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Abstract

Autonomous robotic systems are being used more and more in the last years, in many
applications such as delivery, search and rescue, transport, and others. Each application has its
unique characteristics, thus different solutions are needed. One of the most important aspects
of autonomous systems is path planning. In this thesis, different path planning algorithms such
as A*, RRT, PRM and APF are explained and compared by doing a comparative quantitive
case study on a map of the campus of the University of Thessaly and concluded on the strength
and weaknesses that each one posse. Finally, the best-suited algorithm is proposed to be used

for an in-house robot that may be developed at the university which is PRM.
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Emprénov Kabnynmg: Ap. Kovotavtivog Apmovvidlag,
Avaminpomc Kadnynme Zvotmudtov EAéyyov

Iepiinyn

Ta aVTOVOUO POUTOTIKG GUGTHUATO YPNCUYLOTOOVVIOL OO KOl TEPIGCOTEPO T, TEAELTALN
YPOVIO, GE TOAAEC EQAPLOYEC OTTMG TNV OLOVOUT), TNV £PELVA KOl S1AOMOT, TIG LETAPOPES KoL
TOALEG GALeG. KOs epappoyn £xet o S1Kd LOVOSIKE YOpOKTNPIGTIKA KO Yo avTo ypetdlovtal
SapopeTIKEG AoelC. 'Evag amd Toug mo onUovTIKoUG TOUEIS VOl 0 OYEOIOGLOC S10OPOUNG. X
auT| TV OMAOUOTIKY €ENyobvTal Kol oLykpivovtal Oudpopot aAyopiBpol GyedacoD
dwdpounc 6mwg A*, RRT ,PRM, ko APF kan yivete éva meipapo Tave yaptn Tov TpoavAoL
TOV TTOVETIGTNUIOV OeGGOA0C TOV KATAANYEL GTO, TAEOVEKTLLOTO, KO T LELOVEKTILLOTOL TTOV
&xer o xabévag. Kietvovtag mpoteivete o mo taplactog adyoptOpog yua éva poundt 1o omoio

umopet va dnovpynOel oto mavemoto kot ivar o PRM.

AEEa1G-KAEWOLA: Xyedloopog dtadpouns, Lxedlacuds kivnong, Avtdévoua pourot , A*, RRT
,PRM, APF
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1 Introduction

1.1 Motivation

Robotics in the last years are having exponential growth in production and use. As
algorithms progress and computational power increases robots are becoming smarter by the day
which results in increased use in all sectors of life. While mechanically robots have remained
the same or with small improvements for the last years, their intelligence had seen massive
changes. Artificial intelligence allows robots to become more autonomous and less dependent
on human intervention.

That’s why robots as they become more autonomous, they have to be also more reliable.
Path planning is a big part of it and at the same time one of the most challenging because there
is never one fit solution. Path planning selection can be a quite difficult task.

The goal of this thesis is to do a quantitative comparative study on four path planning
algorithms such as A*, RRT, PRM and APF and compare their performance on a map that
represents the University of Thessaly campus which is located in Pedion Areos. Then conclude

on which algorithm is the best for use in a possible in-house-produced robot.
1.2 Thesis organization

This thesis is divided into five chapters:

In Chapter 1 an introduction on what is a robot is covered and the main information that is
needed to proceed in the next chapters

In Chapter 2 a literature review is being presented that explains what type of path planning
algorithms exist and how they are classified

In Chapter 3 the creation of the map is explained and all the path planning algorithms that
are used in this thesis

In Chapter 4 the application of the previously explained algorithms is shown with a detailed
explanation of the results

In Chapter 5 which is the final, all the results are being compared and a proposal is made for

which is the best-suited algorithm



1.3 Robot system procedures

When human walking is analyzed, a clear pattern occurs. First, it uses its eyes to see the
environment, the nose to smell it, the feet, or hands to feel it and the ear to hear it. These are
the sensors needed to collect all the possible data and then fuse it together to decide the state
that is currently in. This is called perception. This is the first important step for the human to
help him to walk. When the state Is decided then the next step is to decide how to proceed to
achieve its goal. For example, if a human wants to walk from the bedroom of the house to the
kitchen, he needs to consider the map that he is remembering of his house and plan its route
optimally. Sometimes it needs to go straight to the goal or to do a subgoal before reaching its
destination. Every occasion is different and depends on a lot of factors. When humans want to
go as fast as possible without covering unnecessary distances, they calculate the optimal path
in their minds before starting. This is what called planning. When the path to the goal is decided,
the human must walk to reach its destination otherwise the goal is unachievable. To do this
human uses its feet one at a time to cover the distance needed to complete the path. This is
called action. Now that the three main phases are explained the problem can be seen
dynamically. The human senses his environment and his deciding its state or otherwise called
in this case localizing. Then uses his mind with his memory to decide the best possible path
that needs to be taken to reach the goal and then start walking toward it. But as the human is
walking the state is subject to change and it needs to be assessed again. Then the planning may
also be subject to change if the state forces the plan to change because of unexpected changes
to the environment. And walking is not always precise to the point so the action may need
correction to correctly follow the path. All this is in a constant loop until the desired goal is
met. This procedure is what all robots use with sensors for perception, microprocessors, and

memory for planning, and motors for action.

Robot state Plan of actions

|->Perception > Planning > Action —‘

Environmt state

Figure 1.1 Path for action (Caron, 2016)

One of the most used sensors used for perception in robotics is the light detection and ranging

sensor (LIDAR). LIiDAR uses laser beams that are safe for the eyes to help the computer and



the robot to see the 3d environment and have an accurate representation of the world. In a
typical lidar sensor, the surroundings are impacted by pulsed light pulses. These pulses return
to the sensor after bouncing off nearby objects. The sensor determines the distance traveled by
each pulse by measuring the time it takes for it to return to the sensor. A precise, real-time 3D
map of the environment is produced by repeating this procedure millions of times per second.
A point cloud is a name given to this 3D map. The lidar point cloud can be used by an onboard

computer for secure navigation. Below an open-sourced robot is analyzed as an example

Figure 1.2 A lidar sensor in the left and in the right the result taken from lidar

(Velodyne Lidar, 2018)

TurtleBot3 example

TurtleBot3 is a small, cheap, programmable mobile robot that is open-sourced for use in
education, research, hobby, and product prototyping. The goal of the turtleBot 3 is to be
accessible to anyone who wants to apply or improve its robotics skills while testing in a real-
world environment. Because it is also modular, different sensors and microprocessors are

available to be used.



