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Abstract

One of the key issues in robotics is the motion planning problem. This study provides a local
trajectory planning and obstacle avoidance strategy based on the Rapidly exploring Random Tree
algorithm for autonomous vehicles to handle the issue of travelling in complicated surroundings.
Rapidly Exploring Random Trees (RRT), a sampling-based pathfinding algorithm, has been
extensively employed in motion planning issues. The RRT algorithm still has several limitations,
including a sluggish convergence rate, significant search time volatility, a vast dense sample space,
and unsmooth search routes. In this study, we suggest RE-RRT*(Robust and Efficient RRT*), a
new RRT-based pathfinding algorithm. which extends Rapidly exploring Random Tree (RRT*), to
identify a speedy path that is close to optimal. The Choose Parent and Rewire processes are used by
RE-RRT* to continuously improve the path in succeeding cycles. The sample space is constrained
during each stage of the random tree's growth., so reducing the number of pointless searches. The
RE-RRT* algorithm can converge to a shorter path with a smaller number of iterations and be
smoother, according to simulation and experimental results under diverse obstacle settings. The
suggested method can increase search effectiveness, speed up convergence, and decrease processing
time. Due to these advantages, our suggested RE-RRT* beats RRT* in experiments in terms of
computational time, sampling space, speed, and stability

Keywords: Trajectory Planning, Obstacle Avoidance, RRT, RRT*, RE-RRT*.
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Chapter # 1: Introduction

Chapter 1
Introduction

This section provides a thorough introduction to the key ideas underlying our research, the current
problem, and an overview of our solution. It is organized into five sub-sections. Section 1.1
describes the background study; Section 1.2 provides the goals and objectives of the thesis. Section
1.3 discusses the motivation of thesis work. Section 1.4 gives the problem statement of the
research, Section 1.5 discusses the proposed methodology, and thesis organization is presented in
Section 1.7.

1.1 Background Study

The purpose of this section is to provide an overview of the research's background investigation.
The main issue that needs to be resolved for AVs to function properly in complex environments is
motion planning. Since the steam period, when they first appeared, cars have slowly but surely
made their way into people's lives, where they now serve a crucial role in transportation and are an
essential component of everyday life and economic activity. People benefit from this in terms of
convenience and speed, as well as significant concerns relating to road safety. Modern autonomous
technology, which can somewhat increase traffic safety, is developed from traditional automobile
driving technology. As a result, driverless technology is starting to get the attention of experts and
academia and has emerged as the primary area of study in the car sector. In order to comprehend the
path tracking algorithm employed by autonomous vehicles, research based on the traditional RRT
method is conducted in this work. Then, it suggests a Robust and Efficient RRT* algorithm that can
successfully actualize the evolution of autonomous vehicle technology and act as a starting point for

its further development.

One of the most widely used technologies today, autonomous cars have excellent potential both
domestically and internationally. Research is also going around autonomous vehicle path tracking
control technologies. Autos that can function without a human driver are known as autonomous
vehicles. A technological advancement that is currently one of the biggest trends that aspires to

change transportation. The adoption of autonomous automobiles may accelerate during the next ten
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years, despite the fact that experiments with various countries and businesses began a few years
ago. In the automotive industry, autonomous driving, connectivity, and electric vehicles are all
directly related to one another. As a result, connection must be sufficiently strong to ensure the
appropriate operation of autonomous vehicles, given that data transfer is crucial to their
functioning. Although the development of autonomous vehicles has gained popularity over the past
20 years, it is true that it first began in the 1990s. In 1925, While the automobile was remote-
controlled, Francis Houdina, an electrical engineer from New York, was the first to put the idea of
an autonomous vehicle into practice. The prototype was displayed to the public in Manhattan and
traveled roughly 19 kms between Broadway and Fifth Avenue before colliding with another vehicle

and deviating from its intended course.

Houdini's automobile, Chandler, was however built between 1926 and 1930. The German Ernst
Dickmanns, who is credited as the creator of the contemporary autonomous car, later converted a
Mercedes-Benz van into one. A built-in computer was in charge of operating this vehicle. In 1987,

the car was capable of 63 kilometre per hour via streets with no traffic.

Six stages of autonomous driving are currently recognized. 0 to 2 autonomous vehicles come
equipped with driver assistance systems. The last three, numbered from 3 to 5, feature actual

automation components, as described by the Society of Automotive Engineers (SAE).

SAE AUTOMATION LEVELS

Full Automation

e T ST
el Deadl Dadl Ladl) (da2-ZDy (d-cd
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P
far>—2Z00 far> =21\
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Zero autonomy:
the driver performs
all driving tasks.

Vehicle is controlled
by the driver, but
some driving assist
features may be
included in the
wehicle design.

Vehicle has combined
automalted functions,
like: acceleration and
steering. but the driver
must remain engaged
with the driving task
and monitor the
envircnment at
all times.

Drwiver is a necessity,
but is not required
to monitor the
emvironment.
The driver must be
ready to take control
of the vehicle at all
times with notice.

The vehicle is capable
of performing all
driving functions

under certain
conditions. The driver
may have the option
to control the vehicle.

No Driver Partial Conditional High Full
Automation Assistance Automation Automation Automation Automation

The wehicle is capable
of performing all
driving functions

under all conditions.

The driver may
have the option to
control the vehicle.

Figurel.1: introduces SAE J3016 Surface Vehicle Recommended

Practice's levels of automation [1]
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1.1.1 Existing Algorithms of Path Tracking

There are numerous approaches to path optimization for autonomous vehicles. Model predictive
control (MPC) is frequently used to steer an autonomous vehicle along a predetermined course.
Commercial driving safety aid technologies, such adaptive cruise control and lane assist systems,
are now frequently seen in high-end, mass-produced automobiles. These devices can reduce
accidents brought on by driver error, drowsiness, or distraction. Yet, they are unable to engage in
complicated driving behaviors like navigating around other vehicles, avoiding collisions, or
reacting deftly to sudden dynamic impediments. Moreover, these systems still require ongoing
human oversight. The DARPA Challenge [2], [3], in semi-structured environments [4], and in
parking lots [5] have all seen the effective implementation of graph-searching-based algorithms like
the Dijkstra and A algorithms family. Path planning has also been successfully accomplished using
sampling-based techniques, one of which is the rapidly exploring random tree (RRT), which, along
with its modifications, has become one of the most widely used algorithms in recent years [6], [7].
It has been demonstrated that curve interpolation is an effective method for creating reference paths.
Many scholars have used polynomials [8], [9], Bezier curves [10], and B-splines [11]. To increase
the autonomy of the vehicle and decrease the number of turns on the planned course, an adaptive

ant colony algorithm (ACO) path planning approach is applied [12].
1.1.2 Importance of Automation in Vehicles

Let's examine some of the benefits driverless cars can offer society as the globe moves consciously

toward a transportation system powered by them:

i.  Minimize Accidents
According to the USDOT website, "the promise of autonomous vehicle technology to
minimize deaths and injuries on our roadways drives us to action" since human factors is to

blame for 94% of fatal vehicle events.

ii.  Minimize Traffic Congestion
Because traffic accidents can account for up to 25% of congestion, fewer accidents would

mean less congestion.
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Minimizes CO2 Emissions

Very likely, the lessening of traffic will also lead to a decrease in CO2 emissions.

