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Review Article

Evolution of Decision-making Systems in Autonomous Vehicle

Technology: A Comprehensive Review
Ali Rizehvandi

Faculty of Mechanical Engineering, K. N. Toosi University of Technology, Tehran 19967-15433, Iran

Abstract: Automated vehicles (AVs) constitute a significant advancement in contemporary
transportation systems. With their capacity to minimize traffic accidents, decrease congestion, and
improve efficiency, AVs fundamentally depend on decision-making algorithms to operate and
execute tasks independently. Essential to the operation of AVs is the process of instantaneous
decision-making, which necessitates analyzing environmental information and forming decisions
about driving actions in various scenarios. This paper evaluates the principal methods utilized in AV
decision-making, investigating rule-oriented systems, machine learning (ML), reinforcement
learning (RL), and combined approaches. It also considers the current challenges AVs encounter,
such as instantaneous decision processing, safety, and principled decision-making. Furthermore, the
review examines how AVs incorporate various decision-making elements, encompassing perception,
planning, control, and interaction between vehicles. The development of decision-making in AVs is
analyzed with emphasis on advanced reinforcement learning (DRL), interpretable artificial
intelligence (XAI), and collaborative driving systems. This paper presents a thorough evaluation of
the methods and challenges, yielding insights into the future direction of AV decision-making
systems.
Keywords: automated vehicles; machine learning; reinforcement learning; AI; decision-making

1. Introduction

Self-driving cars hold great promise to the vehicle and
transportation industries, and it is having a revolutionary
impact on safety, productivity, and the opportunity to provide
broader and more inclusive mobility options to our community.
There is the brain, too: how will that brain integrate
information from sits sensors (LIDAR, RADAR, ultra-sonic,
cameras) in formulating an overtaking intention? Driverless
cars (or as they are referred to in the industry “Autonomous
Vehicles”: AVs) are likely to change the way people and goods
are transported within and between cities, solving some of the
ancient problems of traffic, accidents, pollution, run down of
energy, and access for those who cannot drive, for whatever
reasons, old age, disability etc. This transformative potential is
predicated on the AV making good, safe, timely decisions

while operating in complex and uncertain traffic scenarios.
Contrary to conventional autos, which need to be driven by
humans interpretation their sensory perceptions, transmitting
of gathered experiences, intuitive judgment immediately,
through logical inference, the AVs are a system matrix, which
thinks. These are frameworks that constantly process huge
amounts of data from multiple sensors in the car, such as
LIDAR, radar, cameras, GPS and inertial measurement units,
to help the vehicle create and maintain a rich, dynamic map of
its environment. The steady stream of sensory data can be
used to perceive and classify objects, understand road
infrastructure, and understand vehicle behaviors of other road
users as they occur. Decision-making represents the key
operational aspect for the advancement and the operation of
autonomous vehicles.

This is much more than just a matter of executing control
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commands, it constitutes a complex collaboration of several
subsystems. Perception the perception modules interpret raw
sensor readings in order to produce an accurate representation
of the vehicle’s surrounding. Prediction systems anticipate the
path and likely intentions of other agents—other cars,
pedestrians or cyclists—and predict how the traffic scenario
will progress over time. Planning algorithms subsequently
select the most suitable and safe action based on various
considerations, including collision avoidance, traffic laws
conforming, passenger comfort, and general trip efficiency.
Lastly, the control systems carry out these planned actions,
directing acceleration, brakes and steering so that the vehicle’s
response is smooth and safe. This holistic decision-making
architecture enables self-driving cars to resemble human level
driving, however they also frequently exceed them in terms of
reliability, response time, and capacity to process tremendous
volumes of data in parallel. While people can lose focus or
feel tired, exhibit inconsistent judgment, AVs are not prone to
such human experiences, instead, they strictly follow
programmed safety mandates and react with precision to
complicated and rapidly evolving driving conditions. In the
same time, AVs can work quite well in different kinds of
environment and traffic complexity (e.g., at a dense
intersection in an urban area and meanwhile cruising the
highway), and provides rich possibility of being applied in
different scenarios, reshaping the mobility landscape
worldwide [1,2].

At a fundamental level, decision-making in an AV
involves the interpretation of traffic scenarios, which are
complex, often dynamic, and may comprise other vehicles,
pedestrians, traffic signals, and unforeseen circumstances.
Human drivers largely decide their course of action based on
intuition, experience, and sometimes heuristic shortcuts;
however, such AVs rely on algorithmic logic based on formal
modeling and data-driven approaches to make decisions
prioritizing safety, efficiency, and compliance with traffic
regulations. This paradigm shift from human-based to
machine-based decision processes finds its basis on the
merging of multi-modal sensor data and state-of-the-art
algorithms capable of incorporating the uncertainties and
variability innate in real-world driving [3–5].

