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1. Introduction

Autonomous vehicles (AVs) are at the forefront of a transportation revolution, promising to redefine how people and goods
move worldwide. These vehicles are designed to navigate and operate without direct human input, relying on sensors, software,
and advanced computing to interpret their environment and make decisions (Bathla et al, 2022). The concept of autonomous
vehicles has evolved rapidly, driven by advancements in artificial intelligence (Al), sensor technology, and machine learning,
among other fields. These vehicles range from fully autonomous systems requiring no human intervention to semi-autonomous
systems where human drivers still play a critical role in certain conditions. The potential impact of AVs on modern transportation
is profound, with implications for safety, efficiency, and accessibility (Ma, Wang, Yang, & Yang, 2020).

The significance of autonomous vehicles extends beyond just technological innovation; it encompasses societal benefits such as
reducing traffic accidents, lowering emissions, and enhancing mobility for the elderly and disabled. In the United States alone,
traffic accidents result in over 30,000 fatalities each year, with human error being the leading cause. Autonomous vehicles with
advanced Al-driven control systems promise to reduce these numbers significantly by eliminating human error. Moreover, AVs
have the potential to optimize traffic flow, reduce congestion, and lower the overall environmental impact of transportation by
enabling more efficient driving patterns and reducing the need for parking infrastructure in urban areas (Campisi, Severino, Al-
Rashid, & Pau, 2021; Chougule, Chamola, Sam, Yu, & Sikdar, 2023).

However, the success of autonomous vehicles heavily depends on the control systems that govern their operation. Control
systems are the backbone of autonomous driving technology, enabling vehicles to process information from their surroundings,
make real-time decisions, and execute complex maneuvers safely. These systems must handle various tasks, from basic functions
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like acceleration and braking to more complex actions like
navigating through unpredictable environments or avoiding
obstacles.

In an autonomous vehicle, the control system is responsible
for interpreting data from sensors such as cameras, LiDAR,
radar, and GPS and using this data to make decisions that
ensure the vehicle's safe and efficient operation (Ahangar,
Ahmed, Khan, & Hafeez, 2021; Bathla et al, 2022).

The importance of control systems in AVs cannot be
overstated. In a dynamic and unpredictable environment,
such as a busy urban street or a highway, control systems
must be able to process large volumes of data in real-time and
respond to unexpected changes quickly. This requires not
only sophisticated algorithms but also robust and reliable
hardware. Control systems must also be adaptable, as they
must function under various conditions, including adverse
weather, varying traffic laws, and different types of road
infrastructure. Furthermore, they must be fail-safe, meaning
they must continue to operate safely even in the event of a
system malfunction. As AVs become more prevalent, the
demands on their control systems will only increase,
necessitating continuous technological and implementation
advancements (Parekh et al, 2022).

This paper aims to review the latest Al-driven techniques in
control systems for autonomous vehicles, focusing on
methods such as reinforcement learning, PID control, and
hybrid approaches. These techniques represent the cutting
edge of Al in autonomous vehicle control, offering solutions
to many of the challenges currently faced by the industry.
Reinforcement learning, for instance, allows vehicles to learn
from their environment by trial and error, continuously
improving their decision-making capabilities over time. PID
(Proportional-Integral-Derivative) control, a more traditional
approach, offers a simple yet effective way of maintaining
stability and control in certain scenarios. Hybrid approaches
combine the best aspects of Al-driven techniques with
traditional control methods, offering a balanced solution that
can adapt to a wide range of conditions.

While these techniques have shown promise, they also have
limitations. Current methods often struggle with safety,
scalability, and adaptability issues. For example,
reinforcement learning models require vast amounts of data
and computational resources, and they can be difficult to
scale across different types of vehicles and environments.
PID control, while reliable, can be too simplistic for the
complex decision-making required in fully autonomous
vehicles. While offering a middle ground, hybrid approaches
still face challenges in integrating diverse methodologies into
a cohesive system that can operate seamlessly in real-world
scenarios.

