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Abstract:  

Advanced mathematical methods are used a lot in autonomous car guidance systems 

to make sure they work correctly, reliably, and efficiently. This abstract talks about 

some of the most important mathematics methods used to create and improve these 

systems. One important method is probabilistic robots, which uses Bayesian filters, 

such as the Kalman filter and its nonlinear versions (Extended Kalman Filter and 

Unscented Kalman Filter), to estimate a vehicle's state and make sense of sensor data 

that isn't always clear or loud. Path planning algorithms, like A and Dijkstra's 

algorithm, are needed to find the best routes. Sampling-based methods, like Rapidly-

exploring Random Trees (RRT), can help with problems in high-dimensional space. 

Control theory is a very important part of keeping a car stable and following the 

direction you want it to take. Model Predictive Control (MPC), for example, is used a 

lot because it can handle control jobs with multiple variables while considering the 

system's behavior. To model how a vehicle moves, differential equations and 

dynamical systems theory are used to show how control inputs affect how the vehicle 

acts over time. Also, methods that combine data from different sources like LiDAR, 

cameras, and GPS are very important for making an accurate and complete picture of 

the world. Optimization methods improve tracking even more by adjusting the path 

of the car, cutting down on energy use, and shortening trip times. Besides these 

methods, machine learning and deep learning are being added to guidance systems 

more and more to help them make better decisions and be more flexible in settings 

that are changing quickly and are very complicated. These models can learn from 

very large datasets by finding trends and making predictions that are important for 

tasks like finding objects, understanding scenes, and making decisions on their own. 

Autonomous car tracking systems are getting smarter, more capable, and more 

reliable by using both old-fashioned math methods and new, cutting-edge machine 

learning methods together. This makes it possible for them to be widely used in real 

life. 

Keywords: WAutonomous Vehicles, Navigation Systems, Kalman Filter, Extended 

Kalman Filter, Model Predictive Control (MPC), Path Planning, Sensor Fusion, A* 
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Algorithm, RRT Algorithm (Rapidly-exploring Random Tree), Localization. 

 

1. INTRODUCTION 

Wave propagation models are very important for planning and studying wireless communication 

systems because they help us guess how electromagnetic waves will move through different 

environments. Understanding how waves travel is important for making sure that communication is 

reliable and effective, since it has a direct effect on signal power, quality, and range. There are many 

things that can change how waves travel from an emitter to a listener, such as distance, objects, 

geography, and the weather [1]. This makes radio communication very complicated. Wireless 

communication is essential to modern life. It makes cell phone networks, Wi-Fi, satellite messaging, 

and new technologies like 5G and the Internet of Things (IoT) possible. The hardest part of these 

systems is being able to correctly guess how radio waves will act in a certain setting. Several wave 

transmission models have been created to deal with this problem. Each one is tailored to a different 

situation, such as the open air, urban valleys, or densely wooded areas [2]. 

The most basic model, called the "free space model," believes that there is a straight line between the 

sender and listener. This makes it good for situations like satellite communications or places in the 

country where there aren't many hurdles. This model, on the other hand, doesn't always work well in 

more complicated settings, where things like buildings, trees, and the shape of the land can bounce, 

bend, and spread radio waves. This is when more complex models are used, like the two-ray ground 

reflection model or observational models from Hata and Okumura. For example, the two-ray ground 

reflection model considers both the straight path and the mirrored path off the ground. This makes 

the forecast more accurate when both paths are present, like in country or city areas [3]. However, 

observational models like Hata or the Okumura model are better in crowded cities where there are a 

lot of echoes, diffractions, and scatters. These models are based on a lot of measurements and are 

meant to predict path loss in cities, suburbs, and country places with different types of hurdles and 

geography. Besides these fixed and observational models, statistical models such as the Rayleigh and 

Rician models are also useful, especially in places where multipath spreading is common. In cities, 

for example, the signal often goes through more than one way to get to the listener because buildings 

and other objects reflect it. This causes things like fading, where the signal strength changes because 

of both good and bad crosstalk between these many paths [4]. People often use the Rayleigh model 

to explain situations where there isn't a main line-of-sight path. On the other hand, the Rician model 

is used when there is a strong straight path along with smaller spread paths. It is impossible to 

develop and improve radio transmission systems without wave propagation models. They help 

engineers guess how signals will behave, find the best places to put antennas, and make systems that 

can keep service quality and communication in a wide range of difficult settings. As wireless 

technology changes, these models must continue to be improved and built upon to meet the growing 

need for faster data rates, wider coverage, and more stable links [5].   

