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Abstract - Autonomous vehicles represent a significant
technological advancement poised to  revolutionize
transportation systems worldwide. A critical aspect of
Autonomous vehicles lies in their decision-making capabilities,
wherein they must navigate complex environments while
ensuring passenger safety and adhering to legal and ethical
guidelines. The driving style of a moving, autonomous vehicle
that is not totally determined by external factors (such as
pedestrian traffic, road conditions, etc.) ignoring the state of the
interior of the car. In order to determine the optimal approach
for an autonomous car, this paper suggests "A Driving Decision
Strategy (DDS) In light of ML for an Autonomous Vehicle,"
which takes into account both external and internal vehicle
components.

The advent of autonomous vehicles has brought about a
paradigm shift in transportation, promising safer and more
efficient journeys. Central to the effectiveness of these vehicles
is the decision-making process that governs their actions in
real-world scenarios. In this research, we investigate and
compare three prominent machine learning approaches
Multilayer Perceptron (MLP), Genetic Algorithm (GA), and
Random Forest Classifier (RFC) to determine the optimal
decision-driving strategy for autonomous vehicles.
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1. INTRODUCTION

One of the most important issues facing autonomous
vehicles (AVs) is the development of strong decision-making
techniques that guarantee effective and safe navigation in
changing situations. An AV's core decision-driving algorithms
play a critical role in its capacity to make well-informed
decisions in real-time. These algorithms need to be able to
reliably interpret sensory data, foresee possible roadblocks, and
man oeuvre through challenging situations with ease. In this
study, we explore the complex field of AV decision- making
with the goal of identifying the best course of action by
contrasting three different models: Random Forest Classifier
(RFC), Genetic Algorithm (GA), and Multi-Layer Perceptron
(MLP). The decision-making process in AVs is analogous to
human decision-making, albeit with the incorporation of
sophisticated computational techniques. Similar to human
drivers, AVs encounter a myriad of situations on the road,
ranging from routine lane changes to navigating through
crowded intersections and handling unexpected events.
Consequently, designing decision-driving strategies for AVs
necessitates a comprehensive understanding of various factors,
including environmental conditions, traffic dynamics, and
safety protocols.

The Multi-Layer Perceptron (MLP) model, inspired by the
neural structure of the human brain, has been widely employed
in AV research for its ability to learn complex patterns from
data. By training on large datasets consisting of sensory inputs
and corresponding actions, MLPs can approximate intricate
decision-making processes and adapt to diverse driving
scenarios. However, the effectiveness of MLPs hinges on the
quality and diversity of training data, as well as the architecture
of the neural network.

In contrast, Genetic Algorithms (GAs) offer a unique approach
to decision-making in AVs by mimicking the principles of
natural selection and evolution. GAs iteratively optimizes a
population of candidate solutions, selecting the fittest
individuals through processes such as mutation and crossover.
This evolutionary approach enables GAs to discover novel
strategies and adapt to changing environmental conditions,
albeit with potentially higher computational complexity.
Moreover, the Random Forest Classifier (RFC) leverages
ensemble learning techniques to make decisions based on the
consensus of multiple decision trees. By aggregating the
predictions of individual trees, RFCs can mitigate overfitting
and enhance generalization performance. In the context of AVs,
RFCs offer a robust and interpretable framework for decision-
making, capable of handling diverse input features and
uncertainty.

In this research, we propose a comparative analysis of MLPs,
GAs, and RFCs in the context of AV decision-making. By
evaluating the performance of these models on simulated
driving scenarios, we aim to elucidate their respective strengths
and weaknesses. Furthermore, we seek to identify the most
suitable decision-driving strategy for AVs, considering factors
such as computational efficiency, adaptability to real-world
conditions, and robustness to uncertainties. Through this
comparative study, we aspire to contribute to the advancement
of autonomous vehicle technology, paving the way towards
safer, more reliable, and intelligent transportation systems. By
unravelling the intricacies of decision-making strategies, we
aim to empower AV developers and researchers with valuable
insights for designing next-generation autonomous vehicles
capable of navigating the complexities of modern roadways
with confidence and precision.

2. LITERATURE SURVEY

Detailed review of existing research on decision-making
strategies in autonomous vehicles. Discussion of traditional
methods and challenges faced in real-world scenarios.
Introduction to machine learning and optimization techniques
in autonomous driving. Random Forest Algorithm in
Autonomous Driving:

Explanation of how Random Forests can be applied to decision-
making in autonomous vehicles. Review of relevant studies or
applications where Random Forests have been used for tasks
such as object detection, path planning, or behavior prediction.
Discussion of advantages, limitations, and considerations for
implementing Random Forests in autonomous driving systems.
Exploration of MLP's potential in modeling complex decision-
driving strategies. Overview of studies demonstrating the use
of MLP for tasks like lane detection, trajectory prediction, or
environment perception. Evaluation of MLP's suitability for
real-time decision-making in dynamic environments.
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Discussion of how Genetic Algorithms can optimize decision-
driving strategies in autonomous vehicles. Review of research
applying Genetic Algorithms for tasks such as route planning,
vehicle control optimization, or parameter tuning. Analysis of
the scalability and computational efficiency of Genetic
Algorithms for large-scale optimization problems in
autonomous driving. Define the problem of decision-making in
autonomous vehicles. Explain the significance of determining
an effective decision-driving strategy. Provide an overview of
the Random Forest algorithm, MLP, and Genetic Algorithm.
Survey existing research on decision-making strategies in
autonomous vehicles. Identify challenges and limitations of
traditional methods. Review studies that have applied machine
learning and optimization techniques to decision-driving tasks.
Comparative Analysis:

Comparison of Random Forest, MLP, and Genetic Algorithm
approaches in terms of performance, robustness, and suitability
for different tasks. Discussion of trade-offs, such as
computational complexity, interpretability, and adaptability to
varying environmental conditions.

