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Chapter 1

Introduction

Path planning for mobile robots has attracted the attention of many researchers
over the past decade, as robots have started to play a vital role in industry and
our daily life. Path planning can be described as a navigation problem that a
robot has to undertake correctly to move from one configuration to another. It
is essential for a robot to perform this task effectively. There are three general
navigation problems: localisation, path planning, and motion control (Sariff
and Buniyamin, 2006). Given the map and a goal position, the path planning
problem seeks to find an optimal collision-free path from the initial position to
the goal position in configuration space.

The study of autonomous mobile robot path planning has attracted the attention
of many researchers since the 1970s (Sariff and Buniyamin, 2006) due to its
wide application in the industry. Several path planning algorithms have since
been developed. These algorithms can be classified into two categories, graph-
based and sampling-based depending on how the environment is represented
and explored. Graph-based algorithms such as A* (Hart, Nilsson, and Raphael,
1968) and Dijkstra’s (Dijkstra, 1959) algorithm have been widely used to find the
shortest path in the path planning problem. Graph-based algorithms are simple
to implement. However, the path produced by a graph-based algorithm usually
has unnecessary turns. These algorithms use the idea of cell decomposition to
decompose the workspace into a finite number of contiguous cells (Russell et al.,
2003). A regularly spaced grid such as the Sukharev grid shown in Figure 1.1a
(LaValle, 1998) which places a vertex at the centre of each cell to obtain good

(A) The Sukharev grid (B) A tree produced by connecting the randomly
(adapted from LaValle, sampled free space (adapted from Noreen,
1998). Khan, and Habib, 2016b).

FIGURE 1.1: Two different environment representations
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results is a simple example of cell decomposition. The path planning problem
is therefore reduced into a discrete graph-search problem (Russell et al., 2003;
LaValle, 2006). These algorithms explore among the set of cells in the grid
where all the information about the environment is contained. The advantage
of cell decomposition is that it is simple to implement. However, some cells
are neither free nor occupied and it is always an issue when a path must cross
over these cells. A solution path that includes such cells might not be a real
solution, because it might be difficult to cross the cell in the desired direction
in a straight line (Russell et al., 2003). These algorithms are focused on the
completeness of the path, such as resolution complete (LaValle, 2006), meaning
that the algorithm will find a solution if and only if the solution exists in a
finite amount of time. However, the performance of these algorithms degrades in
high dimensional spaces. The running time for graph-based algorithms increases
exponentially with the dimensionality of the state space (Yang et al., 2016).

As a result, sampling-based algorithms were developed to overcome the complex-
ity of deterministic planning algorithms for robots with a high number of degrees
of freedom (DOF'). These algorithms have been shown to work well in complex en-
vironments (Karaman and Frazzoli, 2010; Karaman and Frazzoli, 2011; LaValle,
1998). Sampling-based algorithms are unique in the sense that planning occurs
by randomly sampling the workspace to find robot configurations within the free
space. A path planner then creates a continuous connection between the sampled
points as shown in Figure 1.1b (Noreen, Khan, and Habib, 2016b). Although
they are not complete, they guarantee probabilistic completeness in the sense
that the probability of getting a solution tends to unity as the number of samples
tends to infinity. The most common sampling-based algorithms are Probabilistic
Roadmaps (PRMs) and Rapidly-exploring Random Trees (RRTs). PRMs are
primarily multi-query methods, in which several planning problems are solved
in the same environment. Even though multi-query methods are valuable in
complex environments, most problems do not require multi-queries. RRT is the
counterpart of PRM. It is a single query method that quickly returns a feasible
solution due to its incremental nature. These algorithms have attracted the
attention of many researchers in recent years. However, they do not focus on the
quality of the solution, they only find a feasible path. To overcome this, Karaman
and Frazzoli (2010) introduced the first asymptotically optimal single-query
sampling-based method, RRT*. The development of optimal sampling-based
planners have renewed the interest of many researchers not only in robotics but
also in other disciplines such as computational biology, computer animation, and
verification (Branicky et al., 2006; Bhatia and Frazzoli, 2004; Latombe, 1999).
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Bridge

[
FIGURE 1.2: An example of a bridge in which a robot can choose

to pass over or under the bridge (adapted from Skoda and Bartak,
2017).