Increased Lane Capacity

AVs may enhance total vehicle travel in addition to encouraging higher driving throughput
rates on the current highways. First off, because to their ability to constantly monitor the
surrounding traffic and react with perfectly timed braking and acceleration adjustments,
AVs should be capable of driving safely at faster speeds while maintaining a smaller
headway (distance) between each vehicle. According to study, platooning AVs might

increase lane capacity by 500%. (number of vehicles per lane per hour).

Reduced need of Fuel
Compared to a human driver, AV technologies can drive and descend more smoothly. It can
also improve fuel efficiency by 4-10%. More advancements may result from expanding the

capacity of the highways and reducing the distance between vehicles.

Transportation Accessibility

Many elderly individuals and others with disabilities are currently unable to drive, with even
car adaptations that make it less dangerous for others to drive. Many more people might be
able to access the open road and independence thanks to autonomous vehicles. Self-driving
cars may make tasks like travelling to work, seeing the doctors, and visiting family across

town easier for elderly and people who have disabilities.

Decreased Transportation Costs and Travel Time

AVs may reclaim up to 80 billion hours wasted to commutes and traffic, decrease the use of
fuel by up to 40%, and reduce travel time by as much as to 40%. Another area where money
could be saved is by decreasing the number of transporters and law enforcement personnel.
[13].
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1.2 Goals and Objectives

The primary goal of this study is to reduce human effort by implementing advanced technology.
This study aims to offer a method for automatically track the optimum path and to avoid obstacles
on the way between start position to goal position. Another main objective of this research is to
improve search efficiency and the convergence speed and reduce processing time and the number of
turns in the planned path. To locate a continuous line that avoids interacting with the nearby
obstructions and travels from a given original state to a defined goal state. By limiting the sampling

space thereby avoiding a lot of unnecessary searches

1.3 Motivation

The suggested strategy will assist in avoiding roadblocks while taking into consideration the rising
number of accidents in daily life. The use of random sampling lengthens the algorithm's execution
time and hinders convergence, and the algorithm's use of nearest neighbour selection frequently
results in complex scenario planning. Our suggested Robust and Efficient (RE-RRT*) therefore,

surpasses RRT* in all the aforementioned areas of weakness.

1.4 Problem Statement

One of the key issues in robotics is the trajectory optimization and path planning problem. In past, a
lot of work has been done to cater this problem. Rapidly Exploring Random Trees (RRT), a
sampling-based pathfinding algorithm, has been extensively employed in motion planning issues.
The RRT algorithm still has several limitations, including a sluggish convergence rate, significant
search time volatility, a vast dense sample space, and unsmooth search routes. Every time the
random tree grows, there are numerous pointless searches conducted, which prolongs the

convergence time.
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1.5 Thesis Organization:

The report is organized as follows:

Chapter 1 gives the introduction about the proposed topic, aims, objectives, and motivation.
Chapter 2 presents the literature review of trajectory optimization and path planning of an
autonomous vehicle using different techniques.

Chapter 3 discusses the proposed methodology of Robust and Efficient Rapidly Exploring
Random Tree Star (RE-RRT¥).

Chapter 4 gives the implementation details.

Chapter 5 discussed the experimentation including the setup used for implementation,
results obtained, and their discussion.

Chapter 6 concludes the topic by suggesting some future work that is not under the scope of
this research but can be implemented in the future.

Chapter 7 concludes the topic by suggesting some future work that is not under the scope

of this research but can be implemented in the future.

CHAPTER 1 CHAPTER 2 CHAPTER 3 CHAPTER 4

Introduction Literature Proposed Implementation
Review Methodology

CHAPTER 5 CHAPTER 6 CHAPTER 7

Validation Discussion Conclusion
and and
Limitation Future Work

Figurel.2: Thesis Outline
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Chapter 2

Literature Review

Finding a viable route to the destination in the observed environment with a certain update
frequency is the job of a global path planner. For a safety assurance, a long enough ahead prediction
horizon of the global path should be attained. This research project focuses on the motion planning
and control of autonomous road vehicles in unexpected critical conditions, or circumstances when

an accident is likely to happen.

The phrase “critical situation” refers to a circumstance that emerges abruptly due to internal or
external reasons and in which there is a significantly elevated risk of an impending accident.
Because autonomous driving moves at a faster pace than mobile robots, a lot of attention should be
paid to both safety and comfort when driving. In order to handle the changing traffic situations in
diverse on-road scenarios with computing efficiency, the motion planning issue for autonomous
driving is often divided into a global reference route planning level and a local motion planning
level [14]. These days, transportation, and industry all frequently use portable robots addressed by
independent vehicles. The independent vehicle includes a framework for perception, direction, and
control, and the study of the robot organizing framework has always been a major concern. One of
the main ideas of contention is how to produce a proper way to arrive at an objective situation with
next to no impact for autonomous vehicles [2][3][4]. Geometric search techniques and graph search
methods may be discovered in earlier research [5]; the computation of a geometry approach is
extremely straightforward, useful, and reasonable such as a curve of spline, and it is adaptable to the
basic surroundings. Even if geometric approaches offer certain benefits, they cannot make up for
their drawbacks. These path-planning techniques need to have their intelligence and adaptability

improved in complicated contexts [6].