TuvﬂeBo’B Wafﬂe Pi 360° LiDAR for SLAM & Navigation

Single Board Computer
(Raspberry Pi)

Scalable Structure

Raspberry Pi Camera
for Perception

OpenCR
(32-bit ARM Cortex®-M7)

Bluetooth Module
for Remote Controller

DYNAMIXEL x 2 for Wheels

Sprocket Wheels for Tire and Caterpillar

Li-Po Battery

Figure 1.3 Diagram that demonstrates Turtlebot 3 and its components (Robotis, 2015)

For the perception phase, the following sensors are used 360 LiDAR for SLAM and navigation,
Camera, and IMU but because each sensor provides different data, a fusion technique has to be
applied to make the data usable. Then for the planning phase, it has a Raspberry Pi 4. It is a
single-board computer with electronic gates to get the data from the sensors and provide action
to the actuators. Finally, the motors DYNAMIXEL (XL430-W250-T) are used for the action
which is moving the robot from one place to another. While this is a simple and cheap example
most robots use these parts. What changes are the specification of the parts depending on the
requirements of the mission that the robot needs to handle. While the parts are mostly the same
there is one thing that can change dramatically from one robot to another. Many claim that are
the most important factor of all, the software. If you take two mechanically same robots with
just different software, it is possible to make one work like a kid’s toy and the other like a state-

of-the-art machine. That’s why algorithms used in robots are crucial for their capabilities.
1.4 Wheeled mobile robots categories

As mentioned by (Lynch & Park, 2017) wheeled mobile robots are separated into two types,
which are omnidirectional and Non-holonomic. Omnidirectional robots can move in any
straight way possible on a plane, while non-holonomic cannot move sideways and they have
constraints on the way they can move due to their wheels. To determine if the robot is

omnidirectional or nonholonomic, the design of the wheels is decisive. Nonholonomic robots



use the conventional wheels that are used everywhere (e.g. car wheels): The wheel rotation axle
is parallel to the ground and if it needs to be steered it is changing the rotation axle degree but
staying parallel to the ground and not slipping sideways. The omnidirectional robots wheeled
robots usually use omniwheels or mecanum wheels. These wheels are only driven forward and
backward, and they do not steer, because of their design it is possible to slip sideways which is
used instead of turning with the conventional method. The omniwheels use rollers that are
aligned straight and mecanum wheels rollers have some amount of tilt. While the
omnidirectional robots may seem the best choice because of the moving capabilities they can
only work best on flat and hard ground.

The category of the robot influence directly the selection of the algorithms used for planning
and control and that’s why when wheels are decided also the selection of algorithms that the
robot can work with is changing. While some path planning algorithms are used in both
omnidirectional and nonholonomic robots, a lot of other path planning algorithms can’t work

with the differential constraints that the convectional wheels have.

Figure 1.4 (Left) Conventional wheel, (Center) Omniwheel, (Right) Mecanum
wheel (Lynch & Park, 2017)

1.5 Real-world mobile robot applications

As mentioned by (Wikipedia contributors, 2022) An Estonian startup called Starship
Technologies is working on automated delivery robots. The company has its main office in San
Francisco, California, and has engineering facilities in Helsinki, Finland, and Tallinn,
Estonia. Additionally, Starship maintains offices in Mountain View, California, Washington,

DC, Germany, and London, UK. Starship received up to $100 million in funding in January



and February 2022 from the European Investment Bank and venture capitalists. This money
will be used for R&D and to add 1,700 more robots to the company's fleet. Since its founding

in 2014, the company has raised over $202 million.

Figure 1.5 Starship robot doing the delivery (Insider, 2021)

Starship creates and manages last-mile delivery robots. These robots are electrically
powered, and they don’t use the road only the sidewalk at a speed like pedestrians, which is a
max speed of 6 km/h (3.7 mph). It is only used for short-delivery ranges and while it is
autonomous, in case of emergency a remote operator can take the control of the robot, to assist
it to get back on track. By having this option, the downtime of the robots reduces significantly.
The robot uses computer vision and image processing to detect edges and mapping techniques
to decide if the terrain is accessible to navigate. The weight of the robot is 25 kg and can carry
up to 9.1 kg of food delivery. Robots' average battery life is around 18 hours, and the robot can
travel on average each day around 40 km. The sensors that the robot is carrying are ultrasonic
sensors, radar, cameras, GPS, IMU, and possibly some more. The interesting fact is that no
lidar sensor is present.

Speakers are present on the robots to be able to communicate with the humans when needed.
Usually, the orders take place through mobile apps on 10S and Android devices. When the
robot arrives, the client is notified from the app, and to be able to receive the package the client
must verify its identity through biometric security. The service was trialed in more than 100
cities and 20 nations before going into operation commercially. The corporation has operations
in Germany, Finland, Estonia, the United States, and the United Kingdom. Starship will start
concentrating heavily on providing delivery services on college campuses in 2019. With the

aim of reaching one million students, it has announced intentions to expand its service to 100



college campuses in the US. In order to aid with the delivery driver shortage during the COVID-
19 epidemic, Starship increased the amount of grocery delivery robots employed in both the
UK and the US.