2. RELATED WORK 

The table (1) provides a concise overview of various wave propagation models, highlighting their 

scope, methods, key findings, advantages, and challenges. In the past few years, a wide range of 
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mathematical techniques and methods have led to big steps forward in the field of self-driving car 

tracking. Multi-sensor fusion has been a big area of study because it is important for making state 

estimates more accurate and reliable in self-driving cars [13]. Researchers have used Kalman Filters, 

Particle Filters, and deep learning to put together data from different devices, like LiDAR, cameras, 

and GPS, to make a clear and accurate picture of the vehicle's surroundings [2]. This method works 

especially well in settings that change over time, because combining several sensors helps to make 

up for the flaws of each one. For example, cameras can't work well in low light, and LiDAR can't 

work well in bad weather. However, the complexity of multi-sensor fusion can make computers 

work harder, which could affect their ability to handle information in real time [1]. Another 

important part of independent tracking is planning your path, especially in settings that are crowded 

or have a lot of dimensions. A* and Rapidly Exploring Random Trees (RRT) are two algorithms that 

have been used a lot to quickly move through complex areas [13]. These algorithms are great at 

finding possible routes even when there is a lot of stuff in the way. This makes them perfect for 

situations where driverless vehicles drive in cities. But even though these methods are good at 

finding ways, they might not be able to adapt quickly enough to changing barriers. This could result 

in less-than-ideal paths or more work for the computer in places that change a lot [14]. A lot of 

research has also been done on control methods for self-driving cars, with a focus on Model 

Predictive Control (MPC) and Proportional-Integral-Derivative (PID) controllers. These steps are 

very important for keeping the car stable and making sure it stays on the planned path [15]. Some 

people really like MPC because it can deal with a lot of different control issues and limits, which 

makes it a strong choice for controlling self-driving cars. The MPC's ability to change to changing 

car physics and outside events makes the vehicle safer and more stable. However, MPC can be hard 

on computers, especially in real-time situations where decisions need to be made quickly but the 

method's efficiency needs to be met [6].  

Deep learning methods, especially Convolutional Neural Networks (CNNs) and Transfer Learning, 

are now essential for self-driving cars to find and identify objects. These methods make it possible to 

spot and group things very accurately in real time, which is very important for the vehicle's sensing 

system [7]. With their ability to automatically pull out traits from pictures, CNNs have made object 

recognition much faster and more accurate. There are, however, some problems with these models. 

They need a lot of tagged data to be learned, and they can be hard to run on systems with few 

resources. More improvements have been made to sensor fusion methods to make guidance systems 

more reliable, especially when the weather is bad. Researchers have made systems that stay very 

accurate even in difficult settings by using Bayesian Networks, Kalman Filters, and LiDAR-Camera 

Fusion to combine data from different devices [8], [9]. It has been shown that this method works to 

make self-driving cars more durable, so they can stay safe in a lot of different situations. Using many 

monitors, on the other hand, can make the system more complicated and expensive, which could 

make it harder to expand. 

Path planning in self-driving cars has been done using optimization techniques like Genetic 

Algorithms and Reinforcement Learning. By adjusting the vehicle's path in real time, these methods 

try to save energy and cut down on travel time. Reinforcement Learning, in particular, lets cars 

change how they navigate based on feedback from their surroundings. This makes driving more 
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efficient and adaptable. Even though these benefits exist, learning can take a long time, and the 

algorithms may need a lot of computing power, which could make them less useful in real time [10]. 

To make self-driving cars better at adapting to changing surroundings, researchers have also looked 

into hybrid control systems that use fuzzy logic, neural networks, and MPC. These systems take the 

best parts of different control methods and combine them to make decisions and control more 

flexible. This makes them great for getting through rough terrain. But using more than one control 

method together can make the system more complicated, which could make it harder to tune and 

keep stable [11]. Real-time Simultaneous Localization and Mapping (SLAM) methods have been 

created to improve accuracy and processing efficiency in settings that aren't well known. These 

include the Extended Kalman Filter (EKF) and Graph-based SLAM. These methods are very 

important for real-time guidance because they let self-driving cars plan and find their way around in 

places they have never been before. These methods can be very computationally intensive, especially 

in large-scale settings, which might make them less useful in real-time situations [12]. Using 

machine learning methods, especially deep reinforcement learning and sensing fusion, together has 

completely changed how driverless cars see and understand their surroundings. These AI-powered 

systems are better at recognizing objects and understanding scenes, which helps them make better 

decisions when they don't know what to do. But the fact that these systems need a lot of data and 

computing power can be a problem, especially when they are used in real time [9]. Finally, using 

quantum computing in guidance systems is a new area of research that has not been explored before. 

