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Abstract: This paper proposes an intelligent headlight management system for Electric
vehicles (EVs) based on an adaptive Q-learning framework that considers enhancing
safety and reducing risks. This includes formulating a Q-learning strategy for real-time
control of headlights operating in modes suitable for the current conditions and vehicle
operations. Evaluation of the performance of the adaptive Q-learning system is presented
in this study in terms of safety metrics such as visibility distance and energy efficiency
indicators such as power consumption through comprehensive simulations across
various turning scenarios. These results show significant improvements compared to
traditional systems with fixed beam patterns and rules-based control systems. This
approach proves effective and expresses the research prospects of enhancing the safety
of night-time driving, reducing risks, minimizing energy usage, and improving the overall
performance of the approach with traditional routing methods, demonstrating its
superior performance in various scenarios. This paper not only contributes to the
optimization of last-mile delivery using shipping drones but also highlights the potential
of reinforcement learning techniques, such as deep Q-learning, in addressing complex
routing challenges in dynamic, real-world environments in smart logistics. Ultimately,
further exploration into the utilization of reinforcement learning for complex
optimization issues across various domains is recommended.
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1. Introduction

A global trend is moving towards adopting electric vehicles (EVs) as a sustainable
solution to transport industries (Alinazi et al., 2024). These vehicles are expected to
have less reliance on fossil fuels, emit fewer greenhouse gases, and improve air quality,
all of which assist in achieving global sustainability targets (Vaidya & Mouftah, 2020).
Still, with the rise of EV usage comes the rise of disquiet on the safety and the overall
functionality of these cars and the light-emitting parts of these cars. The intelligent
management of headlights has become one of the directions of research whose
importance cannot be overemphasized since it could significantly reduce the number
of accidents and enhance road safety and energy efficiency when cars are used in
various conditions (Munsi & Chaoui, 2024).

Headlights play a significant role when driving at night or in inclement weather.
However, these systems are often limited to a specific light intensity, which is not
always practical for all environments (Wei et al., 2022). This issue hampers the
driver’s visibility and causes unnecessary energy consumption in EVs, which run all
electrical systems, including the lights on battery power. On the other hand, an
adaptive lighting system can change the degree and angle of the headlights in response
to other current road and traffic conditions, as well as situational variables like the
presence of vehicles and pedestrians. If such technologies are utilized, the dangers of
driving in darkness can be reduced, creating more appropriate and comfortable
conditions for traffic movement and other road users (Zhang et al., 2021).

Q-learning can help achieve adaptive headlight control autonomously by
interacting with the specific environment, where an agent learns from the
environment (Nkrumah, Cai, & Jafaripournimchahi, 2024). Q-learning applies to
headlight control as it helps provide dynamic decision-making based on situational
awareness and headlight settings preferred by the driver. The approach is quite
suitable for modern vehicles, particularly EVs, since they are ideal for data-driven
systems that can learn over time (Zakaria et al., 2024). In addition, using the artificial
headlight control based on a Q-learning approach may help increase drivers'
segregated satisfaction levels (Suanpang et al., 2022). Most drivers have different
driving habits and subjective preferences regarding the desired headlight brightness
and direction of the beam due to differences in personal experiences (Tresca et al,,
2024). Q-learning systems can learn these adjust preferences automatically, which
improves the driving experience. Such accuracy is important because of the
configuration within cities where drivers get frequent dynamic disturbances such as
sudden weather changes, varying amounts of traffic, and obstructions such as
buildings and trees that obstruct light (Vaidya & Mouftah, 2020).

Furthermore, communication of vehicle-to-everything (V2X) technologies can be
incorporated within the framework of Q-learning to make the headlight management
system more effective as it utilizes real-time input from the environment (Yusuf et al.,
2024). For instance, cars can warn each other of imminent dangers like roadblocks,
pedestrians, or cyclists, enabling the headlight system to adjust. Studies show that V2X
integration with innovative systems can significantly improve traffic safety and
efficiency (Zhou et al, 2020). Integrated with Q-learning, V2X technologies can
enhance the intelligent headlight management system's functionality, address safety
issues associated with driving at night, and achieve an ideal smart city scenario where

87



Risks Reducing Through Intelligent Headlight Management: Optimizing Q-Learning for
Electric Vehicles

vehicles and infrastructure communicate for efficient traffic control (Ying et al., 2024).
Additionally, other challenges must be solved to harness Q-learning in intelligent
headlight management fully. Among such a challenge is creating an appropriate and
diverse dataset that represents the complexity of driving in different conditions
(Mande & Ramachandran, 2024). The learning model demands highly voluminous and
rich data to optimize its decision-making issue.

Developing a well-performing generalized model across various scenarios such as
geographical locations, weather conditions, and times of the day, will be critical
(Jamjuntr et al.,, 2024). In addition, it is necessary to take care of ethics about data
privacy and security of the data about the drivers from whom the data was drawn.
Another interference is the real-time Q-learning implementations with computational
complexity and the time required to carry out processes (Souri et al., 2024). It renders
the algorithm incapable of instantaneously issuing control and lighting changes, as
even short delays could reduce driving safety. So, it is evident that efficient hardware
systems and high-level algorithms that can rapidly update Q-values based on the
newest experiences will be required (Sutton, 2018). Additionally, the acceptance of
automated systems capable of assuming user vehicle control functions will have to be
addressed, as some drivers may not be willing to give up control to Al Finally, it may
be possible to diminish the hazards of night-time driving by integrating a headlight
management system that uses a Q-learning framework to manage artificial headlamps
in EVs (Souri et al., 2024). Such systems, when powered with the capabilities brought
about by adaptive lighting technologies, reinforcement learning sequences, and V2X
communication, can improve road safety and increase the efficiency of EVs (Sutton,
2018). However, obstacles to be addressed include data acquisition, computational
efficiency, and user acceptance, but developing such intelligent systems may be the
future of transportation. Research and development in this field will be paramount to
creating a safe, adaptive, and sustainable driving environment.

Intelligent headlight management using a Q-learning framework is expected to
provide significant safety benefits. Such systems can increase visibility for drivers
while reducing glare to other road users by automatically modifying lighting patterns
that align with the existing conditions. The system automatically dims the headlights
when it sees an oncoming car so the driver is not blinded (Chen et al., 2025). Also, the
systems can alter the position and strength of the headlights if the sensors detect that
the vehicle is moving around a bend so that the headlights are more effective in
lighting the road ahead. This ability not only enhances driver situational awareness in
the short run but also helps protect pedestrians, cyclists, and other vehicles effectively
(Zhong & Wang, 2025). Nevertheless, some obstacles still need to be overcome to fully
tap into the benefits of intelligent headlight management systems for electric vehicles.
First, such advanced development and deployment also come at a cost, particularly
regarding skill and investment in research and development. The algorithms should
be thoroughly validated to make sure they adapt and perform to the required
standards under a variety of situations, such as weather changes and traffic volume
(Ying etal., 2024). In addition, the existing legal aspects must be altered to allow these
versatile systems to be incorporated and used by the guidelines provided by relevant
transportation authorities (Song et al., 2024). Another equally important aspect in this
case is consumer acceptance. Many drivers may be averse to having automated control
of headlight systems, arguing that manually operating lights are a better option.
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Awareness and education campaigns are very important in ensuring drivers know the
advantages intelligent systems possess in managing headlamp systems and
eliminating fears of mistrust of the systems. Such an approach could include the
cooperation of automotive companies, law enforcement agencies, and safety
organizations to educate the public about the necessity and advantages of adaptive
lighting as a critical safety element (Zhou et al., 2024).

1.1 Research Gap

Despite advancements in the automotive and machine learning domains, a
significant research gap exists concerning integrating and optimizing adaptive
headlight management systems tailored explicitly for EVs wusing intelligent
frameworks like Q-learning. Current literature and existing systems are limited in
several ways:

Lack of Context-Aware Headlight Control: Most traditional headlight systems use
static or rule-based methods that fail to adapt effectively to dynamic and complex
driving scenarios. While adaptive lighting systems exist, they often rely on heuristic or
predefined patterns that do not optimize real-time decision-making based on
environmental and traffic conditions (Crosato et al., 2024).

Insufficient Use of Machine Learning Techniques: Although some studies have
employed machine learning for headlight control, few have explored reinforcement
learning frameworks like Q-learning to manage headlights adaptively. There is limited
research on how these algorithms can autonomously learn and optimize headlight
behaviour based on live feedback from onboard sensors, enhancing visibility and
safety without manual intervention (Alanne & Sierla, 2022).

Focus on Energy Efficiency in Headlight Management: Limited studies address the
dual challenge of maximizing visibility while optimizing energy consumption, which is
crucial for EVs. The trade-off between efficient lighting and energy management
remains underexplored, especially when considering the battery constraints specific
to electric vehicles (Mathurkar & Satal, 2024)

Evaluation Across Diverse Driving Conditions: Most existing approaches to
headlight management have not been rigorously tested across a comprehensive range
of scenarios, such as varying road conditions, weather patterns (like fog or rain), and
different levels of traffic density. The effectiveness of Q-learning-based solutions
under such diverse and realistic conditions has not been thoroughly investigated
(Morden et al., 2023).

Consumer Acceptance and Practical Implementation: While technological
advancements in intelligent headlight systems have been proposed, there is a lack of
research on user acceptance and the practical deployment of these technologies in
everyday driving. Moreover, the social and regulatory implications of integrating
automated headlight systems in EVs need more attention (Kumar et al., 2024).

Addressing these gaps can lead to developing more adaptive, efficient, and user-
friendly headlight management systems, ultimately reducing risks and enhancing
safety for all road users. This paper seeks to fill these gaps by implementing and
evaluating a Q-learning-based framework that optimizes headlight control for EVs,

89



Risks Reducing Through Intelligent Headlight Management: Optimizing Q-Learning for
Electric Vehicles

balancing safety and energy efficiency in real-time driving scenarios.

1.2 Current Challenges

Headlight management in EVs currently utilizes static or relatively simple rules or
patterns controlled by conventional headlights. These rules or instructions are not
satisfactory and adjust too little to the expected responsiveness in changing and
varying factors such as the condition of roads, weather conditions at particular times,
or vehicular speeds, which causes inadequate safety and energy efficiency
performance (Waykole et al., 2021). Furthermore, present systems do not harness the
advantages of adopting real-time data-driven control adjustments to improve safety
and performance.

1.3 Objective

The main aim of this paper is to showcase how adaptive Q-learning can be
effectively utilized to optimize the control of an electronic vehicle headlight. The
objective is to devise a system capable of changing beam patterns automatically in
light of real-time sensor information and vehicle dynamics using Q-learning, a
reinforcement learning method known to acquire optimal control actions in changing
environments. Such an approach is expected to increase safety through better
visibility, while energy efficiency is expected to be improved by reducing light wastage.

2. Literature Review

This section reviews the history of intelligent driving technologies and their
implementation in light of the advancements in headlight management systems.

2.1 Intelligent Driving Technologies

The automotive industry is shifting significantly because of the development of
smart driving technologies, particularly on issues relating to safety and security,
consumption of energy, and pollution in the environment. Intelligent driving looks into
the application of sensors, communication systems, artificial intelligence, and machine
learning to the working of the car. These systems enable vehicles to detect changes
happening on the road and then to make and implement decisions based on them
(Olawade et al., 2024).