The ability of optimization techniques that are frequently employed in mobile robot route planning
has been demonstrated while seeking paths based on graphs. Forward searching in continuous
coordinates must be carried out using RRT [7]. Although this technique can search quickly, it
cannot be widely applied in confined spaces when the situation is complicated. Based on specific
decision criteria, the A* algorithm may be used to discover the shortest path that is obstacle-free

[8], however, the resultant path is always made up of difficult-to-follow straight lines. It took a lot
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of work to make the A* method perform more effectively. For instance, the A* method may be
boosted up by an order of magnitude using the Jump Point Search algorithm [9]. The Jump Point
Search technique was then expanded by Liu et al. [10] from a two-dimensional to a three-
dimensional environment. By including dynamic limitations, the Hybrid A* [11] can create slick
routes to placate the robots. The graph-based approach can identify an optimum path if a viable path
already exists; if not, it will yield failure. This demonstrates the completeness and resolution
excellence of the graph-based approach. But since the search space created by the graph-based
deconvolution of the state space is too huge, graph-based techniques are unable to successfully
address problems of a large scale (such as industrial robotic arms). The D* algorithm was designed
to guide autonomous vehicles in a two-dimensional space. Its main advantage is that it can choose
the best course while attempting to travel in a difficult environment [11]. Vehicle kinematics
typically place limitations on this method.

The capacity of various research units to plan paths has been shown during the 2007 Defense
Advanced Research Projects Agency (DARPA) urban challenge. The proposed plan and theoretical
model lay the groundwork for additional investigation. The "Talos" vehicle was created by MIT,
and a closed-loop RRT-based path planning technique is employed [12]. A well hybrid
A* searching technique was created by Dolgov et al. [13]. Their method uses the vehicle’s 3-
dimensional kinematics state space as well as local planning using nonlinear optimization yield a
local optimum. These path-planning planning techniques used on urban roads have not
demonstrated their viability and efficacy in complicated challenging environments. In past years,
Suresh et al. [14] have employed FSVM to guarantee an accident-free route while avoiding several
dynamic impediments. The outcomes indicate that this approach is successful. The outcomes of
simulations using this method, which generates fuzzy rules from plain evaluation data, are shown.
Chu et al. [15] have implemented an algorithm for real-time route planning. The ideal function
deals with choosing the ultimate safe and straightforward path after creating a few pathways based
on predefined checkpoints.

The steering component of a method developed by Makarem and Gillet [28] is suitable for
autonomous cars, however it ignores the effect of impediments. The "tentacle method" is yet
another way proposed by Chebly et al. [29]. By treating the cars as the origin, the method generates
a number of simulated branches that display probable pathways for the vehicle. The evaluation

function is then used to select the best path.
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In complex dynamic situations, Moreau et al[30] .'s method to curve design is superior. With an
automated vehicle, all sensors needed for collision avoidance are taken into account. The planning
problem is changed into an optimum problem by accounting for equality restrictions. Next, it is
covered utilising gradient-based and Lagrangian methods. In [20], Tazir et al. develop real-time
planning using two methods. The robot uses evolutionary algorithms and Dijkstra's algorithm to
eliminate static obstructions. Travel in a local, dynamic area is made possible by the wait/accelerate
principle. Although this approach is test-efficient, robot kinematic restrictions are not considered.
An inventive integrated local trajectory planning and tracking control (ILTPTC) framework has
been proposed by researchers to allow automated vehicles to travel along a basic track while also
avoiding detection and meeting the vehicle kinematic limitations [16]. In this architecture, an MPC-
based planning technique is employed, which can fulfil the need for vehicle kinematics but falls
short of actual requirements. One significant kind of planning methodology is the random samples
structured methodology. As opposed to separating the state space, sampling-based planning creates
a graph or tree by choosing random locations within the state space. Sample-based organizing
methods outperform graph-based planning algorithms in large-scale applications. The random
samples planning system is probabilistically full, thus as the amount of samples grows
exponentially, the likelihood of discovering an appropriate path approaches 1. Sampling-based
planners employ RRT [22] and Probabilistic Roadmaps (PRM) [23] as two important techniques. A
viable path is produced using the multi-query motion planning method PRM after a feasible graph
reflecting spatial connection is obtained by random sampling in the state space. The PRM may be
used to search various pathways after creating the graph. However, it takes a lot of effort to map out
the entire area for a single search. RRT is quicker than PRM because, being a one-request route
planning technique, by building a tree with its root at the starting point, it simply searches the state
space. Three steps make up the RRT method: First, it randomly generates a state in state space;
next, it chooses the nearest random tree nodes; and last, it grows a random state from the nearest
neighbour selection point. The search is accomplished when the tree reaches the desired location,

and RRT will then retrace its steps to a workable route.

RRT can identify an starting route in a high-dimensional area quickly, although it has several flaws.
For instance, the variance of its runtime is so enormous due to the random sampling that it can take
some time to find a suitable route. In circumstances with narrow channels, the RRT does not
operate well [17]. Furthermore, since the path is generated arbitrarily, it's likely that the path found

using RRT is not the best one [25]. Rapidly Exploring Random Tree Star(RRT), or RRT* was
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considered a substantial improvement on RRT [26]. RRT* continues to optimize the original path
after discovering one by continually sampling [18]. To determine the optimum path, RRT* adds the
neighbour searching and rewiring tree processes. when there are infinitely many samples, it is
demonstrable that the path generated by RRT* is the best one. RRT* consequently requires a
significant amount of memory and time used to determine the optimum path [28][12]. Like this,

RRT* is impacted by the problem of considerable search time volatility.

A lot of work was put into raising the caliber of the pathways that RRT and RRT* were able to
find. For instance, equivalent Kino dynamic RRT* can achieve an ideal route that fulfils static
constraints by expanding RRT* to Kino dynamic systems. Any location can be used as the starting
point for a rapid path re-planning using Anytime-RRT*. As an alternative, increasing the search
rate and reducing search time variance are important areas of attention in RRT algorithm-related
research. For example, RRT Connect [19] builds two trees with roots from starting state to the
destination state, and then causes the two trees to move in the same direction. In [30], a 2D
Gaussian mix model is used to quickly find a good starting solution. Batch Informed Trees [20]
swiftly locates a viable path by restricting the state space to a gradually growing subset. However,
these techniques mainly worked effectively in specific settings. RRT can speed up the search
process when combined with a variety of different path search strategies. To accelerate the
convergence rate, the artificial potential field (APF) technique is incorporated into RRT* in [32],

although, in complicated situations, the planning time may rise significantly.

Applying MATLAB to recreate the car shown in ADAMS [33], the effectiveness of the route
regulator is confirmed. Zhou W suggested new infrastructure that depends on an updated (RRT)
methodology and a continuous - time route planning and track control in order to evaluate the
relationship among actual planning and monitoring control of smart cars. Depending on the LTV-
MPC approach, the fundamental RRT algorithm is changed to provide the necessary intelligent
transportation Path stability control, ensuring that the desired course coincides with the demands of
the car's kinematics limitations and approaching the ideal result. Goal direction, node trimming,
contour plots, and choosing the best path are a few of these adjustments. The effect of several
factors, such as the vehicle's speed, the scheduling step, and the cycles, is then investigated [36].
Using a straightforward linear and time-invariant monorail framework computed using a uniform

nominal longitudinal speed, Mata S proposes a method for planning the path of a moving object.
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A tube-based robust (MPC) method is suggested to account for differences in system dynamics

between the average car and this steady nominally simulation.

