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1. Introduction

As concerns for the ecological and social well-being of people and societies are increasing,
driving has made significant progress in terms of safety in recent times. This is mainly due to
a new generation of driving aids provided by Advanced Driver Assistance Systems. These
systems may not guarantee state-of-the-art autonomous driving, but they are increasingly
present in any new car. Traditional ADAS was mainly developed under centralized control
driven by the model-based approach. However, it is currently implemented based on data-

driven approaches with a focus on the use of artificial intelligence solutions.

The goal of this essay is to analyze the role played by artificial intelligence engines in the
development, optimization, and fine-tuning of ADAS functions. This essay believes that
artificial intelligence is an important driver of new generations of ADAS as it can provide
super-central solutions to ADAS functions. Consequently, this essay deals with the role of
artificial intelligence-based optimization in developing and fine-tuning ADAS functions.
Since autonomous driving deals with complexity originating from different sources,
researchers are studying efficient solutions to be implemented in advanced driver systems.
The role of Al is considered crucial for developing new generations of ADAS. Despite the fact
that no autonomous cars are actually sold, several new centralized functions powered by
artificial intelligence are present in modern cars. These functions cannot provide full-time
automation or even part-time sustained automation yet, due to the sheer complexity of the
driving task, but they nonetheless assist the driver in delivering enhanced safety while

improving the "road experience".
1.1. Overview of Advanced Driver Assistance Systems (ADAS)
1.1 Overview of Advanced Driver Assistance Systems (ADAS)

Today's automotive technologies make the automobile much more efficient, convenient, and

secure. A significant innovation field in the contemporary automotive industry is Advanced
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Driver Assistance Systems (ADAS). An ADAS serves several important objectives. First of all,
it is responsible for improving driving safety by offering functions for observing, alerting, or
responding to the immediate environment of the automobile and assisting the driver.
Furthermore, an ADAS provides several comfort features and supports the driver in non-
urgent functions. Several pertinent studies have shown a major reduction in the number of
crashes and a reduction in vehicle travel restrictions. Today's ADAS have seen substantial
developments due to significant advancements in technology, from fundamental systems to

modern state-of-the-art systems.

Some of the commonly available ADAS types are given as follows: - Adaptive Cruise Control
- Lane Departure Warning - Driver Monitoring System - Fatigue Detector Modern ADAS can
make travel much more convenient while securely lowering travel alerts and enhancing the
peace of mind of travelers. Advanced control systems with decreased driver workload also
help in reducing driver fatigue, leading to increased attention. Involuntary travel alerts are
easier for drivers to accept when automating highway vehicles. As ADAS and in-vehicle
technologies continue to evolve, however, the car and its driver have reduced responsibilities.
This contributes to the risk that separated driver circumstances will lead to more accidents.
The modern rise and implementation of ADAS can be viewed similarly to other forms that
were introduced in transportation. These include various vehicle safety and management
systems. The digital management of motor vehicles will significantly assist us in achieving
zero vision, such as the controls. Vehicle safety will be significantly improved through digital

technology in commercial vehicles.
1.2. Role of AI and Machine Learning in Enhancing ADAS

Incorporating artificial intelligence (Al) and machine learning (ML), along with traditional
methods, have by far completely transformed the development of advanced driver assistance
systems (ADAS). They are capable of perceiving the external environment, i.e., images,
sensors, etc. While situational information can be processed, the algorithms can also assess
the situation and adapt the best possible course of action. Al-driven systems have therefore
been receiving significant attention in developing, testing, validating, and deploying the next
generation of ADAS meant for the improvement of the functionality of the vehicle. One of the

major applications of Al in ADAS is its contribution to further advancements in the
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improvement of the decision-making capability in the ADAS system, thereby enhancing the
system strategies for improved safety and better user satisfaction while using the already
developed safety systems more efficiently. In the case of ADAS, Al-powered ML techniques
play a role in the real-time processing of data, such as radar, cameras, and UAVs, to provide
predictive analytics and pattern recognition for its environment. An Al algorithm's strength
depends on the speed at which it processes real-time data and shows intuitive judgment. It is
also necessary for the purpose of continuous learning of the systems to continuously evaluate
and analyze multiple viewpoints, driving patterns, and driving behavior on newer versions
of the drive. Additionally, they are highly adaptable while responding to constantly changing
surroundings. Neural networks and other deep learning techniques, fuzzy logic,
reinforcement learning, expert systems, and computer vision are used to view and monitor
traffic signs and rules. Al integration in applications enhances their accuracy, predictive

performance, and efficiency over traditional solutions.
2. Fundamentals of Machine Learning in ADAS

