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Abstract

In modern times, the rapid expansion of urban populations has intensified the urgency to optimize transportation systems, which
has become an alarming issue in the face of urbanization and traffic congestion. This paper reviews the latest applications of
Acrtificial Intelligence (Al) in the transport sector. It explores various Al methodologies, including Artificial Neural Networks
(ANN), Genetic Algorithms (GA), Simulated Annealing (SA), Ant Colony Optimizer (ACO), Bee Colony Optimization (BCO),
disruptive urban mobility, Fuzzy Logic Models (FLM), automated incident detection systems, and drones, which improve
dynamic traffic management and route optimization. The study reveals that integrating these Al techniques with real-time data
analytics improves traffic flow, automated incident management, and overall transportation efficiency. The results demonstrate
that Al-driven systems, such as drones equipped with advanced sensors and Al algorithms, are increasingly capable of
autonomous navigation, real-time monitoring, and predictive traffic management. These advancements in technologies, such as
electric Vertical Take-off and Landing (eVTOL) aircraft, Hyperloop Transportation Technologies (HTT), Mobility-as-a-Service
(MaaS) and autonomous delivery robots, contribute to smarter urban mobility solutions. However, it is important to focus on
refining Al models for better performance, addressing challenges such as computational complexity and privacy concerns, and
continuing to innovate in Al to improve the economic efficiency and reliability of transportation systems. Furthermore, to
promote sustainability development in this sector, ethical considerations such as the protection of user information and the
integration of the concepts of informed consent and human autonomy with community engagement programs should also be
considered.
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1. Introduction

Artificial intelligence (Al) is a field of computer science
that aims to make machines function like the human brain,
addressing complex issues that traditional computational
techniques struggle with. The history of Al dates to 1956
when it was first discovered by John McCarthy [1]. Over the
years, Al has evolved through various systems such as

Knowledge-based systems (KBS) and Artificial Neural Net-
works (ANN) [2]. ANN, designed after the human brain, has
found applications in diverse fields like medicine, biology,
and language translation [3].

The development of Al faced challenges due to limited
applications of ANNs until the 1980s when research focused
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on minimizing prediction errors through methods like gradi-
ent descent and Backpropagation algorithms [4-6]. With the
vast amounts of data availability, Machine Learning (ML)
emerged as a subcategory of Al, enabling computers to learn
from data and solve complex problems efficiently.

In the context of transportation, Al plays an important role
in addressing challenges like increasing travel demand,
carbon dioxide emissions, safety concerns, and environ-
mental degradation [7, 8]. The application of Al in trans-
portation systems aims to model and predict travel patterns
accurately, especially in the face of growing urban traffic [9].
Researchers are exploring Al applications in corporate de-
cision-making, public transport improvement, and con-
nected autonomous vehicles to enhance productivity and
safety on highways [2]. In planning, designing, and con-
trolling transportation networks, Intelligent Transport Sys-
tems (ITS), an advance applications which aim to provide
innovative services relating to different modes of transport
and traffic management and enable various users to be better
informed and make safer, more coordinated, and “smarter”
use of transport networks, leverage Al technologies like
Deep Reinforcement Learning (deep RL) and Genetic Al-
gorithms (GA) to optimize traffic control policies and reduce
congestion [10]. Incident detection in transportation systems
has also seen advancements through automated algorithms
and Neural Networks for real-time detection and mitigation
of incidents [11].

Several studies offer a comprehensive examination of Al
methods utilized in transportation on a global scale. It fo-
cuses on how Al can be used to improve safety, traffic con-
trol, public transportation, and mobility around cities [4].
They explore the application of many artificial intelligence
techniques, including Artificial Neural Networks (ANN),
Genetic Algorithms (GA), Simulated Annealing (SA) to
enhance the efficiency of transportation systems. These
advanced computational algorithms help address optimiza-
tion problems in dynamic traffic scenarios effectively [12].
In addition, the integration of Al in transportation still faces
unexplored challenges, particularly in ensuring equitable
access and addressing privacy concerns [13]. While Al's
potential to transform traffic systems is evident, its societal
impacts, especially on marginalized communities, and the
ethical use of data for traffic predictions, remain underex-
amined [14]. This paper offers an in-depth review of the
ways in which important transportation domains, such as
traffic management, safety, public transit operations, and
urban mobility planning, are being affected by the applica-
tion of the evolution of Al techniques. It demonstrates how
these computational methods may be used to handle chal-
lenging optimization issues in a variety of dynamic trans-
portation settings. This research recommends a balanced
approach that considers both technological advancements
and their broader implications.