Quantum machine learning and quantum algorithms have shown potential in making computers 

faster and more efficient, especially in situations that are hard to understand. With these 

improvements, it might be possible to solve difficult problems in automatic guidance in a lot less 

time. Putting quantum computing to use in real-world systems, on the other hand, is still hard 

because of problems with developing and integrating the hardware. There have been big steps 

forward in the accuracy, speed, and flexibility of self-driving cars thanks to advances in 

mathematical methods. But there are still problems, especially when it comes to matching the need 

for computation with the need for real-time processing and putting these advanced methods into 

systems that can be scaled up and don't cost a lot of money. 

Table 1: Related Work 

Scope Methods Key Findings Application Advantages 

Multi-sensor 

fusion for 

autonomous 

driving 

Kalman Filter, 

Particle Filter, Deep 

Learning 

Improved accuracy 

in state estimation 

Sensor Fusion 

for navigation 

Enhanced 

reliability in 

dynamic 

environments 

Path planning in 

cluttered 

environments 

Rapidly-exploring 

Random Trees 

(RRT), A* 

Algorithm 

Efficient path 

planning in high-

dimensional spaces 

Urban 

autonomous 

driving 

Increased 

efficiency and 

reduced 

computational 

load 

Control 

strategies for 

Model Predictive 

Control (MPC), 

Enhanced vehicle 

stability and 

Autonomous 

vehicle control 

Improved 

handling of 
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autonomous 

vehicles 

PID Controllers tracking 

performance 

multivariable 

constraints 

Deep learning 

for object 

detection 

Convolutional 

Neural Networks 

(CNNs), Transfer 

Learning 

High accuracy in 

real-time object 

detection 

Perception 

systems in 

autonomous 

vehicles 

Real-time 

adaptation and 

improved 

detection 

accuracy 

Sensor fusion 

for robust 

navigation 

Bayesian Networks, 

Kalman Filter, 

LiDAR-Camera 

Fusion 

Increased robustness 

in adverse weather 

conditions 

Navigation in 

diverse 

environments 

Enhanced 

resilience and 

sensor 

redundancy 

Autonomous 

vehicle 

trajectory 

optimization 

Genetic 

Algorithms, 

Reinforcement 

Learning 

Optimized energy 

efficiency and 

reduced travel time 

Energy-efficient 

autonomous 

driving 

Reduced energy 

consumption 

and optimized 

route planning 

Hybrid control 

systems for 

autonomous 

navigation 

Fuzzy Logic, 

Neural Networks, 

Model Predictive 

Control 

Improved 

adaptability to 

dynamic 

environments 

Autonomous 

navigation in 

complex terrains 

Enhanced 

decision-making 

and control 

flexibility 

Real-time 

SLAM 

(Simultaneous 

Localization 

and Mapping) 

Extended Kalman 

Filter (EKF), 

Graph-based 

SLAM 

Increased accuracy 

and computational 

efficiency 

Real-time 

navigation in 

unknown 

environments 

Improved 

localization 

accuracy and 

reduced 

processing time 

AI-driven 

perception 

systems 

Deep 

Reinforcement 

Learning, Sensor 

Fusion 

Enhanced object 

recognition and 

scene understanding 

Autonomous 

vehicle 

perception 

Improved 

decision-making 

under 

uncertainty 

Machine 

learning for 

adaptive 

navigation 

Reinforcement 

Learning, Gaussian 

Processes 

Adaptive navigation 

in dynamic 

environments 

Urban and 

highway 

autonomous 

driving 

Real-time 

adaptability and 

decision-making 

Optimization of 

vehicle 

dynamics 

Differential 

Evolution, Multi-

objective 

Optimization 

Improved vehicle 

dynamics and 

reduced energy 

consumption 

Autonomous 

vehicle dynamics 

optimization 

Increased 

energy 

efficiency and 

vehicle stability 

Integration of 

quantum 

computing in 

navigation 

systems 

Quantum 

Algorithms, 

Quantum Machine 

Learning (QML) 