Given these challenges, the paper will also propose potential
innovations that could enhance the decision-making and
adaptability of control systems in autonomous vehicles.
These innovations might include advanced reinforcement
learning techniques, improved integration of machine
learning with traditional control systems, and the use of
model predictive control (MPC) fused with Al to enhance
foresight in decision-making. Additionally, advancements in
sensor fusion and perception systems could play a critical role
in improving the accuracy and robustness of control systems.
Finally, the paper will explore the potential for human-Al
collaboration, where human oversight is integrated into the
control loop to enhance safety and trust in autonomous
systems.
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2. Current Al techniques in control systems

Control systems are fundamental to the operation of
autonomous vehicles, enabling these complex machines to
navigate their environments, make decisions, and react to
unforeseen circumstances in real-time. The sophistication of
these systems is largely driven by advancements in artificial
intelligence (Al), which provides the computational power
and learning capabilities necessary to manage the myriad of
tasks involved in autonomous driving. Among the Al
techniques applied in control systems, Reinforcement
Learning (RL), Proportional-Integral-Derivative (PID)
control, and hybrid approaches stand out as key methods,
each offering unique strengths and addressing different
aspects of the autonomous driving challenge.

2.1. Reinforcement Learning (RL)

Reinforcement Learning is a branch of machine learning that
is well-suited for tasks requiring decision-making in
complex, dynamic environments—making it highly
applicable to autonomous vehicle control systems. In RL, an
agent (in this case, the autonomous vehicle) learns to make
decisions by interacting with its environment. The agent
receives feedback through rewards or penalties based on the
actions it takes. Over time, it learns to maximize its
cumulative reward by choosing actions that yield the best
outcomes. This trial-and-error approach allows the vehicle to
improve its performance over time, adapting to new scenarios
and optimizing its driving strategy (Langlois & Everitt,
2021).

One of the primary benefits of RL in autonomous vehicle
control is its ability to learn from real-time interactions with
the environment. Unlike traditional control methods that rely
on pre-programmed rules or models, RL enables the vehicle
to develop its strategies based on direct experience. This can
be particularly advantageous in unpredictable or complex
environments where predefined rules might not be sufficient.
For example, in urban driving, where conditions can change
rapidly due to traffic, pedestrians, or weather, an RL-based
system can continuously adapt its behavior to ensure safety
and efficiency (AlMahamid & Grolinger, 2022; Aradi, 2020).
However, RL also presents several challenges when applied
to autonomous vehicle control. The learning process can be
data-intensive and time-consuming, requiring vast interaction
data to develop effective strategies. Additionally, ensuring
the safety of RL systems is critical, especially during the
learning phase when the vehicle might make suboptimal or
unsafe decisions. RL systems often rely on simulations to
train the wvehicle in a controlled environment before
deploying in the real world to mitigate these risks. Despite
these challenges, RL remains a promising approach due to its
adaptability and potential for continuous improvement in
response to environmental changes (Chen, Qu, Tang, Low, &
Li, 2022; Dong, Dong, Ding, Zhang, & Chang, 2020).

2.2. PID Control

Proportional-integral-derivative (PID) control is one of the
most established and widely used techniques in control
systems, not only in autonomous vehicles but across various
engineering fields. The PID controller is a feedback loop
mechanism that calculates an error value as the difference
between a desired setpoint and the actual output. The control
inputs, such as steering angle, throttle, or braking force, are
adjusted to minimize this error. The PID controller operates
based on three parameters: the proportional term (P), which
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addresses the present error; the integral term (1), which
accounts for past errors; and the derivative term (D), which
predicts future errors based on the current rate of change
(Ademola & ldowu, 2023; Rojas, Arrieta, & Vilanova, 2021).
The simplicity and effectiveness of PID control make it
particularly suitable for certain aspects of autonomous
vehicle operation. For example, PID controllers are often
used to maintain speed or follow a specific path, where the
dynamics are relatively straightforward and the control
objectives are well-defined. The ability of PID controllers to
provide smooth and stable control responses is one of their
key advantages, especially in scenarios where precise control
is needed, such as lane-keeping or maintaining a safe distance
from other vehicles (Mumuni, Olayiwola-Mumuni, &
Yussouff, 2023).

Despite its strengths, PID control has limitations, particularly
in handling more complex or dynamic driving tasks that
require real-time decision-making and adaptation to rapidly
changing conditions. For instance, in scenarios involving
sudden obstacles or highly variable traffic patterns, PID
control might struggle to respond effectively due to its
reliance on predefined control laws. Additionally, tuning the
PID parameters to achieve optimal performance can be
challenging, especially when the system dynamics are
nonlinear or time-varying, as is often true in real-world
driving scenarios (Stavrov, Nadzinski, Deskovski, &
Stankovski, 2021; Zhang, Li, Ma, Chen, & Zhou, 2023).