The development of autonomous vehicle technology
represents a paradigm shift in transportation with implications
for safety, efficiency, and mobility. At the heart of this
advancement are the decision-making systems, which have
evolved from simple, rule-based methods to very adaptable
systems that exploit artificial intelligence (AI), machine
learning, and sensor fusion [6]. These systems allow for

vehicles to not just perceive their environment, but also
predict what might happen in the future and therefore plan a
correct course of action, increasing their reliability in various
traffic situations [7–10]. From a historical perspective, the
process of employing effective decision-making processes for
automated vehicles began publicly in the 1980s, 1990s, a
critical period of research that catalyzed the current
advancements in motor vehicle AV technologies. The Navlab
program, established at Carnegie Mellon University and the
European PROMETHEUS project (kicking off in 1994) were
significant milestones in the early years as they were attempts
to illustrate the capability of vehicles to drive on their own
using combinations of inputs (camera inputs, ultrasonic sensor
inputs, early radar) to be fused into a rule-based logic system
to control the vehicle. The original goal of these projects were
to allow vehicles to operate on a known route or structure with
little to no interaction from a human operator.

One example of an early research platform employing
computer vision together with sensor fusion for vehicle
localization and obstacle detection is Navlab. Likewise, a
large European consortium called PROMETHEUS eventually
developed technologies conducive to highway autopilots (i.e.,
automated lane keeping, adaptive cruise control, and driver
assistance). Both used deterministic, rule-based algorithms
that acted on established if-then rules and logical structures,
producing pathways for vehicle behavior as a set of “if this,
then that” statements [11–13]. Rule-based methods were not
difficult to implement, and they worked adequately in a
structured or simplified environment—typically in either a
closed test track or sparsely trafficked rural roadside. But
issues with these methods bloomed quickly when facing a
vehicle in real-world traffic [14]. Real-world traffic is
unpredictable, dynamic, and uncertain—there are various
interacting agents, traffic codes that are diverse and
sometimes conflicting, road conditions that are variable, and
events that occur spontaneously (e.g., pedestrian crossings and
emergency vehicles). As it stands, deterministic rule-based
systems find it challenging to scale to these uncertainties
because they do not handle situations flexibly or deal
adequately with the stochastics of other road users' states and
actions. As an illustration, rule-based systems can outright fail
entirely when presented with an unforeseen state that is not
encoded. In response to these challenges, researchers shifted
towards probabilistic and model-based frameworks that could
explicitly represent uncertainty and variability. A key
development in this area was the use of Markov decision
processes (MDPs) to model decision-making as stochastic
processes where outcomes are determined by both the current
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state of the environment and the agent’s action, so that (in
principle) optimal policies can be defined to maximize
long-term expected reward. However, as MDPs assume that
the agent (driver) is aware of full state of the environment,
they do not apply in scenarios with partial, missing, or noisy
observations of the world (like real-world driving) [15]. In
reaction to this weakness, researchers developed partially
observable Markov decision processes (POMDPs). As the
name implies, POMDPs generalize MDPs to account for
partial observability (i.e., scenarios where the driver does not
know the true state of the environment, and they must make
decisions based upon probabilistic estimates from the
observations taken through their sensors). POMDPs allow
autonomous systems to capture uncertainties in perception and
prediction, and make sequential decisions that weigh matters
of immediate safety over achieving longer-term objectives or
goals [16–18]. These frameworks represent the conceptual
basis for more sophisticated decision-making algorithms that
can address complex, dynamic traffic situations. The
development of MDPs and POMDPs was a big improvement
in the decision process for autonomous vehicles (AVs),
allowing AVs to make decisions more robustly and flexibly.
However, these methods face computational challenges
because of the dimensionality of real-world driving
environments, which has led to continued research into
scalable approximations and real-time applications [19–22].
The development and application of more advanced sensor
technologies like Light Detection and Ranging (LIDAR),
radar, and high-resolution camera systems have significantly
increased the sensing capabilities of AVs. AVs can use these
sensor technologies to acquire environmental data to make
good decisions. when they are combined through sensor
fusion methods, the data that would be generated provides
rich and accurate situational awareness for complex
decision-making algorithms [23–31]. With the added
individual sensor intelligence and monitoring capabilities,
there has also been major progress in AI specifically with
deep learning HCE, which added decision-making through
data-driven methods with the capabilities to generalize across
scenarios while using the dimensionalization of massive data
sets to improve the predictive and reactive behaviors
dynamically [32–36].

The decision-making frameworks found in autonomous
vehicles employ a hierarchical structure, reflecting the
complicated and layered nature of driving tasks. The hierarchy
is appropriate and necessary for managing the vast numbers of
decision points that an autonomous vehicle must traverse
between high-level determinations about a route and decisions