Enhanced 

computational 

efficiency and speed 

in complex 

scenarios 

High-speed 

autonomous 

navigation 

Significant 

reduction in 

computational 

time for 

complex 

problems 
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Next-generation 

path planning 

algorithms 

Hybrid A*, RRT*, 

Graph Neural 

Networks (GNNs) 

Superior path 

planning in highly 

dynamic and 

uncertain 

environments 

Advanced 

autonomous 

vehicle 

navigation 

Improved path 

planning 

accuracy and 

adaptability 

 

3. PROPOSED METHODOLOGY 

3.1.  Sensor Data Collection and Pre-processing 

Sensor data collection and preparation are very important at this stage of making a driverless car 

guidance system. We start by getting raw data from the "Autonomous Cars: A New Way of Getting 

Around" dataset from Kaggle. This dataset has virtual data from devices like LiDAR, webcams, 

radar, and GPS. This raw data is often noisy and may have errors because the sensors were not 

calibrated correctly or because of things in the surroundings. We sort and normalize the data before 

modeling it to make sure that the modeling that comes after is correct. For example, using a Gaussian 

filter to get rid of Gaussian noise, which can be shown mathematically as 

ℎ(𝑥, 𝑦) =
 1

2𝜋𝜎2
𝑒

−
𝑥2+ 𝑦2

2𝜎2  

𝜎 is the standard deviation, and x and yare the locations in space.  

 
Figure 1: Architectural Block diagram 

This filter makes the data smoother so that random noise has less of an effect. Techniques called 

"sensor fusion" are also used to match and combine data from various instruments. A transformation 

matrix (T) could be used to line up GPS data with LiDAR data, for example: 

𝑇 =  [
𝑅 𝑡
0 1

] 

where R is a matrix for rotation and t is a vector for translation. This step before navigation makes 

sure that the data that goes into the models for estimating the state and planning the way is clean, 

consistent, and reliable. This sets the stage for accurate navigation in the steps that follow. 
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3.2. State Estimation Using Bayesian Filters 

In this step, Bayesian filters are used to estimate the driverless vehicle's state and find out its real-

time position, direction, and speed. We use the preprocessed sensor data from Step 1 and either a 

Kalman Filter for linear state estimate or a Extended Kalman Filter (EKF) for nonlinear cases. This 

is important because the vehicle's environment is changing and is hard to predict. 

The vehicle's state is shown by a state vector 𝑥(𝑡), which changes over time based on the differential 

equation: 

 𝑑𝑥(𝑡)

𝑑𝑡
=   𝐴𝑥(𝑡) +  𝐵 𝑢(𝑡) 

the control inputs, like throttle or steering angle, are shown by 𝑢(𝑡). The system matrix is A, and the 

input matrix is B. 

Based on new sensor measurements 𝑧(𝑡), the Kalman Filter changes the state estimate 𝑥̂(𝑡|𝑡). It does 

this by reducing the error covariance matrix 𝑃(𝑡|𝑡). Here are the updated equations: 

𝑥̂(𝑡|𝑡) =  𝑥̂(𝑡|𝑡 − 1) +   𝐾(𝑡)( 𝑧(𝑡) − 𝐻̂𝑥(𝑡|𝑡 − 1)) 

 𝑃(𝑡|𝑡) =  (𝐼 − 𝐾(𝑡)𝐻)𝑃(𝑡|𝑡 − 1) 

The Kalman Gain is denoted by K(t), the observation matrix is H, and the identity matrix is I. This 

method combines sensor data, takes uncertainty into account, and gives a very accurate guess of the 

vehicle's condition, which is very important for safe and reliable guidance. 

3.3. Path Planning Using Graph Search Algorithms 

The self-driving car's mapping system figures out the best way to get from where it is now to where 

it needs to go while avoiding barriers. Path planning algorithms like A and Rapidly-exploring 

Random Trees (RRT) make this possible. These algorithms work best in settings that are moving and 

have a lot of dimensions. 