Starship claims that its robots are “powered by zero-carbon electricity, and for the average
delivery the electricity that is used as much as boiling a cup of tea”. Research was carried out
by Starship Technologies and Milton Keynes Council to evaluate the effects of zero-emission
robots in cities over a period of three and a half years. The study report states that the Starship
fleet has avoided 280,000 automobile trips and more than 500,000 miles of car travel, saving
137 tons of CO2 and 22 kg of NOx throughout the course of the study.

1.6 Global and local Planning

Path planning is considered one of the most important research problems in robotics that a
robotics engineer has to solve. A great deal of problems is solved by choosing an appropriate
path planning algorithm. It has been used to direct the robot toward a specific objective from a
simple trajectory planning to a complicated sequence of actions. Since a priori knowledge of
the global environment is not always available, path planning cannot always be created in
advance. Path planning can be used in partially organized and unstructured situations by
presenting a suitable method. In order to keep the robot moving from the start location to the
goal location through various intermediate stages, a proper trajectory is constructed that is
covering all the in-between locations. Every choice made by path planning algorithms is
determined by the information that is currently accessible, as well as by other factors such as
the Euclidean distance computation's calculation of the shortest distance to the target point.
From the start state to the target location, there may be more than one path. However, there are
several circumstances where there is no way to get to the goal location. For better results, the
best path must travel the fewest distances, be free of obstacles and collisions, and take the least
amount of time to arrive at the desired state. The chosen trajectory must also be smooth and
devoid of sharp twists because a robot may be subject to a variety of motion restrictions, like
the nonholonomic condition (Klancar et al., 2017). According to (Hoy et al., 2014) path
planning can be divided into two categories. The first is global path planning. In this case, the
environment is static, and the control design considers global information that is known a priori.

This strategy costs a lot to deploy but has received a lot of attention in the literature so far. The
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second method is local path planning, in which the robot's movement generates the path based

on information from its sensors. In order to react to a new environment, the robot needs to

generate a new path. Although the design of this system is more complex, it is more practical.

In a path planning algorithm, there are four primary factors that must be (Teleweck &

Chandrasekaran, 2019). Optimizing is the first. This criterion guarantees that the chosen

solution is the best in terms of distance, time, cost, and other factors. The second requirement

is completeness, which guarantees that the path planning algorithm will provide a solution if it

is feasible. The next is precision and accuracy. To move from the origin to the destination state,

this criterion is essential. The execution time is the final requirement. Because robots are real-

time systems the time needed for computing is very limited for practical uses.

Path Planning

Global Planning

Local Planning

L APF can also be consider a local planning algorithm

Figure 1.6 Path planning global and local classification
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2 Literature review

When mobile robots gain autonomous capabilities, they become more useful. It enables the
removal of human operators, which may be advantageous from an economic and safety
standpoint. To create autonomy most of the time path planning algorithms need to be selected
and implemented to make the robot move correctly from a start point to an end goal. Because
of the vast selection of path planning algorithms that are available in literature many can find
this task challenging.

The four path planning categories are discussed below in Figure 2.1, with each category
broken down into two subcategories. This classification is based on the underlying ideas and
methods that create and return a path. Later a more in-depth explanation of these categories and

the reason behind their arrangement will be presented.
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Figure 2.1 Path planning categorization (Sanchez-1bariez et al., 2021)



The following classification is based on how algorithms work. Many literature reviews split
it into two main categories as stated by (Sanchez-lbafez et al., 2021). Which is, if the
environment is static or dynamic. When the environment is static the map does not change when
time passes. On the other hand, in case the map changes its path in real-time, it is considered as
dynamic. The second biggest classification is the one discussed above. Global and local
planning. The global planning is usually associated with offline planning and local with online
planning. One issue with this classification is that some algorithms are considered both local
and global algorithms (e.g. APF). A reactive computing algorithm is best used in local planning,
but it is possible also to be used in global planning. Another classification by (Vagale et al.,
2021) is between classic algorithms which require a complete map beforehand to work. Such
classic algorithms usually are graph search algorithms. The other is Advanced which contains
sampling-based algorithms and soft computing. (SOUISSI et al., 2013) offers a number of
distinct and logical path planning classifications. When the robot model is the main aspect path
planning algorithms are classified to (non-holonomic, holonomic, kinodynamic). When the
map is the main aspect (required or not required before the planning). When replanning is the
main aspect offline or online. Finally, the last classification proposes is when the algorithm

provides always the same solution and it is divided into deterministic and probabilistic.

2.1 Modelling of workspace in path planning

Information about the environment should be fed in the path planner. It can be either the
obstacles that are in the environment or features of the surface that are important for the
planning. For example, the minimum distance may not be the primary factor. It can be the
minimization of the energy that the robot needs to complete the mission based on the terrain or
the wind. This type of optimization was very important for the mars rover because of the limited

energy that it had available.
2.2 Environment cell decomposition and roadmap graphs
Surface mobile robots traverse a specific area of space by driving from one location to

another. Therefore, it is important to think about how the path planner will handle this surface

and how the locomotion model will interact with it. For example, some algorithms need the
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creation of a graph that is a simplified view of the environment that the robot is moving. There
are many ways to build a graph.

This work (Sanchez-lbafiez et al., 2021) classifies it in Cell decomposition and roadmaps.

The first of these is dividing the surface into cells. Grids that are regular or irregular. Figure 2.2
a—c demonstrates how grid cells are shaped: squares, triangles, and hexagons can be used to
construct regular grids. Its key benefit is the straightforward indexation of each node, which
enables instant access to any of them and an efficient method of memory storage. But it is
possible to provide inferior pathways. Irregular grids, like the one shown in Figure 2.2 d, allow
for better adaptability of the grid to terrain features with varied values of resolution.
According to (Nash, 2013), other types of cell decomposition include navigation meshes and
circle-based waypoint graphs. Roadmaps are used to describe the environment in a different
way, as was already mentioned. A roadmap is a network composed of nodes connected by
edges. Each edge shows how to get from one state to another while each node represents a
potential state for the robot. Some examples of roadmaps include Visibility graphs, State-
Lattice graphs, and VVoronoi graphs (Figure 2.2e-f). When using Graph Search methods, like
(Likhachev & Ferguson, 2009) work, the latter method involves creating the edges based on
the motion constrains, ensuring that the final path is possible given the robot's mobility
limitations.