around the fine-grained control of a vehicle's motion. Within
this layered decision need, the strategic element represents
high-level planning that relates to route decisions or even
navigation goals that will progress into the tactical and
operational level. Strategic planning is optimally focused on
finding an optimal route—including all the coordinated
actions that may be necessary—from a point of origin to a
point of destination, that's traversing a large and complex road
network. Many of the strategic planning strategies utilize
some form of graph search planning algorithm—e.g. Dijkstra's
or A*—to explore the various paths while examining
optimization strategies to determine the most efficient,
shortest or safest path. Furthermore, the various tasks desired
by an autonomous vehicle for strategic planning also need to
incorporate real-world constraints of traffic volumes, road
closures and travel time estimates, all of which makes the
decision layer even more complicated [37–39]. Beneath
strategic planning is the behavioral decision-making layer,
which sits between the high-level navigation intent and the
low-level vehicle control. Behavioral decision-making
interprets the intentions and predicted behaviors of other road
users (vehicle, pedestrian, cyclist) to make the informed
decisions necessary to maneuver the vehicle within the traffic.
That encompasses understanding and complying with traffic
laws, regulations, and social norms prefatory to what is also
regionally variable. Whereas an autonomous vehicle must
decide when it is safe to change lanes, yield to crossing
pedestrians, merge into traffic or yield to stoplights and traffic
signs. Such decisions can have high uncertainty from noisy
sensor data and unpredictable human complexity, and
therefore utilize models for probabilistic reasoning and risk
assessment to evaluate possibilities and manage for safety
[40–43]. The final decision-making output is local motion
planning. Previously, we have discussed strategic decision
making and behavioral decision making. This local level
integrates the previously made decisions into control
commands in real time. Local motion planning outputs
collision-safe trajectories the vehicle is able to follow while
maximizing various objectives (collision safety, passenger
comfort, energy consumption, etc.) and optimizing dynamic
constraints (vehicle dynamics, roadway geometry). The local
level is required to calculate smooth and safe paths to follow
that can react quickly to changes in the environment such as a
pedestrian walking into the roadway or an unforeseen
emergency braking maneuver made by the vehicle ahead of
the AV with regard to jerk and lateral acceleration in order to
optimize the comfort level of the passengers [44–47]. These
maneuvers have become increasingly dependent on
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data-driven learning approaches in recent years, particularly
reinforcement learning (RL) and imitation learning
approaches. Reinforcement learning can be used by AVs to
learn decision making policies by using a simulation or testing
in an environment, and the quick learning feedback a
simulated environment allows them to receive using rewards
and penalties when they are safe or unsafe with a trajectory
profile respectively. Utilizing RL strategies allows the AV to
choose the most appropriate behavior in complex and
dynamic environments without requiring a manual process to
generate patterns of safe driving. Imitation learning (e.g.,
learning from demonstrations) can be used in RL models so
that the AV can learn through a demonstrated example of an
expert (human) level driving behavior that can help to boost
decision making policies, i.e., decrease learning time.
Ultimately both RL and Imitation Learning can improve
reliability and flexibility in AV decision-making.

In conclusion, this hierarchical decision-making
framework—which encompasses strategic planning,
behavioral decision-making, and local motion
planning—affords a structured yet flexible method for
autonomous vehicles to navigate the uncertainties of
real-world driving tasks safely and efficiently. The modular
structure allows for the incorporation of new technologies and
algorithms while allowing for incremental improvement of the
AVs capability [48–52]. Regardless of the progress made,
autonomous vehicle decision-making systems still face
various obstacles including the variability and unpredictable
behavior of human drivers and pedestrians, the ethical
challenges of making socially acceptable decisions, the
real-time processing constraints that are imposed, the lack of
transparency or explainability required for public acceptance
or regulatory approval [53–56], as well as the different traffic
regulations, cultural driving behaviors, and variations in
infrastructure across regions. This requires adaptable and
scalable decision-making frameworks that recognize and
contextualize their practices according to these variances
[57–60]. Emerging technologies such as vehicle-to-everything
(V2X) communications, and collaborative multi-agent
decision-making frameworks have the potential to address
some of these hurdles by increasing the exchange of real-time
information and capability for coordinated maneuvers
between vehicles, V2X Go and infrastructure [61–63].

The purpose of this comprehensive review is to illustrate
the evolution of decision-making systems in automation and
autonomy for automobiles by synthesizing existing literature
and techniques, highlighting important technology
developments along the way, and emphasizing current

challenges and future developments. The systematic analysis
of foundational theories to current techniques supports a
greater understanding of decision-making systems’ evolution
to meet the accelerating demands of autonomous mobility in
the complexity of real-world interactions.

2. Decision-making Methods in Autonomous Vehicles

There are a whole bunch of methods to assist in
decision-making in AVs. Each one of them has its Plus and
Minus. We shall elaborate on three main approaches:
rule-based reasoning systems, machine learning, and hybrid
methods.

2.1. Rule-based Systems

Rule-based systems have been in existence for many
years, applying to some tasks involving lane-following,
stopping at red lights, and avoiding collisions in autonomous
vehicles. These systems rely on a finite set of preformed
behavior rules to which the vehicle adheres in terms of sensor
inputs. The main advantage of rule-based systems is their
simplicity and interpretability: An engineer may easily trace
and comprehend the decision-making mechanism. Lin states
that in well-understood environments where predictable
behavior is expected, rule-based systems work effectively.

Unfortunately, these systems generally cannot handle the
complexities of dynamic environments. As Goodall notes,
AVs must handle uncertain or unpredictable scenarios,
including human drivers executing erratic maneuvers or
unexpected pedestrian crossings. A rule system may not set
priorities between conflicting objectives: one needs a decision
about yielding to pedestrians or carrying on with their driving.

2.2. Machine Learning Approaches

Machine learning algorithms have emerged as an
alternative to rule-based systems, allowing AVs to learn from
data and make decisions based on patterns rather than
predefined rules.

Machine learning can be categorized into two principal
types:

Supervised Learning: In supervised learning, models
are trained on the labeled datasets consisting of inputs (e.g.,
sensor data) and the corresponding correct outputs (e.g.,
actions taken). Zhao demonstrate the use of supervised
learning in real-time pedestrian and vehicle detection to
enhance AVs' ability to respond to dynamic environments.