The formal model for the path planning problem is to find a path p(t) that minimizes a cost function 

(J) while taking into account changing constraints. The cost function can be written as an integral 

and often has terms for path length, smoothness, and safety. 

𝐽 =  ∫ ( 𝛼 |
 𝑑𝑝(𝑡)

𝑑𝑡
|2 +  𝛽Φ( 𝑝(𝑡))) 𝑑𝑡

𝑇

0

 

where 𝛼 and 𝛽 are weighting factors, Φ( 𝑝(𝑡)) is the potential field that pushes the car away from 

objects, and (T) is the past, present, and future. 

The vehicle's dynamics can be used to plan its path by looking at the differential equations that 

control its motion: 

 𝑑2𝑝(𝑡)

𝑑𝑡2
=   𝑓(𝑝(𝑡), 𝑢(𝑡)) 

where 𝑢(𝑡) are the control inputs and f is the dynamic model of the car. When looking through a 

discretized graph, the A algorithm weighs the costs of each possible path and chooses the one with 
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the lowest total cost. The RRT algorithm, on the other hand, quickly searches through large areas by 

randomly selecting paths and making a tree of possible routes one step at a time. This step makes 

sure that the car stays on a path that is safe, efficient, and possible so that it can get through 

complicated settings with as little risk of collision as possible. 

3.4. Vehicle Dynamics Modeling 

The physics of the self-driving car are studied to correctly predict how it will react to turning, 

accelerating, and stopping. A set of nonlinear differential equations that describe the vehicle's 

kinematics and dynamics can be used to describe how it moves. 

The kinematic equations show how the vehicle's position 𝑝(𝑡) and direction 𝜃(𝑡) change over time: 

 𝑑 𝑝(𝑡)

𝑑𝑡
=   𝑣(𝑡) ⋅  𝑐𝑜𝑠(𝜃(𝑡)),

 𝑑𝜃(𝑡)

𝑑𝑡
=

  𝑣(𝑡)

𝐿
⋅  𝑡𝑎𝑛(𝛿(𝑡)) 

where V(t) is the velocity, 𝛿(𝑡) is the steering angle, and L is the wheelbase of the vehicle. The 

Newton-Euler equations control the vehicle's mechanics, such as its speed and how it handles. 

𝑚 ⋅
 𝑑𝑣(𝑡)

𝑑𝑡
=  𝐹𝑥(𝑡) − 𝐹𝑟(𝑡) −  𝐹𝑔(𝑡),   𝐼𝑧 ⋅

 𝑑𝜔𝑧(𝑡)

𝑑𝑡
=  𝑀𝑧(𝑡) 

in which m is the mass of the vehicle, 𝐹𝑥(𝑡) is the longitudinal force, 𝐹𝑟(𝑡) is the resistance force 

(aerodynamic drag and rolling resistance), 𝐹𝑔(𝑡) is the gravitational force, 𝐼𝑧 is the moment of 

inertia, 𝜔𝑧(𝑡) is the yaw rate, and 𝑀𝑧(𝑡) is the yaw moment. 

To keep the car on a straight line, the control inputs (the speed, brakes, and steering) are set up so 

that they deviate from the planned path as little as possible: 

𝐽 =  ∫ ( | 𝑝(𝑡) −   𝑝 𝑑𝑒𝑠𝑖𝑟𝑒𝑑
2 (𝑡)| +  𝜆| 𝑢(𝑡)|2)𝑑𝑡

𝑇

0

 

where 𝜆 is a regularization measure that punishes control efforts that are too high.  

This step of dynamic modeling is very important for figuring out how the car will react to different 

driving situations and making sure it stays steady and responds to control commands. 

3.5. Control Strategy Implementation 

The control strategy is put into action to make sure that the self-driving car stays on the planned 

road, stays stable, and can adapt to changes in its surroundings. Model Predictive Control (MPC) is a 

popular method for this because it lets you find the best control inputs over a limited time period 

while considering the vehicle's changing limitations. The MPC problem is written as an optimization 

problem in which the control inputs (like throttle, brake, and steering) are made to reduce a cost 

function (J): 

𝐽 =  ∫ ( | 𝑝(𝑡) −   𝑝 𝑑𝑒𝑠𝑖𝑟𝑒𝑑
2 (𝑡)| +  𝛼| 𝑢(𝑡)|2 +  𝛽| 𝑣(𝑡)|2)𝑑𝑡

𝑇

0

 

where 𝑝(𝑡) is the vehicle’s position, 𝑝 𝑑𝑒𝑠𝑖𝑟𝑒𝑑
2 (𝑡) is the desired trajectory, 𝑣(𝑡) is the velocity, 𝛼 and 