1.1 Motivation and Aims

With advances in technology and research, modern robots can operate without
or with little guidance from humans. Moreover, robots appear in our everyday
life, and they face unstructured and uncertain environments. Due to the increase
of robotic applications in industry, robots occupy space in human environments.
Therefore, the ability to navigate in three-dimensional (3D) cluttered environ-
ments is of supreme importance. Path planning is a strategic competency in
which a robot must decide what to do to achieve its goal. Robots are usually
given partial knowledge about the environment and a set of tasks to perform.
They are equipped with sensors to frequently update changes in the environment
as they move from one point to another.

Path planning in two-dimensional (2D) for mobile robots is the most studied
problem. Though 2D planning algorithms are simple to implement, planning in
2D is not sufficient when the real world is considered. Mathematical methods
such as interpolation and cubic splines have been used to overcome the typical
angular defects of graph-based methods (Skoda and Barték, 2018). By adding
an elevation into a 2D environment researchers have been able to solve the path
planning problem in 2.5D (Piitz et al., 2016; Yang et al., 2016), but still, this is
not sufficient for robots to fully operate in complex environments. An elevation
grid cannot be used to represent non-spherical topologies, such as bridges or
tunnels. Current research in 3D path planning has concentrated on aerial and
underwater robots which are not constrained to the ground surface (De Filippis,
Guglieri, and Quagliotti, 2012; Xu et al., 2015; Petres et al., 2007). Aerial and
underwater robots do not need to consider traversability on a surface. Little work
has been done in 3D planning for ground robots. Meanwhile, the complexity of
the real world requires ground robots to be able to operate in 3D environments.
Due to the layered structure of the surface with different running costs for
different parts of the environment such as uphill, downhill, and flat surfaces.
Simplification of the robot workspace into a simple 2D environment causes loss
of some information which can prevent robots from operating correctly in more
complex environments. For example in Figure 1.2 (Skoda and Bartak, 2017), the
robot has to pass through the bridge to reach its goal position. There are two
ways that the robot can do this, it can either choose to go under the bridge or on
top of it (Skoda and Bartak, 2017). In a 2D environment, the bridge would likely
be considered an obstacle. The inability of the existing path planning algorithms
limits the usefulness of robots in real world applications. Therefore, planning



Chapter 1. Introduction 4

algorithms for ground mobile robots in uneven environments are urgently needed.

3D surface meshes can allow efficient computation for several navigation pro-
cedures (Kallmann, 2010). Meshes are popular in gaming. Meshes are data
structures designed to aid pathfinding in complex and cluttered environments
(Kallmann and Kapadia, 2014). Triangular meshes can represent both 2D and
3D environments. However, in a 2D mesh, only obstacles are polygonal. This
type of a mesh is mostly used in computer games. A 3D mesh in which the
environment is directly represented is employed in this study. Planning on
3D meshes allow for easy object identification and non-spherical object can be
identified as they are reducing the challenge of planning in complex cluttered
environments into a theoretical graph problem (Piitz et al., 2016).

The difficulty of planning in 3D environments increases exponentially, and
the execution time also increases due to the complexity of the environment.
However, since the introduction of sampling-based algorithms, planning in high
dimensional spaces with constraints has become easy. Aiming at 3D local path
planning for ground robots, in this project the RRT base method for planning in
3D surface meshes is presented. RRT has gained the interest of many researchers
due to its ability to explore a wide area of the workspace, thus quickly converging
towards the goal and it is easy to implement than its variants.

1.2 Definition of terms

In this section, some important concepts in path planning that are needed for
further discussion are defined, which are the workspace and configuration space
of robots. The path planning problem is formally defined and the difference
between path planning and motion planning is discussed. In many cases, motion
planning and path planning are often used interchangeably. Although these
problems look similar, they are slightly different. The path planning problem
seeks to find a collision-free path for the robot without considering the time
the robot takes to reach the goal configuration and speed. Motion planning, at
times referred to as trajectory planning, finds the path for the robot considering
its geometry, motion, and time (Yang et al., 2016).