2.1.1 Integration of Sensors in Intelligent Vehicles

Modern vehicles are equipped with a wide range of sensors designed to acquire
knowledge regarding the environment around the vehicle, how it functions, and what
the driver prefers. Examples of this include light sensors, proximity sensors, cameras,
as well as radar systems, which give the ability to perceive prevailing conditions of the
road and the environment around the vehicle (Chen et al., 2025; Vaidya & Mouftah,
2020). The captured information is used as the basis for intelligent systems' decisions.
In particular, light sensors are essential for systems that control headlights since they
control beam intensity with ambient lighting and use radar sensors to scan for vehicles
and obstacles (Chen et al, 2025). This combination improves the view while
decreasing glare and hence, eliminates some risks.
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2.1.2 Role of Communication Systems

The ability of vehicles to communicate with each other and their surroundings
Vehicle-to-Everything (V2X) is one of the most important aspects of autonomous
driving solutions. V2X allows for information exchange between vehicles, facilities and
other traffic participants for the purpose of joint control and anticipatory control. In
terms of headlights, V2X technologies allow the sharing of data like traffic volume on
the road, dangerous situations on the road, and the weather. These data can be used
by headlight control algorithms to adjust the beam settings in anticipation of specific
situations in order to provide sufficient light while avoiding wasting electricity (Evans
etal, 2024; Zhou et al.,, 2020).

2.1.3 Machine Learning and Autonomous Decision-Making

Triumphing in intelligent driving technologies are now machine learning systems,
especially reinforcement learning methods such as Q-learning. These methods allow
the vehicles to be self-sufficient in coping with various scenarios by learning from the
past and the environment. In headlight management, Q-learning algorithms can be
used to provide optimal beam patterns by addressing the safety and energy
consumption trade-off in real-time. Research has shown these systems are superior to
the conventional rule-based in terms of their operational scope under various driving
conditions (Ghaleb & Mirzaliev, 2024; Vaidya & Mouftah, 2020).

2.1.4 Adaptive Headlight Systems

Adaptive headlight systems are a significant improvement when it comes to
intelligent driving technologies. Unlike static or rule-based systems, adaptive systems
actively change the beam angles, intensity, and spread concerning instantaneous
parameters. For example, headlights can turn during a bend to shine better on the road
ahead and narrow the sight angle (Nkrumah, Cai, & Jafaripournimchahi, 2024). Such
systems operate based on a large amount of data processing with machine learning
algorithms, where the models learn how to configure lights optimally to make car
usage more convenient and the road safer. Furthermore, adding adaptive systems with
Q-learning allows the algorithm to learn and improve over time, as the model
continuously updates its decision-making process based on collected data ( Nkrumah,
Cai, & Jafaripournimchahi, 2024).

2.1.5 Challenges in Implementation

Revolutionary driving technologies have their work cut out for them. The high
development price, the intricacy of computation, and the robustness of the datasets
required are some significant roadblocks that impede their progress. Delays in video
collection or processing can compromise safety, particularly in headlight management
situations where quick processing and reaction are imperative (Ghaleb & Mirzaliev,
2024). The other points for consideration are public acceptance and legal issues, which
would help in the more extensive integration of automated systems. There is also a
need for serious reflection on privacy issues regarding data gathered by intelligent
vehicles so that the users’ trust can be developed (Ghaleb & Basri, 2024; Kamil &
Abdulazeez, 2024).
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2.1.6 Future Directions

The growth of intelligent driving technologies will grow as artificial intelligence,
sensors and communication networks evolve. Future research will probably be more
about making these systems more effective and cheaper to fit on more cars, including
low-end models. Automakers, technology developers, and regulators have to work
together to develop and promote standards and regulations for intelligent systems.
Also, the associated artificial intelligence systems can benefit from accurate big data
and cloud-based algorithms to facilitate robust processes toward improved and more
secure methods of driving (Sharma & Shivandu, 2024). In summary, one can consider
that technologies in intelligent driving constitute the major pillar around which
innovations in the automotive world revolve, providing remarkable answers to
address ever-rigid demands such as safety and efficiency. These technologies utilize
improvements in sensors, communication systems, and machine learning to alter the
very future of the automobile and the role it plays in society, where technologies such
as intelligent headlight management systems are only the beginning of what is
possible.

2.2 Headlight Control Technologies

The evolution of headlight control in electric vehicles (EVs) has progressed from
traditional static systems to more adaptive and sophisticated approaches. Early EV
models often employed rule-based systems that relied on fixed patterns determined
by parameters such as vehicle speed or ambient light levels (Hussein et al., 2024; Rani
& Jayapragash, 2024). While these systems brought some functionality, the incapacity
to adapt to a dynamic road condition limited its success in terms of safety and energy
efficiency. Adaptive control approaches have emerged as promising alternatives
against this. These systems leverage sensor data on real-time ambient light levels,
weather conditions, and vehicle speed to adjust dynamically the headlight beam
pattern (Mahadevan & Gurusamy, 2021). Adaptive systems work to continuously
improve light distribution and effective visibility while reducing energy consumption
to increase the range of EVs and enhance the overall experience behind the wheel.
With the recent progress in sensor fabrication and new fast computational algorithms,
interesting goals of creating adaptive systems capable of intelligent interaction with
the external environment have become accessible. This versatility increases the safety
of EVs by providing the necessary illumination level and also helps to lower the
ecological footprint of EVs through effective energy containment systems (Zhou et al.,
2024).

The adaptive headlights illustrated on EVs directly incorporate the control logic
that relies on the sensor measurements; therefore, it involves intelligent decision-
making logic (Figure 1). The system incorporates a light sensor to determine if it is day
or night using ambient light and a speed sensor to oscillate between low and high
beams depending on grain level. A front camera sensor is installed in the car, which
turns high beams into low when the camera captures nearby vehicles and is no longer
helpful. At the same time, a weather sensor tackles situations in which external
conditions like rain and fog can qualify the beam pattern used. This way, the
autonomous feature of the EVs allows the vehicle to change headlight settings every
time sturdily, thereby saving energy, increasing the vehicle's range, improving the
driving experience while using the EV (Zhou et al., 2024).
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Figure 1: Adaptive headlight control system for EVs.

2.3 Intelligent Control System

Intelligent control systems are a new generation of systems that can revolutionize
automotive engineering since they can utilize sophisticated algorithms and real-time
data and processes to improve the performance and safety of automobiles as systems.
Artificial intelligence, machine learning, and sensing technologies are incorporated
into these systems to control complicated and changing situations while driving. This
section examines the evolution as well as application and problems with intelligent
control systems and their impact on the functions of the AVs and energy savings.

2.3.1 Core Components of Intelligent Control Systems

In modern architecture of vehicles, an intelligent control system typically contains
multiple loosely coupled components that are meant to perform many tasks, sharing
an intelligent style similarly done by humans. These include:

Perception Layer: Employing sensors, radars, and cameras to extract useful
information from the environment and the internal condition of the car. For example,
Lidar, radar, and ultrasonic sensors are used to locate hindrances against vehicles.
Engine functions and primitive controls by the driver are also noted (Rana etal., 2023).

Decision-making Algorithms: These algorithms are critical in intelligent control
systems as they allow acquired data to be processed, future events predicted, and the
best course of action determined. Reinforcement learning (RL) and neural networks
have been widely used to model decision-making processes under conditions of
uncertainty (Xu et al,, 2023).

Execution Mechanisms: These include actuators and regulators where the

93



Risks Reducing Through Intelligent Headlight Management: Optimizing Q-Learning for
Electric Vehicles

regulators are used in executing decisions such as the decision to adjust angle of
steering, to stop through brakes and changing engine power output (throttle) (Vaibhav
etal, 2022).

This set of components works in the feedback configuration, which allows the
system to respond rapidly to environmental changes with the effective and efficient
fulfilment of specified goals, including safety, comfort, energy efficiency, etc. (Liu et al.,
2023).

2.3.2 Applications in Autonomous Vehicles

The performance of a vehicle without driver is made possible through the
intelligent control systems, some of their principal applications are:

Path Planning: As has been done in the past, navigation systems make use of
algorithms such as A* and Dijkstra’s. Nonetheless, nowadays with the use of deep
reinforcement learning (DRL), several approaches are able to dynamically optimize a
path regarding blocking objects, traffic, and road state (Li et al., 2024).

Collision Avoidance: Intelligent control systems integrate predictive models and
sensors to avoid accidents through evasive movements. Individual motor vehicles
enabled by multi-agent reinforcement learning (MARL) can work with other vehicles
on the road to make travelling safer. (Rezaee et al., 2024).

Energy Optimization: These systems control regenerative braking, motor control,
and battery management to reduce power consumption in EVs. According to other
studies, Proximal Policy Optimization (PPO) has been able to save a lot of energy
through adaptive control strategies (Jia et al., 2024).

2.3.3 Role in Driver Assistance

Intelligent control systems further improve high-level driving assistance systems
(ADAS) in semi-autonomous vehicles for features such as adaptive cruise control, lane-
keeping, and automated parking. Such systems incorporate predictive analytics that
allows for a better understanding of the driver, as well as the motor environment, thus
producing a better driving experience. Intelligent cruise control systems, for instance,
are able to constantly change the speed of a vehicle so that it averagely maintains a
predetermined distance from the vehicle ahead, hence minimizing the likelihood of
rear collisions and driver fatigue. Moreover, RL-based intelligent parking systems
continuously learn new ways to park cars in a more efficient manner, allowing for
complicated parking even under complex configurations (Mehta et al., 2023).

2.3.4 Control Strategies and Algorithms

Intelligent control systems employ a variety of methods to define the scope and
extent of their capabilities, such as the ability to respond dynamically in real-time as
opposed to being strategically optimal over some time. Among the frequently utilized
algorithms are:

Model Predictive Control (MPC): This algorithm is applied for control and
trajectory planning. It aims to optimize the control input by predicting the system's
behaviour within a limited period (Chen et al.,, 2024).

Fuzzy Logic Control: The control decision-making and programming that utilizes
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fuzzy pull logic are the most appropriate methods whenever there are uncertainties
and imprecision of the sensor data and cases when the system requires smooth and
flexible logic (Tang & Ahmad, 2024).

Reinforcement Learning (RL): RL is a framework where the control system
designer specifies the goals, and the RL-based heuristic controller solves the problem.
Controllers based on RL learn simply by interacting with an environment and thus
become robust in a variety of applicable situations. Q-learning and actor-critic
methods are commonly employed techniques in autonomous driving technologies
(Srinivasan, 2023).

2.3.5 Challenges in Intelligent Control Systems

Consequently, even though an intelligent control system has demonstrated
capabilities to address a vast array of requirements, the following factors contributed
to its limited implementation widely:

Data Quality and Availability - The quality, precision, and quantity of
supplementary training data available dictate the capabilities of an intelligent system.
Shortage in datasets results in poor or unacceptable levels of confidence in decisions
made (Aldoseri et al., 2023).

Computational Complexity—Substantial computing power is required for the
algorithms to function efficiently, which may be an encumbrance to implementing the
systems into automotive vehicles (Devane, 2023).

Integration with Legacy Systems—Inserting intelligent control systems into
operational motor vehicles involves cost and compatibility issues with existing motors
(Jasitinas et al., 2021).

Additionally, these systems need to be able to function even under extreme
conditions, including operational and communication failures, geographic obstacles,
etc. (Jasitinas et al., 2021).