2.3. Hybrid Approaches

Given the limitations of both RL and PID control, hybrid
approaches have emerged as a promising solution that
combines the strengths of Al-driven techniques with
traditional control methods. Hybrid systems aim to leverage
Al's adaptability and learning capabilities, such as RL, while
incorporating the stability and reliability of methods like PID
control. This combination allows more versatile and robust
control systems to handle a wider range of driving tasks and
environmental conditions (Shi et al, 2020).

One common hybrid approach involves using RL for high-
level decision-making and strategic planning while relying on
PID controllers for low-level execution of specific control
actions. For example, in an autonomous vehicle, RL might be
used to determine the optimal path or driving strategy based
on the current traffic situation. At the same time, PID control
is applied to execute precise maneuvers such as steering or
speed control. This division of labor allows the system to
capitalize on the strengths of each technique: the RL
component provides adaptability and learning. In contrast,
the PID component ensures stability and smooth control
(Dogru et al, 2024).

Another hybrid approach involves model-based methods,
such as Model Predictive Control (MPC), combined with
machine learning. MPC is a control strategy that uses a
dynamic system model to predict future states and optimize
control inputs accordingly. When integrated with Al
techniques, MPC can benefit from enhanced prediction
accuracy and the ability to handle more complex scenarios.
The combination of MPC with Al-driven learning algorithms
can provide a powerful tool for managing the trade-offs
between short-term control objectives and long-term
strategy, making it highly suitable for autonomous driving
(Norouzi, Heidarifar, Borhan, Shahbakhti, & Koch, 2023).

2.4. Comparison of techniques
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When comparing RL, PID control, and hybrid approaches, it
is clear that each technique offers distinct advantages and
faces unique challenges depending on the specific context of
autonomous vehicle control. Reinforcement Learning excels
in adaptability and continuous learning, making it ideal for
dynamic and complex environments with insufficient
predefined rules. However, its data-intensive nature and the
challenges associated with safety during the learning process
are significant drawbacks (Sana, Azad, & Raahemifar, 2023).
In contrast, PID control is highly effective in scenarios with
well-defined control objectives and a relatively stable
environment. Its simplicity and reliability make it a valuable
tool for speed regulation and path following. Nevertheless,
PID control lacks the flexibility needed for more complex
decision-making and can struggle in dynamic environments.
Hybrid approaches offer a middle ground, combining the
adaptability of Al-driven techniques with the stability of
traditional control methods. By integrating the strengths of
RL, PID, and other control strategies, hybrid systems provide
a more comprehensive solution capable of handling a broader
range of driving tasks. However, designing and tuning hybrid
systems can be challenging, as careful coordination between
the different components is required to ensure optimal
performance (Alhamrouni et al, 2024).

3. Challenges and limitations of current techniques

As autonomous vehicles progress from experimental
prototypes to real-world applications, the limitations of
current Al-driven control systems become increasingly
apparent. These systems, while advanced, face several
significant challenges that hinder their widespread
deployment and adoption. The ability of an AV to operate
safely, reliably, and efficiently in diverse and unpredictable
environments is contingent on overcoming these limitations.
This section explores four major challenges: safety and
reliability issues, scalability and real-time decision-making,
adaptability to dynamic environments, and computational
and resource constraints.

3.1. Safety and Reliability issues

Safety is paramount in the development and deployment of
autonomous vehicles. Yet, it remains one of the most
significant challenges for Al-driven control systems. Despite
the sophistication of current Al techniques, ensuring
consistent and reliable safety in all driving conditions is a
formidable task. Autonomous vehicles operate in highly
unpredictable environments, interacting with human drivers,
pedestrians, animals, and other obstacles. These interactions
often involve complex scenarios that are difficult to
anticipate and model accurately (Bathla et al, 2022).

One of the primary limitations in ensuring safety is the "edge
case" problem, where an AV encounters rare or unusual
situation that it was not specifically trained to handle. For
example, a sudden pedestrian jaywalking or a vehicle running
a red light can present challenges that the control system may
not respond to effectively if it has not encountered similar
scenarios during training. While reinforcement learning (RL)
and other Al techniques allow systems to learn from
experience, there is always the risk that a new, unforeseen
situation will arise, leading to unpredictable behavior
(Moradloo, Mahdinia, & Khattak, 2024). Moreover, the
reliability of Al-driven control systems is closely tied to the
quality of the data on which they are trained. Inaccurate,
biased, or incomplete data can lead to erroneous decision-
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making, which, in turn, compromises safety. This challenge
is exacerbated by the black-box nature of many Al models,
particularly deep learning systems, making it difficult to
understand or predict how they will behave in certain
situations. As a result, building trust in these systems remains
a critical hurdle, especially when lives are at stake
(Elouataoui, 2024).