2. Applications of Al on Traffic
Management

Artificial Intelligence (Al) plays an important role in revo-
lutionizing traffic management because it addresses challenges
such as increasing travel demand, CO, emissions, safety con-
cerns, and wasted fuels. The application of Al in traffic man-
agement encompasses various areas that are expected to shape
future cities and transport systems. These areas include:

2.1. Autonomous Vehicles

Autonomous vehicles, also known as self-driving cars,
represent a significant application of Al in traffic management.
These vehicles utilize advanced Al algorithms to navigate
roads, interpret traffic signals, and make real-time decisions
without human intervention. The integration of Al technolo-
gies such as Deep Learning (DL), a class of Machine Learning
(ML) algorithms that use multiple layers to progressively
extract higher-level features from the raw input, and computer
vision enables autonomous vehicles to perceive their sur-
roundings accurately and react swiftly to changing road con-
ditions [15]. Recent studies have shown that Al-powered
autonomous vehicles can significantly reduce traffic conges-
tion by optimizing routes and minimizing delays, leading to
improved travel efficiency and reduced CO, emissions [16].

Autonomous vehicles use a combination of Al algorithms,
including neural networks and reinforcement learning, to
make optimal decisions and navigate complex scenarios.
Specifically, Deep Neural Networks (DNN), an artificial
neural network with multiple layers between the input and
output layers which can model complex non-linear relation-
ships, are extensively used for perception tasks, deci-
sion-making, and control systems in autonomous vehicles.
Reinforcement learning algorithms play an important role in
training autonomous vehicles to optimize their driving be-
havior by receiving rewards or penalties based on their actions.
Additionally, Convolutional Neural Network (CNN) is a
primary algorithm used for recognizing and classifying dif-
ferent parts of the road and making appropriate decisions in
self-driving cars. Indeed, self-driving cars are autonomous
decision-making systems. They can process streams of data
from different sensors such as cameras, LIDAR, RADAR,
Global Positioning System (GPS), or inertia sensors. This data
is then modeled using DL algorithms, while driving decisions
are made via a modular perception-planning-action pipeline
(Figure la) or an End2End learning approach (Figure 1b),
where sensory data is immediately transferred to control
outputs [17].

Other ML algorithms such as decision forest regression,
neural network regression, and Bayesian regression are also
utilized for tasks like object detection, identification, classi-
fication, localization, and prediction of movement in auton-
omous vehicles.

Furthermore, the development of autonomous vehicles has

73


http://www.sciencepg.com/journal/jccee

Journal of Civil, Construction and Environmental Engineering

http://www.sciencepg.com/journal/jccee

the potential to improve road safety, reduce human errors and
accidents caused by factors like distracted driving or fatigue.
Al algorithms continuously analyze data from sensors and
cameras to predict and prevent potential collisions, making
transportation systems safer for both passengers and pedes-

trians. The implementation of Al in autonomous vehicles is
not only reshaping the future of transportation but also
changing urban mobility by offering convenient, sustainable,
and efficient travel options.
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Figure 1. (a) Deep learning block diagrams for Al-powered autonomous cars, (b) End2End Learning [17].

2.2. Public Transport

Public transport systems worldwide are undergoing a
transformation with the integration of Artificial Intelligence
(Al) technologies. Al is transforming public transport by
optimizing operations, improving service reliability, and en-
hancing passenger experience. The application of Al in public
transport encompasses various innovative solutions that are
reshaping the way people commute and interact with urban
transportation networks. These solutions include:

1. Intelligent Scheduling and Routing Al algorithms are
being used to optimize public transport schedules and
routes based on real-time data analysis and passenger
demand patterns. Indeed, with the evolution of ML
techniques, public transport authorities can adjust ser-
vice frequencies, predict peak travel times, and mini-
mize waiting times for passengers. ML algorithms such
as reinforcement learning allow us to adjust service
frequencies based on demand patterns and predict peak
travel times by analyzing historical data and real-time
information [18].

. Smart Fare Collection: Al-powered fare collection sys-
tems are enhancing the efficiency and security of public
transport payment processes. Through technologies like
computer vision and ML, public transport operators can
automate fare validation, detect fare evasion, and per-
sonalize fare options for passengers, leading to improved
revenue management and passenger satisfaction [19].
Smart cards, which is an Al-powered fare collection
system can streamline payment processes by enabling
passengers to use smart cards for contactless payments.

