world problem-solving breakthroughs are harnessing ML

methods in new ways for comprehensive urban policy-making and adaptive control.
5.2. Performance Evaluation Metrics

Evaluating the performance of machine learning algorithms in autonomous vehicles involves
a number of test protocols. It is essential to assess the ability of object detection techniques to
recognize various traffic elements, the path planning algorithms' ability to generate routes
that reach intended goals without violating traffic rules or laws, and the overall driving
performance of the autonomous system according to final decision-making processes. Several
performance metrics are used to evaluate object detection: accuracy or a confusion matrix is

used for supervised learning algorithms. Some commonly used performance metrics for this
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include precision, recall, and F1-score. These measures can also be used as error signals either
to evaluate the performance of algorithms or to retrain model parameters in an adaptive
machine learning context. Real-time control strategies and mechanisms to deal with urban
changing dynamics must be evaluated as well. To guarantee the proper functioning of
autonomous vehicles in urban applications, the real entities' performance measured with
respect to developed metrics must be tested on a representative number of scenarios as
defined in the four stages of the simulation scenario taxonomy. One of the pending works in
the field of autonomous vehicles is to develop common test protocols where, on the one hand,
it is important to define the appropriate benchmarks to be able to compare the technologies
developed by different groups and, on the other hand, determine the necessary infrastructure
to test developments in real environments but under controlled conditions. In case studies of
autonomous urban vehicles tested in real environments, it is possible to show the impact of
some of the performance metrics stated in this taxonomy. For example, the relevance of having
a robust object detection system can be observed. In this case, some developed solutions allow
the autonomous vehicle to make decisions with enough anticipation. On the contrary, most
of the proposed solutions evaluated are based on an end-to-end data-driven approach. These
methods classify the current situational context for decision making, and for a long-term
horizon under a receding horizon or model predictive control scheme, they show suboptimal
results in comparison with the reaction controller. In urban environments, a single step of
decision making must be tested, evaluated, and compared with a long-term trajectory
controller. The average precision metric allows one to reflect on the ability of autonomous
vehicles to correctly predict the behavior of road entities, and if they do so, execute a
maneuver that allows the traffic rules not to be violated. Other real vehicle studies are based
on low numbers of conducted tests. The developed vehicles are shown to be suitable for
testing in a limited set of scenarios; it is important to perform extensive tests on representative
scenarios. Besides the fact that real vehicle tests must be conducted in representative
scenarios, it is essential to have mechanisms to train autonomous vehicle decision-making

processes in simulation.
6. Future Direction

This pilot study has provided an overview of the current trends in automation for urban

vehicles, demonstrating the current dominance of machine learning and the potential for
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increasingly complex artificial intelligence models. The enhancement of our decision-making
sub-algorithm demonstrates the potential of extrapolating this trend in autonomous vehicles.
Regulators are waiting not only for the technology to mature but for consensus to be reached
among the industry and public that such cars are safe. This survey has discussed key
challenges specific to urban traffic, underscoring the diverse range of problems that must be
satisfactorily solved in order for urban use of autonomous vehicles to become commonplace.
We have suggested here a larger, more comprehensive survey that could better inform on the
journey of autonomous vehicles in cities from today to adoption. Beyond the most simplistic
programming, a deeper layer model is essential for real-world operation. It is here that
machine learning may be essential in building the enhanced decision-making models that will
form the technology of future urban automated vehicles. It is likely that further improved
versions of urban traffic are to be released over the coming years. Where the new generations
of models lie in the ladder of increasing sophistication is its greatest question. Each generation
of models is ever more data-hungry but balances initial features versus learning potential
differently. Investigating this and other methods for greater sophistication in decision-making

models promises much avenue for future work.
7. Conclusion

Smart vehicles demonstrate promising applications, particularly in terms of establishing
autonomous driving systems for urban environments. This essay presents how we can
leverage Al through machine learning in order to enhance urban autonomous vehicle
decision-making. The main challenges that occur at the intersection of decision-making and
the urban context are safety, efficiency, and adaptability. This essay particularly focuses on
the first challenge. The essay reviews factors like learning paradigms, dataset statistics, and
driving policies, which could potentially alleviate the safety issue, and proposes machine
learning frameworks accordingly. In the future, this area can benefit from interdisciplinary
studies ranging from psychology and behavioral studies to computer science for developing
novel and efficient driving policy mechanisms. Autonomous vehicle technology, particularly
for urban scenarios, has attracted immense interest from automotive industries and the wider
research community. This has been reflected in the exponential increase in research work in
this domain, as well as investment in several ambitious real-world case studies. As the level

of autonomy increases, one must be aware that the systems must be increasingly developed
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to tackle more variable and dynamic scenarios. Critical areas for the successful deployment of
these systems have been identified and discussed in this essay, including learning paradigmes,
appropriate datasets, and driving policy mechanisms. Furthermore, the essay underlines how
the understanding of vehicle autonomy efforts is underpinned by the opportunity to observe
a multidisciplinary approach. In conclusion, leveraging machine learning for smart cars and
autonomous driving technology in an urban environment continues to be a key research arena
combining academia and industry. In the future, for such technology to serve as the backbone
of autonomous driving technology, there should be more interdisciplinary research ranging
from psychology and behavioral studies to computer science. Systematic Al and machine
learning driven mechanisms need to be developed in an effort to address the challenges
concerning the decision-making functionality of the car, in addition to the challenging urban
scenario that, at present, in various cases induces an unsafe environment confounding beyond
autonomy level. This is crucial regarding the autonomy for real-time safe operation under
unpredictable or unsafe control-oriented conditions, affecting the capabilities of vehicles

regarding status, accelerations, etc. Dynamic algorithms may be involved.
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