The A*-RRT* [21] technique considerably speeds up convergence by using the route created by the
A* method to direct the RRT* planner's sampling process. However, when it comes to complex
issues, A* takes a considerable amount of effort to identify a starting point. Although LM-RRT [22]
uses reinforcement learning techniques to direct tree development, learning-based approaches might

not function effectively in the novel environment.

It has been demonstrated that curve interpolation is an effective method for creating reference paths.
Many academics have employed polynomials [23], [24], Bezier curves [25], and B-splines [26]. To
increase the autonomy of the vehicle and decrease the number of turns on the planned course, an
adaptive ant colony algorithm (ACO) path planning approach is applied [ 27].

In recent years, motion planning research has made extensive use of learning-based methodologies.
Deep learning is used by Neural RRT* [30] to discover a distribution probability for sample
selection. In order to bias tree growth in favor of the targeted area, RL-RRT [28] investigates deep
reinforcement learning strategy as a local planner and employs a distance function that trains
through deep learning. The cost function of the RRT* is learned using an approach that combines
inverse reinforcement learning with RRT* in [29]. The virtual artificial potential field is used by the
DL-P-RRT* method to understand the function of the artificial potential field before applying it to
the RRT* algorithm. Learning-based approaches work well in specific situations, but they may
struggle to generalize in unfamiliar situations. Most of the work has been done which is more like
our proposed algorithm is on path planning and trajectory optimization of an autonomous vehicle
using RRT, RRT*, Improved RRT*, Fast RRT* approaches.

2.1 RRT* over Basic RRT

Finding the relatively short, smoothest, and concussion route between the beginning and target
locations is referred to as optimal path planning. Numerous robotic solutions, including autonomous
vehicles, personnel security, agricultural robots, and exoplanet and space discovery operations, all
depend on this task. RRT continues to experience multiple issues, but it can quickly discover an
beginning route in a fast environment. For instance, the variance of its runtime is so enormous due
to the random sampling that it can take some time to find a suitable route. In circumstances with
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narrow channels, the RRT does not operate well [33]. Furthermore, since the path is generated
arbitrarily, it's likely that the path found using RRT is not the best one [25]. Rapidly Exploring
Random Tree Star, or RRT* was considered a substantial improvement on RRT [26]. RRT*
continues to optimize the original path after discovering one by continually sampling [34]. To
determine the optimum path, RRT* adds the neighbour searching and rewiring tree processes. when
there are infinitely many samples, it is demonstrable that the path generated by RRT* is the best
one. RRT* consequently requires a significant amount of memory and time used to determine the
optimum path [28][12]. Like this, RRT* is impacted by the problem of considerable search time
volatility. A well-known random samples planning system is quickly investigating Random Tree
Star (RRT*). Due to its assistance for higher dimensional space complicated situations, it has
experienced tremendous growth. Using RRT*-based techniques, a sizable research collection has
addressed the issue of optimal route selection for mobile robots [46].

2.1.1 Basic Structure of RRT and RRT*

The RRT is a technique built on single query search that finds a viable path very rapidly. RRT
creates a tree during the initiation step x;,;¢, with the starting state acting as the node. RRT chooses
the closest vertex x,.q,-, after randomly sampling a state x,..., in state space for each iteration.
The steering function will then create the RRT algorithm which generate x,,,,, as seen in Figure
2.1. If the edge c has no obstacles, then the set of nodes will be expanded by x,., and the set of
edges will be expanded by {x,cqar,» Xnewt The search is completed if x,,,, found at the desired

location x4

rand

near

start

Figure 2. 1:Schematic result of RRT algorithm
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The route that RRT chose might not be the best one. RRT* solves this issue by adding a rewire
step. The best parent node for x,,, will be found for nodes with a distance smaller than r
surrounding it if the edge {X,cqr Xnew t IS free of obstacles. Additionally, RRT* considers x,,,,, as
a substitute parent node for existing nearby nodes in addition to adding it to the tree. Therefore,
RRT* constantly modifies the random tree as the sample periods go closer to infinity until it
discovers an ideal path. However, the RRT* takes a long time, making it unsuitable for systems that
must immediately identify an optimal path. Figures 2.2 and 2.3 introduce the RRT and RRT*

algorithms, accordingly.

Algorithm 1: RRT algorithm.

INPUt: Xstart » Xgoal » SEP, N

Initialize (Xgtart )

Fori=tondo

Xrand — Sample ()

Xnear = Near( Xrand» G)

Xnew = Steer (Xrand, Xnear » Step_size )
G. add node (Xpew )

G. node edge (Xyews Xnear )

If Xnew ~ Xgoal

Success ()

cONoa~wWNE

Figure2. 2. RRT algorithm.

Algorithm 2: RRT* algorithm.

InpUt: Xinit Xgoal

Output: Tree T = (V, E)

Ve—Xinit» E — ¢;

Fori=1....,N do

Xrang < random-sampling (i)

X nearest ¢ Nearest. ( T, Xrand);

Xnew € Steer. (Xnear » Xrand );

If obstacle free (Xpew, Xnearest) then,
V= VU {Xewh
Xnear < Near (T, Xpew,1);
choose. Parent (X, ear) Xnearest» Xnew» E;
Re — wiring (Xnear» Xnew: E )
end
end

NG k~WN PR

Figure 2. 3. RRT* algorithm.
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2.2 Improved Bi-RRT

The study builds local pathways using the Frenet coordinates system. Wherever along the curve, the
mathematical calculation of the Technology makes it possible frame coordinates is possible. The
low-level model converts the vehicle location to Frenet coordinates based on the upgraded Bi-RRT
route. Depending on the VFH results, the attempts to reach out from updated Bi-RRT route is
moved to the ideal location. The polynomial planning method is used to generate a local path in
Model can be created coordinates from the vehicles to the revised target position. The method
outlined in this paper maintains path safety and smoothness while being insensitive to
environmental change. Figure 2.4 displays the improved Bi-schematic RRT's diagram. Also, the

graphic illustrates the improved Bi-RRT method. Figure 2.5 depicts the Improved Bi-RRT method.