Introducing machine learning in Advanced Driver Assistance Systems (ADAS) is the first step
towards the development of intelligent driving systems. Machine learning is the science of
getting computers to act without being explicitly programmed and has been proven to be of
great importance for the analysis of extensive data collected while driving. Very simply
described, machine learning uses algorithms to analyze data, learn from the results, and make
predictions based on the acquired analysis of new data gathered. Machine learning can be
categorized into three main classes, namely supervised learning, unsupervised learning, and
reinforcement learning. Some examples of the generally used types include: supervised
learning to optimize labeling procedures, unsupervised learning to extend the functionalities
of driver modeling, and reinforcement learning to enable further advanced driving

functionalities.

In a supervised learning setup, input data is used to train the model by training methods to
output targeted data using driven data as reference data. In a driving scenario, a scenario-
adaptive driving torque to reduce discomfort for passengers was developed. The developed
scenario-adaptive driving top-node was trained in a supervised way with comfort-rated

driving torque as the response. The presented approach demonstrates significant systematic
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discomfort reduction compared to other state-of-the-art methods. In unsupervised learning,
the model uses the input data to learn essential features directly to present the model with
raw data to generate hidden representations. An example of an unsupervised learning model
is the Generative Adversarial Network. One of the crucial elements of a viable machine
learning technique using driving data is the quantity and variance of the data used to train
the model, as large-scale and diverse driving data can capture the complexity of long-term
interaction and gradually improve the confidence of the driving model. More recent focus on
extracting long-trajectory interaction with the environment from sensor observations has been
addressed in which one model was trained for the selected driver-generated scenarios and

demonstrated improved driving performance in an avoidance maneuver.
2.1. Supervised Learning Techniques

Learning-based technologies are central to the development of Al-driven Advanced Driver
Assistance Systems (ADAS). Among various learning frameworks, supervised learning
techniques are widely used to deal with various driving-related tasks, like object detection,
classification, tracking, and action recognition. In supervised learning, the model is initialized
with meaningful architectures inspired by knowledge of the problem domain. It is then
trained on labeled data to make predictions or decisions. High-quality and abundant driving
data should be used to train models capable of performing well under various driving
scenarios. The real-time ability of such models in automated recognition and decision-making

tasks for autonomous vehicles promotes the use of deep learning techniques in ADAS.

The trained networks produce a variety of results in tasks, such as reconnaissance of objects,
identification, and classification, as well as their location in the input image. Some of the
driving-relevant applications include lane detection, traffic light signal recognition, traffic
sign recognition, vehicle detection, pedestrian detection, and so on. The outcomes are assessed
using criteria such as precision/recall trade-offs, the F1 score, the receiver operating
characteristic, pixel accuracy, mean accuracy, IoU, per-class accuracy, and per-class average
accuracy in different examples of driving-related dataset applications. One of the drawbacks
of supervised learning is that the model validity is dependent upon the chosen training data.
Problems related to real-time operations, imbalanced data, and label errors are present in

virtually all ADAS systems because of the need to collect data that represents all possible

Distributed Learning and Broad Applications in Scientific Research
Annual Volume 8 [2022]
© DLABI - All Rights Reserved
Licensed under CC BY-NC-ND 4.0




Distributed Learning and Broad Applications in Scientific Research 179

conditions. Accordingly, dataset imbalance, inconsistency, and errors have a big impact on
the performance of classification tasks and object detection models. Even if techniques to
improve classification and object detection are improving, collecting and marking datasets

remain time-consuming and expensive.
2.2. Unsupervised Learning Techniques

Unsupervised learning refers to a class of machine learning algorithms that analyze unlabeled
data, often to identify patterns or clusterings within the data. This learned organization can
then be used as a basis for other learning algorithm models. This overarching strategy is
profitably applied in many scenarios when labeled data is scarce, too expensive, or time-
consuming to obtain. The commonly used unsupervised learning techniques are clustering,
where data is grouped based on some similarity measure(s), and dimensionality reduction,
which maps high-dimensional data to a much lower dimension but still preserves the
distinguishing characteristics of the original data. In the context of ADAS data, clustering is
applied for preprocessing of data to identify different driving scenarios which serve as input
for other driving systems. Furthermore, in the domain of ADAS, unsupervised learning is also
used for the automatic detection of anomalies or outliers in the sensor data. These anomalies
could be any false signals or a high probability of future sensor failure that may have been

overlooked using the supervised learning algorithm.