These graphs' cells or nodes can store information about the surface where they are located as
static or dynamic elements. For instance, this could be data about elevation. An electronic

elevation map (DEM).
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e
Figure 2.2 Elevation map (5 Free Global DEM Data Sources — Digital Elevation Models, 2022)
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Figure 2.3 Types of grids and roadmaps (Sanchez-Ibafiez et al., 2021)
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3 Methodology (Description of proposed Path

Planning algorithms)

3.1 Map creation

For this case study, the map of the university of Thessaly campus in Pedion Areos will be
used. The robot to get the grid map has two options, one is to explore the area completely at
least one time to be able to map the university campus, or the other one to load it on the robot
because it is known, in this case study the map will be extracted from the google maps using
the measuring tool provided in the maps.

To be able to perform the case study as simply as possible to compare the path planning
algorithm some assumptions and simplifications must be made. It will simplify the problem but

not change it.

Assumptions and simplifications:

The map is assumed that it does not have unreachable paths and what is presented on
the map as not a building is an area where the robot can move freely

e The difference in height in certain areas is not considered

e Buildings are simplified to rectangles and circles

e The distances have an error of + 1 meter

Map size: 108m * 212m

O
O

O

Figure 3.1 Google maps University of
Thessaly campus dimensions (Google, 2022)
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Buildings size and location

Mechanical engineering measurements:

goe!

Polytechnic 3 st Polytechnic
School, School
Iniversity University

of Thessaly.
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0

Figure 3.2 Google Maps measurements of
mechanical engineering building (Google, 2022)

The same methodology is being followed for measuring the other buildings of the
campus like Architecture engineering, Civil engineering, and Urban engineering and the

amphitheater.

The map will be a grid map with dimensions equal to the width and height in meters
and each grid point represents a square of area 1m”2. The free space will be represented with
zeros and the obstacles with ones. By placing ones in the right place of the matrix the shape of
the obstacle forms and then you have a grid map that can be used with path planning algorithms.

Below is an example with a rectangle obstacle in the centre.
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When the obstacle has the shape of a circle the equation of the circle can be used to find

which grid points are inside the obstacle and equal them with 1.

t=(x—-13)2+(y—13)2 < 112 (3.2)

I T T I T T T T T
20 40 60 80 100 120 140 160 180 200

Figure 3.3 Grid map created with zeros and ones

Graph and Trees

According to (Lynch & Park, 2017) frequently path planning algorithms explicitly or
implicitly represent the C-space as a graph. The graph is made with a number of nodes and
several edges that connect two nodes. The node represents a point in space and the edge a path
that connects the two nodes without passing through an obstacle or to have violated a constraint.

The graph it is possible to be directed or undirected. In a directed graph every edge is one-
way but two different edges can be present between nodes in opposite directions. In an

undirected graph, each edge is bidirectional.
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There are weighted and unweighted graphs. Every edge in a weighted graph has a cost that
corresponds to a positive number which represents something like meters or the cost of gas. In
an unweighted graph, each edge has the same cost so there is no reason to have weights for

each edge. For example, each edge has a cost of 1.
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Figure 3.4 (Left) Directed weighted graph (Center) Undirected weighted graph (Right) Directed
unweighted graph (Lynch & Park, 2017)

Graph search

When a search algorithm possesses the optimality property, it indicates that the path is
guaranteed to be the most optimal. When a search algorithm possesses the completeness
property, it guarantees that the algorithm will always discover the path. This is stated by (Roy,
2021)

3.2 A* search

One of the best search methods for locating the shortest path between graphs is A-star,
commonly known as A*. It uses information about path cost and heuristics to find the path.
That’s why it is also called an informed search algorithm. It is an optimal and complete
algorithm.

A* uses a formula each time it visits a node to find the cost related to that node and then

until the desired point is reached, it enters the node with the lowest value..

f) =gm) + h(n) (33)
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e g(n) is the distance that the node has from the starting point , by following the path
that the algorithm created until that step
e h(n) is the heuristic, which is the estimated distance from the node to the goal node

without taking into account obstacles.

That’s why heuristics are estimated guesses. As the algorithm doesn’t really know the exact
map before it calculates the g(n) cost. Many argue that A* falls into the category of artificial
intelligence because it is like a thinking brain.

To calculate distance and create a cost for each node there are two distinct ways. The
Manhattan distance which is going only in straight lines and the Euclidean which the diagonal

way is possible
Diannattan = 1%1 — x2| + [y1 — ¥l (3.4)

1
Deyciidgean = ((xl - x2)2 + (yl - :VZ)Z)E
(35)

By choosing the type of formula for the distance cost you also choose how the robot can

behave in the map. For example, if the Manhattan distance is chosen then the robot cannot move

diagonally. But if Euclidean distance is chosen then the robot can move diagonally.
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Table 3.1 A* pseudo code (GeeksforGeeks, 2022)

Algorithm: A*

1: Create the open list

2: Create the close list

3: Insert the starting node in the open list with f = 0

4: while the open list != empty do

5 find the node with min(f) in open list and make it q
6 Drop q from open list

7:  Create q eight successors and set their parents to q
8 for each successor

9: If successor == goal
10: stop search
11: else calculate g and h for successor
12: end if
13: if a node position == successor position is in the open list
14: which alower f than successor, ignore this successor
15: end if
16: if a node position == successor position is in the closed list which
17: was a lower f than a successor, ignore this successor,
18: else add the node to the open list
19: end if
20: end for

21: end while

Sampling methods

All grid-based methods give an optimal solution based on the discretization of the map. That
leads to increased computational complexity when the degree of freedom increases which
makes them almost useless for applications that have more degrees than R2. A different
approach for planners is sampling methods that use random or deterministic functions to select
a sample in the C-space or state-space as mentioned by (Lynch & Park, 2017). A function to
check if the sample that was created is in Xg,... . A function to find prior free-space samples in
the vicinity, and a basic local planner to link to or move toward the new sample. These routines
are used to create a graph or tree that represents the robot's possible moves. Sampling methods
in general they trade resolution accuracy of the solution to gain computational speed for finding
satisfying solutions. Most sampling procedures are probabilistically complete: as the number
of samples grows to infinity, the likelihood of discovering a solution, if one exists, approaches
100%.
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3.3 RRT

The basic RRT algorithm uses a single tree that is expanding toward the x,,, from the

Xstare While also avoiding the obstacles in the way.