d Gnear2

(- /
Gnew2 e

i Qrand2
@
Qrand

: @
@ 7 Qnewl

"Gstart

@ Gnearl

Figure 2. 4: Schematic diagram for Bi-RRT Algorithm
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Algorithm 3 Improved Bi-RRT Algorithm

1. VI« {q_init}; El < ¢; Gl «— {V1, El};
2. V2« {q_init}; E2 « ¢; G2 «— {V2,E2}; 1« 0;
3. Repeat

4. p < random (0, 1);

5. if p > pprob then;

6. q_rand « sample (i);i<i+1:

7. (_nearst < Nearst (G1, g_rear);

8. g_new « Extend (q_nearst, q_random);
9. else g_random = q_goal; i « (i +1):

10. end if;

11. Same like Bi-RRT,

12. until find a collision-free path from ¢_start to q_goal;
13. return S < PostProcession(G)

14. function NEARST_AREA (G, g_random)
15. G_Area « Area (q'start, g_random);

16. Dist max «— —oo;

17. for all gi in G_Area do

18. Dist_max «— Dist (qi, g_random);

19. if Dist > Dist_max then

20. Dist_max «— Dist; q_nearst < qi;

21. end if

22. end for

23. return g_nearst

24. end function

Figure 2. 5: Improved Bi-RRT algorithm [ 30]

2.2.1 Bi-RRT Algorithm Search Based on The Steering Constraints.

Quickly investigating the Random Tree planning technique or its growth during the random
selection method is a randomized searching in the wide perspective, leading to numerous
meaningless searches and wasting precious computer resources. The improved approach used in
this study to deal with this problem and speed up the random tree's progression to the target position
is as follows: through every stage of random tree growth, the sample space is constrained based on
the steered limitation, reducing the number of fruitless searches. Figure 2.6 illustrates that it is not

necessary to look at the entire T-tree when determining the closest neighbor for the whole tree.
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9goal

> 9rand2

’
q start

9start

.

Figure 2. 6: An Improved Bi-RRT search based on the steering constraints

We discussed the relevant backgrounds for this study in this part. Following the introduction of the
formal concept of motion planning issues, discussion of related algorithms like RRT, RRT* and
Improved Bi-RRT™* follows.

Two main issues of path planning using these algorithms are:
e convergence speed
e unnecessary sampling and searches
The following fundamental flaws in the RRT, RRT* and Improved Bi-RRT* method still exist:
(1) The use of random sampling lengthens the algorithm's execution time and hinders convergence.

(2) The application of the nearest node selection technique frequently results in complicated
scenario planning.

(3) The planned path cannot be employed in the path planning of autonomous vehicles since it does

not take vehicle kinematics restrictions into account.

To overcome these issues which we discussed above, we suggest Robust and Efficient-RRT* (RE-
RRT*), an RRT-based motion planning technique. Compared to RRT, Improved-RRT and RRT*,
RE-RRT* expedites the search for the optimum route, while limiting the number of randomly
produced search nodes and minimizing the convergence rate. RE-RRT* is quicker than RRT* in
searching for a path that is close to optimum.
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Chapter 3
Methodology

We introduce our Robust and Efficient Rapidly exploring Random Trees (RE-RRT*) algorithm in
this Segment. The theoretical framework for the suggested method is laid out in Segment 3.1.

Segments 3.2-3.3 introduce further information.

3.1 Model Structure

The decision-making system receives a grid map from the perception system. worldwide path,
change direction, and target tracking in the decision-making system work together to enable the
vehicle to manage a variety of situations. The decision-making system then generates a route and
sends it to the vehicle's monitoring system. The suggested method's model structure is shown in

Figure 3.1.

4 ™ (
GridMap | »{ Decision making \ 1
\ J system pr—
(" Initial & ) Path
Final > Planning .
\___Position Vehicle
(" ™ control
Maneuver
Radiusr [—» Planning system
AN v
( Target ) Minimum
point - cost
_ threshold \

Figure 3.1: The RRT algorithm's software architecture

This model takes a grid map which is 800m x 800m and information about the initial position and

goal position as input. Also, we set the target point threshold, expansion steps, rewire range which
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is radius r and maximum iteration The entire grid map is filled with all identified items. A collision-
free route is swiftly generated using the steering constraint model.

A simplified vehicle model is shown in figure.3.2. The theta ‘0’ that defines the orientation of the

vehicle, and the kinematic equation can be explained as follows.

1=l g
(xi,yi)
4,,//‘ y =y sinf

Figure 3. 2: Vehicle Kinematics Model
3.2 Framework of RE-RRT*

The complete framework and methodology of RE-RRT* is explained here. Which includes all steps
from the start to the end of this algorithm. Our proposed algorithm is based on RRT* which is the
extension of RRT. A small difference between RRT* and RE-RRT* makes the RE-RRT* more
efficient and robust by limiting the random sampling and searches on the entire map. RE-RRT*
limits unnecessary search and reduces the convergence time and makes the system efficient in this

way.
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3.2.1. Improvements of RE-RRT*

The RE-RRT* algorithm has two major enhancements.

e Firstly, random sampling is limited, which helps to avoid searching over the entire space. In
this way, our proposed algorithm speeds up the convergence rate.

e The second improvement is to minimize random nodes by limiting their generation only
around the obstacles. Otherwise, When travelling from the starting position to the destination,
our vehicle will be travelling straight.

One of the principles of RRT is to build the random search tree concurrently in the starting position
and the destination. The RE-RRT* initiative technique differs from the standard RRT and RRT*
algorithms, as shown in algorithms 1 and 2. From the start position, a path is generated in a straight
line towards the goal position. After creating random spots across the obstacle, the tree is extended
if there will be a collision. After crossing the obstacle, the path leads to the goal position in a
straight line until the next obstacle finds out on the vehicle path. Figure 3.3 displays the searching
schematic diagram for the RE-RRT* algorithm.

initial point

obstacle 1

obstacle 3

o-----O-----

obstacle 2

Final point

Figure 3. 3. RE-RRT* algorithm's searching schematic diagram
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Keeping in mind figure 3.3, now we can visualize the RE-RRT* algorithm. The vehicle’s starting
point is in green colour and the ending point is in red colour. The huge black boxes are obstacles
and we named them as obstacles 1, 2 and 3. Our vehicle started its path from the green signal
moving forward towards the goal position in a straight line. When the vehicle reached near to the
obstacle e.g., obstacle no 3, it stopped there. Until the RRT* algorithm finds the path where there
would be no obstacle and it would be a collision-free path. The area of randomization and node
formation is indicated by the blue dotted rectangle in figure 2.1. This is the area from where the
random tree generates and ends until it crosses the obstacle area. At that point, the random sampling
and node generation process would stop and from that point, let’s say x,., t0 goal position straight

line nodes will generate and our vehicle follow that path.