Unsupervised learning plays a vital role in scenarios where meaningful patterns of data need
to be discovered from large volumes of unlabeled data. The capability to discover novel
insights from distributed complex data has significantly improved in unsupervised learning
algorithms. Moreover, unsupervised learning techniques can also augment the capabilities of
supervised learning systems by tuning the pre-adjustments of input data distribution and
learning latent representations of the input for enhanced prediction accuracy. The biggest
challenge in unsupervised learning is the interpretation of the learned model and validation
of the discovered patterns, as the data set is not labeled, making it harder to gauge the
correctness of discovered patterns. In conclusion, unsupervised learning techniques offer a
path to process large data sets in order to analyze the structure and relationships among the
various components. Such insights can further be used for the development of more intelligent

autonomous driving technologies.
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2.3. Reinforcement Learning Techniques

Reinforcement learning, unlike potential field-based dynamics, is a class of machine learning
techniques in which agents learn to make a sequence of decisions over a period of time using
intermittent feedback in the form of a scalar value known as "reward." This is in contrast with
the conventional approach in decision-making, where the correct sequence of decisions is
given prior or based on given feedback. Thus, modeling the underlying dynamical system
becomes one of the learning targets via these approaches. This class of techniques has shown
to be promising in task-dependent evaluations but suffers from a lack of generalization in

dynamic systems.

Reinforcement learning drives exploration inside the vehicle environment and can optimize
the driving behavior/closed-loop system's policy. For applications in ADAS level 2, major
portions of ADAS algorithms/functionalities could be formulated as learning agents.
Potential applications include adaptive cruise control, collision avoidance systems, and
optimal energy-efficient power management for HEVs. Reinforcement learning allows agents
to learn complex behavior from raw input data with minimal human intervention for labeling.
However, most state-of-the-art standard reinforcement learning algorithms require
significantly more computational resources than a CPU and are known for poor sample

efficiency, which makes these techniques far from practical applications.

The exploitation-exploration trade-off is a major challenge, as exploration may cause vehicle
crashes. Model-based reinforcement learning and/or a basis in policy searches are currently
the most promising, where the learned model can be used to generate high rewards as
artificial training data paired with on-policy experiences. For autonomous driving, recent
research directions include improving the prediction of system dynamics, testing on physical
systems for robustness/performance, and generating/predicting/testing behaviors in
simulations and/ or real-life scenarios. The potential pitfalls associated with such approaches
are hyperparameter tuning and the amount of physical and/or simulation data required for
training. Reinforcement learning, supervised learning, unsupervised learning, and semi-
supervised learning are not mutually exclusive, as they can be combined and/or built upon

each other.

3. Key Components of AI-Driven ADAS
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ADAS is the system that aids the driver in the driving process. ADAS combines multiple
technologies and evaluates many different incidents. There are several main components of
ADAS that heavily rely on Al technology. These are sensors and actuators, data processing
and fusion, and decision-making. Sensor technology can be broken down into three different
categories: environmental sensing, positional sensing, and inertial sensing. Usually, the
sensors used can be mentioned as micro-electromechanical systems such as cameras, radars,
and LiDAR. Data must be processed to bring insights and value. One of the most popular
computation methods used in ADAS is artificial intelligence or machine learning. There are
some problems with data use in ADAS, such as data integrity, data quality, and the time frame

for data to be used.

Decision-making control or algorithms are used to decide what the best actions can be taken
based on data analysis. The application of the algorithms could make ADAS capable of
autonomous driving as well. The image recognition algorithm is presented as an example.
These three major components (sensors, data processing, decision-making) in an ADAS run
together in aloop and are iteratively processed over and over again. The sensors pick up some
events in their surroundings. They transfer data to a computing platform. They analyze the
information and fuse the data from various sensors, reporting useful information during a
given context as their output. Then the decision-making component generates commands and
sets to accomplish full vehicle control. All three components are interworking together in the
whole ADAS scenario. Many improvements need to be made. Some of the most challenging
problems for ADAS are fully accepting sensing, actuation, and controlling systems that must
be made very reliable. These systems also need to be proven to be improved. Safety of
operation takes a large part. In addition, a clear decision must be taken by ADAS without