Reinforcement Learning (RL): RL is very promising
for AVs, where the vehicle learns optimal decision-making
policies by rewarding and penalizing itself based on its actions.



JSC, 2025 13

Shalev-Shwartz demonstrate how RL can be useful for
enhancing AV decision-making in complex traffic scenarios,
wherein real-time feedback allows the vehicle to adapt to
various road conditions.

The major advantage of machine learning is in its
handling of complex and unpredictable environments.
However, challenges arise because it requires a large amount
of labeled data to train models. Additionally, much of the time,
ML models, particularly in deep learning, are seen as black
boxes in which it is difficult to tell how decisions are reached.

2.3. Hybrid Systems

A hybrid system merges rule-based and ML systems to
garner strengths from both approaches. In the hybrid system,
the rule-based logic is typically exploited for relatively
well-defined tasks, like obeying traffic signals, while ML
takes on the more dynamic or unpredictable scenarios. For
example, a hybrid could use rule-based logic for lane keeping
and speed control, whereas ML models would be employed
for prediction of other traffic participants' behavior. The
authors provide an account for the merits of hybrid systems in
endowing AVs with robust behavior under various driving
scenarios. Hybrid systems are intended to create a
compromise between transparency, adapting, and performance.
They will always offer more flexibility than the rule-based
ones and are more amenable for implementation than the ML
only-based.

The decision-making of AVs presents challenges,
technical or otherwise. In this section, we consider major
roadblocks developers must face for AVs' safe and effective
operation in complicated settings. Ensuring safety is perhaps
the most fundamental challenge of AV decision-making. In an
emergency, an AV must always assess risk and make a
decision that minimizes damage.

Goodall states that for these scenarios there will have to
be sufficient algorithms for risk assessment to be incorporated
into the decision-making of AVs. These will weigh possible
consequences of alternative decisions, which should include
parameters such as speed, distance, and road condition, to
select the one least harmful.

3. Challenges in Decision-making forAutonomous Vehicles

3.1 Safety Concerns and Risk Assessment

Safety is deemed the top-priority aspect in autonomous
vehicle (AV) decision-making, particularly in cases where
accidents become unavoidable. Risk assessment is the ability
of the AV to determine potential consequences of different

actions taken on-the-spot and choose the least harmful or
safest of those alternatives.

For instance, when an AV encounters an unexpected
pedestrian crossing a busy street, it should consider all
parameters that contribute to avoiding a collision, including
speed, distance, and the environment of the road. Goodall
reiterates that a significant challenge in this decision-making
process arises from the fact that no universally accepted set of
ethical guidelines is available [64].

Figure 1. Risk Assessment in Autonomous Vehicles

Due to traffic being unpredictable and highly dynamic in
real-world scenarios, risk assessment becomes much more
complicated. A model that operates solely on past data may
not be able to accommodate situations that deviate from past
patterns. Thus, Müller and Gogoll and stress the need for
dynamic models for risk assessment to account for the present
context and awareness of change in environment over time.

3.2. Ethical and Moral Dilemmas

An important challenge within AV decision-making is
how to decide on ethical conflicts, namely in situations where
harm is unavoidable. The trolley-problem scenario forms the
core of great ethical debate in autonomous driving,
questioning whether an AV would save its passengers
foremost or minimize harm to pedestrians during an accident
unavoidable for the AV.

The ethical decision-making involved within AVs will
determine officially which remarks concur with values, such
as the minimization of damages, or maximization of fairness
within society (according to Figure 2). But this gives rise to a
number of issues with value alignment and public trust [65].
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Figure 2. Ethical Dilemmas in Autonomous Vehicle
Decision-making

There must be ethical frameworks that guide these
decisions, as affirmed by Lin [65]. However, these
frameworks are not universal since the social view on
morality varies, which adds yet another layer of complexity to
how AVs should be programmed.

3.3. Real-time Processing and Latency

CVs perform the real-time processing of critical
functions mainly for making decisions in time. For AVs,
sensor-based data fusion requires simultaneous processing of
data dumped to multiple sensors (LIDAR, radar, cameras, etc.)
to make decisions concerning vehicle movements. Meeting
high latencies in processing such data implies that response
times become exceedingly slow, further putting the success of
the task of avoiding accidents at risk.

In real-time decision making, latency can become an
issue when there are delays in the processing of sensor data,
some subsystems interact improperly, or if computational
power is lapsed on a timely account. Real-time systems,
therefore, ought to be optimized to provide low-latency
processing for these applications, which may involve
special-purpose hardware or edge computing (local data
processing on the vehicle instead of over remote cloud
servers).

Latency is reduced using methods like GPU acceleration
or parallel processing for speeding the computation. Such
optimizations ensure that whenever the AVs need to respond,
they do so in real time, with reduced potential for accidents.

3.4. Complex Urban Environments

The actual manifestations of AV functionalities must deal
with very complex scenarios, which come from a tussle with
pedestrian behavior, cyclist activity, and other vehicular
establishments in an urban setting. City streets and roads are

always in a hurry, with lane changes to bump into, pedestrian
activity often unpredictable, with varying levels of traffic
conditions unlike rural roads or highways.