2.3.6 Future Directions

Intelligent control is expected to develop in the direction of improvement of their
flexibility, expandability and understandability. Suggested key points are:

Multi-Agent Cooperation: Allowing cars to collaborate to optimize congestion
management and safety by sharing information and making joint decisions.

Edge Computing: Transferring computations done on the cloud to the vehicle
hardware to lower response time and enhance trustworthiness (Kelly, 2024).

Explainable Al (XAI): Creating systems with simple models to foster faith in them
and obedience to governmental bodies (Hamida et al., 2024).

The trend in hybrid control strategies which integrate conventions with artificial
intelligence techniques is also emerging as a promising area of research and develops
the expected robustness and flexibility (Bathla et al., 2022; Parambil et al., 2024)

2.4 Q-Learning in Automotive Applications

One of the algorithms within the reinforcement learning category is the Q-learning
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algorithm. This algorithm is attracting attention in automotive applications due to its
ability to devise reasonable control strategies that compact with ever-changing
environments (Liu et al., 2023). With respect to EVs, Q - Q-learning has some benefits
from sequential headlight control as compared to the traditional rule-based or static
approaches. The advantages are illustrated below:

Practitioners in Q-learning are remarkable as they need less supervision and can
effectively provide full-fledged solutions, such as a dynamic headlight system, even
when the driving conditions are altering (Santos et al., 2024).

As Q-learning absorbs the experience of controlling various aspects of the driving
system in the real world and adjusts to ever-changing scenarios, it cross-evolves with
multiple factors, enabling full control of headlights for safety and efficient energy use.
(Santos et al., 2024).

In situations where certain areas of the environment do not need the help of a
headlight beam, Q-learning is smart enough to redirect them elsewhere, increasing
energy efficiency and even enhancing performance (Yang et al., 2024).

With regards to the implementation of Q-learning aimed at vehicle skin light
control adjustment, this is quite a revolution in the approaches employed in
automobiles. Other research emphasizes the potential of Q-learning in a number of
applications, such as autonomous driving vehicles, route planning, and energy
management of autonomous systems (Wei et al.,, 2022; Yang et al., 2024). The idea of
the redevelopment of headlight control through Q-learning technique adjustment will
help overcome several problems with the headlights of the vehicles and thus improve.
EV design and safety standards in future EVs. Moreover, combining Q-learning with
self-adaptive control techniques is a significant revolution in EV technologies. This
means better safety, more energy efficiency, and improved driver satisfaction. Future
studies might explore operational aspects and further development to meet the
growing demand for sustainable mobility efforts.

2.4.1 Comparative Analysis of Existing Headlight Management
Approaches

In order to provide a baseline for the headlight controller design, it is important to
analyse the state of the art of EV headlight management strategies. These can be
grouped into three broad categories: static rule-based systems, sensor-driven
adaptive, and intelligent machine learning-driven systems. A comparison of their
advantages and disadvantages illustrates the originality of the Q-learning methods:

This analysis indicates that conventional headlamp control systems are not enough
to meet the fast-changing needs of a contemporary electric vehicle. The proposed Q-
learning-based system provides a possibility for change for the better as it integrates
reinforcement learning. This development, when integrated, may enhance safety and
energy efficiency along with flexibility, effectiveness, and intelligent decision-making
in real-time, thus making further applications of reinforcement learning in intelligent
driving technologies even wider. To clarify some issues related to the distinctive
characteristics of Q-learning, the following section outlines its comparison with other
decision-making and control methods, with a focus on the specific advantages of Q-
learning.

96



Pitchaya Jamjuntr, Chanchai Techawatcharapaikul, Pannee Suanpang/ Oper. Res. Eng. Sci. Theor.
Appl. 7(3)2024 86-123

Table 1: Comparative Analysis of Existing Headlight Management Approaches

Approach Strengths Weaknesses Novelty of Q-Learning
Static Rule-  Simple, reliable, cost- Lack of adaptability, Q-learning offers
Based effective inefficient, limited to adaptability and
simple scenarios optimization.
Adaptive Real-time response, Reliant on sensor quality, Q-learning provides
Sensor-  improved efficiency, and limited predictive proactive decision-making
Driven safety capability, high cost  and learns from experience.
Intelligent Adaptability, Computationally Q-learning offers simpler
ML-Based optimization, scalability intensive, data- implementation and
dependent, reliability efficiency while maintaining
challenges performance.
Q-Learning- Adaptability, efficiency Potential for A unique combination of
Based optimization, simplicity, computational overhead reinforcement learning for
proactive decision- headlight control offers
making, scalability significant advantages over

existing approaches.

2.4.2 Comparison

The advanced Engineering techniques for decision-making and control systems
have also resulted in investigating several approaches such as rule-based, heuristic,
and several machine learning solutions. Each of these approaches meets some
requirements but also has its own limitations. One such promising method that has
surfaced is Q-learning, a reinforcement algorithm that has the capability to instantly
switch between different environments and learn the best possible policies while
interacting with the system (Antonopoulos et al., 2020).

2.4.3 Rule-Based Systems

Just as their name implies, rule-based systems follow a predetermined set of rules
in their decision-making processes. This sounds beneficial because it’s easy to apply
these systems and they don’t take much computing power. However, it also means that
they are only useful in areas that can be perceived as non-dynamic or predictable. The
problems arise when the systems deal with complicated situations, as they do not
seem to transfer or learn well (Machado et al., 2024).

2.4.4 Heuristic Methods

The heuristic method is defined by using judgmental or simpler rules to arrive at
the desired solution. It’s less risky and less costly than seeking answers through
exhaustive search methods, but it’s only effective if the heuristics used are sound in
logic and construct, so there’s often a risk of not reaching the optimal answer (Azevedo
etal, 2024).

2.4.5 Machine Learning Approaches

There’s a growing body of literature on supervised and unsupervised machine
learning, and many have been quite impressed with these two's modelling and
forecasting abilities. When faced with intricate and multi-dimensional problems, these
variants can perform well across different contexts. Nonetheless, large amounts of
labelled data and processing power are often prerequisites, ironically limiting its use
in real-time or low-data situations (Taye, 2023).
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2.4.6 Boundless Attributes of Q- Learning

Q-learning faces no competition in that it integrates the abilities of learning by trial
and error with adaptability. In contrast, Q-learning can construct its own strategies
based on the environment's response rather than relying on heuristics or rule-based
systems. This capability allows it to effectively compete with stochastic and dynamic
variables, as in the case of EV charging optimization or Real-time traffic management
(Manakitsa et al., 2024). In addition, Q-learning does not rely on labelled datasets, an
important drawback of other traditional machine learning methods. It then seeks for
active collaboration with the environment which makes it ideal in scenarios where
labelled information is insufficient or when the environments keep changing
(Alzubaidi et al., 2023).

2.4.7 Comparison Perspective

The comparing table shows some of those differences and allows us to understand
the basic advantages of Q-learning. It can adjust and learn on the go, making it perfectly
suited for managing anything complex. True, its training phase can be quite resource-
intensive. However, policies one gets from this process tend to be better than those
gotten from other more efficient methods in terms of utility in dynamic settings
(Papadopoulos et al., 2024).

Table 2: Comparison Addresses the Differences Between Rule-Based Systems, Heuristic
Techniques, Various Machine Learning Methods, and Q-Learning

Issues Rule-Based Heuristic Other ML Q-Learning
Approaches
Context Based on Utilizes heuristic =~ Employs general- Adaptive learning
predefined rules strategies or purpose machine through trial-and-
and logic, often expert knowledge learning models for error interaction with
tailored to to approximate prediction or the environment to
specific scenarios solutions. decision-making. optimize policies.
without
adaptation.
Benefit Simple to Faster Flexible and can Learns optimal
implement; computation generalize to a solutions dynamically;
requires minimal =~ compared to variety of contexts;  adaptable to complex
computational exhaustive capable of and dynamic
resources. searches; can leveraging large environments.
yield good datasets.
approximations.
Limitation Inflexible; fails in May not find  Often requireslarge  Requires significant
complex or globally optimal  labelled datasets; computational
dynamic solutions; highly high computational resources for training;
scenarios; relies  dependent on complexity; lacks performance depends
heavily on human quality of real-time on exploration-
expertise. heuristics used. adaptability. exploitation balance.

2.4.8 Future Prospects

Nurtured by the optimization of decision-making in real-time, Q-Learning can also
be used in many intelligent systems, which have many doors to their advancement in
the centre of future research work. This may involve combining Q-learning with other
machine-learning techniques in order to reduce the computational cost and increase
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the scalability and efficiency of such models (Qi et al., 2024). What is unique regarding
Q-learning is that it can learn new solutions in a dynamic manner which makes it very
versatile. The following comparison addresses the differences between rule-based
systems, heuristic techniques, various machine learning methods, and Q-learning.

2.5 Advantages of Q-Learning
Q-learning is superior in certain key aspects:

Integration and On-the-Fly Improvements: In contrast to both rule-based and
heuristic techniques, Q-learning adjusts strategies on its own as it learns and practices
from the most recent information received. Hence, this allows optimum solutions for
intricate and ever-changing aspects like stochastic traffic probabilities or other
stochastic factors.

Need for Data: Other machine learning methods require quite a few required
labelled datasets, and Q-learning is not one of them. There are situations where such
datasets are not available or the conditions are really fluctuating, and this method
works best by concentrating on the environment.

Idleness Deficiency: Because Q-learning is a continuous process and requires
feedback, its advancements can be applied to areas that interface with few data
resources, such as optimizing an electric vehicle’s charging system, managing traffic in
real-time, or controlling headlights dynamically.

The merits of Q learning, especially the self-adaptation to change and the ability to
make decisions in real-time, position Q learning as an effective, transformative
technique in car and intelligent systems applications. The only disadvantage is the
temporal cost during the learning process training. However, since the system is
capable of real-time optimization with no learning supervision, it is best used in
complicated systems where change occurs at a fast pace.

2.6 Risks Reducing through Intelligent Headlight Management

Driving at night or in bad weather is risky, mainly due to poor visibility and
difficulty managing the headlights. Most of the existing standard headlight systems,
which have fixed or manually adjustable beam patterns, do not adequately solve these
risks, which might compromise safety. The drawbacks of these traditional systems
become apparent when the light output must be changed quickly, for example, while
taking sharp turns, entering dark areas suddenly, or being staked by bright headlamps
in frontal vehicles. These deficiencies increase the risk of accidents, which may harm
drivers and other road users like pedestrians and cyclists (Kang & Kwon, 2021).

Intelligent headlight management systems, especially those using Q-learning-
based frameworks, have emerged as a powerful solution for mitigating these risks
(Zhang et al,, 2023). The possible interference of different sensors becomes useful
because such systems allow for automated control of the headlight beam patterns
regarding the required setup. The adaptive learning ability of Q-learning, owing to its
continuously evolving system architecture, implies that even past inefficiencies will
significantly improve the entire system in the future. This adaptability ensures that
headlights are permanently configured to provide the best possible visibility, even in
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rapidly changing or complex driving environments (Chen et al., 2025; Zhang et al,,
2023).