On the other hand, mobile phones also facilitate fare
payments through mobile phones, allowing passengers
to pay using mobile applications or digital wallets.
Passenger Safety and Security: Al-based surveillance
systems are being deployed in public transport facilities
to enhance passenger safety and security [20]. These
systems use facial recognition, anomaly detection, and
predictive analytics to identify potential threats, monitor
crowd behavior, and respond to emergencies promptly.
This can help the authorities to create safer environments
for passengers and staff. This includes facial recognition
algorithms which are employed to identify individuals
and potential threats in public transport facilities, while
anomaly detection algorithms help to identify unusual
behaviors or events that may pose security risks. Fur-
thermore, predictive analytics algorithms analyze data to
forecast potential security threats, monitor crowd be-
havior, and respond promptly to emergencies.

3.

2.3. Disruptive Urban Mobility

Disruptive urban mobility solutions are reshaping tradi-
tional transportation systems through technologies and sus-
tainable practices. These advancements are revolutionizing
how people move within cities, promoting efficiency, acces-
sibility, and environmental sustainability. Some of the key
innovations in disruptive urban mobility nowadays include:

1. Electric Vertical Take-off and Landing (eVTOL): eV-

TOL vehicles are emerging as a futuristic mode of urban
transportation, offering vertical take-off and landing
capabilities for efficient short-distance travel within
cities. Companies like XYZ Aviation have introduced

74


http://www.sciencepg.com/journal/jccee

Journal of Civil, Construction and Environmental Engineering

http://www.sciencepg.com/journal/jccee

eVTOL prototypes that aim to alleviate traffic conges-
tion and provide eco-friendly mobility options in urban

areas (Figure 2) [21].

Figure 2. eVTOL aircraft [21].

2. Hyperloop Technology: Hyperloop systems

high-speed transportation solutions that use vacuum
tubes to propel pods at near-supersonic speeds, remod-
eling intercity travel (Figure 3). Companies like Hy-
perloop Transportation Technologies (HTT) have made
significant strides in developing Hyperloop networks
that promise to reduce travel times and carbon emissions

between major cities [22].

Figure 3. Hyperloop super speed transportation system [22].

3. Mobility-as-a-Service (MaaS) Platforms: MaaS plat-
forms integrate various modes of transportation, in-
cluding public transit, ridesharing, and bike-sharing
services, into a single digital platform for seamless urban
mobility experiences. Innovations in Maa$S platforms by
companies like UrbanGo have transformed how people
plan and pay for their journeys, promoting multimodal
transportation options and reducing reliance on private

vehicles [23].

4. Autonomous Delivery Robots: Autonomous delivery
robots are changing last-mile logistics by autonomously
transporting goods within urban environments. Compa-
nies like RoboDeliver have deployed Al-powered robots
that navigate sidewalks and pedestrian areas to deliver
packages efficiently, reducing traffic congestion and
carbon emissions associated with traditional delivery

methods (Figure 4) [24].

Figure 4. Autonomous Delivery Robots [24].

2.4. Automated Incident Detection

Automated Incident Detection systems powered by Al have
revolutionized the way traffic incidents are identified and
managed, leading to enhanced safety, reduced response times,

and improved traffic flow management. These systems lev-
erage advanced Al algorithms and real-time data analysis to
detect incidents promptly and accurately, enabling authorities
to respond swiftly and effectively. Key aspects of Automated
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Incident Detection systems include [10].
1. Sensor Integration: Automated Incident Detection sys-

tems integrate various sensors such as cameras, radar,
and Internet of Things (1oT) devices along roadways to
monitor traffic conditions continuously. These sensors
capture real-time data on vehicle speeds, densities, and
behaviors, enabling Al algorithms to detect anomalies
that indicate potential incidents. Sensors such as radar
or LIDAR devices measure the speed of vehicles pass-
ing through their detection zones. Sensors also collect
data on the density of vehicles in specific areas of the
road network. The analysis of how closely vehicles is
spaced and how these changes over time allows the
system to identify congestion or unusual traffic patterns
that may suggest an incident to occur or about to happen.
In addition to speed and density, sensors can capture
behavioral data such as lane changes, sudden stops, or
erratic driving patterns. These behavioral are essential
for detecting anomalies that deviate from normal driv-
ing behavior and could be indicative of accidents,
breakdowns, or other incidents. Figure 5 depicts a
schematic representation of a camera sensor simulation
system used in the development and testing of vehicle
perception systems. It illustrates the process of simu-
lating a camera sensor within a virtual road environment
and scenario simulation, where the camera's character-
istics such as lens model, color filter, image sensor,
circuit board, and noise model are considered [25].