3.2.2. The Extension Strategy of RE-RRT*

The extension strategy of RE-RRT™* is a bit different from RRT*. Unlike RRT*, RE-RRT* limits
unnecessary searches and reduces the sampling space by adding a line equation method. The
starting location of vehicle is our starting node. The next nearest node in a straight line will be
chosen by the given formula.

Ax = (xinit' xgoal)/n (2)

Ay = Vgoat = Yinit)/N 3)

Here A, and A, are the nodes generating along x and y-axis. The n defines the no of nodes which
are generating on the straight path from starting location to the destination of the vehicle route.
When the vehicle detects the obstacle on the path, it stops and waits until the algorithm generates
the tree across the obstacle and finds the optimal solution to cross the obstacle without hitting the
obstacle body. The tree generates the random nodes and the starting nodes of the tree will be the
coordinate (x,y) where our vehicle detected the obstacle existence and stops there. Using the
Euclidean distance formula, we are looking for the closest nodes. The method for choosing the

closest neighbour nodes using the Euclidian equation is shown in figure 3.4.
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Xrand

Figure 3. 4: Schematic diagram for selecting the nearest node.

The Euclidian distance between x; and x.,nq IS closer, 8;< 6; so, x; chosen the closest neighbour

node of the point which is under consideration. The parent node will be chosen based on whatever
node produces the lowest cost to reach the random sample, and they are added appropriately. We
calculated the distances between the random sample location and a nearby point using the following

Euclidean distance equation:

Dist = \/(Xrand - Xi)z + (Yrand - Yi)z (4)

3.2.3. Vehicle Steering Angle

By expanding the tree to get new nodes, there must be a factor theta, our vehicle steer according to

it. 6 is basically our vehicle’s steering angle.

0= atanz((Yrand - Ynear): (Xrand - Xnear)) (5)
Xnew = Xnear T COS (e) * Ay (6)

Ynew = Ynear T Sin (6)* Ay (1)

Equations 6 and 7 are written according to the vehicle’s kinematic model shown in figure 3.2.
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3.2.4. Pruning Process

The resulting pathways are typically exceedingly convoluted and uneven because of the RRT
algorithm's random sampling, especially in situations with numerous complicated obstacles. It is
challenging to locate them successfully. The ride comfort of the vehicle will be impacted by too
many fold points, which is unsuitable for path planning. Consequently, it is necessary to prune and
smooth the RRT and RRT* routes. To get a smooth and turn-free path, this algorithm deleted the
useless nodes and updated them with useful nodes and the nodes which give optimal cost. It

removes the number of turns in the path to achieve the pruning effect.

Figure 3.5 shows the pruning principle clearly. We have a solid obstacle and the number of
random nodes generated around it. The irregular path sampling is shown in black lines. As we can
see that the path between nodes nl to n6, n8 to n12 are safe, so nl to n6 and n8 to n12 can be
directly connected and they are shown in the red line. The comparison impact prior to and

following trimming is seen in the next segment.

nl

nl2

"3 nll

nS

n/

n&

Figure 3. 5 Pruning Principle
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Algorithm 3: RE-RRT* algorithm.

1. Input: Xini¢e » Ynew, N, Imp

2. Output: Tree T =(V, E)

3. Ve=Xinit , B0

4. Ax A (xinit' xgoal)/n

5. Ay = (ygoal - yinit)/n

6. plot ( Xinit , Yinie

7. Xpear < Xinit

8. YVpear ¥ Vinit

9. Forl=2:10

10. Xnew < ( Xnear = Ax);

11. If _collision checking (Xnew, Xnear. IMP)
Break else

12. Plot (X, ) end

13. % If the obstacle area

14. Fori=1....... N do

15. Xrana < random sampling (i)

16. V—Xnear

17. Xnew < Steer (Xpear » Xrana )

18. If collision checking (Xnew , Xnear» IMp)
% free of obstacle
V< VU{ Xnew}
Xnear < Near (T, Xnew r);
chooseParent (X,.cqr) Xnews E) ;
Rewiring (Xnear» Xnew: E )
end; End

19. % If cross the obstacle area

20 Xnewl « XTLEW 1

21. Al = (Xnewl * Xgoal )/n

22, plot X, o1

23. if Xpew1 € Xgoq: then

24, Success ();

25. End

Figure 3. 6. RE-RRT* algorithm

Figure 3.6 shows the RE-RRT* algorithm’s steps. To speed up the convergence rate of the vehicle,
two main improvements which we discussed in section 3.2.1 are clearly mentioned in figure 3.6.
This is the complete pseudo-code for robust and efficient Rapidly-Exploring Random Tree Star
(RE-RRT?).

Figure 3.7 is a schematic representation of the Robust and Efficient Rapidly Exploring Random

Tree Star (RE-RRT*) method flow chart. It entails the following steps: It starts from the initial
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points and then checks the direction towards the goal position. Nodes will be added in a straight

line. Moves step one by one. When there would be an obstacle on the way, random nodes will be

generated around the obstacle until the vehicle reaches the goal position. Besides this, it also checks

the neighbour nodes and updates the shortest nodes by deleting the previous ones.

Generate random
nodes across the
obstacle

Find the nearest

Check the direction
toward the goal
position

.

Add nodes in
straight line toward
the goal position

=

Move step one by

one

YES NO
Further add new
nodes toward the

goal position

A small distance

NO

from the target
position
——

<
|

neighbour in the
growth direction

YES

Figure 3. 7. Flow chart of RE-RRT* algorithm
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Chapter #4
IMPLEMENTATION

Chapter provides implementation details of our suggested framework. Section 4.1 gives the detail
of the tools and languages used. 4.2 gives the overview of implementation of our proposed method.

4.1 TOOLS AND LANGUAGES

Based on the proposed algorithm, a complete framework of Robust and Efficient Rapidly Exploring
Random Tree star (RE-RRT*) is implemented on software simulation using MATLAB 2022
language. The input of RE-RRT* is a grid map of 800 x 800 including different shapes of obstacle
on the way. The output will be the optimal path tracked by the RE-RRT* based on Euclidean
distance and neighbour check process as we discussed in previous chapter.