The intelligent control of headlights can help prevent glare to oncoming vehicles
and, thus, is one of the techniques that offer significant safety value. The automatic
feature of the system identifies any oncoming cars. It adjusts the lights according to
beam strength and angles to avoid temporarily blinding the other drivers, which is an
occurrence that causes many accidents (Evans et al., 2024). The system can also take
advantage of better visibility by directing the headlights’ position to the areas most
likely to contrast the road, assisting drivers in sighting possible interruptions
(Nkrumabh, Cai, Jafaripournimchabhi, et al., 2024).

From an energy efficiency perspective, intelligent headlight management is crucial
in optimizing power consumption. EVs have limited energy resources, and efficient
management of all systems, including headlights, is essential for maximizing range. By
selectively adjusting the intensity and distribution of light based on current needs, the
Q-learning-based system minimizes unnecessary energy usage while ensuring that
safety is never compromised. Furthermore, using such smart systems can also
enhance the security of pedestrians and cyclists. Due to their low noise level, electric
cars pose a problem for cyclists and pedestrians to spot in low visibility conditions.
Proper application of smart management of headlights enhances the visibility under
the circumstances, and less likelihood of collisions takes place that increases urban
road safety (Nourbakhshrezaei et al., 2023). Q-learning-based headlight managers
have to be tested in extreme and real-world conditions involving low visibility, such
as heavy rains or fog, and in places with much traffic. Even though the encouraging
improvements were seen, there are still some issues that need to be solved. The Q-
learning-based systems will have to be tested in various countries, which have
different climatic and geographical factors like excessive rainfall and fog or cities
having heavy vehicle congestion. It is therefore important to ensure that these systems
are robust so that their full potential can be realized in reducing risks associated with
night-time and low-visibility driving. Public perception and driver acceptance of
automated headlight control technologies are also essential, and awareness
campaigns and educational efforts must be undertaken to build trust in these
intelligent safety features (Waykole et al., 2021).

In brief, the creation of intelligent headlight management systems based on Q-
learning structures is a giant step towards the reduction of driving risks as well as the
improvement of the safety of electric vehicles. Such systems dynamically adapt to
environmental conditions and optimize the use of energy, thus filling some of the
critical needs for headlight setups by making night-time and low-visibility driving
safer and more efficient. Future research should further refine these algorithms and
validate their effectiveness in real-world scenarios to ensure widespread adoption and
improved road safety for all (Chifu et al., 2024).

3. Methodology

3.1 Overview of Q-Learning

Q-learning is a model-free reinforcement learning algorithm that enables agents to
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learn optimal decision-making strategies in dynamic and uncertain environments. Its
core mechanism involves iteratively updating a Q-value table (or function) based on
the rewards observed from interactions with the environment. For dynamic headlight
control in electric vehicles (EVs), Q-learning can adaptively optimize headlight
parameters to enhance safety and energy efficiency. The key components of its
implementation include:

State Representation: States are defined based on environmental factors (e.g.,
ambient light levels, weather conditions) and vehicle dynamics (e.g., speed, steering
angle).

Action Selection: Actions involve controlling headlight parameters such as beam
angle and intensity.

Reward Design: The reward function incentivizes improved visibility, energy
conservation, and driver comfort while penalizing excessive energy usage or unsafe
conditions.

The algorithm is summarized in the following pseudocode:

Adaptive Q-Learning for Dynamic Headlight Control

Initialize Q-table Q(s, a) with random values for all states s and actions a
Set learning rate alpha, discount factor gamma, exploration rate epsilon
Set maximum episodes N

Define state representation:

- States s based on environmental factors (e.g., light levels, weather) and vehicle
dynamics (e.g., speed)

Define actions a:

- Actions that control headlight parameters (e.g., beam angle, intensity)
For each episode from 1 to N:

Initialize EV state s (environmental conditions, vehicle dynamics)
Initialize total episode reward R = 0

While not at terminal state:

Choose action a using epsilon-greedy policy based on Q-table:

- With probability epsilon, select a random action

- Otherwise, select action with highest Q-value for current state s
Execute action a on EV, adjust headlight parameters

Observe reward r and new state’s

Update Q-table:

Q(s, a) « Q(s, a) + alpha * [r + gamma * max(Q(s', a")) - Q(s, a)]
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Update current state s to s'

Accumulate total episode reward R +=r

End While

Decrease epsilon (exploration rate) over episodes to encourage exploitation
End For

Evaluate Q-table for optimal policy:

- Use Q-values to determine optimal headlight control actions based on current
state

With the algorithm explained, we next define the state and action spaces essential
for implementing dynamic headlight control in EVs.

Initialize Q-table with random values‘

Set learning rate alpha, discount factor gamma, exploration rate epsilon

Set maximum episodes N|

¥
Define state representation | Define actions  Define reward function‘

.

Initialize EV state

While not at terminal state

— BN

Choose action based on epsilon-greedy policy]  Decrease epsilon over episodes

Execute action, adjust headlight parameters| Evaluate Q-table for optimal policy

Observe reward and new state Output Q-table

Update Q-table

Update current state

—‘Accumulate total reward"///

Figure 2: Iterative Process of Adaptive Q-Learning for Dynamic Headlight Control.

3.2 State and Action Spaces

State Space: The state space represents real-time data from the environment and
vehicle dynamics. Key variables include:

Environmental factors: Ambient light intensity, weather conditions (e.g., fog, rain).
Vehicle dynamics: Speed, steering angle, and road type (e.g., urban, highway).

Justification: These parameters are chosen based on their significant influence on
visibility and energy consumption, as evidenced in prior research on intelligent
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lighting systems.

Action Space: The action space consists of discrete actions to control headlight
parameters, such as:

Adjusting beam intensity (low, medium, high).
Modifying beam angle (narrow, wide).

Justification: These actions balance visibility improvement with energy efficiency.

3.3 Reward Function

The reward function is designed to balance competing objectives:

r = wy - Visibilit ., —w; - energy ,s; — ws - driver_discomfort (D

Visibility Gain: Rewards better illumination of the road and surroundings.

Energy Cost: Penalizes excessive energy consumption.

Driver Discomfort: Penalizes glare or inappropriate lighting conditions.

Justification: The weights w;, w,, w; are empirically tuned to strike a balance
between safety, energy efficiency, and driver comfort, with priority given to safety in
critical scenarios such as low-visibility conditions.

3.4 Hyperparameter Tuning

The following process was adopted for hyperparameter selection:

Learning Rate (a): Initially set to 0.1 and reduced dynamically to ensure
convergence.

Discount Factor (y): Set to 0.9 to balance immediate and long-term rewards.

Exploration Rate (€): Decreased linearly from 1.0 to 0.1 over episodes.

Sensitivity Analysis: Conducted to assess the impact of hyperparameter variations
on performance metrics.

3.5 Simulation Environment

The simulation environment was developed using Python and includes:

Simulator: Custom-built environment modelling road geometry, traffic patterns,
and weather conditions.

Validation: Simulation results were validated against real-world data from test
scenarios.

Environment Details: Incorporates dynamic lighting conditions, vehicle movement,
and realistic road scenarios.

3.6 Validation and Generalization

The system was validated through simulations with various configurations:
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Limitations: Simulations lack real-world complexities such as sensor noise and
unpredictable driver behaviour.

Future Validation: Hardware-in-the-loop simulations and limited real-world
testing are proposed for further validation.

3.7 Discussion of Biases and Limitations

Potential biases include the oversimplification of environmental factors and
idealized sensor data. The Q-learning algorithm's performance depends on the reward
function's quality and state-action representations’ accuracy. To address these issues,
future work will explore advanced simulation tools and real-world integration.

3.8 Simulation Setup

To evaluate the adaptive Q-learning system, simulations are conducted in a
controlled environment, replicating real-world driving scenarios. The simulation
setup includes:

Parameters: define parameters such as environmental conditions (e.g., day/night
cycles, weather variations) and vehicle characteristics (e.g., EV model specifications).

Scenarios: create diverse scenarios (e.g., urban streets, highways, rural roads) to
test the system's performance across different driving conditions.

Metrics: establish evaluation metrics, including visibility metrics (e.g., visibility
distance), energy efficiency metrics (e.g., power consumption), and safety metrics (e.g.,
glare reduction), to quantify the system's effectiveness.

This methodology section systematically details the Q-learning adaptation, system
architecture, and simulation setup, ensuring clarity and reproducibility of your
experimental approach to optimizing headlight control for electric vehicles.

Dynamic Headlight Control in Electric Vehicles
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Figure 3: Dynamic headlight control in EVs.

In Figure 3, the adjustable distribution of headlight beams within the rope of the
electric vehicles during driving is demonstrated using the advanced Q-learning control
approach. The figure shows three headlight beam levels, including the centre headlight
beam as a solid blue line, the left as a dashed orange line, and the right as a dashed
green line. The optimal beam pattern is highlighted by shaded areas that represent the
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most effective distribution of the beams in terms of beam polarization. For example,
the yellow region corresponds to the left beam, which offers more intensity, while the
cyan region corresponds to the right beam, which offers greater intensity. This
representation demonstrates how adaptive control can optimize visibility by adjusting
headlight intensity and direction based on real-time conditions.

Figure 4 illustrates the learned Q-values for each action across different states in
the Q-learning framework for dynamic headlight control in EVs. Each line represents
the Q-values associated with a specific action (headlight configuration) as the state
(environmental condition) varies. Higher Q-values indicate stronger associations
between states and optimal actions, demonstrating the learning progress and
adaptation of the adaptive Q-learning algorithm.

Learned Q-Values for Each Action

Action O

Action 1
—— Action 2
—— Action 3
—— Action 4
s}

2 4 6 8
States

Figure 4: Learned Q-Values for Each Action.

Figure 5 depicts the training metrics over episodes during the Q-learning process
for dynamic headlight control in EVs. The left subplot shows the total reward which is
accumulated per episode about the effectiveness of the learned policy when it comes
to achieving positive outcomes based on safety and energy efficiency, while the right
subplot displays the total steps taken per episode; this indicates the balance
maintained between exploration and exploitation across the training process. These
metrics provide insights into the learning dynamics and convergence of the adaptive
Q-learning algorithm in real-world scenarios.
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Figure 5: Training Metrics Over Episodes
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Figure 6 illustrates the convergence of cumulative rewards over training episodes
in the Q-learning framework for dynamic headlight control in EVs. The plot shows how
cumulative rewards accumulate as the adaptive Q-learning algorithm learns optimal
headlight control policies. Higher cumulative rewards indicate better performance in
achieving safety and energy efficiency objectives. This visualization demonstrates the
effectiveness of the Q-learning approach in improving EV performance through
dynamic headlight control.

Reward Convergence in Q-Learning Training
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Figure 6: Reward Convergence in Q-Learning training.

Figure 7 illustrates the trade-off between exploration and exploitation during the
Q-learning training for dynamic headlight control in EVs. The plot shows how the
exploration rate evolves over training episodes, representing the agent's strategy in
balancing between exploring new headlight control actions and exploiting known
optimal actions. A higher exploration rate indicates more exploration, leading to the
potential discovery of better control policies. In comparison, a lower rate signifies
increased exploitation of learned policies to maximize safety and energy efficiency in
EVs.