Table 3.2 RRT pseudocode (Lynch & Park, 2017)

Algorithm: RRT

1: create search tree T with Xstart

2: While T < max(Tree size) do

3 Create Xsamp

4:  find Xnearest in the tree to Xsamp

5 Use a local planner to create a path from Xpearest t0 Xnew in
the direction of Xsamp

6 If path does not cross through an obstacle then
7: add xnew to the tree by creating and edge from Xnearest t0 Xnew
8 if Xnew == Xgoal then
9: return 0
10: end if
11:  endif

12: end while
13: return1
14: Find path with A*

Usually, the sampler at (line 3) chooses x ., Nearly uniformly distributed with a slight bias
towards the xg,4;. The Xyeqrese NOde Which is close to the search tree T (line 4) is the node
minimizing the Euclidean distance from x,,,;, . A simple local planner (straight line motion)
(line 5) finds a path that connects x,,0qrest 10 X0 - If the path does not cross any obstacle is
added to the search tree T. The total effect of the slight bias on the nearly uniform distribution
sample is that it pushed the tree towards them, resulting in fast exploring x,. .

The algorithms are adjustable in three main parts: how to sample from X, how to select the
“ nearest” node in T, and how to find the path to develop the tree towards the xg,,,. Even a
slight modification to the sampling method, for example, can result in a completely different
running time of the method. There are a big variety of planners based on RRT like: RRT* ,
Bidirectional RRT etc.

RRT*: An improved version of RRT which results in a more optimal path because of the

continues improvement of the tree
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Bidirectional RRT: A faster exploring tree starting from the start and the end point at the

same time and meeting at the middle

3.4 PRM

Before addressing any specific queries, the PRM employs sampling to create a roadmap
representation of Cy,.... The roadmap is an undirected graph, which means that any direction of
the edge can be taken by the robot. As a result, PRMs are most useful for kinematic issues in
which an accurate local planner can discover a path (not considering obstacles) from any g, to
any q,. The simplest example is when there is no kinematic constraints for the robot a straight
line planner is used.

After the undirected graph is completed, a g4+ NOde is added and connected with the
closest nodes in the graph. A similar approach is present with the q4,,, node. When the graph
is fully completed with the start and end node a graph search algorithm is used to find the most
optimal path. Typically, A* is used to find the path optimally and efficiently.

An important topic in PRM roadmap-construction algorithm is how to sample C¢,.., . The
most common is sampling in a uniform distribution on C and deleting samples that are in
obstacles. It is known that sampling more densely near the obstacles increases the possibility
to go through narrow passages which results in higher efficiency of the algorithm but it quite

complicated to implement. One more option is deterministic multi-resolution sampling.
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Table 3.3 PRM pseudocode (Lynch & Park, 2017)

Algorithm: PRM

1: fori=1,...,Ndo

2:  Create sample point q;

3: Insert sample point in roadmap list R

4: end for

5: fori=1,...,Ndo

6: N(qi) =]j closest neighbors of q;

7:  foreach q € N(q;) do

8 if path does not cross obstacle from q to qi
And no previous edge exist then

9: insert an edge from q to q; into roadmap R
10: end if
11:  endfor
12: end for

13: return Roadmap
14: Find path with A*

Figure 3.5 A roadmap in 2 dimensions (Lynch & Park, 2017)
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3.5 Artificial potential fields

Artificial potential fields are influenced from potential energy fields that exist in nature, like

gravitational and magnetic fields. A potential field P(q) defined over C produces a force

F = —Z—Z that pushes an object from high to low potential. If the gravitational potential field

is taken as an example with g = 9.81 m/s and an object with mass m at a height of h then the

potential energy is P(h) = mgh and results in an acting force which is F = —Z—Z = —mg. The

mass will plummet to the Earth's surface due to the force.

In robot path planning, the obstacles which are defined in the map are getting assigned a
high virtual potential and the q 4,4, a low virtual potential which results in a potential difference
and a force is created equivalent to the negative gradient of the artificial potential which is
pushing the robot into the goal and while avoiding the obstacles. The artificial potential field
differs from other planning algorithms that exist. Because the field’s gradient can be calculated
very fast It allows the planning to be calculated in real-time instead of calculating it in advance.
The approach can even deal with obstacles that move or appear unexpectedly if adequate
sensors are used.

The basic method has the issue of causing the robot to become stuck in a local minima that
is created even if the goal has a feasible path. Furthermore, two more problems arise from this
approach. First, when obstacles are too close to each other they tend to close the path due to the
overlapping negative potentials which result in an “unfeasible path” that in reality, the robot
can easily pass through. Second, when you have an obstacle next to the goal the repulsive
potential doesn’t allow the robot to reach its goal. These problems are under investigation with
many researchers trying to provide their solutions on the matter like this one is proposed here
(Yujiang & Huilin, 2017).
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Figure 3.6 Obstacle that creates a local minima on the left and two obstacles that they overlap in
the right (Triharminto et al., 2016)

Let's select a point robot in C-space. A q,,4, is applied in a quadratic potential energy “bowl”

with zero energy assigned at the goal,

Pgoal(Q) =K ”q - ngalllz (3-6)

where K is simply a constant scaling parameter.