. Camera Sensor Simulation: This module simulates the

input from a camera sensor, considering factors such as
the lens model, color filter, image sensor, circuit board,
and noise model. It generates synthetic images that
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replicate what a real camera would capture in various
driving scenarios.

. Image Injection Adapter: The simulated camera images
are adapted through this interface, which ensures
compatibility with real-time camera control systems.
This allows for the testing of camera-based perception
algorithms under controlled conditions.

. Multithread Electronic Control Unit (ECU): The ECU
processes the adapted camera images, performing tasks
similar to those in an actual vehicle's ECU, such as
object detection and decision-making.

. ECU Client and Bus Interface: These components fa-
cilitate communication between the ECU and the rest of
the vehicle's systems, using standard protocols like the
Controller Area Network (CAN) bus. Indeed, CAN is a
vehicle bus standard designed to allow microcontrollers
and devices to communicate with each other's applica-
tions without a host computer.

. Road Environment & Scenario Simulation: This part of
the framework provides a virtual environment where
different driving scenarios can be simulated, offering a
diverse range of conditions for testing the perception
system.

. Vehicle Dynamics Simulation: It models the vehicle's
behavior based on dynamics data, which is crucial for
understanding how the vehicle will react in different
situations.

. Rest-of-bus Simulation: This simulates the other
communication systems within the vehicle, ensuring
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that the perception system can operate in conjunction
with the vehicle's other electronic systems.

. Machine Learning (ML) Algorithms: Al-powered ML

algorithms play a crucial role in analyzing sensor data
and identifying patterns associated with different types
of incidents. Algorithms like Convolutional Neural
Networks (CNN) are used to process visual data from
cameras, while Recurrent Neural Networks (RNN) an-
alyze sequential data to predict incident probabilities
based on historical patterns. CNN is a class of DNN,
most applied to analyzing visual imagery while RNN is
a class of ANN where connections between nodes form
a directed graph along a temporal sequence, allowing it
to exhibit temporal dynamic behavior.

10. Anomaly Detection: Al algorithms in Automated Inci-

dent Detection systems employ anomaly detection
techniques to identify irregularities in traffic flow that
may signify incidents such as accidents, breakdowns, or
road hazards. By comparing current data with estab-
lished patterns, these systems can trigger alerts for au-
thorities to investigate and respond promptly.

11.Integration with Traffic Management Systems: Auto-

mated Incident Detection systems are often integrated
with Traffic Management Systems to automate re-
sponses to detected incidents. This integration enables
dynamic rerouting of traffic, adjustment of signal tim-
ings, and coordination of emergency services based on
real-time incident information provided by Al algo-
rithms.
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Camera Control

ECU Client

eyep N3

sng NYD Jano

Bus

Interface
—

Rest-of-bus | ECU data

Dynamics data

Simulation over Ethernet

Simulation | overuss

Figure 5. Pipeline for simulating a camera sensor virtually and utilizing the data feed to inform Perception SW and subsequent software layers

in the stack [25].

3. Future Traffic Status Prediction

The ability to accurately predict future traffic conditions is

crucial for proactive traffic management strategies, and Al
plays a key role in achieving this goal. Among the various Al
algorithms, Artificial Neural Networks (ANN) are at the

forefront, providing the computational power needed to ana-
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lyze large datasets and identify complex patterns within traffic
systems [26]. The design of these ANN models mimics the
neural processing of the human brain, allowing them to learn
from historical and real-time traffic data, which includes
variables like vehicle counts, speeds, weather conditions, and
time of day.

These algorithms can generalize and predict future traffic
states by recognizing the intricate relationships between var-
ious influencing factors by training ANN on diverse traffic
scenarios. This predictive capability allows traffic manage-
ment systems to anticipate congestion, adjust traffic signal
timing, and suggest alternative routes to drivers before bot-
tlenecks occur. Additionally, the integration of ANN with
other emerging technologies, such as connected vehicle data
and edge computing, enhances the granularity and respon-
siveness of traffic predictions.

The future of traffic status prediction also involves com-
bining ANN with other ML techniques, such as DL and rein-
forcement learning, to further refine the accuracy of predic-
tions. Al-driven traffic prediction advancements not only
improve transportation network efficiency, but they also fa-
cilitate the creation of smart cities. These cities optimize
traffic flows in real-time, resulting in decreased emissions,
energy conservation, and enhanced urban mobility [27].