human driver interactions.
3.1. Sensor Technologies

The foundation of Al-driven ADAS is sensor technologies that are primarily used to gather
the environmental data of the vehicle. The data collected assist in making driving decisions
and real-time monitoring of the surroundings. There are a variety of sensors used, but
common ones include cameras, radars, and LiDAR. The camera helps in identifying colors,

shapes, and signs. The radar sensor uses electromagnetic waves and is suitable for detecting
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the distance between the vehicle and surrounding objects. It is unaffected by weather
conditions. LiDAR is a laser and is used to measure distances. It is suitable for 3D imaging,
identifying small objects, and performing well in all weather conditions. Moreover, it has the
ability to operate at night. Each used sensor has its pros and cons, but they can be collectively
used to take advantage of different strengths. The ability to fuse sensors with each other is
called sensor fusion, and it improves the performance and reliability of the ADAS. For object
detection, the camera is used to identify the object's type and shape, whereas the radar uses

object size and measures distance.

Topological features of objects and range of motion are identified by LiDAR. The performance
of ADAS depends on detecting and tracking the objects around the vehicle. Sensor
technologies were developed to advance; the resolution of cameras has been upgraded from
megapixels to gigapixels. The addition of computational imaging upgrades sensor resolution
and sensitivity. Radars are developed with a higher operating frequency range and enhanced
spatial resolution, automatic power control, and advanced signal processing. Similarly,
LiDAR is developed to make high-definition sensors that capture higher-resolution images in
real time. The adaptable pulse laser offers better performance. These sensors can be used to
support systems such as Lane Departure Warning, park assist, and automatic emergency
brake systems. Some sensors are designed to work together. Cameras with ultrasonic systems
and wide-angle lenses support the park assist system. The surround view system uses four
cameras installed on the car, and the driver can get a 360-degree view of the surroundings.
High-performance radars are used in adaptive cruise control to monitor the vehicle in front
and control the distance with automation. LiDAR can alert the driver to potential collisions
by working together with the traffic sign recognition system. However, performance degrades
under heavy weather conditions such as smoke, fog, snow, rain, and direct sunlight. Uniform
exposure to the cameras also improves the overall performance of the sensors, assisting them
in detecting and classifying objects. ADAS warns the driver in accidents. In the future, the
hybrid sensor system can be used to develop wireless communication between vehicles and

Vehicle Control Systems.

3.2. Data Processing and Fusion
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Introduction To function properly, Advanced Driver Assistance Systems (ADAS) need real-
time processing of data obtained from sensor technology. This sensor technology collects data
from all parts of the vehicle to create a cohesive understanding of the environment
surrounding it. This subsection will consider the benefits and importance of improving the
incoming data from sensors and the various ways that it can be done. Methods of Data
Processing The processing of raw data into a form that is more helpful for ADAS and traffic
flow analysis applications can be done through some method of data processing. There are
generally two types of analyses used in ADAS: signal processing and machine learning. Signal
processing involves finding other segments or definitions of data from an input in one
domain. The traditional methods of signal processing use calibrated functions, bounded noise,
and temporally connected data in order to process data. The difficulty with these methods
arises when the input data has a large amount of noise or there are no distinct boundaries
between data points. Machine learning methods analyze large amounts of data to learn by
recognizing specific patterns and can provide output for the analysis of abnormal driving
behavior. Anomaly detection systems use narrow subsets of data and complex models to
process data that are not independent of each other. However, this complex approach may
not lend itself to real-time decision-making for hazardous events while driving. Fusion of Data
Data fusion is a process that combines all available information from different sensors to make
more accurate and safe interpretations. Refining the incoming data from a sensor through data
processing methods is one strategy for improving the efficacy of a sensor; another is data
fusion. Therefore, considering a combination of multiple sensor modalities when designing
ADAS can potentially allow for decision-making algorithms that are better at making correct
interpretations of real events by viewing all potential areas of problems. A halo of recent
sensor technology advancements and sensor data functions has rapidly emerged. Research
has begun on diverse properties of data processing, optimized processing algorithms for
advanced data collection, and optimized network functions. As a result, researchers have
encountered challenges associated with storing and processing large datasets to convert data
into actionable insights at a reasonable time scale to promote safety on the roads. Such
challenges are present in the design and optimization of modern data storage, data analysis,
and data processing tools and techniques. Some feasible options that are part of the ongoing

progression toward improved processing and data compression will be discussed.
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3.3. Decision-Making Algorithms