Exploration-Exploitation Trade-off in Q-Learning

1.0 4+ —— Exploration Rate
0.8 1 M ﬂ M
z
= 0.6
=
8
=
i
=
S 0.4
wl
0.2
0.0 1
T T T T T T
4] 20 40 60 80 100

Episodes
Figure 7: Exploration-Exploitation Trade-Off in Q-Learning.
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Figure 8 illustrates the state space of the Q-values obtained from the adaptive Q-
learning algorithm for dynamic headlight control in EVs. Each cell in the heatmap
represents a state-action pair, where the colour intensity indicates the magnitude of
the Q-value. The high Q-values (depicted in a lighter colour) are states and actions in
which the expected return is greater than; thus, the optimal policy has been shown
effective in making headlight control decisions. In this case, the figure allows
interpretation of the Q-values distribution in actions and states during the learning
phase.

State Space Heatmap of Q-Values
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Figure 8: State space heatmap of Q-Values.

Figure 9 illustrates the distribution of rewards obtained during the Q-learning
training process for dynamic headlight control in EVs. The x-axis shows the range of
values for the reward obtained, while the y-axis shows the number of times a reward
bin is attained. This visual image assists in understanding the distribution and spread
of the rewards earned by the adaptive Q learning algorithm and, interestingly, the role
played by different headlight control strategies in increasing EVs' safety and energy
efficiency.
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Distribution of Rewards in Q-Learning Training
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Figure 9: Distribution of Rewards in Q-Learning Training.

3.9 Validation and Generalization Improvements

3.9.1 Supplementing Simulation Results with Hardware-in-the-Loop
Testing

To boost validation, it is suggested that hardware in the loop (HIL) testing be
included in future work. HIL tests assist presenters in applying their theoretical work
in simulations, expecting it to be deployed in reality. Such as:

Control of an electric vehicle's headlight system could be embedded in a
microcontroller or an ECU that uses a Q-learning algorithm for the same purpose.

A computer-aided simulator can simulate in real time the electric vehicle's
exposure to changing climate or traffic barrage.

This method helps test the decisions and the level of system responsiveness and
ensures excellent reliability before it is installed in real systems.

3.9.2 The Need for Real-life Testing to Validate Effectiveness and
Robustness of the System

Real-life testing appears to be the final or constant step towards validating systems
consisting of simulators by implementing the system in real life where various
conditions that can’t or one are predefined exist. Key steps include:

Installing the dynamic headlight control system onto an electric car with
environmental sensing devices.

Carrying out tests in various testing environments, testing the weather and
saturation of traffic on the system in terms of safety, energy efficiency, and driver
holonomic control.
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Evaluating the differences from those derived from simulations and making further
modifications to the model.

3.9.3 Constraints of the Simulation Environment

On the one hand, the simulation environment aims to be all-inclusive, controlled
and replicable for preliminary investigations. However, it is critical to highlight the
following limitations of this approach:

Simplifications: It can be argued that simulated conditions are idealized as they do
not incorporate nuances like sensor signal noise and different road surfaces or
realistic non-structured environments.

Reduced Variation: The many driving simulations might be highly varied, but do
not simulate the full extent of many everyday driving practices.

Parameters Assumptions: The only parameters that are modelled quasi
stochastically are those regarding the weather and visibility, which are quite
frequently deterministic and render the approximation of the real world’s interactions
quite useless.

3.9.4 Improving in Generalizability
To make the model more general:

Broaden the spectrum of modelled scenarios by incorporating more subtle
elements, such as sudden changes in lighting occurring while passing through tunnels
or out of them, sudden variations in weather conditions, and even the effects of
another vehicle's lights.

Represent elements of external conditions’ uncertainty in terms of probabilistic
models rather than joint distributions across different factors.

Test the model against benchmarks based on datasets collected during actual
driving trials, such as publicly available datasets such as KITTI or nuScenes, that would
facilitate assessing the efficacy of the simulation and its predictions during an actual
driving test.

3.9.5 Figures Integration and Analysis

The figures presented (Figures 3-9) include dynamic control, which allows for
convergence of the Q values. They also engage in and out of the frogs during the entire
simulation and enhance the learned Q-value metrics. These figures constitute an
integral part of the broad perspective of the simulation process and outcomes, such as
clutched lock devices and earned rewards.

[llustrate the Q learning strategies and depict the framework learning processes.

Emphasize areas in the simulation environment that could be improved to enhance
its generalizability (e.g., Fig 6 and 9 present trends that may differ under actual
conditions).

At the same time, by adding HIL and real-world testing results and limiting the
simulation environment, the strength and transferability of this adaptive Q-learning
control system for dynamic headlight control can be enhanced considerably. Future
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work will incorporate these methodologies to further substantiate and strengthen the
developed system.

4. Results

4.1 Performance Metrics

The adaptive Q-learning system for headlight control in electric vehicles (EVs)
demonstrates significant improvements across key performance metrics.

Figure 10 illustrates the improvement in visibility distance achieved by different
headlight control methods in EVs. The adaptive Q-learning system demonstrates the
highest visibility distance, significantly outperforming rule-based systems, static
control approaches, and adaptive control approaches. This indicates the effectiveness
of Q-learning in optimizing headlight parameters for enhanced visibility under varying
environmental conditions.

Figure 10: Visibility Distance with 95% Confidence Intervals
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Figure 10: Improvement in Visibility Distance Under Varying Environmental Conditions.

Figure 11 illustrates a bar graph comparing the energy efficiency of different
headlight control methods in EVs. The adaptive Q-learning system achieves the lowest
power consumption, indicating improved energy efficiency compared to rule-based,
static, and adaptive control approaches. The Q-learning system's ability to dynamically
adjust headlight parameters helps maintain optimal visibility while reducing
unnecessary power usage, highlighting its effectiveness in balancing safety and energy
conservation.
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Figure 11: Energy Efficiency with 95% Confidence Intervals
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Figure 11: Energy efficiency comparison.

4.2 Quantitative Analysis with Statistical Significance

To evaluate the robustness of the results, we performed statistical significance
testing using ANOVA (Analysis of Variance) to compare performance metrics across
different headlight control methods (rule-based, static, adaptive, and Q-learning-
based). Error bars representing 95% confidence intervals are included in Figures 10
and 11 to account for variability in the results. The comparison of improvement in
terms of different control methods are summarized in Table 3.

Visibility Distance: Figure 10 illustrates the improvement in visibility distance
achieved by different methods. The Q-learning system demonstrates statistically
significant improvements compared to other approaches (p<0.01).

Energy Efficiency: Figure 11 compares energy efficiency, showing that the Q-
learning system achieves the lowest power consumption while maintaining optimal
visibility. The statistical test confirmed that the observed differences are significant
(p<0.05).

Table 3: Comparison of Improvements Across Different Control Methods

Method Average  Standard Average Power Standard Improvemenlmprovemen
Visibility = Deviation Consumption Deviation t (%) t (%)
Distance (m) (W) (W) Visibility  Efficiency
Rule-Based 75 5 120 10 - -
Control
Static 85 6 115 8 +13% +4%
Control
Adaptive 90 4 110 7 +20% +8%
Control
Q-Learning 110 3 95 5 +47% +21%
Control
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4.3 Discussion of Results
4.3.1 Trends

Visibility distance: The Q-Learning-based system has the best visibility distance
among other systems under all tested conditions, thus showing its ability to perform
in changing conditions.

Power saving: The system sustains substantial reductions in visibility and
maintains power consumption at the bare minimum, thus achieving a balance of safety
and economy.

4.3.2 Outliers

The Q-alert system exhibits some slight differences in visibility for safety-critical
areas with extreme fog, which are promising opportunities for algorithm
improvement in severe micro visibility environments. Energy efficiency decreased
slightly at times due to very fast state changes, which was probably due to training
exploration.

4.3.3 Potential Sources of Error

Sensor noise: Some environmental sensors used in the detection stage can corrupt
state estimation during Al interactions.

Simulation assumptions: Ideal weather and traffic scenarios do not always
translate to the real world, reducing the model's broad applicability.

4.3.4 Figures with Error Bars

Figure 10 Bar graph for average visibility distance and measurement errors to
represent 95% confidence of each method. Figure 11: The figure presents the methods
in terms of saving energy and has error bars showing the energy level used across the
tests.

4.4 Statistical Insights

In addition, the differences’ results were also further investigated using the
statistical metric effect size "to measure the practical significance of the differences.
The effect size of the Q-learning improved visibility distance significantly, and this was
observed to be a large effect size d=2.1, hinting at its broad practical contributions.

Table 4: Summary Table of Key Findings

Metric Q-Learning (Mean * Best Comparator  Improvement
SD) (Mean + SD) (%)
Visibility Distance (m) 110+3 90 + 4 +22%
Energy Efficiency (W) 95+5 1107 +13%

4.5 Future Work
To enhance these results further:

e Augment the real-world data to justify and enhance conclusions obtained
from the simulations.
e Employ sophisticated environmental models to include special cases, in
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particular severe weather situations.

5. Discussion

5.1 Discussion of the Result

The findings from this study highlight several key implications for applying
adaptive Q-learning in dynamic headlight control for EVs. Firstly, the adaptive Q-
learning system significantly enhances night-time driving safety by optimizing
headlight beam patterns based on real-time sensor inputs. This enhancement achieves
a longer visibility range, and drivers can detect obstacles and ramp conditions more
efficiently, even during low light conditions. Secondly, a critical facet of the systems’
design is their capacity for real-time adjustment to changing conditions, such as
ambient light level and atmospheric conditions, which means EVs will always operate
at optimal illumination levels, thus enhancing safety by minimizing the chances of
accidents without producing glare to oncoming vehicles, which is very important for
safety on the roads in general. Thirdly, with an adaptive Q-learning system, energy
consumption has decreased considerably compared to previous auto headlight
adjustment technologies. The system does not squander energy in vain, avoiding
unnecessary costs by illuminating only those areas that require attention (Chifu et al,,
2024).

The work on strategies and fundamentals was among the first to attempt a new
approach in cross-combining strategies/models. The limitations include a lack of test
data during reconstruction, a lack of real-time decomposition analysis, the inability to
build 3D models, and the inability to generate STL files. Many opportunities to improve
the model are expected to become available shortly, but for now, the results of the new
strategy outlined in this paper look promising and connect smart glancing to policy
and strategy allocation. Insufficient time is an additional obstacle; building such a
model takes a lot longer than was provided for the exercise. In this particular field, we
make contributions toward boosting developing countries since this theory has an
abstract view of resources. Several reasons can be presented why the experimentation
in fresh fields, in out-of-the-box thinking, is sparse at best. [t will discuss from a reverse
perspective, attempting to provide propositions to existing theory through proof and
application. Although they highlight important development sectors, live animal
exports offer new markets and resources rather than substituting existing practices.
The practical contribution of the study is that it highlights the importance of informing
target farmers (Chifu et al., 2024; Vaidya & Mouftah, 2020).

Even with the aforementioned reasons for optimism, a number of important
drawbacks of the proposed approach still need to be solved in order to increase its
applicability and performance:

Modelling Complex Driving Conditions: One of the most difficult aspects is the
creation of reliable simulation models for the entire stacked domain, including but not
limited to various urban environments, highways, and bad weather conditions. Large
datasets that are coupled with sophisticated simulation tools possess critical
importance in terms of performance, supporting the Q-learning algorithm with
adequate training. The limited representation of complicated scenarios during
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training can result performance being less than ideal in actual conditions (Jamjuntr et
al,, 2024).

Dependence on Sensor Data: Robust sensor data would, thus, be a prerequisite for
the integration system's effective functioning. Sensor input, if afflicted with errors,
noise, or latency, might induce the algorithm to make excessive adjustments, risking
the endeavour’s security. At this time, improving sensor accuracy and latency are
among the low-hanging fruit (Song et al.,, 2024).