Robots are assumed to work in a two or three-dimensional space W = R"
known as a workspace, where n = 2, 3. This workspace which is also known as
the world is the actual physical space where the robot operates and is usually
filled with obstacles. The main goal for path planning is to find a collision free
path for a robot from the initial configuration to the goal configuration. To
achieve this path planning for mobile robots is usually done in the configuration
space C also known as C-space. It is the space of all possible configurations of the
robot. The concept of C-space planning was introduced by Lozano-Perez (1983)
to simplify difficult path planning scenarios in the workspace. In a configuration
space C, q specifies the robot’s position and its orientation, ¢ € C (LaValle
and Kuffner, 2001). The advantage of using the C-space is that the complex
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FIGURE 1.3: A simple path planning problem in a C-space
containing obstacles (adapted from LaValle, 2006).

geometric shape of the robots can be mapped into a single point in C (Kavraki
and LaValle, 2008). The minimum number of parameters required to specify
the configuration or the dimensions of the C-space is determined by the degrees
of freedom of a robot system. For example, a configuration of a robot in a plane
can be specified by a point (z,y). Therefore, the dimensions of the C-space will
be R2. A configuration space C is considered a high dimensional space if the
parameters of ¢ are greater than 3 where ¢ € C.

Let the closed set O which is a proper subset of W, (O C W) be an ob-
stacle region, and the configuration space C be a set of all configurations gq.
The rigid body of the robot is given by R(q) C W, where ¢ € C is the cur-
rent position of the robot. For example, in R? workspace ¢ = (z4,1;) and
q = (x¢, s, 2) in R? workspace. In the configuration space C, the obstacle region
Cobs = {q € C|R(q) N O # B} is also a closed set since O and R(q) are closed
sets in W, containing all configurations ¢ where the robot collides with the
obstacle region. The obstacle-free region Csree = C\Cops is then the set of all
configurations that are entirely contained within Wy,.. (LaValle, 2006). The
basic planning problem can be defined by a tuple (g;, ¢y, Cree) (Yang et al.,
2016). This problem is illustrated in Figure 1.3 (LaValle, 2006). Schwartz and
Sharir (1983) have shown that solving this problem is NP-hard with unbounded
C dimensions.

The ability to move from one point to another is a crucial skill for autonomous
robots. Feasibility and optimality are used to describe the quality of the path
based on the states and actions that were executed to reach the goal (LaValle,
2006). A feasible path is not always efficient. It only finds a path to the goal
paying no attention to the quality of the path, whereas an optimal path optimizes
the solution of the path subject to given constraints. Optimality of the path
may include distance, energy, and the time to the goal position. Most of the
recent research focuses on getting a feasible path. Below are formal definitions
of these terms.

Definition 1: Graph

A graph is defined as a pair G = (V, E), where V is a finite set of vertices or
nodes q and F is a finite set of edges e. The size of GG is the number n of vertices
V' and the order of GG is the number m of edges E. A graph can be undirected
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nodes (or vertices) nodes (or vertices)

edges
(or links)
/

\

edges
(or links)
S

(A) Undirected graph containing 10 (B) Directed graph containing 10 nodes and 13
nodes and 11 edges. edges.
FIGURE 1.4: Graph definition (adapted from Nykamp, 2020).

as in Figure. 1.4a (Nykamp, 2020) or directed and contain a cycle which is a
closed walk with ¢; = ¢,, as an example see Figure. 1.4b (Nykamp, 2020). In
Figure. 1.4b the arrows point to the direction in which a robot can move towards
from a specific node.
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Definition 2: Tree

A tree is an undirected acyclic connected graph. In other words, a tree does
not contain even a single cycle. Each node has a set of child nodes in a tree.
Sometimes this set can be empty, and the node will then be called a leave since
it has no children. Each child node only has one parent node except for the root
node which is the first node of the tree. The edges of the tree are known as
branches. Figure. 1.5 (Black, 2017) shows an example of a tree.

/N

parent
and
child
black: roct
- green: leaf

FIGURE 1.5: A simple tree with 6 nodes and 5 edges (adapted
from Black, 2017).