AVs now incorporate pedestrian and road user behavior-
prediction complexities into their very operational limitations.
Advanced decision-making systems should simulate several
scenarios predicting the state of the environment in the future
and the subsequent vehicle behavior.

For example, such AV operation areas are bustling with
situations of:
(1) Pedestrians unexpectedly stepping off the curb at

intersections
(2) Bicycles dicing through traffic
(3) Unpredictable human driving behavior: sudden lane

change or illegal left turn
Creating AVs that can navigate these environments safely

requires not only advanced perception and planning
algorithms but also predictive models to enable real-time
decision-making (as Figure 3) [66].

Figure 3. Urban Navigation Challenges for Autonomous
Vehicles

To further strengthen the depth and impact of this review,
a more explicit discussion of the evolution of the control
subsystem is necessary. This subsystem, which is intrinsically
linked to decision-making, is currently underrepresented in
the analysis. The paper adequately covers the areas of
perception, prediction, planning, and decision logic, but it
treats control primarily as an execution layer without delving
into its evolving role and significance within the
decision-to-action pipeline.

The control subsystem has undergone significant
development over the years, transitioning from classical
approaches like PID control and model predictive control
(MPC) to more advanced, learning-based strategies. A
dedicated section that highlights this evolution would not only
fill a gap in the current narrative but also provide a more
comprehensive view of how decision-making integrates with
control systems.
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 Classical Control Methods: Initially, control in
autonomous systems relied heavily on traditional
techniques like PID controllers, which are still
commonly used due to their simplicity and effectiveness
in many contexts. However, their ability to handle
complex, nonlinear, and dynamic environments is
limited.

 Model Predictive Control (MPC): As systems grew
more sophisticated, MPC emerged as a preferred method,
providing more advanced capabilities such as the ability
to handle constraints, predict future states, and optimize
over a finite time horizon. MPC plays a critical role in
ensuring dynamic feasibility and maintaining system
stability, which is particularly important in autonomous
vehicles where passenger comfort and safety are
paramount.

 Learning-Based Control: More recently, there has been
a shift toward learning-based control methods. These
techniques leverage data-driven models to learn optimal
control policies, adapting to a broader range of scenarios.
Reinforcement learning (RL), in particular, has gained
attention for its potential to optimize control strategies
directly through interaction with the environment,
potentially overcoming the limitations of model-based
methods.

 End-to-End Policy Learning: In parallel, end-to-end
policy learning approaches have become increasingly
popular, where control and decision-making are learned
simultaneously as a single unified model. This allows the
system to automatically adapt and optimize both
high-level decisions and low-level control actions
without relying on hand-crafted models.

 Emerging Trends in Low-Level Control: One of the
most exciting trends is the integration of reinforcement
learning directly into low-level control systems. By
enabling the control layer to adapt and learn from
real-time feedback, RL promises to significantly enhance
the system’s ability to handle unforeseen events and
complex dynamics, such as those encountered in
high-speed or highly dynamic environments.
Emphasizing the role of MPC in ensuring dynamic

feasibility, maintaining passenger comfort, and promoting
safety would add technical depth to the review. Furthermore,
discussing how the integration of learning-based methods,
including reinforcement learning, is transforming low-level
control would contribute to a more forward-looking
perspective on the direction of autonomous control systems.

4. Future Directions in AV Decision-making

Many emerging technologies will impact the forthcoming
decision-making processes in autonomous vehicle systems,
strengthening their capabilities, enhancing safety, and
appropriately handling existing issues.

4.1. Deep Reinforcement Learning (DRL)

Deep Reinforcement Learning (DRL) is a very popular
topic in autonomous driving, mainly due to its ability to help a
vehicle hone its decision-making skills by trial-and-error
methods. Unlike the conventional decision-making processes,
DRL allows the AVs to improve their behavior based on the
interactions with the environment, thereby improving their
decision processes gradually. The DRL can possibly change
the way AVs deal with complex driving situations. DRL
enables AVs to learn from simulated environments and
optimal decision-making under unpredictable situations.
Therefore, in the long run, this could also help AVs to cope
with a new denomination of driving environments without
being retaught or rewritten.

While DRL could serve as a viable option through which
AVs can deal with a highly dynamic environment, such as
urban traffic, by predicting other vehicles' or pedestrians'
actions and modifying their behavior accordingly, the
difficulties lie with the need for tremendous amounts of
training data and computational power, in addition to ensuring
safety during the training (Figure 4) [67].

Figure 4. Deep Reinforcement Learning in Autonomous
Vehicles

4.2. Explainable AI (XAI)

Autonomous vehicles have grown complex with machine
learning algorithms for their decision-making processes, thus
developing a need for XAI. Explainable Artificial Intelligence
provides interpretations that explain the rationale behind the
AV decision-making processes in a manner understandable to
humans. It is of utmost importance in the instances where an
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AV must make a safety-critical decision, like avoiding
collision or proceeding through complex traffic scenarios.
Developers, regulators, and the public must trust the
soundness of decisions made by AVs, and that those decisions
are made based on safety protocols. By shedding light on
why a certain decision has been made, XAI could help
engineers make it easier to debug and enhance the
decision-making algorithms. This increases public acceptance
of the AVs and helps ensure that AI systems are in tune with
human values [68].