The process is summarized as follow:

e A grid map of 800 x 800, initial, and final points, delta distance and maximum iteration are
given as an input, and we get an optimal path for vehicle by rapidly exploring random tree
method.

e First of all, our vehicle is at its initial position x;,;; and will start moving toward the goal
position in straight line until an obstacle hit the path.

e On each iteration our vehicle checks either its obstacle area or not.

e |If it is obstacle area, then this is the area from where the random tree generates and ends
until it crosses the obstacle area.

e At that point, the random sampling and node generation process would stop and from that
point, let’s say x,., t0 goal position, straight line nodes will generate, and our vehicle
follow that path.

e As RE-RRT* processes are entirely automated, no manual involvement is needed.

We depict both a high-level and a low-level view of the suggested technique in section 3. The
RE-RRT™* is the proposed methodology we present in chapter 3 and its steps are summarized in
Diagram 3.6. In the sections that follow, these steps of the procedure are explained in more
detail. Figure 4-1 shows the 2-input grid map which we used to implement all the process of

RE-RRT*.
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Figure4. 1: Grid maps including solid obstacles.

4.2 Line Equation and RRT*

First of all, we imported the map to our MATLAB code and consider one obstacle in its way. We
want our vehicle to move straight from initial to final position. Also, we wanted to remove

unnecessary sampling from the path. The resultant output is shown in figure 4.2.

100 { ¥
200 1 *
300 1

E 400 4
o

500 -

600 A

700 A

800

0 200 400 600 800
cm

Figure4. 2. Result by line equation
The green dot is our starting point and red dot is our goal position. We used line equation to make
our vehicle move in straight line from start to goal position, The blue line indicates the path

followed by our vehicle. But the problem with this solution is that this algorithm does not check the
obstacle area and pass directly towards the final position. This output is not like what we are
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looking for. To cater this problem, we introduce collision detection check at every iteration just like
RRT* does.

Moreover, we also introduce RRT sampling search only across the obstacle and our algorithm is
working very well when we merge line equation with RRT sampling search across the obstacle. In
this way we limit the unnecessary search over the whole area. By introducing collision detection
check, we are capable to detect any solid obstacle in the path of our vehicle. And at the end we
successfully track a smooth path which has optimal cost. We did a lot of experiments to achieve the

desired goal. We will discuss the outputs of different scenarios in the upcoming chapter.
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Chapter #5

Validations

This section uses various experiments to demonstrate the adaptability of the suggested
framework. Section 5.1 discusses the hyper parameters used as an input. Section 5.2 discusses
the results obtained by the RE-RRT™* for different environment. Results of scenario I, Il and 111

are in detail discussed in sections 5.2.1, 5.2.2 and 5.2.3.
5.1 Hyper Parameters

In this research, MATLAB R2022a is utilized for the simulation experiment, and the size of the
experimental map is 800 x 800. There are various obstacles throughout the map. The
vehicle navigates the obstacles as it goes from the beginning position to the destination location.

Table | displays the algorithm's parameter settings.

Hyper Parameters Values
Size of image 800 x 800
Start Point (50,200)
Goal Point (600,700)
Segments on the line 10-15
Radius for neighbour node 30.0
Expansion step 30.0
Max Iteration 1000
Update time 50.0
Delay time 0.0

Table5. 1: The hyper parameters setting of RE-RRT*

We include obstacles in the map to test the performance of RF-RRT* in complicated spaces.
Several tests are carried out to assess the performance of the suggested method, and we
eventually compared the outcomes between RRT, RRT* and RE-RRT™ in the next scenario. In

the section 5.2, we discussed the results of scenario I, I, and IlI.
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5.2 Results of RE-RRT*

We conduct a lot of experiments to get the desired output. In this section we show the two

typical scenarios including different obstacles.

5.2.1 RESULTS OF SCENARIO I

(b) RRT*
RE-RRT*
O 1
100 -
N -
300 - .
E 400 - ”
500
600 1
700 1
800
0 200 400 600 800
cm
(c) RE-RRT*

Figureb. 1. Output of first simulated environment with several barriers inside.

(a) Basic RRT approach. (b) The RRT* approach. (c) The Suggested RE-RRT* approach
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Fig 5.1. shows the schematic representation of simulated environment 1 with obstacles of
different shapes. Fig 5.1. (a) shows the result of RRT where the blue lines show the random
sampling over the whole map. The one green irregular line shows the path tracked by the RRT
approach which is not smooth. Fig 5.1 (b) shows the result of RRT* approach, the improved
version of the RRT method. The red lines show the rewired sampling. It generates a smooth path
than RRT, but it takes a lot of time to execute the result because the sampling space is over the
whole map. Fig 5.1 (c) shows the result of the suggested method RE- RRT* algorithm. This is
the improved method of RRT* algorithm. We can see clearly in this picture how this method
limits the random sampling and improve the execution time by 80% faster than RRT and RRT*
by limiting the sampling space only around the obstacle. As our vehicle started moving straight
from the initial towards the final position. When it reached the obstacle area, the RRT* algorithm
is used to track the best route to pass the obstacle and after tracking the path the vehicle moves in
a straight Line towards the goal position. Thereby this method avoids a lot of unnecessary

searches and speeds up the convergence rate.

Scenario Total Distance Delete Angle Execution time
Count/No of Index (9)
Sampling (m) B
RRT 752 408 0 0.19 26
RRT* 738 256 270 -0.9 The first result in 22 sec
Pruned output takes 3-
4min
RE-RRT* 282 241 66 -1.2 11

Table5. 2. The main evaluation indicators of RRT, RRT* and RE-RRT* path planning results of
scenario 1

Observing table 5.2, the number of samplings, distance, delete index, angle of curvature and
execution time are shown. As | discussed earlier that our focus is on execution time. By
comparing the results shown in this table, we can see that how much we minimize the execution

time from 26 sec to 11 sec. As we know that the result of RRT* took 3 to 4 min to execute but
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our proposed algorithm took only 11 sec to reach to the goal position by limiting the random

sampling on the whole area.

5.2.2 RESULTS OF SCENARIO 11
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Figure5. 2: Schematic representation of simulated scenario 2 with several obstacles.