The goal of an Al-driven Advanced Driver Assistance System (ADAS) is to process inputs
from a wide array of sensors equipped to the vehicle and make decisions based on these inputs
for the vehicle to follow. These inputs are primarily object detection and pathfinding
algorithms that help in understanding and assessing the scene around the vehicle. Later, these
high-level details are used in decision-making modules to enforce different parameters that
automatically assist the vehicle driver, such as steering, acceleration, and braking. There are
several algorithmic approaches in a typical decision-making module; adaptive decision-
making can be made on either independent rule-based approaches or machine learning-based
approaches. The former approach uses different decision trees, while the latter can either go

through a lookup table or a neural network.

The RTC is a real-time decision-making algorithm that takes different approaches to making
decisions in real time; it is the brain of the ADAS. The algorithm executes different models for
a wide array of data inputs for each frame rate. For example, at 25 fps, the algorithm needs to
process the incoming object data almost every frame to make a steering decision based on
moving objects and lane markings. This makes it one of the most crucial elements in any kind
of ADAS; however, due to its autonomous role in vehicle performance and safety, the process
itself needs to be reliable as well as performance-oriented. The faster its performance, the safer

the vehicle.

Challenges related to developing algorithms to handle complex scenes are never-ending;
however, the path’s finalization provides real-time adaptive vehicle control that may elevate
the driver’s confidence in the vehicle. The development of these models undergoes an
extensive amount of real-world validation as well as extensive data validation. Nevertheless,
the model’s performance revolves around prioritizing safety over other aspects of vehicle
operation. Different strategies to improve decision-making include developing a simulation
strategy to understand the vehicle and driver’s behaviors in different customizable
conditions. Reinforcement learning algorithms can further adjust the vehicle model

adaptively to improve vehicle autonomy.

4. Challenges and Future Directions
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4.1 Legal, Ethical, and Policy Challenges

While the rapid progress of Al-driven Advanced Driver Assistance Systems (ADAS) is
noteworthy, several legal, social, and ethical challenges must be addressed before they can be
widely deployed. Indeed, much discussion has been had regarding how the technology
should be framed from a legal perspective. For instance, in an accident scenario involving Al-
driven ADAS, should the driver of the car be held responsible, or should the system
developer, who may or may not have had direct control? Addressing the issue of liability in
this context is further complicated by the need to analyze case-by-case concerns about active,
use-phase system failures and insufficient accommodation of passive, non-use-phase neglect
experienced differently by a broad range of vulnerable road users, employing transparency
and interpretability methods. In addition to legal concerns, ethical questions about the privacy
requirements of drivers' data are paramount if Al-driven ADAS are to be mainstream in the
near future. What's more, the social acceptability of such cars in terms of people's trust and

attitudes toward Al-driven automation has also become a major issue.
4.2 Possible Directions for Research and Innovation

Even if said technology can be developed and interconnected with state-of-the-art AD
technologies, rendering them able to provide innovative features based on delegated steering
functions, there are still considerations that need addressing in the development. First, the
rapidity of the autonomous positioning within the deep learning and the control
implementation tailored to the level of the Al-driven ADAS could be a performance
bottleneck, especially in the case of unstructured environments, like public roads, in the event
of a sudden change. A wider amount of controllers should also be considered to be integrated,
specifically frame-based controllers by using mathematical models and systems dynamics,
even if a probabilistic model could still be employed. Further technological developments are
necessary to refine sensors, providing a more integrated solution toward AD technologies:
technology could also be integrated to guarantee a more effective data exchange, distributed
between cars, known as vehicle-to-vehicle and the infrastructure connection, the sensors
already embedded in the car and the additional ones which equip the deep neural network at
the edge and at the center. More innovative materials have the potential to perform more

accurate predictions of the features of the system, guaranteeing a safer environment and
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preventing fraud linked to the exploitation of electronic switches. It is also possible to develop
better algorithms, including, traditionally, those concerning fault detection, isolation, and
reconfiguration to handle the points in which proprietary hardware and software fail. Deep
learning could also be predicted to show potential in achieving the most performing strategy
due to its capacity for learning through mechanisms in the process of fault recognition and
automatic detectability of the most relevant drive systems characteristics influencing its
identifiability. The approach could also be implemented through locally implemented
controllers, positioned before the deep learning phase, to improve the feature separating
function in deep neural networks. Finally, the predictive energy management strategy of the
electric powertrain and the constraints resulting from the economics of the transport sector