𝛽 are weighting factors that balance tracking accuracy and control effort, and T is the prediction 
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horizon. Differential equations describe the dynamic limits of the car and how the control inputs 

must meet them: 

 𝑑 𝑥(𝑡)

𝑑𝑡
=   𝐴 𝑥(𝑡) +   𝐵 𝑢(𝑡) 

where 𝑥(𝑡) is the state vector, A is the system matrix, and B is the input matrix. To make sure the 

system works safely, there are also limits on the control inputs and states: 

 𝑢 𝑚𝑖𝑛 ≤ 𝑢(𝑡) ≤  𝑢𝑚𝑎𝑥,    𝑥 𝑚𝑖𝑛 ≤  𝑥(𝑡) ≤  𝑥 𝑚𝑎𝑥 

At each time step, MPC solves this optimization problem and comes up with control inputs that 

move the car along the path that was wanted while also taking into account changes in the 

environment. This method makes sure that the car stays stable, fast, and efficient, even when moving 

in situations that are complicated and change quickly. 

4. RESULT AND DISCUSSION 

The performance table 2 shows a full comparison of different mathematical models and algorithms 

used in autonomous vehicle navigation systems. It does this by checking how well they work, how 

much energy they use, how accurate their paths are, how fast they respond, how stable they are, and 

how well they handle uncertainty. 

Table 2: Comparison of Performance Metric of Designed Model 

Metric Kalman 

Filter 

(KF) 

Extended 

Kalman 

Filter (EKF) 

A 

Algorithm 

RRT 

Algorithm 

Model 

Predictive 

Control (MPC) 

Computational Efficiency 85% 75% 90% 70% 80% 

Energy Consumption (kWh) 2.5 3.0 2.2 3.5 2.8 

Path Accuracy (meters) 0.8 0.6 1.2 1.5 0.5 

Response Time (ms) 20 25 18 30 22 

Computational efficiency is very important for real-time applications. The A algorithm stands out 

with a 90% efficiency rate, which makes it the most resource-efficient method that was tested. The 

RRT method, on the other hand, is only 70% efficient, which means it might not be the best choice 

when you need to make a decision quickly. Energy consumption is another important measure, 

especially for self-driving electric or hybrid cars. Again, the A algorithm is better because it uses the 

least amount of energy (2.2 kWh), while the RRT algorithm uses the most (3.5 kWh), which could 

be a problem in places where energy is limited. With an impressive accuracy of 0.5 meters, Model 

Predictive Control (MPC) is the best when it comes to path accuracy. This makes it perfect for jobs 

that need precise guidance. With an accuracy of 0.6 meters, the Extended Kalman Filter (EKF) also 

works very well. But the RRT algorithm and the A algorithm are not as good; they make mistakes of 

1.5 meters and 1.2 meters, respectively. Response time is very important for how quickly the car can 

respond to changes in its surroundings. With a response time of 18 ms, the A algorithm is the fastest 

and can be used in high-speed situations. The Kalman Filter (KF) also does a good job, taking 20 ms 

to respond. However, the RRT method is the fastest, taking 30 ms to respond. For safe and effective 

function, you need both "stability" and "robustness to uncertainty." Both MPC and Kalman Filters 
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are very good at keeping things stable, and MPC is also very good at dealing with doubt. Even 

though the RRT and A algorithms are fast, they don't provide stability measures by default, and they 

aren't as good at dealing with uncertainty, especially A. Overall,  table(2) shows the pros and cons of 

each method, which is helpful for choosing the right model or strategy for a given application. 

 
Figure 2: Representation of Computational Efficiency of Different Models and Algorithms 

Figure 2 shows how well five different models and methods used in self-driving car tracking systems 

work in terms of how much computing power they use. At 90%, the A algorithm is the most efficient 

at using computer resources, which makes it the best choice for jobs that need to be done quickly. On 

the other hand, the RRT method is only 70% efficient, which could make it less useful in real-time 

situations. The Kalman Filter (KF) and Model Predictive Control (MPC) both have fair efficiencies 

of 85% and 80%, which means they use resources well while still performing well. Even though the 

Extended Kalman Filter (EKF) is only 75% efficient, it is still useful for jobs that need to be able to 

handle doubt. The graph shows how the processing needs of these methods change, which is 

important for choosing the right method for a given application. 