Computational Complexity: Restricted on-board computing functionalities within
EVs, coupled with high computational and memory intensive nature of Q-learning
algorithm, could pose a significant challenge to the real-time application of the
algorithm. There is a great need to exercise efficient algorithm formulation and
improve the related hardware technology in order to resolve this limitation and avoid
the system from computing in a delayed manner (Qiu et al., 2023).

Increasing Training Time While equally critical, the time invested in training the Q-
learning algorithm has to be high from the preliminary stages. This will assist in
managing the exploration and exploitation parameters efficiently so as not to overfit
the data which can be detrimental since it would make the algorithm unable to
generalize on different driving setups (Chifu et al., 2024). Possible Sources of Error e
Sensor Noise and Latency: Deviation in the accuracy of sensors might result in some
delays when or changes not being made, hence the system may not be fully functional.

Simplified Environmental Models: Application of simplified simulation schemes
should encompass real world features otherwise the system will not be able to
generalize on some new situations.

Algorithmic Overfitting: When training conditions are favoured to some excessive
picture of the overall driving conditions, the trained controller might not perform well
under a wider range of situations.

This efficiency enables great extension to electricity-powered car ranges, one of the
hooks for consumers, and general acceptance of EVs. This also appeals to the broader
sustainability agenda within the design of the EV as a lower energy carbon footprint
and a greater effective utilization of electrical energy is favourable (Algahtani et al,,
2022; Vaidya & Mouftah, 2020). All in all, the application of adaptive Q-learning in the
control of the headlight system is beneficial for electric vehicles in terms of their
performance, reliability, and efficiency in multiple driving environments. This
optimization makes the system resilient to changes in driving conditions. The
headlight system can learn and improve from the conditions during operation based
on the nature of the Q-learning algorithm. Because of this feature, it can be expected
that the headlight system will perform well and efficiently throughout the vehicle's
life, leading to improved and more economical driving (Vashishtha et al, 2024).
Accurately modelling and simulating diverse driving conditions, including urban
streets, highways, and adverse weather, poses significant challenges in training the Q-
learning algorithm effectively. This complexity necessitates robust datasets and
sophisticated tools to simulate such environments to help the Q-learning agent learn
the optimal policy (Jamjuntr et al., 2024).

For Q-learning agents to make real-time decisions, data received from sensors must
be accurate and sufficient to increase reliance on sensor technologies. If present,
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sensor data errors or latencies can be detrimental to the system as they may impede
headlights from being adequately adjusted and threaten outward safety (Song et al,,
2024). The second reason is that Q-learning algorithms are known to have high
computational complexity, which requires a large amount of processing and memory
resources and, therefore, may not be suitable for real-time applications in EV systems
that disappoint computing capabilities. Such computational requirements bring about
the need to design efficient algorithms and improve hardware performance so that
adaptive Q-learning can be applied to control headlights in real-time situations.
However, the time to fine-tune the system is extended. The Q-Learning algorithm has
a long training time in the initial stages and requires high computational resources,
hence the driving experts' support (Chifu et al., 2024). During the training phases of
the algorithm, intense but not extreme emphasis should be placed on exploration and
exploitation to avoid overfitting into a uniquely narrow loop while achieving
generalization over many different driving situations. To this end, these solutions
must be addressed to enable commercial use of adaptive Q-learning logic for dynamic
control of vehicle headlights. (Qiu et al., 2023).

6. Implications of the Findings

The usefulness of adaptive Q-learning for controlling headlights dynamically shows
improvement in the safety and energy consumption of EVs. The ability to vary the
headlight parameters in real time depending on the prevailing environmental
conditions turns out to be one of the valuable contributions and innovations of this
system for the design of future Evs. Moreover, the decline in energy requirements
furthers the sustainability goal, making electric vehicles more attractive to green
consumers. Directions for Future Investigation

To overcome the limitations established and to improve the system further the
future researchers may seek to consider the following areas:

Expanded Discount Simulation Environments: Create broader and more credible
simulation models that capture various climatic, road and traffic conditions to enhance
the system’s ability to be generalized.

Coupling with Diverse Sensor Systems: The project aims to examine the coupling
of modern sensor systems, including LiDAR and other advanced image processing
systems, to improve data quality and decrease the time lag.

Appropriate Algorithm Development: Able to apply resource-constraint algorithms
that are low cost and, therefore, require fewer resources to run so that they can be
used in real time on EVs with limited resources.

Transfer Learning and Adaptation: Use transfer learning methods to cut down the
time consumed during training and allow the system to adapt to new places or
conditions without many retraining sessions.

Field Testing and Real-World Validation: Conduct extensive field tests to examine
system effectiveness in real life, identify aspects that may still need correction, and
check whether the product is ready for mass production.

Addressing these limitations and considering possible future research directions
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will greatly improve the usability and recovery of adaptive Q-learning for dynamic
headlight control of electric vehicles.

7. Future Research

Future research directions include conducting real-world validation through
extensive field tests to address these challenges and enhance the effectiveness of
dynamic headlight control using adaptive Q-learning. These tests hold significance in
verifying the simulation outcomes and evaluating the system's performance in more
challenging operational scenarios with traffic, environmental, and road topography
variations. Moreover, integrating cutting-edge sensor technologies, including LiDAR,
sophisticated imaging sensors, and high-resolution cameras, can improve the
robustness of the model inputs used in the Q-learning algorithm. This provides better
and more effective headlight control adjustment, improving visibility and effective
energy use (Kumar et al,, 2024). In addition, optimization of enhanced Q-learning or a
combination of reinforcement learning models suitable for EV applications will solve
the issues of computational efficiency and scalability (Jamjuntr et al., 2024).
Considering the optimization, these algorithms will enable the system to work
efficiently in a low-power onboard EV processor presence. Additionally, extending
synergies to autonomous driving technologies allows for a cross-functional system in
which adaptive headlight control integrates with other autonomous driving systems,
increasing the safety and efficacy of the vehicle even further. By focusing on these
future directions, the researchers will be able to improve adaptive Q-learning-based
systems for dynamic headlight control substantially, which would enhance the safety,
efficiency and reliability of electric vehicles in the future (Mazzi et al., 2024).

8. Conclusion

The proposed approach, adaptive Q-learning for dynamic headlight control for
electric vehicles, uses reinforcement learning in an optimal way for enhancing safety
and efficiency through the real-time adjustment of headlight beam patterns based on
sensor data and vehicle dynamics. The key benefits will be improved safety at night
for driving, reduced glare, extended range of travel by EV, and lower carbon footprints
that align with environmental standards, thus leading to greater comfort and
confidence for the driver by tuning the driving experience to conditions. This
adaptability is a new milestone in smart vehicle systems, bringing about advancement
in autonomous driving and vehicle-to-infrastructure communication. However, there
is still the challenge of scaling this system for diverse environments, improving
computational efficiency, and sensor accuracy and low latency. The future research
may integrate adaptive Q-learning with other Al technologies to enhance compatibility
with the navigation and energy management systems and, thus, the whole smart
vehicle ecosystem. Adaptive Q-learning represents a significant step toward bringing
safer, more efficient, and environmentally friendly transportation, with different
standards set into smart automotive systems, thus driving an innovation in the EV
industry.

116



Pitchaya Jamjuntr, Chanchai Techawatcharapaikul, Pannee Suanpang/ Oper. Res. Eng. Sci. Theor.
Appl. 7(3)2024 86-123

Author Contributions:

Conceptualization, P.J.,P.S,; research design, P.J.,P.S.,; literature review, P.S P.],P.S.;
and P.J.; methodology, P.J.,P.S, C.T.; algorithms, P.J.,P.S.; software, P.].,P.S.; validation,
PJ.,P.S, C.T,; formal analysis, P.J.,P.S, C.T.; investigation, P.J.,P.S, C.T.; resources, P.S.;
data curation, P.J.,P.S, C.T.; writing—original draft preparation, P.S. and P.J.; writing—
review and editing, P.S. and P.J; visualization, P.S.; supervision, P.S.; project
administration, P.S.; funding acquisition, P.S. All authors have read and agreed to the
published version of the manuscript.

Funding:

This work was supported in part by the Suan Dusit University under the Ministry
of Higher Education, Science, Research and Innovation, Thailand, grant number
FF67— Innovation of Tourism Learning Innovation Platform of Suphanburi Province.

Institutional Review Board Statement:

This study was conducted in accordance with ethical guidelines and approved by
the Ethics Committee of Suan Dusit University (SDU-RDI-SHS-2024-045, 16 July,
2024) for studies involving humans.

Informed Consent Statement:

This article does not contain any studies involving human participants performed
by any of the authors.

Data Availability Statement:

The data presented in this study are available upon request from the corresponding
author.

Acknowledgments:

The authors wish to express gratitude to the Hub of Talent in Gastronomy Tourism
Project (N34E670102), funded by the National Research Council of Thailand (NRCT),
for facilitating the research collaboration that contributed to this study. We also
extend our thanks to Suan Dusit University and King Mongkut’'s University of
Technology Thonburi for their research support and the network of researchers in the
region where this research was conducted.

Conflicts of Interest:

The authors declare no conflicts of interest.

117



Risks Reducing Through Intelligent Headlight Management: Optimizing Q-Learning for
Electric Vehicles

References

Alanne, K., & Sierla, S. (2022). An overview of machine learning applications for smart
buildings. Sustainable Cities and Society, 76, 103445.
https://doi.org/10.1016/j.scs.2021.103445

Aldoseri, A., Al-Khalifa, K., & Hamouda, A. M. (2023). A Holistic Guidelines for Assessing
Organizational Current State for Al-based Digital Transformation.
https://doi.org/10.20944 /preprints202310.0665.v1

Alinazi, F. R,, Althaqafi, G. K,, Alaqidi, M. ]., Aldossri, ]. M., Alomayer, M. O., Alkallabi, S.
A, & Alsultan, S. S. (2024). The Impact of Artificial Intelligence on Diagnostic
Accuracy and Treatment Planning in Dentistry. Journal of International Crisis
and Risk Communication Research, 16-22.
http://jicrcr.com/index.php/jicrcr/article/view /242

Algahtani, M,, Scott, M. ]., & Hu, M. (2022). Dynamic energy scheduling and routing of
a large fleet of electric vehicles using multi-agent reinforcement learning.
Computers & Industrial Engineering, 169, 108180.
https://doi.org/10.1016/j.cie.2022.108180

Alzubaidi, L., Bai, ]J., Al-Sabaawi, A., Santamaria, ]., Albahri, A. S., Al-dabbagh, B. S. N,,
Fadhel, M. A.,, Manoufali, M., Zhang, ]., & Al-Timemy, A. H. (2023). A survey on
deep learning tools dealing with data scarcity: definitions, challenges,
solutions, tips, and applications. Journal of Big Data, 10(1), 46.
https://doi.org/10.1186/s40537-023-00727-2

Antonopoulos, I, Robu, V., Couraud, B., Kirli, D., Norbu, S., Kiprakis, A., Flynn, D.,
Elizondo-Gonzalez, S., & Wattam, S. (2020). Artificial intelligence and machine
learning approaches to energy demand-side response: A systematic review.
Renewable and Sustainable Energy Reviews, 130, 109899,
https://doi.org/10.1016/j.rser.2020.109899