ANN:Ss are a class of ML models inspired by the biological
neural networks of animal brains. ANNs consist of intercon-
nected processing nodes, or "neurons,” which work together
to solve complex problems like pattern recognition, classifi-
cation, and prediction. To effectively train and deploy ANN,
especially for tasks like future traffic status prediction, a va-
riety of techniques and software tools are utilized.

Two ways to train ANN are backpropagation and gradient
descent. Backpropagation sends errors backwards through the
network to change connection weights, and gradient descent
lowers the cost function of the network's predictions. Recur-
rent neural networks (RNN) and their more complex variants,
such as Long Short-Term Memory (LSTM) networks, capable
of learning long-term dependencies, often process sequential
data over time for traffic prediction.

The Google Brain team's TensorFlow and Facebook's Al
Research Lab's PyTorch are popular software frameworks for
developing ANN. These frameworks provide extensive li-
braries and tools that facilitate the design, training, and vali-
dation of neural network models. They also support GPU
acceleration, which is crucial for handling the high computa-
tional and memory demands of ANN, particularly when
dealing with large datasets and complex network architec-
tures.

ANN's computational intensity stems from the need to
process large volumes of data and perform numerous calcu-
lations during the training phase. This often requires
high-performance computing resources with powerful CPUs
and GPUs, as well as substantial memory to store the weights,
biases, and intermediate calculations for each neuron in the
network. However, as traffic prediction models become more

sophisticated, the computational and memory requirements
for ANNs will continue to grow, necessitating the use of ad-
vanced hardware and optimized software algorithms to ensure
efficient processing [28].

4. Traffic Management and Control

In the realm of traffic management and control, Al methods
are instrumental in optimizing traffic flow, improving route
planning, and improving incident management. With the
evolution of time, these methods have grown, and their ap-
plications have become more widespread and effective. Be-
low are the subsections detailing the latest advancements and
applications of each Al method:

4.1. Genetic Algorithms

Genetic Algorithms (GA) have made significant progress in
handling complex traffic optimization problems. By simu-
lating the process of natural selection, GA now efficiently
evolves solutions for dynamic route planning. They adapt to
real-time traffic data to suggest optimal paths for vehicles.
Recent developments have even enabled GA to work in con-
junction with real-time traffic prediction models, further en-
hancing their decision-making capabilities [29].

GA can be utilized to optimize traffic signal timing. This is
achieved by creating a population of different signal timing
plans and iteratively selecting, crossing over, and mutating
these plans to improve traffic flow. For instance, a GA could
begin with a set of random traffic signal timings at an inter-
section and measure their effectiveness based on average
vehicle wait time. The most effective timings would then be
“selected” to create a new generation of signal plans. These
plans would subsequently be "crossed over" and "mutated” to
produce variations. Over successive generations, the GA
would converge on a set of signal timings that minimize wait
times [30].

Another application of GA in traffic management is in
dynamic route planning for vehicles. A GA could be used to
find the most efficient routes for a fleet of delivery trucks by
considering factors such as current traffic conditions, road
closures, and delivery windows. The algorithm would gener-
ate a population of possible routes for each vehicle and evolve
these routes over time to find the most time- and fuel-efficient
paths.

4.2. Simulated Annealing

Simulated Annealing (SA) is an optimization technique that
is particularly well-suited for finding global optima in com-
plex and stochastic systems, such as traffic networks. It is
inspired by the physical process of annealing in metallurgy,
where controlled cooling is used to reduce defects in materials.
In the context of traffic management, SA can be applied to
optimize traffic light timing and network flow distribution to
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improve overall traffic conditions [31].

For example, consider a network of interconnected traffic
signals in a busy urban area. The goal is to adjust the timing of
each traffic light to minimize congestion and ensure smooth
traffic flow (Figure 6) [33]. Using SA, traffic engineers can
create a simulation model of the network that includes varia-
bles such as traffic volumes, signal timings, and intersection
layouts. The SA would start with a random or heuristic-based
solution for the signal timings and then iteratively make small
changes to the timings (akin to the "mutations” in the an-
nealing process). After each change, the algorithm evaluates
the new solution based on a fitness function, such as the av-
erage delay per vehicle or the total number of vehicles that
pass through the intersections in each time frame.

The "temperature” parameter in SA controls the likelihood
of accepting worse solutions as the algorithm progresses.
Initially, the temperature is set high, allowing the algorithm to
explore a wide range of solutions, including those that may
not be immediately promising. This helps to avoid getting
stuck in local optima. As the temperature gradually decreases,
the algorithm becomes more selective, homing in on the best
solutions and fine-tuning the signal timings to achieve the
global optimum [32].