The force created by the potential is

0P,ou
Fgoal(q) = _ﬁ =2x K(qgoal - q) (3.7)

an attractive force potential in proportion to the goal's distance.

The repulsive potential created by C — obstacle B can be calculated from the distance d(q, B)

to the obstacle

Pg(q) = (38)

2d?(q,B)

where k>0 is a scaling factor. Only for points outside the obstacle is the potential properly

defined d(q, B) > 0. The obstacle creates the following force
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(3.9)

The total potential is calculated by adding the attractive goal and repulsive obstacle potentials
together.

P(q) = Pyoui(q) + Z(Pm(q)) (3.10)

creating a total force of

F(CI) = Fgoal(CI) +ZFBi(Q) (3.11)

It is important to know that the combination of the attractive and the repulsive potential does
not guarantee that will result in a minimum (zero force) exactly at g4, -
Also, because the simple obstacle potential would normally provide unlimited potentials and

forces near the edges of obstacles, a maximum potential is tactic that is frequently used.

By using the simple obstacle potential, obstacles that are far away from the robot have also
influence. To eliminate this and add speed up the algorithm the distance is defined where if it

exceeded the obstacle will be ignored. A range of influence of the obstacles d,.4,, 4. > 0 so that

the potential is zero for all d(q, B) = d;gnge

1 1\
Up(q) = k(d(q,B)_dmnge> if d(q,B) < drange (3.12)

0 otherwise.

Gradient descent

Gradient descent is an iterative first-order optimization algorithm that is used to find the min
and the max of a function. It is widely used in mechanical engineering, control engineering and
computer games. Gradient descent has two strict limitations that must be taken into account.
The function needs to be differentiable and convex.

To calculate the gradient for a univariate function a simple first-order derivative is calculated

at the given point. If the function is multivariate then it is a vector of derivatives in all the axes.
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Figure 3.7 Gradient Descent example (Pandey, 2022)
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Figure 3.8 (Top left) The 2d grid map has three obstacles and goal point which is denoted a
+. (Top right) The summed attractive and repulsive potentials which results in this mountain like
view (Bottom left) A Contour plot of the potential (Bottom right) Force vector field (Lynch &
Park, 2017)

Table 3.4 APF pseudocode

Algorithm: Artificial Potential fields

1: While position != goal then

2 Determine distance from the obstacle
3 Measure distance from the goal

4: Calculate attractive potential

5: Calculate repulsive potential

6: Calculate total potential

7 Calculate Gradient
8: end
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4 Application/Case Study

For this thesis, the three scenarios will be studied:

1. On university campus with a starting point at (5,80) and a goal point at (118,45)

2. On university campus with a starting point at (160,90) and a goal point at (35,35)

3. On a simple map with a circle obstacle with a starting point at (5,80) and a goal
point at (200,20)

4. A special scenario in the university campus for APF in which local minima does

not occur, with a starting point at (5,80) and a goal point at (200,20)

The reason that a special scenario is created for APF is that no other starting point and goal
point can provide a feasible path due to reasons that will be explained later. The other
algorithms are not applied in this scenario because the APF although it works it does work as
it is intended to. The comparison happens in scenario 3 which APF can have acceptable results.

Scenario 2 and 3 results can be found in the appendix. Only scenario 1 will be compared

tottaly
4.1 Application of A*

As mentioned before A* has some factors that need to be decided. First, the distance
calculation needs to be chosen. Since the robot needs to move diagonally to have more options
in the grid map a Euclidean distance formula is chosen for the calculation of the cost for a
transfer from each node. Then by applying the A* on the grid map the following results are

obtained
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Figure 4.1 Scenario 1 A* path

Table 4.1 A* results

Scenario Path length [ m ] Time to process [ S ]
1 141.55 0.27
2 194.52 0.476
3 219.85 1.35

Advantages and Disadvantages of the method

One of the main advantages of the A star is that it will always provide the most optimal path
for a given start point and a goal point. By having this advantage, it provides confidence in a
robotics application that the path planning algorithm will provide the best possible path for the
given environment.

Another advantage is that A star except for providing the most optimal path also never fails
to execute due to the deterministic nature of the algorithm. That can be quite important in search
and rescue missions where robots need to always work properly.

While having these upsides it also has its disadvantages one of which is that the algorithm

is not able to replan fast without reconstructing the whole map. This is a big disadvantage when
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the environment is dynamic, and obstacles are moving. For this specific problem, a new
improved version of A star is there which is called D star. Where it can replan fast in dynamic
environments

One of the biggest disadvantages of A star and generally graph search methods is that they
are exponentially slower when the degrees of freedom are increased and when the griding needs
to be finer. That results in limiting the use of A star in high degree of freedom environments.

That’s where sampling methods are the best and preferred.

4.2 Application of RRT

RRT's fundamental idea is actually fairly simple. Random Points are created and connected
to the nearest node that is accessible. A verification that the vertex lies outside of an obstacle
must be done each time a vertex is generated. Chaining the vertex to its nearest neighbor must
also avoid obstacles, as well. When a node is produced within the goal region or a limit is
reached, the algorithm is finished. One of the most important parameters of the algorithm is
randomness which greatly affects the results.

When the randomness factor has a high value then the exploring of the map is more and that
allows the algorithm to be able to replan fast when needed by using the existing tree. That
comes with the computational cost of the initial exploration but with the reduced cost for
replanning. On the other hand, when the randomness factor has a low value the initial
exploration computational cost is low but with the expense of limited replanning capabilities.
In the following figure, it can be clearly seen the effect that the randomness factor has. Because
the method is not deterministic a statistical analysis is required to obtain the results in a

meaningful way.
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Figure 4.4 RRT path results

To acquire the path length and time to process off the algorithm, 100 runs will take place

and the mean and standard deviation will be calculated.