(@) The RRT* approach. (b) The Suggested RE-RRT* approach

Figure 5.2 shows the schematic representation of simulated scenario 2 with different obstacles.
As we can clearly see the difference between the results of RRT* and RE-RRT* environment.
The basic RRT takes 26 sec to converge toward the goal position, while our proposed RE-RRT*
method takes only 11 sec to converge to the goal position using the same parameters. In RRT*,
the nodes are generated randomly over the whole map, and it checks every node whether the
node is optimal or not. So, this process makes the system slow and increases the convergence
time to meet the desired goal. On the other hand, RE-RRT* minimize the convergence rate even
in a complex scenario to meet the desired goal by limiting random sampling only across the
obstacles. Also, it reduces the number of turns by the pruning process. Table 5.3 shows the main

evaluation indicators of RRT* and RE-RRT* path planning results of scenario 2.
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Scenario Total Distance Delete Angle Execution time
Count/No of Index (9)
Sampling i )
RRT* 193 98 18 1.04 The first result in 22
sec

Pruned output takes 3-4
min

RE-RRT* 76 o4 3 0.6 11sec

Table5. 3: The main evaluation indicators of RRT* and RE-RRT* path planning results of scenario 2

Table 5-2, and 5-3 show the detailed results of the algorithm. With the help of tables, we can
easily interpret that our suggested approach RE-RRT* is way much better than the previous
algorithm. The no of sampling in RRT* is 193 because it covers whole space and 76 in the case
of RE-RRT* because we restricted the unlimited sampling. Deleted index in the case of RRT* is
18 and for RE-RRT* is 3. The first result takes 22 sec and final result takes 3 to 4 min to execute
in the case of RRT*. On the other hand, our proposed algorithm RE-RRT* takes only 11 to 12
sec to converge to the final position.
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5.2.3 RESULTS OF SCENARIO 111
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(a) (b)
Figure 5.3: Schematic representation of simulated scenario 3 with narrow obstacles.

(a) The RRT* approach. (b) The Suggested RE-RRT* approach

Scenario Total Distance Delete Angle Execution time
Count/No of Index (9)
Sampling (m) B
RRT* 193 98 20 1.04 The first result in 22
sec

Pruned output takes 1-2
min

RE-RRT* 80 61 6 0.6 11sec

Table5. 4: The main evaluation indicators of RRT* and RE-RRT* path planning results of scenario 3
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The basic RRT* takes 22 sec to converge toward the goal position, while our proposed RE-

RRT* method takes only 11 sec to converge to the goal position using the same parameters

5.3 Graphical Representation of Scenarios I, 11 and 111
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A thorough explanation of the planned study project is provided in sub-Section 6.1, and the

research's limitations are covered in sub-Section 6.2.

6.1 Discussion

This article describes a revolutionary framework for creating an automatic route free of obstacles
from a beginning point to a desired position. The feasibility of the proposed framework is
evaluated through the different map with unique solid obstacles. Previously, the work has been
done on autonomous vehicles using the basic RRT and RRT* method which discover the optimal
path and generate an infinite number of nodes. In our approach, we used the advance form of
RRT* that is RE-RRT* (Robust and Efficient Rapidly Exploring Random Tree star). RE-RRT*
limits the unlimited searches and comes up with the best optimal path in a few seconds. The
findings, which are presented in Tables 5-2, 5-3 and 5.4, demonstrate that the suggested
framework may produce an optimal path with fewer networks and convergence to the final stage
in a short amount of time. We target different maps with solid obstacles for our results. Every

scenario has different outputs according to the map and obstacles on the way.

The goal is to demonstrate the efficacy of the proposed framework, which is accomplished fairly
through given scenario. In this regard, the RRT algorithm’s explanation is freely available for
further evaluation using different scenario. The suggested framework's greatest benefit is its
ability to address many types of barriers without any driver usage, it is fully automatic. Once you
enter your map with stating and final position, our algorithm will work on finding the optimal
path on back end within few seconds. You don’t need to wait a lot just like RRT*. Once it done
in finding the optimal path, our vehicle will start moving from starting point to goal position
without any interruption of any kind of obstacles. The RE-RRT* has indeed been found to
provide more precision in comparison to RRT, RRT*, and improved Bi-RRT*.

The suggested approach is an important step towards automated vehicles in finding an obstacle
free optimal path using even complex scenarios. The suggested architecture has many
advantages for both commercial heavy vehicles and private use. In particularly, the suggested
framework aids in developing the appropriate approach at the appropriate moment at a less
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expensive price. It yields a positive result, and validation demonstrates that it will greatly assist
drivers and passengers. The main advantage of the suggested structure is that it drastically cuts
down on journey time of the path as it automatically generated feasible path in few seconds.

The suggested structure is quite expandable and can accommodate more improvements as

needed.
6.2 Limitations

By concentrating on the various types of maps with only static obstacles, we merely offer the
skeleton of the suggested framework in this article. In this regard, the proposed framework
currently lacks with dynamic obstacles. We believe that such lacking distractors notions can be
simply added into the proposed approach by using the methodological approach (Section 3) and

practical technique offered (Section 3).
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To increase the speed and stability of determining the best path, we proposedthe RE-
RRT* algorithm, a novel RRT-based path planning technique. As a result, enhancements were made
to random sampling is limited, which helps to avoid searching over the entire space. To increase
the effectiveness of path planning even further, we developed the collision detection algorithm. The
suggested RE-RRT* method has significant speed and stability improvements over the RRT and
RRT* algorithms. For instance, as compared to the RRT method, the RE-RRT* algorithm
dramatically decreased the variation and overall searching duration for discovering a true path. At the
same time, RE-RRT* is much faster than RRT* in terms of searching for a path that is close to
optimum. As a result, our RE-RRT* method shows excellent promise in real-world motion planning
applications. The simulation results in MATLAB 2022a showed that the algorithm has a fast
convergence speed. Future efforts will concentrate on accelerating planning and adding more
testing scenarios.

Thereby this method avoids a lot of unnecessary searches and speeds up the convergence rate.
The basic RRT takes 26 sec to converge toward the goal position, while our proposed RE-RRT*
method takes only 11 sec to converge to the goal position using the same parameters.

The findings lead to the following conclusions:

» The high precision RE-RRT* technique produced encouraging outcomes for the real-time

environment.

* Proposed approach provides the fast and easiest way to generate optimal path
automatically that benefit the driver in real-time environment. Vehicles can easily

generate the path by taking only a few seconds using RE-RRT* algorithm.

* Not even industrial vehicles but everyone including paralyzed peoples can also get
benefit by using these automatic vehicles to visit different location by their own.
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The evaluation's findings demonstrate that the suggested approachis able to generate an
optimally priced, obstacle-free path with excellent accuracy. As a result, the suggested system
represents an important step towards automating path generation. This leads to several benefits

for every citizen.

The suggested structure can be greatly expanded for future improvements. There's still an
opportunity to enhance these criteria to provide the ideal path for moving cars, even though the
RE-RRT* technique is effective in extracting the low-cost path. Future efforts will concentrate
on accelerating planning and adding more testing scenarios.

The proposed framework currently lacks with dynamic obstacles. So, in future the researcher
can do the same work of finding the optimal obstacle free path with the help of different

scenarios for dynamic environment.
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