At the end of the process, the SA algorithm would have
explored a vast solution space and converged on a set of traffic
signal timings that optimally balance the traffic flow across
the network, reducing congestion and improving throughput.
This approach can be particularly effective in dynamic traffic
systems where traffic patterns change throughout the day, as
the algorithm can be run periodically to update the timings
based on the latest traffic data [33].

-

’

Figure 6. Al application in traffic transportation [33].

4.3. Ant Colony Optimizer

The Ant Colony Optimizer (ACO) is an optimization algo-
rithm inspired by the foraging behavior of ants, particularly
their ability to find the shortest paths between their colony and
food sources. In the context of traffic management, ACO can
be applied to optimize traffic patterns and route planning by
simulating the pheromone-laying and following behavior of
ants [34].

78

For example, in an urban traffic network, each intersection
and road segment can be considered as nodes and paths like an
ant colony's environment. Vehicles can be thought of as ants
searching for the most efficient routes from their origins to
their destinations. As vehicles traverse the network, they leave
behind a virtual "pheromone trail" that represents the quality
of the route, which in this case could be determined by travel
time, congestion levels, or other traffic conditions.

Real-time traffic sensor data, such as vehicle counts, speeds,
and queue lengths, are integrated into the ACO algorithm to
update the pheromone trails dynamically. This allows the
algorithm to adapt to changing traffic conditions. For instance,
if a particular road segment becomes congested, the strength
of the pheromone trail on that segment would decrease,
leading future "ants" (vehicles) to explore alternative routes.
Conversely, if a road is clear, the pheromone strength would
increase, attracting more vehicles to that route.

Over time, the ACO algorithm converges on an optimal set
of routes that balance the traffic load across the network,
reducing overall travel times and improving navigation effi-
ciency. This approach can be particularly beneficial during
peak traffic hours or in response to traffic incidents, where the
ability to quickly adapt route planning can significantly alle-
viate congestion [35].

4.4. Bee Colony Optimization

Bee Colony Optimization (BCO) is an Al technique in-
spired by the foraging behavior of honeybees, which is used to
solve complex optimization problems. In the context of traffic
management, BCO has been augmented with ML to enhance
its predictive capabilities and responsiveness to fluctuating
traffic conditions [36].

For example, BCO can be applied to optimize traffic signal
timings across a network of intersections. Each “bee” in the
algorithm represents a potential solution, exploring different
combinations of signal timings. The bees communicate with
one another through a virtual “dance”, like the waggle dance
of real bees, to share information about the quality of their
solutions, measured by criteria such as average vehicle delay
or intersection throughput.

ML techniques, such as reinforcement learning, can be in-
tegrated with BCO to allow the system to learn from past
performance and adapt to new data. This enables the BCO
algorithm to predict traffic patterns and adjust signal timings
proactively. For example, if the algorithm learns that traffic
volume increases on certain roads at specific times of the day,
it can adjust the signal timings in advance to accommodate the
expected increase in vehicles, thereby preventing congestion.

BCO algorithms can also be used for dynamic route plan-
ning, where they help manage the distribution of traffic across
an entire urban network. BCO can suggest alternative routes
to drivers, distribute traffic loads more evenly, and reduce the
likelihood of traffic jams by analyzing real-time traffic data.
The integration of BCO with ML results in a smart traffic
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management system that not only reacts to current conditions
but also anticipates future traffic states, leading to a more
resilient and efficient transportation network [37].

4.5. Fuzzy Logic Model

Fuzzy Logic Models (FLM), a form of many-valued logic
or probabilistic logic, are very good at handling the uncer-
tainties and errors that come up in traffic systems. FLM is a
type of many-valued logic or probabilistic logic that deals
with reasoning that is approximate rather than fixed and exact.
Unlike traditional binary logic that operates on true or false
values, FLM allows for reasoning with degrees of truth, which
can represent the complex and often ambiguous nature of
real-world traffic scenarios.

For example, consider the problem of adjusting traffic
signal timings at an intersection with fluctuating traffic vol-
umes. A FLM can take input variables such as vehicle density,
queue length, and time of day, which are not precise but rather
fuzzy in nature. The FLM processes these inputs using a set of
fuzzy rules, which are formulated based on expert knowledge
and can handle linguistic variables like “high traffic” or “low
traffic”.