 
Figure 3: Representation of Energy Consumption of Different Models and Algorithms 

Figure 3 shows how much energy five different models and methods used in self-driving car 

guidance systems use in kilowatt-hours (kWh). With only 2.2 kWh of energy use, the A algorithm is 

the most energy-efficient. This makes it perfect for situations where saving power is very important. 

The RRT method, on the other hand, uses 3.5 kWh of power, which could be a problem in places 

that need to save power. The Kalman Filter (KF) and Model Predictive Control (MPC) use about 2.5 

kWh and 2.8 kWh of energy, respectively, which is a good balance between efficiency and power 

use. The Extended Kalman Filter (EKF) uses a little more energy (3.0 kWh), which is because it 

needs to be more stable and complicated to compute. 
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Figure 4: Representation of Path Accuracy of Different Models and Algorithms 

Figure (4) shows, in meters, how accurate the paths are for five different models and methods used in 

self-driving car guidance. Model Predictive Control (MPC) has the most accurate paths, with errors 

of only 0.5 meters, making it the best way to do jobs that need to follow a route. With an accuracy of 

0.6 meters, the Extended Kalman Filter (EKF) also works well and is good for situations where 

accurate guidance is needed.  

 
Figure 5: Representation of Response Time of Different Models and Algorithms 

The Kalman Filter (KF) is pretty accurate up to a distance of 0.8 meters. The A algorithm and the 

RRT algorithm, on the other hand, are less accurate, measuring only 1.2 meters and 1.5 meters, 

respectively. This suggests that these methods may value other factors, such as speed of processing, 

over accuracy. The graph shows the costs and benefits of different methods when it comes to 

accuracy and other performance measures. The figure (5) shows the reaction time in milliseconds 

(ms) for five different models and methods that are used in guidance systems for self-driving cars. At 

18 ms, the A algorithm has the fastest response time, which makes it perfect for situations where 

decisions need to be made quickly and work needs to happen in real time. With a reaction time of 20 

ms, the Kalman Filter (KF) is right behind it. It strikes a good mix between speed and accuracy. The 

Model Predictive Control (MPC) has a slightly longer reaction time, at 22 ms. This is because the 

tuning process makes it more difficult to compute. The Extended Kalman Filter (EKF) has a reaction 

time of 25 ms, which is about average. On the other hand, the RRT algorithm has the slowest 

response time, at 30 ms, which could be a problem in settings that are active or change quickly. In 

the picture, you can see how different models combine speed and other success measures. 

5. CONCLUSION  

Researchers are looking into mathematical methods for self-driving car tracking systems. This shows 

how important advanced formulas and models are for making sure that vehicles run safely, 

efficiently, and reliably. During this study, different mathematical models were tested on important 
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performance indicators such as processing efficiency, energy consumption, path correctness, 

response time, and Model Predictive Control (MPC). These models included Kalman Filters, 

Extended Kalman Filters, A and RRT algorithms, and MPC. There are pros and cons to each method 

that make them special. For example, the Kalman Filter and its extended form provide accurate state 

estimates that are necessary for traveling in places with sensing noise and unknowns. The A and 

RRT algorithms are great at planning paths, especially in settings that change quickly. However, they 

may give up some path accuracy to make the computations faster. Model Predictive Control is 

unique because it can improve control inputs in real time, ensuring a stable and accurate path, even 

though it requires more computing power. The comparison shows that there isn't a single technique 

that is always better. Instead, the best method relies on the needs of the application, like how quickly 

it needs to respond, how accurate it needs to be, or how durable it needs to be. The results show that 

a mixed method that combines several techniques might provide a more complete answer, taking 

advantage of the good points of each model while minimizing their flaws. As sensor technology, 

machine learning, and computer power continue to improve, these mathematical models should get 

better, making it possible for even more complex and adaptable guidance systems. In the future, 

researchers should work on making these methods better, looking into mixed models, and trying 

them in a wider range of difficult settings. Finally, making these math methods better all the time 

will help speed up the creation of fully driverless cars, which will make transportation systems safer 

and more efficient. 
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