3.2. Scalability and real-time decision making

Another major challenge is the scalability of Al-driven
control systems. Autonomous vehicles are expected to
operate across various environments, from densely populated
urban areas to rural roads with minimal infrastructure. Each
environment presents unique challenges, and scaling Al
systems to handle diverse driving conditions is complex.
Techniques like RL require extensive training in various
scenarios to perform well across different contexts. However,
scaling this training across all possible environments is
resource-intensive and time-consuming (Ekatpure, 2023).

In addition to environmental scalability, the systems must
scale to different types of vehicles, from small cars to large
trucks, each with its own dynamics and control requirements.
The complexity of vehicle-specific models adds another layer
of difficulty, as a system designed for one type of vehicle may
not perform optimally when adapted to another. This
variability necessitates more generalized models or an array
of specialized systems tailored to different vehicles, each
with its own training and validation processes (Campisi et al,
2021). Real-time decision-making is another crucial aspect
that presents significant challenges. Autonomous vehicles
must make split-second decisions in fast-changing
environments, such as merging onto a busy highway or
avoiding collisions. These decisions require accurate
perception and prediction and the ability to process and act
on this information quickly. Current Al-driven systems,
particularly those that rely on deep learning or reinforcement
learning, often struggle with latency in processing vast
amounts of data in real time. This latency can result in
delayed responses, which may be unacceptable in scenarios
where milliseconds matter for safety (Abhilashi, Singh, &
Patil, 2023).

3.3. Adaptability to dynamic environments

Adaptability is a key requirement for autonomous vehicles,
given the variability and unpredictability of real-world
driving conditions. However, current Al-driven control
systems face significant challenges in this area. While
techniques like RL allow systems to learn and adapt from
experience, their ability to generalize from one environment
to another is often limited. For instance, a system trained
extensively in sunny conditions may not perform as well in
rain or snow, where visibility and traction are significantly
reduced (Tuli et al, 2023).

Dynamic environments, such as urban settings with
constantly changing traffic patterns, construction zones, and
varying pedestrian behaviors, further complicate the
adaptability of these systems. Autonomous vehicles must
respond to the immediate environment, anticipate future
changes, and adjust their behavior accordingly. However,
predicting such changes accurately is challenging,
particularly in environments where human behavior is
unpredictable or new obstacles may appear suddenly (Liu,
Lo, Ma, & Wang, 2014). Moreover, the adaptability of
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current systems is often hindered by their reliance on static,
pre-programmed rules or models. While these models can
handle many common scenarios, they may not be flexible
enough to deal with novel situations that fall outside of their
training data. This limitation can lead to failures in decision-
making or inappropriate responses to new or unexpected
conditions, thereby compromising the safety and
effectiveness of the vehicle.

3.4. Computational and resource constraints

The computational demands of Al-driven control systems for
autonomous vehicles are substantial. These systems must
process data from various sensors, including cameras,
LiDAR, radar, and GPS, to make real-time informed
decisions. The volume of data generated by these sensors is
enormous, and the processing power required to analyze this
data and make decisions quickly is significant. Advanced Al
techniques like deep learning and reinforcement learning are
computationally intensive, requiring powerful hardware and
substantial energy resources (Xu et al, 2017).

In addition to raw computational power, the resource
constraints extend to memory and bandwidth, especially
when dealing with high-definition mapping and real-time
data processing. Autonomous vehicles must store and access
large amounts of data to navigate effectively, and the
efficiency of these processes directly impacts the vehicle's
performance. Limited memory or processing bottlenecks can
lead to delays in decision-making or even system failures
(Faisal, Kamruzzaman, Yigitcanlar, & Currie, 2019).
Energy consumption is another critical factor, particularly for
electric vehicles, which are becoming increasingly common
in the autonomous vehicle space. The need to balance
computational demands with energy efficiency poses a
significant challenge. High-performance computing systems
consume much power, which can reduce the range of electric
vehicles and require more frequent recharging, thus
impacting the practicality of autonomous driving (Kovacic,
Mutavdzija, & Buntak, 2022). Finally, developing and
deploying these high-performance systems can be
prohibitive, limiting their accessibility and scalability.
Building Al-driven control systems that are both powerful
and cost-effective remains a significant challenge,
particularly for widespread adoption in consumer markets.
This challenge is compounded by the need for continuous
updates and improvements to keep pace with evolving
technology and regulatory requirements (Abdelsamea,
Nassar, & Eldeeb, 2020).