4.3. Cooperative Decision-making (Vehicle-to-Vehicle and
Vehicle-to-Infrastructure Communication)

Decision-making cooperation represents the next stage of
AVs when vehicles will be communicating among themselves
(vehicle-to-vehicle or V2V) and with infrastructure systems
(vehicle-to-infrastructure or V2I). In this way, AVs will be
able to share real-time data about their positions, speeds, and
intentions. By cooperating, AVs can coordinate their actions,
creating better flow and safety in traffic. For instance, an AV
that approaches an intersection may receive data from nearby
vehicles and alter its course to avoid a collision. AVs may also
communicate relevant information with traffic lights or road
sensors in order to optimize their speed and lower congestion
(Figure 5) [69].

Figure 5. Cooperative Decision-making in AVs

In the future of decision-making for autonomous vehicles,
co-operative systems would be requisite for enhancing not just
traffic safety but also efficiency, especially in urban clutter.

The ongoing shift between modular pipelined
architectures and end-to-end learning approaches represents a
significant evolution in the design of autonomous systems,
and this transition merits a more detailed exploration.
Traditionally, most autonomous systems have relied on
modular designs, where each component—such as perception,
prediction, planning, decision-making, and control—operates
as a distinct layer. This modular approach is favored for its

transparency, allowing each subsystem to be independently
analyzed, tested, and validated, which is crucial for safety
certification and regulatory compliance. In addition,
modularity makes the system more interpretable, simplifying
debugging and tuning of individual components. However,
while these systems offer safety, stability, and clear validation
pathways, they often fail to fully optimize performance across
the entire system, as the subsystems are typically designed to
function independently without considering cross-layer
interactions in a holistic manner. On the other hand,
end-to-end learning systems, which directly map raw sensor
inputs to control outputs through deep learning models,
promise to overcome these limitations. By optimizing the
entire decision-to-action pipeline in a unified manner,
end-to-end systems can achieve superior efficiency and
performance, as they enable the model to learn complex
interactions between all components simultaneously. This
approach eliminates the need for hand-crafted features and
rule-based decision-making, which are common in traditional
modular systems. Prominent examples, such as Tesla’s
Autopilot, highlight the potential of this architecture to reduce
latency and improve real-time decision-making. However,
despite their promise, end-to-end systems introduce
challenges related to interpretability and verification. Given
the black-box nature of deep learning models, understanding
the reasoning behind decisions made by these systems
becomes difficult, raising concerns around safety, reliability,
and accountability—especially in safety-critical applications
like autonomous vehicles. Additionally, regulatory approval
becomes more complicated, as the lack of transparency
hinders traditional safety certification processes, which often
rely on exhaustive testing and formal verification of each
system component. As a solution, hybrid approaches are
gaining traction, combining the strengths of both paradigms.
These systems could maintain the modularity of critical
components, such as perception and planning, while
leveraging end-to-end learning for tasks that benefit from
holistic optimization, such as decision-making and control.
This hybrid architecture enables the best of both worlds: the
safety and transparency provided by the modular components
and the performance optimization achieved through
end-to-end learning. Furthermore, hybrid systems allow for
iterative improvements to be made independently to either
module or learning-based components, facilitating system
upgrades without the need for a complete overhaul. By
balancing the need for safety certification with the desire for
high performance, hybrid architectures may provide the most
practical and future-proof solution for autonomous systems,
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particularly in contexts where both safety and efficiency are
paramount.

The computational aspects of real-time decision-making
are critical to the successful deployment of autonomous
vehicles (AVs), particularly as they rely on advanced edge
computing and deep reinforcement learning (DRL) to process
data from multiple sensors in real-time. Processing latency is
one of the key challenges, as AVs must make quick, reliable
decisions in complex and dynamic environments. Even small
delays in data processing can lead to unsafe outcomes,
particularly in critical scenarios such as collision avoidance.
To mitigate latency, modern AV systems are increasingly
leveraging hardware acceleration, such as Graphics
Processing Units (GPUs) and Tensor Processing Units (TPUs),
which enable faster computation of complex algorithms like
DRL in real time. However, the performance of these systems
is often constrained by hardware limitations. Many AVs rely
on edge computing, where the computational resources are
located closer to the vehicle, reducing the need for cloud
communication and enabling faster decision-making. While
edge computing offers significant benefits, it also introduces
challenges in terms of processing power, memory, and
bandwidth. Current hardware, including the aforementioned
GPUs and specialized chips, may face bottlenecks when
running large-scale DRL models or when handling complex
sensor data, such as lidar, radar, and camera feeds, in parallel.

Moreover, energy efficiency is a growing concern,
particularly as autonomous vehicles rely on battery power for
propulsion. The high computational demands of DRL
algorithms can lead to increased energy consumption, which
affects the overall efficiency of AV systems. To address this,
researchers are exploring low-power computing architectures
and energy-efficient algorithms designed to optimize the
balance between computational performance and energy use.
Future advancements in hardware design, such as the
development of energy-efficient processors for autonomous
systems, will be crucial in ensuring that AVs remain
sustainable and can operate over long periods without
excessive battery depletion.