Azevedo, B. F, Rocha, A. M. A, & Pereira, A. 1. (2024). Hybrid approaches to
optimization and machine learning methods: a systematic literature review.
Machine Learning, 1-43. https://doi.org/10.1007 /s10994-023-06467-x

Bathla, G., Bhadane, K., Singh, R. K., Kumar, R., Aluvaluy, R., Krishnamurthi, R., Kumar, A,
Thakur, R, & Basheer, S. (2022). Autonomous vehicles and intelligent
automation: Applications, challenges, and opportunities. Mobile Information
Systems, 2022(1), 7632892. https://doi.org/10.1155/2022/7632892

Chen, Y, Du, ], Mumtaz, ], Zhong, ], & Rauf, M. (2025). An efficient Q-learning
integrated multi-objective hyper-heuristic approach for hybrid flow shop
scheduling problems with lot streaming. Expert Systems with Applications,
262,125616. https://doi.org/10.1016/j.eswa.2024.125616

Chen, Z,, Lai, ]., Li, P, Awad, O. I, & Zhu, Y. (2024). Prediction Horizon-varying Model
Predictive Control (MPC) for Autonomous Vehicle Control. Electronics, 13(8),
1442. https://doi.org/10.3390/electronics13081442

Chifu, V.R,, Cioara, T, Pop, C. B,, Rusu, H. G., & Anghel, . (2024). Deep Q-Learning-Based
Smart Scheduling of EVs for Demand Response in Smart Grids. Applied
Sciences, 14(4), 1421. https://doi.org/10.3390/app14041421

Crosato, L., Tian, K., Shum, H. P, Ho, E. S., Wang, Y., & Wei, C. (2024). Social Interaction-
Aware Dynamical Models and Decision-Making for Autonomous Vehicles.
Advanced Intelligent Systems, 6(3), 2300575.
https://doi.org/10.1002/aisy.202300575

Devane, L. (2023). Adaptive Al systems in autonomous environments: Real-time

118


https://doi.org/10.1016/j.scs.2021.103445
https://doi.org/10.20944/preprints202310.0665.v1
http://jicrcr.com/index.php/jicrcr/article/view/242
https://doi.org/10.1016/j.cie.2022.108180
https://doi.org/10.1186/s40537-023-00727-2
https://doi.org/10.1016/j.rser.2020.109899
https://doi.org/10.1007/s10994-023-06467-x
https://doi.org/10.1155/2022/7632892
https://doi.org/10.1016/j.eswa.2024.125616
https://doi.org/10.3390/electronics13081442
https://doi.org/10.3390/app14041421
https://doi.org/10.1002/aisy.202300575

Pitchaya Jamjuntr, Chanchai Techawatcharapaikul, Pannee Suanpang/ Oper. Res. Eng. Sci. Theor.
Appl. 7(3)2024 86-123

decision making and resource allocation through cloud-based reinforcement
learning. . ResearchGate Preprint.
https://doi.org/10.13140/RG.2.2.21638.18241

Evans, M., Machado, M., Johnson, R, Vadella, A., Escamilla, L., Froemming-Aldanondo,
B., Rastoskueva, T, Jostes, M., Butani, D., & Kaddis, R. (2024). Vehicle-to-
Everything (V2X) Communication: A Roadside Unit for Adaptive Intersection
Control of Autonomous Electric Vehicles. arXiv preprint arXiv:2409.00866.
https://doi.org/10.48550/arXiv.2409.00866

Ghaleb, M. M. S., & Basri, W. S. (2024). Effects Of Management Information Systems On
Operations Decision Making Performance And Business Operations
Performance: Moderating Role Of Business Process Automation. Operational
Research in Engineering Sciences: Theory and Applications, 7(2).
https://doi.org/10.31181/oresta/070214

Ghaleb, M. M. S., & Mirzaliev, S. (2024). Production Efficiency: Role Of Decision Making
Factors, Big Data And Predictive Analytics. Operational Research in
Engineering Sciences: Theory and Applications, 7(2).
https://doi.org/10.31181/oresta/070208

Hamida, S. U,, Chowdhury, M. J. M,, Chakraborty, N. R,, Biswas, K., & Sami, S. K. (2024).
Exploring the Landscape of Explainable Artificial Intelligence (XAI): A
Systematic Review of Techniques and Applications. Big Data and Cognitive
Computing, 8(11), 149. https://doi.org/10.3390/bdcc8110149

Hussein, H. M., Ibrahim, A. M., Taha, R. A,, Rafin, S. S. H., Abdelrahman, M. S., Kharchouf,
I, & Mohammed, O. A. (2024). State-of-the-Art Electric Vehicle Modeling:
Architectures, Control, and Regulations. Electronics, 13(17), 3578.
https://doi.org/10.3390/electronics13173578

Jasitnas, J., Lund, P. D., & Mikkola, J. (2021). Energy system resilience-A review.
Renewable  and  Sustainable = Enerqy  Reviews, 150, 111476.
https://doi.org/10.1016/j.rser.2021.111476

Jia, C., Zhou, J., He, H,, Li, ]., Wei, Z., & Li, K. (2024). Health-conscious deep reinforcement
learning energy management for fuel cell buses integrating environmental
and look-ahead road information. Energy, 290, 130146.
https://doi.org/10.1016/j.energy.2023.130146

Kamil, Z., & Abdulazeez, A. M. (2024). A Review on Deep Reinforcement Learning for
Autonomous Driving. The Indonesian Journal of Computer Science, 13(3).
https://doi.org/10.33022/ijcs.v13i3.4036

Kang, H.-]., & Kwon, S.-]. (2021). A study on the night visibility evaluation method of
color temperature convertible automotive headlamps considering weather
conditions. Applied Sciences, 11(18), 8661.
https://doi.org/10.3390/app11188661

Kelly, B. (2024). The Impact of Edge Computing on Real-Time Data Processing.
International Journal of Computing and Engineering, 5(5), 44-58.
https://doi.org/10.47941 /ijce.2042

Kumar, S,, Giri, J., Sharma, S. S., Gunaga, S. R., Manikanta, G., Sathish, T,, Hasnain, S. M., &
Zairov, R. (2024). Predictive analysis for removing obstacles in electric
mobility: Revolution into EV adoption. Transportation Engineering, 18,
100277. https://doi.org/10.1016/j.treng.2024.100277

Li, Z., Shi, N,, Zhao, L., & Zhang, M. (2024). Deep reinforcement learning path planning
and task allocation for multi-robot collaboration. Alexandria Engineering

119


https://doi.org/10.13140/RG.2.2.21638.18241
https://doi.org/10.48550/arXiv.2409.00866
https://doi.org/10.31181/oresta/070214
https://doi.org/10.31181/oresta/070208
https://doi.org/10.3390/bdcc8110149
https://doi.org/10.3390/electronics13173578
https://doi.org/10.1016/j.rser.2021.111476
https://doi.org/10.1016/j.energy.2023.130146
https://doi.org/10.33022/ijcs.v13i3.4036
https://doi.org/10.3390/app11188661
https://doi.org/10.47941/ijce.2042
https://doi.org/10.1016/j.treng.2024.100277

Risks Reducing Through Intelligent Headlight Management: Optimizing Q-Learning for
Electric Vehicles

Journal, 109, 408-423. https://doi.org/10.1016/j.aej.2024.08.102

Liu, Z., Zhang, X,, Sun, Y., & Zhou, Y. (2023). Advanced controls on energy reliability,
flexibility, resilience, and occupant-centric control for smart and energy-
efficient buildings—a state-of-the-art review. Energy and Buildings, 113436.
https://doi.org/10.1016/j.enbuild.2023.113436

Machado, J., Sousa, R., Peixoto, H., & Abelha, A. (2024). Ethical Decision-Making in
Artificial Intelligence: A Logic Programming Approach. Al, 5(4), 2707-2724.
https://doi.org/10.3390/ai5040130

Mahadevan, R. K., & Gurusamy, M. (2021). Adaptive Headlight Control System. Journal
of Physics: Conference Series, 1742-6596. https://doi.org/10.1088/1742-
6596/1969/1/012059

Manakitsa, N., Maraslidis, G. S., Moysis, L., & Fragulis, G. F. (2024). A review of machine
learning and deep learning for object detection, semantic segmentation, and
human action recognition in machine and robotic vision. Technologies, 12(2),
15. https://doi.org/10.3390/technologies12020015

Mande, S., & Ramachandran, N. (2024). A Comprehensive Survey on Challenges and
Issues in V2X and V2V Communication in 6G Future Generation
Communication Models. Ingenierie des Systemes d'Information, 29(3), 951.
https://doi.org/10.18280/isi.290315

Mathurkar, S. P, & Satal, S. P. (2024). Energy Efficiency of Headlight Intensity Control
in Electric Vehicles. Advance Research in Power Electronics and Devices, 10-16.
https://matjournals.net/engineering/index.php/ARPED/article /view/814

Mazzi, Y., Sassi, H. B., Errahimi, F,, & Es-Sbai, N. (2024). A soft actor-critic reinforcement
learning framework for optimal energy management in electric vehicles with
hybrid  storage. Journal of Energy  Storage, 99, 113344.
https://doi.org/10.1016/j.est.2024.113344

Mehta, A., Padaria, A. A., Bavisi, D., Ukani, V,, Thakkar, P, Geddam, R., Kotecha, K., &
Abraham, A. (2023). Securing the Future: A Comprehensive Review of Security
Challenges and Solutions in Advanced Driver Assistance Systems. IEEE Access.
https://doi.org/10.1109/ACCESS.2023.3347200

Morden, J. N., Caraffini, F,, Kypraios, 1., Al-Bayatti, A. H., & Smith, R. (2023). Driving in
the Rain: A Survey toward Visibility Estimation through Windshields.
International  Journal of |Intelligent Systems, 2023(1), 9939174.
https://doi.org/10.1155/2023/9939174

Munsi, M. S., & Chaoui, H. (2024). Energy Management Systems for Electric Vehicles: A
Comprehensive Review of Technologies and Trends. IEEE Access.
https://doi.org/10.1109/ACCESS.2024.3371483

Nkrumah, J. K, Cai, Y, & Jafaripournimchahi, A. (2024). A review of automotive
intelligent and adaptive headlight beams intensity control approaches.
Advances in Mechanical Engineering, 16(4), 16878132231220355.
https://doi.org/10.1177/16878132231220355

Nkrumah, ]. K., Cai, Y., Jafaripournimchahi, A, Wang, H., & Atindana, V. A. (2024).
Highway Safety with an Intelligent Headlight System for Improved Nighttime
Driving. Sensors, 24(22), 7283. https://doi.org/10.3390/s24227283

Nourbakhshrezaei, A., Jadidi, M., & Sohn, G. (2023). Improving Cyclists’ Safety Using
Intelligent Situational Awareness System. Sustainability, 15(4), 2866.
https://doi.org/10.3390/su15042866

Olawade, D. B., Wada, O. Z., David-Olawade, A. C., Fapohunda, O, Ige, A. 0., & Ling, J.