4. Future innovations and proposed solutions

As the field of autonomous vehicles (AVs) continues to
evolve, addressing the limitations of current Al-driven
control systems is paramount. Future innovations must
enhance decision-making, improve adaptability, and ensure
safety and reliability. This section explores several proposed
solutions that leverage advanced reinforcement learning
techniques, integrate machine learning with traditional
control systems, combine Model Predictive Control (MPC)
with Al, enhance sensor fusion and perception systems, and
incorporate human-Al collaboration. These innovations aim
to push the boundaries of what autonomous vehicles can
achieve, making them more capable and trustworthy in real-
world scenarios.
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4.1. Advanced reinforcement learning techniques
Reinforcement Learning has shown great potential in
enabling autonomous vehicles to learn from their
environment and adapt their behavior over time. However,
traditional RL approaches often struggle with complex
decision-making and adaptability in dynamic environments.
Advanced RL techniques such as multi-agent RL and
hierarchical RL have been proposed to overcome these
challenges.

Multi-agent RL involves multiple agents (e.g., vehicles)
interacting within the same environment, learning from their
individual experiences and interactions with other agents.
This approach is particularly useful in scenarios like traffic
management, where the behavior of one vehicle can
significantly impact others. By training vehicles to cooperate
and coordinate their actions, multi-agent RL can lead to more
efficient and safer driving strategies, reducing the likelihood
of accidents and improving traffic flow.

Hierarchical RL, however, breaks down complex tasks into
simpler sub-tasks, each handled by a different layer of the
hierarchy. This technique allows an autonomous vehicle to
manage high-level strategic decisions (e.g., route planning)
and low-level control actions (e.g., steering and braking)
more effectively. By structuring the decision-making process
hierarchically, vehicles can better handle the complexity of
real-world  driving  environments, improving both
adaptability and response time.

These advanced RL techniques could significantly enhance
the decision-making capabilities of autonomous vehicles,
allowing them to navigate more complex and dynamic
environments with greater ease. However, they also require
more sophisticated training environments and computational
resources, making their implementation challenging but
worthwhile.

4.2. Integration of machine learning with traditional
control systems

Traditional control systems like Proportional-Integral-
Derivative controllers are known for their stability and
reliability. However, they lack the adaptability and learning
capabilities of machine learning models. A promising
approach to enhance autonomous vehicles' performance is
integrating machine learning models with traditional control
systems, creating hybrid systems that combine the best of
both worlds.

One proposed innovation is using machine learning
algorithms to optimize the parameters of traditional control
systems in real time. For example, a machine learning model
could dynamically adjust the PID controller's parameters
based on the current driving conditions, allowing the control
system to maintain stability while adapting to environmental
changes. This approach could better balance stability and
adaptability, ensuring the vehicle can respond effectively to
routine and unexpected situations.

Another approach involves using machine learning models to
augment traditional control systems by providing additional
insights or predictions. For instance, a deep learning model
could analyze sensor data to predict upcoming obstacles or
changes in road conditions, which the traditional control
system could then use to adjust its control actions proactively.
By combining the predictive power of machine learning with
the robustness of traditional control systems, this hybrid
approach could lead to more resilient and responsive
autonomous vehicles.
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4.3. Model predictive control (MPC) and Al fusion
Model Predictive Control (MPC) is a control strategy that
uses a dynamic system model to predict future states and
optimize control inputs accordingly. When fused with Al
techniques, MPC can provide enhanced foresight in decision-
making, making it particularly suitable for autonomous
vehicles.

The fusion of MPC with Al could involve using machine
learning models to improve the system's dynamic model's
accuracy or enhance the optimization process. For example,
a machine learning model could be trained on historical
driving data to predict how the vehicle will behave under
different conditions, which could then be integrated into the
MPC framework. This would allow the vehicle to make more
informed decisions considering current and future states.
Moreover, Al can extend MPC's prediction horizon, allowing
the vehicle to anticipate and plan for more distant future
events. This is particularly useful in complex driving
scenarios like navigating through dense traffic or planning
overtaking maneuvers. By combining Al's predictive
capabilities with MPC's optimization power, autonomous
vehicles could achieve a higher level of foresight and
decision-making, leading to safer and more efficient driving.