5. Case Studies of Autonomous Vehicle Decision-making

Decision-making in real-world deployment of
autonomous vehicles is understood through some major case
studies carried out by leading companies in the AV realm.
These case studies depict how various AVs tackle complex
decision-making scenarios and the technologies they utilize.

5.1. Waymo (Google)

Waymo, the world's one of the first companies in
autonomous driving technology, has been testing and
deploying self-driving vehicles for quite some time. Their
decision-making is an amalgamation of various layers of
machine learning, computer vision, and sensor fusion. They
utilize LIDAR, radar, and cameras to perceive and
comprehend their environment, subsequently applying
decision-making and path planning via deep neural networks.

Waymo decision-making algorithms address numerous
driving scenarios ranging from ordinary streets to highways.
One distinctive aspect of Waymo's approach involves
simulated driving: within this setup, the vehicle can test its
decision-making algorithms against thousands of real-world
driving scenarios before such scenarios are faced in real traffic
[70].

Waymo autonomous vehicles have demonstrated an
impressive safety record through the machine learning process
since they keep learning and adapting to real-world data.
However, Waymo has battled with unpredictable human
behavior in the urban environment, which brought the need
for a model for predicting the actions of other drivers on the
road.

5.2. Tesla Autopilot

Equipped with decision-making algorithms, Tesla’s
Autopilot system is a great example of autonomous driving
technology. These vehicles combine sensors, cameras, and
radar to perceive their environment. Unlike Waymo, Tesla do
not depend on LIDAR, making its system less expensive but
facing big hurdles with respect to distant obstacle detection
and poor visibility conditions.

Tesla’s decision-making algorithms tap into supervised
and reinforcement learning so that the vehicle can make safe
driving decisions based on patterns learned from thousands of
miles of real-world driving experience. The ability to
anticipate the behavior of other drivers represents a unique
characteristic of Tesla's system, enabling rapid reaction in
real-time to sudden lane changes or maneuvers by other
vehicles [71].

Edge cases and legal roadblocks over safety are some of
the challenges that Tesla is facing. For example, the system
has shown difficulties with object distinction under certain
conditions while on the roadway. The company nevertheless
updates its algorithms and decision-making frameworks from
data gathered by its humongous fleet of cars.

5.3. Uber ATG (Advanced Technologies Group)

ATG has been focusing on decision-making in context



JSC, 2025 18

with V-V (vehicle to vehicle) and V-I (vehicle to infrastructure)
communication. With machine learning, computer vision, and
sensor fusion combined, the decision-making process was all
the more effective. The system was capable of detecting
objects and obstacles from a long-distance range while
making decisions for braking or for changing lanes. And it did
this by integrating data from surrounding vehicles and
infrastructure, such as traffic signals. Uber self-driving cars
would work comparatively well in highway situations, but the
problems would come about once they started using city
streets. This challenge was largely due to unpredictability in
human actions requiring complex decision algorithm[s] to
address unforeseen actions.

Eventually, Uber terminated its autonomous vehicle
program following the fatal pedestrian accident in 2018.
Nevertheless, vital lessons were learned from this incident that
would consequently provide valuable input for further
enhancing safety protocols, risk assessments, and
decision-making in the context of autonomous vehicles [72].

6. Ethical and Regulatory Considerations for Autonomous
Vehicle Decision-making

Increasingly, however, regulators and policy-makers are
beginning to turn their attention to what rules will govern AV
decision-making, especially in high-stakes or emergency
situations, as the technology that underpins autonomous
driving continues to advance. This area of work thus finds
itself increasingly caught up in the swirl of the rapidly
changing ethical and regulatory environment concerning AV
decision-making.

6.1. Legal Challenges and Liability

A serious issue concerning autonomous vehicle (AV)
decision-making is the responsibility in the event of accidents.
As they function ideally in an automatic fashion, a question
arises on whether the responsibility should rest upon the
manufacturer, the one who developed the decision-making
algorithms, or the owner of the vehicle. Recent incidents, such
as the Uber crash, have heightened the public observation
with respect to decision-making by AVs. Governments are
now starting to look at ways to hold the manufacturers
accountable for the decisions made by their vehicles.
According to Lin [6], the clarity of liability will reassure the
public and enhance confidence in AVs' operations and further
advancements [73]. The legal aspects of AV decision-making
have been a matter for discussion for quite some time, and
different countries have taken different approaches. For
instance, autonomous vehicle certification and testing are

being handled under distinct sets of guidelines in the
European Union and the United States.

6.2. Ethical Guidelines for Decision-making

For instance, in an unavoidable accident, should an AV
protect the safety of vehicle occupants (the utilitarian
perspective) or obey moral principles (the deontological
perspective) and minimize harm to other road users,
Guidelines are necessary in making AVs choose decisions
compatible with society's values. Their challenge lies in
providing a clear definition for these values, which often
differ from culture to culture. The programming AVs to act
according to ethical principles generally accepted by the
society might be the solution, although no universally
accepted ethical framework for developing AVs exists yet. As
AVs become more integrated into society, these ethical
considerations will continue to evolve, and new guidelines
and standards will emerge to see to these considerations.