The output of the FLM is a set of fuzzy conclusions, which
are then defuzzied to produce a clear output that can be used to
adjust the traffic signal timings. For instance, if the FLM
determines that the traffic volume is "moderately high" and
increasing, it might extend the green light duration for that
direction to alleviate congestion [38, 39].

5. Drones in Traffic Management and
Control

Drones, or Unmanned Aerial Vehicles (UAV), an aircraft
without a human pilot aboard, controlled either autonomously
by onboard computers or by the remote control of a pilot on
the ground or in another vehicle, have become increasingly

sophisticated with the integration of Al, Machine Learning
(ML), and Deep Learning (DL) technologies, significantly
enhancing their capabilities in traffic management and control
[33]. Sensors and cameras equip these advanced drones to
perform complex tasks autonomously, including navigation,
mapping, and real-time obstacle detection. DL algorithms
have been used in teaching drones to autonomously navigate
by processing massive quantities of data from their onboard
sensors, allowing them to detect and avoid obstacles and make
intelligent decisions during flight. The applications of Al, ML,
and DL in advanced drones extend beyond traffic manage-
ment to a variety of fields, demonstrating their versatility and
potential for innovation. In search and rescue missions, drones
can quickly cover vast areas, using Al and ML algorithms to
detect and recognize objects or individuals in need of assis-
tance. This rapid scanning capability is crucial for locating
people, vehicles, or buildings in large-scale emergency situa-
tions [40, 41].

DL algorithms enable drones to navigate autonomously,
without human intervention. This is particularly valuable in
complex manufacturing environments, where drones can
safely and efficiently navigate around obstacles and building
components. In precision agriculture, drones equipped with
Al and ML are used to collect and analyze data on crop health,
moisture levels, and soil conditions (Figure 7). This allows
farmers to make more informed decisions about managing
their crops and optimizing agricultural yield. Drones with Al
and ML capabilities are also employed in surveillance and
security operations to monitor vulnerable areas, identify in-
stances of unauthorized access, and detect potential threats
[42]. This deployment ensures heightened alertness and ena-
bles quick response to any detected dangers. Additionally,
drones play an important role in improving disaster response
operations, as they can rapidly assess the extent of damage,
locate survivors, and facilitate efficient distribution of re-
sources during crises.

Figure 7. Application of ML in autonomous navigation of drones [33].

The integration of drones into traffic management systems
has marked a significant advancement in urban mobility.

79

Drones can autonomously patrol routes, analyze traffic pat-
terns, and communicate with traffic management centers to
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alleviate congestion and optimize traffic flow. They work in
tandem with other Al-driven tools, such as GA and SA, to
provide comprehensive data that improves traffic predictions
and route planning.

6. Responsible and Sustainable
Approaches

The use of Al technology has the potential to modify the
transportation industry by addressing key challenges such as
pollution reduction, improved safety, and alleviating traffic
congestion. However, it is important to adopt a responsible
and sustainable strategy for integrating Al into transportation
systems. This approach should consider factors such as public
acceptance, environmental impact, ethical considerations, and
community engagement.

6.1. Ethical Implications of Al in Transportation

The integration of automation and Al into transportation
systems, such as self-driving cars, presents a significant
problem in terms of enabling these Al systems to make ethical
decisions [43]. Vehicles need advanced ethical deci-
sion-making capabilities integrated into their Al systems and
algorithms before achieving full autonomy. Giving Al com-
plete control over moral judgment, however, raises a serious
concern.

Automating ethical decision-making in complex moral di-
lemmas with unclear correct actions presents significant
challenges. It will be important to protect significant user
input and uphold the concepts of informed consent and human
autonomy in these complex issues of ethics. Al cannot be
permitted to make all morally difficult decisions on its own
without human supervision or the capacity to set ethical
boundaries. Suggesting ethical design standards, evaluating
the impact of various techniques on autonomy, and develop-
ing tools to help engineers and designers balance human au-
tonomy preservation and automated ethical decision-making
are possible strategies [44].

6.2. Community Engagement

While implementing ethical design standards and tools may
help mitigate some risks, it is unrealistic to expect that Al will
always make morally sound decisions without human over-
sight. Indeed, the integration of Al with transportation sys-
tems requires human supervision to implement ethical con-
siderations and preserve human values by monitoring deci-
sion-making processes and outcomes. Without active com-
munity engagement and input, there is a risk that Al integra-
tion in transportation may not align with the values and needs
of the people it serves, leading to potential ethical conflicts
and societal disconnect. It is important for stakeholders to
actively participate in the decision-making process by en-
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gaging in regular consultations, conducting impact assess-
ments, and prioritizing ethical considerations such as data
privacy, transparency, sharing, and fairness in Al integration
with societal values and human needs.