120


https://doi.org/10.1016/j.aej.2024.08.102
https://doi.org/10.1016/j.enbuild.2023.113436
https://doi.org/10.3390/ai5040130
https://doi.org/10.1088/1742-6596/1969/1/012059
https://doi.org/10.1088/1742-6596/1969/1/012059
https://doi.org/10.3390/technologies12020015
https://doi.org/10.18280/isi.290315
https://matjournals.net/engineering/index.php/ARPED/article/view/814
https://doi.org/10.1016/j.est.2024.113344
https://doi.org/10.1109/ACCESS.2023.3347200
https://doi.org/10.1155/2023/9939174
https://doi.org/10.1109/ACCESS.2024.3371483
https://doi.org/10.1177/16878132231220355
https://doi.org/10.3390/s24227283
https://doi.org/10.3390/su15042866

Pitchaya Jamjuntr, Chanchai Techawatcharapaikul, Pannee Suanpang/ Oper. Res. Eng. Sci. Theor.
Appl. 7(3)2024 86-123

(2024). Artificial intelligence potential for net zero sustainability: Current
evidence and prospects. Next  Sustainability, 4, 100041.
https://doi.org/10.1016/j.nxsust.2024.100041

Papadopoulos, C., Kollias, K.-F, & Fragulis, G. F. (2024). Recent Advancements in
Federated Learning: State of the Art, Fundamentals, Principles, IoT
Applications and Future Trends. Future Internet, 16(11), 415.
https://doi.org/10.3390/fi16110415

Parambil, M. M. A,, Rustamov, J.,, Ahmed, S. G., Rustamov, Z., Awad, A. I, Zaki, N., &
Alnajjar, F. (2024). Integrating Al-based and conventional cybersecurity
measures into online higher education settings: Challenges, opportunities,
and prospects. Computers and Education: Artificial Intelligence, 100327.
https://doi.org/10.1016/j.caeai.2024.100327

Qi, Y, Cao, J., & Wu, B. (2024). Bidirectional Q-learning for recycling path planning of
used appliances under strong and weak constraints. Communications in
Transportation Research, 4, 100153.
https://doi.org/10.1016/j.commtr.2024.100153

Qiu, D, Wang, Y, Hua, W, & Strbac, G. (2023). Reinforcement learning for electric
vehicle applications in power systems: A critical review. Renewable and
Sustainable Energy Reviews, 173, 113052.
https://doi.org/10.1016/j.rser.2022.113052

Rana, K., Gupta, G., Vaidya, P, & Khari, M. (2023). The perception systems used in fully
automated vehicles: a comparative analysis. Multimedia Tools and
Applications, 1-23. https://doi.org/10.1007/s11042-023-15090-w

Ranij, S., & Jayapragash, R. (2024). Review on electric mobility: trends, challenges and
opportunities. Results in Engineering, 102631.
https://doi.org/10.1016/j.rineng.2024.102631

Rezaee, M. R., Hamid, N. A. W. A,, Hussin, M., & Zukarnain, Z. A. (2024). Comprehensive
Review of Drones Collision Avoidance Schemes: Challenges and Open Issues.
IEEE Transactions on Intelligent Transportation Systems.
https://doi.org/10.1109/TITS.2024.3375893

Santos, P. P, Carvalho, D. S., Sardinha, A., & Melo, F. S. (2024). The impact of data
distribution on Q-learning with function approximation. Machine Learning, 1-
23. https://doi.org/10.1007 /s10994-024-06564-5

Sharma, K., & Shivandu, S. K. (2024). Integrating artificial intelligence and Internet of
Things (IoT) for enhanced crop monitoring and management in precision
agriculture. Sensors International, 100292.
https://doi.org/10.1016/j.sintl.2024.100292

Song, Y, Wuy, Y,, Guo, Y, Yan, R, Suganthan, P. N,, Zhang, Y, .. & Feng, Q. (2024).
Reinforcement learning-assisted evolutionary algorithm: A survey and
research opportunities. Swarm and Evolutionary Computation, 86, 101517.
https://doi.org/10.1016/j.swevo0.2024.101517

Souri, A., Zarei, M., Hemmati, A., & Gao, M. (2024). A systematic literature review of
vehicular connectivity and V2X communications: Technical aspects and new
challenges. International Journal of Communication Systems, e5780.
https://doi.org/10.1002/dac.5780

Srinivasan, A. (2023). Reinforcement Learning: Advancements, Limitations, and Real-
world Applications. Interantional ]. Sci. Res. Eng. Manag, 7(08).
http://dx.doi.org/10.55041/]JSREM25118

121


https://doi.org/10.1016/j.nxsust.2024.100041
https://doi.org/10.3390/fi16110415
https://doi.org/10.1016/j.caeai.2024.100327
https://doi.org/10.1016/j.commtr.2024.100153
https://doi.org/10.1016/j.rser.2022.113052
https://doi.org/10.1007/s11042-023-15090-w
https://doi.org/10.1016/j.rineng.2024.102631
https://doi.org/10.1109/TITS.2024.3375893
https://doi.org/10.1007/s10994-024-06564-5
https://doi.org/10.1016/j.sintl.2024.100292
https://doi.org/10.1016/j.swevo.2024.101517
https://doi.org/10.1002/dac.5780
http://dx.doi.org/10.55041/IJSREM25118

Risks Reducing Through Intelligent Headlight Management: Optimizing Q-Learning for
Electric Vehicles

Sutton, R. S. (2018). Reinforcement learning: An introduction. A Bradford Book.
https://courses.cs.umbc.edu/graduate/678/spring17/RL-3.pdf

Tang, H. H., & Ahmad, N. S. (2024). Fuzzy logic approach for controlling uncertain and
nonlinear systems: a comprehensive review of applications and advances.
Systems ~ Science & Control  Engineering, 12(1), 2394429.
https://doi.org/10.1080/21642583.2024.2394429

Taye, M. M. (2023). Understanding of machine learning with deep learning:
architectures, workflow, applications and future directions. Computers, 12(5),
91. https://doi.org/10.3390/computers12050091

Tresca, L., Pulvirenti, L., Rolando, L., & Millo, E. (2024). Development of a deep Q-
learning energy management system for a hybrid electric vehicle.
Transportation Engineering, 16, 100241.
https://doi.org/10.1016/j.treng.2024.100241

Vaibhav, R., Amutha Prabha, N., Indragandhi, V,, Bharathidasan, M., Vasantharaj, S., &
Alaric, J. S. (2022). Autonomous braking system using linear actuator. Journal
of Sensors, 2022(1), 7707600. https://doi.org/10.1155/2022 /7707600

Vaidya, B., & Mouftah, H. T. (2020). Smart electric vehicle charging management for
smart cities. [ET Smart Cities, 2(1), 4-13. https://doi.org/10.1049/iet-
smc.2019.0076

Vashishtha, K., Saad, A. Faieghi, R, & Xi, F. (2024). Intelligent adaptive lighting
algorithm: Integrating reinforcement learning and fuzzy logic for
personalized interior lighting. Engineering Applications of Artificial
Intelligence, 133, 108512. https://doi.org/10.1016/j.engappai.2024.108512

Waykole, S., Shiwakoti, N., & Stasinopoulos, P. (2021). Review on lane detection and
tracking algorithms of advanced driver assistance system. Sustainability,
13(20), 11417. https://doi.org/10.3390/su132011417

Wei, Z., Peng, T,, & Wei, S. (2022). A robust adaptive traffic signal control algorithm
using Q-learning under mixed traffic flow. Sustainability, 14(10), 5751.
https://doi.org/10.3390/su14105751

Xu, S., Liy, Q., Huy, Y., Xu, M., & Hao, J. (2023). Decision-making models on perceptual
uncertainty with distributional reinforcement learning. Green Energy and
Intelligent Transportation, 2(2), 100062.
https://doi.org/10.1016/j.geits.2022.100062

Yang, W,, Zhou, Y, Zhang, Y, & Ren, Y. (2024). Reinforcement Q-Learning for PDF
Tracking Control of Stochastic Systems with Unknown Dynamics.
Mathematics, 12(16), 2499. https://doi.org/10.3390/math12162499

Ying, Z., Wang, K, Xiong, ], & Ma, M. (2024). A literature review on V2X
communications security: Foundation, solutions, status, and future. IET
Communications. https://doi.org/10.1049/cmu2.12778

Yusuf, S. A, Khan, A, & Souissi, R. (2024). Vehicle-to-everything (V2X) in the
autonomous vehicles domain-A technical review of communication, sensor,
and Al technologies for road wuser safety. Transportation Research
Interdisciplinary Perspectives, 23, 100980.
https://doi.org/10.1016/j.trip.2023.100980

Zakaria, M., Hamed, M., Yaser, E, Mahmoud, M., Rooby, M., & Anis, A. M. (2024).
Adaptive Headlight Control and Real-Time Pedestrian Detection. International
Journal of Computer Applications, 186(34), 18-25.
http://dx.doi.org/10.5120/ijca2024923902

122


https://courses.cs.umbc.edu/graduate/678/spring17/RL-3.pdf
https://doi.org/10.1080/21642583.2024.2394429
https://doi.org/10.3390/computers12050091
https://doi.org/10.1016/j.treng.2024.100241
https://doi.org/10.1155/2022/7707600
https://doi.org/10.1049/iet-smc.2019.0076
https://doi.org/10.1049/iet-smc.2019.0076
https://doi.org/10.1016/j.engappai.2024.108512
https://doi.org/10.3390/su132011417
https://doi.org/10.3390/su14105751
https://doi.org/10.1016/j.geits.2022.100062
https://doi.org/10.3390/math12162499
https://doi.org/10.1049/cmu2.12778
https://doi.org/10.1016/j.trip.2023.100980
http://dx.doi.org/10.5120/ijca2024923902

Pitchaya Jamjuntr, Chanchai Techawatcharapaikul, Pannee Suanpang/ Oper. Res. Eng. Sci. Theor.
Appl. 7(3)2024 86-123

Zhang, Y, Carballo, A. Yang, H., & Takeda, K. (2023). Perception and sensing for
autonomous vehicles under adverse weather conditions: A survey. ISPRS
Journal of Photogrammetry and Remote Sensing, 196, 146-177.
https://doi.org/10.1016/j.isprsjprs.2022.12.021

Zhang, W, Liu, H., Wang, F, Xu, T, Xin, H., Dou, D., & Xiong, H. (2021, April). Intelligent
electric vehicle charging recommendation based on multi-agent
reinforcement learning. In Proceedings of the Web Conference 2021 (pp.
1856-1867). https://doi.org/10.1145/3442381.3449934

Zhong, Y., & Wang, Y. (2025). Cross-regional path planning based on improved Q-
learning with dynamic exploration factor and heuristic reward value. Expert
Systems with Applications, 260, 125388.
https://doi.org/10.1016/j.eswa.2024.125388

Zhou, H., Xu, W, Chen, ]., & Wang, W. (2020). Evolutionary V2X technologies toward the
Internet of vehicles: Challenges and opportunities. Proceedings of the IEEE,
108(2), 308-323. https://doi.org/10.1109/JPROC.2019.2961937

Zhou, Y, Zanette, A., Pan, |, Levine, S., & Kumar, A. (2024). Archer: Training language
model agents via hierarchical multi-turn rl. arXiv preprint arXiv:2402.19446.
https://doi.org/10.48550/arXiv.2402.19446

123


https://doi.org/10.1016/j.isprsjprs.2022.12.021
https://doi.org/10.1145/3442381.3449934
https://doi.org/10.1016/j.eswa.2024.125388
https://doi.org/10.1109/JPROC.2019.2961937
https://doi.org/10.48550/arXiv.2402.19446