Another crucial area for enhancement in this paper is the
discussion on simulation and digital twin technologies, which
have become indispensable tools in the development and
validation of autonomous decision-making systems. As the
complexity of AI-driven systems increases, these technologies
provide a safe and scalable environment for testing algorithms,
particularly in scenarios that are too rare, risky, or difficult to
recreate in real-world settings. High-fidelity simulators, such
as CARLA and NVIDIA DRIVE Sim, have revolutionized the
way autonomous systems are trained and tested. These
platforms create virtual environments that accurately simulate
urban traffic, weather conditions, and other real-world
dynamics, enabling the testing of autonomous driving policies
under diverse and extreme conditions. Through these
simulators, developers can expose their systems to corner
cases—like sudden pedestrian crossings or aggressive driver
behavior—that might be challenging or unsafe to replicate in
physical tests. This capability not only accelerates
development but also improves the safety and reliability of
autonomous systems by identifying potential failures before
they occur on the road. Despite these advantages, the
sim-to-real transfer problem remains a significant challenge.
While simulators can provide highly detailed and controlled
testing environments, the gap between virtual and real-world
performance can sometimes be substantial. Factors like sensor
noise, real-time unpredictability, and physical system
dynamics often cause a mismatch between how the system
behaves in simulation versus how it performs in the real world.
This is particularly true when it comes to machine learning
models that are trained in simulators but must be adapted to
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handle the stochastic nature of real-world environments.
Researchers are working on techniques like domain adaptation
and sim-to-real reinforcement learning to mitigate these
discrepancies, but challenges remain in ensuring that policies
developed in simulation are transferable and reliable when
deployed in real-world settings. Expanding on the role of
high-fidelity simulators in the development lifecycle, as well
as addressing the sim-to-real transfer challenges, would
significantly enrich the future outlook section of the paper. It
would provide a more holistic view of how these tools are
shaping the next generation of autonomous systems, offering
both opportunities and obstacles that will need to be addressed
to ensure robust and scalable deployment in real-world
scenarios.

The paper would benefit from discussing how China’s
centralized, top-down approach to AV regulation contrasts
with the more incremental and sometimes contradictory
frameworks found in other regions. While European Union
regulations are advancing, they are often cautious, focusing on
safety, liability, and public acceptance. Similarly, the
regulatory environment in the United States remains
fragmented, with state-level laws and federal guidelines
frequently out of step with technological advancements. By
comparing these differences, the review would better reflect
the geopolitical diversity in AV deployment strategies and
highlight how different countries' regulatory
approaches—whether top-down, government-led (as in China)
or bottom-up, industry-driven (as seen in many Western
countries)—are shaping the future of autonomous mobility.

Including a broader, global perspective would not only
enrich the paper but also provide a more nuanced
understanding of how regulatory strategies are evolving
worldwide and the impact this has on the development and
deployment of autonomous vehicles across different regions.

7. Conclusion

Once widespread deployment of autonomous vehicles
(AVs) begins, their success or failure in real-world settings
will hinge on the continued development of their
decision-making capabilities. Achieving AV technologies that
are not only safe but also aligned with human values will
require the collaboration of diverse interdisciplinary
teams—engineers, ethicists, policymakers, and the public. To
ensure that AV decision-making is safe, efficient, and fair,
algorithms must evolve to address not only technical
challenges but also ethical and regulatory concerns. One of
the next critical steps in granting AVs full autonomy will be
equipping them with systems capable of navigating both

complex traffic environments and situations that involve
ethical or societal dilemmas. In the short term, achieving
improved explainability and robustness in
decision-making—particularly in mixed traffic scenarios
where AVs interact with human-driven vehicles—will be
paramount. This will involve enhancing explainable AI (XAI)
methods and improving the transparency of AV decision
processes, ensuring that both regulatory bodies and the public
can trust and understand how these systems operate. Mid-term
objectives will focus on advancing Level 4 autonomy in urban
environments, where cooperative perception systems that
integrate V2V (Vehicle-to-Vehicle) and V2I
(Vehicle-to-Infrastructure) communication will be crucial.
These advancements will allow AVs to operate safely and
efficiently in dense, dynamic settings while sharing
information with both other vehicles and the surrounding
infrastructure. Long-term goals will involve the development
of large-scale multi-agent coordination systems, enabling AVs
to seamlessly work together within a smart city ecosystem.
Achieving value-aligned AI in the context of AVs will be
essential, ensuring that AVs make decisions that reflect
societal values and ethical standards, not just technical
efficiency. Such systems will require continual learning,
robust ethical frameworks, and highly advanced
decision-making architectures that can adapt to unforeseen
challenges.

In conclusion, while autonomous vehicles will play a
pivotal role in building safer, more efficient transportation
ecosystems, achieving this future vision will require ongoing
research and technological innovation. By addressing the
technical, ethical, and legal challenges discussed in this paper,
and through strategic, actionable research goals, the full
potential of autonomous vehicle decision-making can be
realized. Continued development in areas like deep
reinforcement learning (DRL), V2X communication, and
ethically grounded AI will pave the way for a future where
AVs not only enhance transportation safety but also contribute
to broader societal goals. Autonomous vehicle
decision-making remains a central factor in the realization of
this future, and further research will be essential to
overcoming the challenges that lie ahead.
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