Table 4.2 RRT results

Scenario Path length [ m ] Time to process [ s ]
Mean 160.18 0.026
! Standard deviation 12.11 0.046
Mean 225.20 0.033
‘ Standard deviation 24.27 0.032
Mean 257.89 0.064
> Standard deviation 12.49 0.064
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Advantages and Disadvantages of the method

One of the most important advantages of the RRT algorithm is the low processing time to
process a path. Due to its probabilistic nature, the algorithm has a significantly reduced
computational cost which is one of the best of path planning algorithms.

It is worth mentioning that RRT can work exceptionally well in a high degree of freedom
environments compared to graph search algorithms. That’s why RRT and general sampling
methods are preferred when the degrees of freedom of the environment are high.

Although RRT has some drawbacks. The path that is produced from the algorithm is not
guaranteed that it will be optimal. This must be taken into consideration if the optimality of the
path is a top priority. RRT star is created to address this issue.

Due to the probabilistic nature of the algorithm, it is possible that sometimes will fail. It will
not be able to provide any path. That’s why for critical robotics missions this may not be the
best option
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4.3 Application of PRM

By applying the PRM algorithm that is presented above, a roadmap is created for the
proposed case studies. This will happen by choosing a number of 60 points to be sampled in
the free grid map and all nodes connect to all the other nodes that can create feasible
connections. A roadmap of 100 sample points will be shown also. Then A* algorithm computes

the optimal path. Because the method is not deterministic a statistical analysis is required to

obtain the results in a meaningful way.

PRM roadmap

Y [meters]

X [meters]

Figure 4.5 60 sample points on the map in pink

PRM roadmap
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Figure 4.6 Creation of the connections on 60 sample points (Roadmap)
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Figure 4.8 Optimal path of the algorithm calculated on 60 sample points

Statistical analysis of the results

To acquire the path length and time to process off the algorithm, 100 runs will take place

and the mean and standard deviation will be calculated.
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Table 4.3 PRM results

Scenario Path length [ m ] Time to process [ S ]
Mean 172.6 0.0608
' Standard deviation 19.6 0.02
Mean 221 0.065
‘ Standard deviation 11.6 0.0131
Mean 206.33 0.175
> Standard deviation 0.73 0.027

Advantages and Disadvantages of the method

One of the most important advantages of this method is that because is very simple and uses
sampling it can compute extremely fast which is making it able to run the algorithm in real-
time online on a robot.

The roadmap that is created by this method for a specific map that is static, allows the robot
to change easily the start point and goal point and calculate a new path extremely fast without
the need to rebuild a roadmap. That’s why this algorithm is very efficient when you need a lot
of replanning in the same map

On the other side when the map has a lot of narrow passages even with a very high number
of sample points it is possible that will not be able to find a path because of the collision
checking with the obstacles according to (Khokhar, 2021).

Another downside is that the algorithm is not always guaranteeing an optimal path which

may result in unnecessary movements of the robot
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Figure 4.9 Collision check example (Khokhar, 2021)

4.4 Application of Artificial Potential fields

To be able to apply this algorithm to the case study all the parameters should be decided to
give the best possible result given the environment. This is a highly complicated task because
many factors should be considered. Usually, there are two different methods to achieve that.
The first one is choosing parameter values by trial and error and adjusting accordingly based
on the results you get. The second method is to use optimization to decide the parameters of the
problem based on the constraints you have (Li et al., 2011). For this case study trial and error,
method is used.

The first parameter that will be selected to manipulate its value is K which is the scaling
factor of the attractive potential. By increasing this factor, you increase the slope of the potential
which results in greater “force” on the robot. By decreasing it you achieve exactly the opposite.
It may seem at a first glance that increasing the artificial potential as much as possible is a good
strategy but if the attractive potential is bigger than it should then it would lead to overcoming
the obstacle’s repulsive potential and leading to an unfeasible path. Furthermore, it can

introduce periodic phenomena which result in bad path smoothness.
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Figure 4.10 Attractive potential with K = 0.002
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Figure 4.11 Attractive potential with K = 0.000833

The next parameter that will be studied is k which is the scaling factor of the repulsive
potential. When this factor is increasing then also the repulsive potential increases that’s why
bigger values lead to ‘taller obstacles and smaller values lead to ‘shorter obstacles’. The main
goal here Is to find the most optimal value so the robot can move freely without having any
artificial problems. Firstly, it is very important to don’t make the value too small because that
leads to a very small repulsive potential which means that the obstacles don’t have the required
‘height’ to repel the robot and it can go through them as in the case with the highly attractive
potential factor. This should not lead to the conclusion that the factor should take very high
values because if the values are higher than the optimal then the path will lose its smoothness

due to the steeper slope that it will be created at the base of the obstacle.
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Repulsive Potential

Figure 4.12 Repulsive potential with k = 8000

Repulsive Potential

20

Figure 4.13 Repulsive potential with k = 2000

The last parameter that will be studied is the d,,,4. Which is the distance that affects the

width of the repulsive potential. By having large values means that the obstacle repulsive
potential will have a wider affect and while it may give a smoother path it is possible to overlap
the repulsive potential in a close gap area and block the entrance. By having small values, the
repulsive potential is steeper and if it is too steep the path it can have very bad smoothness. The
goal again is to find the optimal value that will result in a good path. The parameters that give

the best results for the given start and end goal after the trial and error procedure is :
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Table 4.4 Trial and error factors

K [0.002
k | 8000
drange | 1.07
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Figure 4.14 Gradient decent algorithm visualized with a ball rolling down
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Figure 4.15 Special Scenario APF extracted path
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Figure 4.16 APF extracted path with vector field and
— magnification on the jitteriness
Table 4.5 APF results
Scenario Path length [ m ] Time to process [ s ]
1 - -
2 - -
3 235 0.0246
Special 300 0.0243216
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Results discussion

The length of the path is quite long. This is a consequence of the jittering of the path near
the obstacles. To avoid local minima this jittering was necessary. If a smoothing algorithm is

being applied on the path, then it can be useful, but it will not be the most optimal.