Furthermore, a collaborative approach between communi-
ties, governments, and manufacturing companies integrating
diverse perspectives is vital for creating a transportation sys-
tem that meets moral standards and preserves human values
through Al integration. For instance, in the development of
self-driving cars, community members played an important
role by suggesting safety measures that significantly reduced
the risk of accidents and enhanced the ethical consideration of
Al integration. The absence of community engagement in the
development of autonomous vehicles can erode trust among
the public, resulting in increased skepticism towards Al
technology in transportation and raising resistance to tech-
nological advancements. Additionally, incorporating diverse
perspectives can help address potential biases in Al algo-
rithms and ensure fair treatment for all individuals. This col-
laborative approach not only cultivates a sense of ownership
and responsibility among community members but also re-
sults in increased accountability towards the ethical en-
hancement of the transportation system, leading to a more
transparent and trusted infrastructure [45, 46].

7. Conclusion

The integration of Al in the transportation sector has re-
formed traffic management and control. Advancements in Al
methodologies, such as Genetic Algorithms (GA), Simulated
Annealing (SA), Ant Colony Optimizer (ACO), Bee Colony
Optimization (BCO), and Fuzzy Logic Models (FLM), have
significantly improved dynamic traffic scenarios, route plan-
ning, and incident management. These Al techniques have led
to the development of adaptive, responsive, and ITS that can
effectively meet the growing demands of urban mobility.

The use of drones, or Unmanned Aerial Vehicles (UAV),
equipped with Al, ML, and DL technologies, has expanded the
capabilities of traffic management systems even further. Drones
provide a unique vantage point for real-time traffic monitoring,
incident response, and data collection. When combined with
Al-driven analytics, they can enable proactive traffic control
measures and improve traffic flow. Drones can also be applied
in search and rescue, precision agriculture, surveillance, secu-
rity, disaster response, and delivery services.

Looking ahead, there are several recommendations and
areas for further research to continue advancing Al applica-
tions in transportation:

1. Enhanced Integration of Al and loT: Further research
into integrating Al with 10T can create more intercon-
nected and automated traffic systems. Real-time data
from various sensors and devices can be analyzed and
acted upon instantly.

2. Improved Machine Learning (ML) models: Developing
sophisticated ML models capable of handling the vast and
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complex datasets associated with transportation systems
is crucial. These models should focus on improving pre-
dictive accuracy and real-time decision-making.

3. Autonomous Vehicle Collaboration: Exploring the col-
laborative potential of autonomous vehicles, where they
communicate and make collective decisions, can lead to
smoother traffic flows and reduced congestion.

4. Drone Technology Advancements: Continued innova-
tion in drone technology, including better battery life,
more robust Al algorithms for autonomous operation,
and improved integration with ground-based traffic
management systems, will enhance their usefulness in
transportation.

5. Ethical and Privacy Considerations: As Al becomes
more prevalent in transportation, addressing ethical and
privacy concerns regarding data collection and usage is
essential. Research into frameworks and policies that
protect individual rights while enabling the benefits of
Al is needed.

6. Economic and Environmental Impact Studies: Studies
on the economic and environmental impacts of Al in
transportation can provide insights into long-term bene-
fits and potential trade-offs. This can guide sustainable
and cost-effective investments in technology.

The implementation of these recommendations by focusing
on these research areas can continue leveraging the latest Al
advancements to reduce congestion, improve travel reliability,
and optimize the economic efficiency of important transpor-
tation assets.

Abbreviations

ACO Ant Colony Optimizer

Al Acrtificial Intelligence

ANN Artificial Neural Networks
BCO Bee Colony Optimization

CAN Controller Area Network

CNN Convolutional Neural Networks
DL Deep Learning

DNN Deep Neural Networks

ECU Electronic Control Unit
eVTOL Electric Vertical Take-off and Landing Aircrafts
FLM Fuzzy Logic Model

GA Genetic Algorithms

GPS Global Positioning System
HTT Hyperloop Transportation Technologies
loT Internet of Things

ITS Intelligent Transport Systems
KBS Knowledge-Based Systems
LiDAR Light Detection and Ranging
LSTM  Long Short-Term Memory
MaaS Mobility-as-a-Service

ML Machine Learning

RNN Recurrent Neural Networks

SA Simulated Annealing
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