4.4. Enhanced sensor fusion and perception systems
Sensor fusion combines data from multiple sensors to create
a more accurate and comprehensive understanding of the
vehicle's environment. As autonomous vehicles rely heavily
on sensors like cameras, LIiDAR, radar, and GPS, improving
sensor fusion techniques is crucial for enhancing the accuracy
and robustness of control systems.

One proposed innovation in this area is the development of
advanced sensor fusion algorithms that can handle more
complex and diverse sensor data. For instance, machine
learning models could be used to fuse data from different
sensor types more effectively, compensating for the
weaknesses of one sensor with the strengths of another. This
could lead to more reliable perception systems that accurately
detect and classify objects even in challenging conditions like
low light or heavy rain.

Another approach involves using sensor fusion to improve
the vehicle's situational awareness, allowing it to build a more
detailed and dynamic map of its surroundings. By
continuously integrating new sensor data and updating its
perception of the environment, the vehicle could respond
more quickly to changes, such as a pedestrian suddenly
crossing the road or a vehicle braking ahead. Enhanced
sensor fusion could thus play a key role in improving the
safety and reliability of autonomous vehicles.

4.5. Human-Al Collaboration

While fully autonomous vehicles aim to operate without
human intervention, there are significant benefits to
incorporating human oversight and collaboration into the
control loop. Human-Al collaboration can enhance safety and
trust in autonomous systems by allowing humans to intervene
in critical situations or provide guidance in complex
scenarios.

One proposed approach is to develop systems that allow for
seamless human-Al interaction, where the vehicle can
request human assistance when it encounters a situation
beyond its capabilities. For example, in a highly complex
traffic situation, the vehicle could alert the human driver and
provide a suggested course of action while allowing the
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driver to take full control if necessary. This collaborative
approach could significantly reduce the risk of accidents,
especially in scenarios where the Al might struggle to make
an optimal decision.

Additionally, incorporating human feedback into the learning
process could improve the adaptability and performance of
Al-driven control systems. By learning from human inputs
and corrections, Al could refine its decision-making
strategies and become more aligned with human driving
behavior, increasing public trust in autonomous vehicles.

5. Conclusion and recommendations

5.1. Conclusion

This review has highlighted the significant advancements and
ongoing challenges in Al-driven control systems for
autonomous vehicles (AVs). Current techniques such as
reinforcement  learning (RL), Proportional-Integral-
Derivative (PID) control, and hybrid approaches have
enabled substantial progress in AV development. RL has
shown promise in enabling vehicles to learn and adapt to
complex environments. At the same time, PID control
continues to offer stability and reliability in specific
scenarios. Hybrid approaches that combine Al-driven
techniques with traditional control systems provide a balance
between adaptability and stability, making them a key area of
focus in contemporary research. However, despite these
advancements, the field still faces challenges, particularly in
ensuring safety, reliability, scalability, and real-time
decision-making in dynamic environments.

The proposed innovations discussed in this review—such as
advanced reinforcement learning techniques, the integration
of machine learning with traditional control systems, Model
Predictive Control (MPC) and Al fusion, enhanced sensor
fusion, and human-Al collaboration—have significant
implications for the future of autonomous vehicles. These
innovations could address the current limitations of Al-driven
control systems, making AVs more capable of handling
complex, real-world scenarios. For instance, advanced RL
techniques like multi-agent and hierarchical RL could enable
more sophisticated decision-making and adaptability, while
integrating machine learning with traditional control systems
could enhance stability without sacrificing flexibility. The
fusion of MPC with Al offers the potential for more
predictive and proactive control strategies, improving safety
and efficiency.

5.2. Recommendations for future research

Future research should focus on several key areas to
overcome the limitations of current Al-driven control
systems. First, there is a need for more robust and scalable
RL algorithms that can learn from a broader range of
scenarios and better generalize to new environments.
Additionally, research should explore more efficient ways to
integrate machine learning with traditional control systems,
ensuring these hybrid systems can operate reliably in real
time while maintaining adaptability. Further exploration of
MPC and Al fusion could yield new insights into optimizing
control strategies for complex and dynamic driving
conditions. Enhanced sensor fusion techniques also warrant
further investigation, particularly in improving the accuracy
and robustness of perception systems in challenging
environments.
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Finally, incorporating human-Al collaboration into the
control loop remains an underexplored area with significant
potential to enhance the safety and trustworthiness of
autonomous systems.
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