Challenges and Future Directions:

Identification of challenges and limitations associated with
each approach. Exploration of potential research directions and
emerging trends in autonomous vehicle decision-making.
Consideration of hybrid approaches and integration with other
techniques for improved performance.

Case Studies and Applications:

Provide examples of real-world applications where these
algorithms have been implemented for decision-driving in
autonomous vehicles. Discuss success stories, challenges
faced, and lessons learned from deploying machine learning
and optimization techniques in practice.

3. METHODOLOGY

3.1 Random Forest Algorithm:

Random Forest is a popular ensemble learning algorithm used
for classification and regression tasks in machine learning. It
belongs to the supervised learning category and is known for
its robustness and high accuracy.

Decision Trees: Random Forest is essentially a collection of
decision trees. A decision tree is a flowchart-like structure
where each internal node represents a "test" on an attribute
(e.g., whether a coin flip comes up heads or tails), each branch
represents the outcome of the test, and each leaf node represents
a class label or a continuous value that is the predicted outcome.
Bootstrapping: Before creating the trees, the algorithm
randomly selects a subset of the training data (with
replacement) to build multiple decision trees. This process is
called bootstrapping.

Random Feature Selection: When splitting a node during the
construction of a tree, the algorithm does not consider all
features of the dataset. Instead, it selects a random subset of

features. This helps in decorrelating the trees and reducing
overfitting.

Random Forest
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Fig -1: Random Forest Algorithm
3.2 Multilayer Perceptron:
Multilayer Perceptron (MLP) is a type of artificial neural

network (ANN) that consists of multiple layers of nodes
(neurons), each connected to the next layer. It is a feedforward
neural network model, which means the connections between
nodes do not form cycles.

Input Layer: The input layer receives the raw input data. Each
node in this layer represents a feature of the input data.
Hidden Layers: Between the input and output layers, there
may be one or more hidden layers. Each hidden layer consists
of neurons that perform a weighted sum of the inputs, followed
by applying an activation function to produce an output.
Output Layer: The output layer produces the final output of
the network. The number of nodes in the output layer depends
on the type of task the MLP is designed for. For example, for
binary classification, there may be one output node
representing the probability of belonging to one class, while for
multiclass classification, there may be multiple output nodes,
each representing the probability of belonging to a particular
class.

Training: MLPs are trained using supervised learning
algorithms such as backpropagation. During training, the
weights of the connections between neurons are adjusted
iteratively to minimize the difference between the predicted
output and the actual output (i.e., the loss or error). This is done
by propagating the error backward through the network and
adjusting the weights using gradient descent optimization
techniques.
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Fig -2: Multilayer Perceptron Flow
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3.3 Genetic Algorithm:

Genetic Algorithm (GA) is a search-based optimization
technique inspired by the principles of natural selection and
genetics. It is commonly used to find optimal or near-optimal
solutions to optimization and search problems, particularly in
domains where traditional methods may be impractical or
infeasible.

Initialization: The algorithm starts with a population of
potential solutions to the optimization problem. Each solution
is represented as a ""chromosome," typically in the form of a
binary string, but it can also be represented using other
encodings such as real-valued vectors, permutations, or trees.
Selection: A selection mechanism is used to choose which
chromosomes will be selected for reproduction and produce
offspring for the next generation. Chromosomes with higher
fitness values are more likely to be selected, but the selection
process typically incorporates stochastic elements to maintain
diversity in the population.
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Fig -4: Genetic Algorithm Flow

4. CONCLUSION

In this research, we have explored the application of machine
learning and optimization techniques, including Random Forest
algorithm, Multilayer Perceptron (MLP), and Genetic
Algorithm, in determining the decision-driving strategy of
autonomous vehicles. Through an extensive examination of
existing literature and research studies, several important
insights have emerged. Firstly, Random Forest algorithm
demonstrates promising capabilities in handling complex
decision-making tasks within autonomous driving systems. Its
ability to handle high-dimensional data and nonlinear
relationships makes it suitable for tasks such as object
detection, path planning, and behavior prediction. However, the
interpretability of Random Forest models and the need for
careful parameter tuning remain important considerations.
Secondly, MLP offers a powerful framework for modeling
intricate decision-driving strategies by leveraging its ability to
learn complex mappings from input features to output
decisions. With advances in deep learning architectures and
training techniques. Lastly, Genetic Algorithm provides a
robust optimization framework for refining decision

strategies and parameter tuning in autonomous driving systems.

Integration of Random Forest algorithm, MLP, and Genetic
Algorithm holds significant promise for enhancing the
decision-driving capabilities of autonomous vehicles. By
harnessing the strengths of each approach and addressing their
respective limitations, researchers and practitioners can pave
the way for safer, more efficient, and more intelligent
autonomous driving systems. Future research directions may
focus on hybrid approaches, reinforcement learning techniques,
and real-world validation to further advance the state-of-the-art
in autonomous vehicle decision-making.
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