Advantages and Disadvantages of the method

The computation time needed for this algorithm is neither fast nor slow, it is somewhere in
the middle. While the computation time is simply good the replanning capabilities of this
algorithm are its strong point. It can work well in dynamic environments but with a cost.

The algorithm do not provide the most optimal path. And often it can be trapped in what is
called local minima. That leads to the algorithm not being used now for real-life applications
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5 Conclusions

5.1 Discussion

Concluding with this thesis all the results from the case studies will be discussed and
analyzed. All the algorithms will be compared A*, RRT, PRM, and APF and the best one for
our needs will be proposed. Each algorithm will be commented on its path length, process time,
smoothness, and replanning capabilities. Below are the results, for scenario 1. They will be

presented in a stacked column graph:

Scenario 1: Path length

250
200
150
100

50

A* RRT PRM APF

B Mean Path length [m] B Std [m]

Figure 5.1 Scenario 1 Path length results

Scenario 1: Processing times

0.3
0.25
0.2
0.15
0.1

0.05

RRT PRM

W Mean Processing time [s]  ® Std [s]

APF
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Starting of APF the results that were not promising. The algorithm for scenario 1 was getting
stuck in a local minima and it could not provide a path. Then as expected A* gave the shortest
path of all 3 but with the longest process time. PRM and RRT had similar results in path length
and process time with a notable difference for the RRT processing time being almost half of
the PRM but with a higher standard deviation. Below are the results for scenario 2. They will

be presented in a stacked column graph:

Scenario 2 : Path length

300
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N
200
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0
A* RRT PRM APF
B Mean Path length [m]  ® Std [m]
Figure 5.2 Scenario 2 Path length results
Scenario 2: Processing times
0.5
0.45
0.4
0.35
0.3
0.25
0.2
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0.1
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RRT PRM

APF

B Mean Processing time [s]  ®Std [s]

Here there is similar pattern to scenario 1 where A* gives the shortest path and longest

process time. Also, APF does not conclude to a path. RRT and PRM are having again similar
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results in both metrics but RRT has less process time. Below are the results for scenario 3, will

be presented in a stacked column graph:

Scenario 3 : Path length
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Figure 5.3 Scenario 3 Path length results

Scenario 3: Processing times
1.6
1.4
1.2

0.8
0.6
0.4

0.2
) —_ ]

A* RRT PRM APF

B Mean Processing time [s] B Std [s]

For scenario 3 things have changed. Now A* and PRM have similar path lengths with a bit
shorter for PRM, and RRT has the longest path length with APF having a similar path length.
For the processing times, things have stayed the same with A* having the bigger process time
and RRT the shortest with PRM being a close second. Something that cannot be unnoticed is
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the extremely fast process time of APF which is faster than anything else. It shows that if APF
finds a modification that provides a solution to the local minima problem then it will be one the
best path planning algorithms.

Now to be able to conclude which algorithm is the best for our specific case study it is
necessary to take a look at the other two criteria that define the quality of the algorithm which
is smoothness and replanning capabilities. Below we can see a table that descrebie each

algorithm criterias for this case study.

Table 5.1 Criteria ranking for algorithms

(Ranking follow this order: Bad, Good, Great, Excellent)

A* RRT PRM APF
Path Length Excellent Good Great Good
Process time Bad Great Good to Great Excellent
Smoothness Excellent Good Great Bad?
Replanning Bad Good Great Excellent

As we can see no algorithm is perfect and each one has its strong points. By taking into
consideration all the criteria at the same time while being a good fit for our case, PRM is the
best-suited algorithm to be used on a robot at the university campus. It excels at nothing but is
great on almost all of them. Having an almost optimal path length, low process times, great

smoothness, and replanning capabilities it is making it a great choice for our case.

2 Generally, APF has one of the best smoothness on path planning algorithms when the parameters can take
the optimal values. In this case because obstacles were overlapping with the optimal values it was necessary to
choose non optimal parameters.
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5.2 Suggestions for further study

In this thesis the application of different path planning algorithms has been studied on a
static map with no moving obstacles. A possible future work is to test the replanning
capabilities of the algorithms that were mentioned above and see how the planning algorithm
reacts to unexpected changes.

All the planning here was analyzed on a global level which is good when you know the
map but also doesn’t take into consideration the small details that may appear along its path.
That’s where local planning ( Trajectory optimization ) is useful. That’s why trajectory
optimization could be studied next.

While planning is crucial to be able to plan it is needed for the robot to the surrounding
environment and to be able to localize where it is. This can be done with the method of
simultaneous localization and mapping ( SLAM ).

Finally, the robot has to determine with what speed and acceleration it has to move along
its path. Here is where control theory is important and PID or Model Predictive control (
MPC) needs to be studied further.

With everything above mentioned all the necessary part of the brain of the robot will be
almost ready for a real-life application of an in-house produced robot at University of

Thessaly.
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Software:

A brief description of the used software. «The development and execution of the algorithms
has taken place on my personal laptop MacBook Pro 2017. The specifications of the laptop
are the following:

- Processor: Dual-Core Intel Core i5CPU 2.3GHz,

- Memory: 8,00 GB,

- OS: macOS Monterey v12.6,

The software used was MATLAB R2019b with a foundation code of R. Kala (2014) Code for
Robot Path Planning and Robotics: Computational Motion Planning
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Appendix
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Figure 5.4 Scenario 2 A* path
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Figure 5.5 Scenario 3 A* path
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Figure 5.6 Scenario 2 PRM path (1 of the 100)
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Figure 5.7 Scenario 3 PRM roadmap
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Figure 5.8 Scenario 3 PRM path (1 of the 100)
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