should also be considered.
4.1. Ethical and Legal Considerations

Deploying increasingly sophisticated and interlocking technologies may lead to considerable
and transformative changes in the legal environment of personal transportation. The
introduction of Advanced Driver Assistance Systems using artificial intelligence, computer
vision, and learning systems to personalize the driving experience will lead to a widened field
of manufacturers and suppliers and potentially clarify some of the current uncertainties in the
law. At the same time, the deployment of these systems will lead to a profound ethical debate
about the efficiency and margins of digital decision-making, the exactitude of pre-emption,
existing problems of diversity in machine learning, and that factories for the tills view the
consumer exclusively in legal and economic terms. As ADAS systems become more
sophisticated and complex, they increasingly rely on large amounts of personal data.
Integrating Al-based ADAS systems into a privacy-by-design approach and implementing
measures to ensure data availability and integrity become even more crucial when they
autonomously drive real-life applications. The restrictive approach may imply
encouragement to the implementation of a full local environment, but such a life in an
information silo may not be the desired outcome of an SUV or any car user. Releasing these
personalized insights to third parties will pose additional technical, legal, and social
challenges, especially in that they contain biometric data. These challenges should be
addressed before systems are developed and, in particular, before systems are implemented

in new cars as they might erode societal and individual trust in innovators.
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4.2. Integration with Autonomous Driving Technologies

At present, the development of autonomous driving technologies at Level 4 and 5 automation
is underway. These technologies aim to remove human intervention from the driving task,
leading to fully autonomous vehicles that offer enhanced safety and comfort. Advanced
Driver Assistance Systems (ADAS) have gradually evolved and have the ability to assist the
driver on the road at present, incorporating several Al components. While ADAS systems and
autonomous vehicles target the same final goal —driverless vehicles — the stringent technical
challenges of merging the workings of such different systems are unavoidable. Since an
abrupt transition from ADAS to autonomous driving might generate confusion and could
lead to accidents, the design of these systems also has to address how such drivers could

inform the car about their intentions.

One of the major motivations for imparting learning and intelligence in driver assistance
systems is the rapid rise in traffic losses due to human errors. Therefore, the merging of Al-
based ADAS systems with autonomous driving technologies can significantly mitigate such
losses. Fully autonomous vehicles have thus seen intense research in recent years to realize
the “zero” fatality dream on roads throughout the globe. Due to safety and reliability concerns
among the driving community in accepting passenger-like autonomous cars, identifying and
developing algorithms to enable an easy transition from ADAS to autonomous vehicles has
been key. At present, ADAS are commercially available for lower levels of automation, and
several manufacturers are focusing on further refining the technology in search of higher

levels of automation.
5. Conclusion

In the initial perspectives article, we have sketched Al-driven Advanced Driver Assistance
Systems (ADAS) with a particular concern on vision and scene understanding applications
using computer vision, deep learning, and machine learning techniques. ADAS are the natural
convergence of advanced Al techniques with automotive systems. Here, this conclusion
represents key findings, a summary, and a vision based on the above explorational text that
utilizes the three primary components of ADAS: sensors, vision and audio processing, and
decision-making components. Furthermore, the application domains for using ADAS in

driver-oriented concerns such as normal driving, vulnerable road users, and people with
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special needs in road transport are briefly addressed based on the ethical dimensions
discussed. In addition, areas for future research in Al, robotics, regulations, and ethics are

briefly highlighted.

This paper has surveyed the fundamental components of ADAS systems that are directly
influenced by artificial intelligence and machine learning technologies, including modern
sensor technologies, processing of raw sensor data, and decision-making models. The
extensively discussed depth information, image processing, and feature detection pre-
processing steps shape or set the way to improve and fortify the future direction of ADAS to
achieve more sensor fusion systems, including multispectral methods. The basic idea of the
survey, at the same time, also orients the attention of various stakeholders, including
engineers and scientists for ADAS in automotive safety, toward ethical and trust issues that
could govern the future direction of ADAS. Overall, it can be stated that the transformative
qualities of Al and ML techniques will drive the automotive industry toward an era of
autonomous driving while preserving accessibility and safety. However, there are still

discussions that need to be carried out.
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