Definition 3: Path

Given an initial configuration, ¢yni: € Cpree and a set of goal configurations
Qgoal C Crree- A path is a continuous function v : [0, 1] — R”. It is a collision-
free path if it is a path and () € Cfee for all 0 < ¢ < 1 (Yang et al., 2016).
It is a feasible path if it is a collision-free path with v(0) = gini and v(1) = (ggoar)-

Definition 4: Optimal Path

Given a cost function C': Y — R > 0 for every path in a set of paths ). If
Definition 3 is fulfilled for any given path planning problem (ginit, Ggoat, Cfree),
and if 4" minimizes the cost function of v, (C'(y') = min(C(y))),where ~ is the
set of all feasible paths, 7’ is then the optimal path (Yang et al., 2016).

Definition 5: Trajectory

A trajectory is a time-parameterized continuous path satisfying nonholonomic
constraints (LaValle, 2006). Given a state transition equation ¢ = f(q, u), where
u is the control input in a set of all control inputs U, u € U. This equation
allows for configuration changes using control input. The motion planning
problem finds an action trajectory u : [0, 7] — U that results into a collision-free
trajectory from an initial configuration ¢(0). The trajectory ¢(t) where t € [0, T
is defined as:

a(t) = q(0) + / £ (a(r), u(r))dr (11)

Definition 6: Completeness
Let A be an Algorithm.
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e Complete: A is complete if in a finite amount of time A always finds a
solution if one exists. Otherwise, A states that the solution does not exist.

e Resolution complete: A is resolution complete if in a finite amount of time
and for some small resolution step € > 0, A always finds a solution if one
exists, otherwise, A states that the solution does not exist.

e Probabilistically complete: A is Probabilistically complete if the chances
of finding the solution if the solution exists, approaches 1 as the time
approaches infinity.

For both path planning and motion planning problems, the important task is
finding a feasible path or trajectory. In this project, the study of the path
planning problem which does not include the dynamics of the robot is conducted.
Finding a feasible path for a robot in a 3D space is a challenging task on its
OWL.

1.3 Research Questions and Objectives

Questions

Path planning in 3D environments is one of the difficult problems in robotics,
with more work being done for aerial and underwater robots which are not
constrained onto a surface. This project aims to answer the following questions
for ground robots:

e How effective is the RRT in 3D path planning for ground robots on a 3D
mesh surface?

e How can RRT on the mesh computation be improved?

Objectives

The long-term goal for this research project is to develop and implement a fast
path planning algorithm for wheeled robots in 3D environments based on RRT.
To achieve this goal, the following objectives are outlined;

e To develop a synthetic 3D mesh surface as the robot’s workspace for
simulation,

e To design and implement a 3D planning algorithm based on RRT,
e To assess this algorithm in different environments,

e To evaluate the effectiveness of the proposed algorithm by comparing it
with variant planning methods on a synthetic mesh and real mesh surfaces.
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1.4 Overview of Dissertation Contributions

Path planning methods presented in this research project have been inspired by
the RRT’s ability to quickly explore a vast area of a robot’s workspace and by the
increasing application of robotics in many areas. The anticipated contributions
of this research project are as follows:

e Path planning on 3D surface meshes

— An implementation of RRT on a mesh surface based on the computa-
tion of geodesics to ensure that all points and paths lie on the surface
of the mesh.

e Fast path computation on a mesh (Cebisile, Daniel, and Chioniso, 2021b)

— A new version of RRT that uses local regions formed around each
node to optimize the speed of RRT on a mesh is presented.

1.4.1 Publications

Part of this research (section 4.3) was published in a peer-reviewed conference.

e Mthabela Cebisile, Withey Daniel, and Kuchwa-Dube Chioniso (2021b).
“RRT based path planning for mobile robots on a 3D surface mesh”.
In: 2021 Southern African Universities Power Engineering Conference
- Robotics and Mechatronics - Pattern Recognition Association of South

Africa (SAUPEC/RobMech/PRASA), pp. 1-6

e Mthabela Cebisile, Withey Daniel, and Kuchwa-Dube Chioniso (2021a).
“Ground Robot Path Planning on 3D Mesh Surfaces Using Bi-directional
RRT based on Local Regions”. In: 2021 Rapid Product Development Asso-

ciation of South Africa - Robotics and Mechatronics - Pattern Recognition
Association of South Africa (RAPDASA-RobMech-PRASA), pp. 1-6.

1.5 Dissertation Outline

A review of path planning methods is provided in Chapter 2, focusing only
on graph-based methods and sampling-based methods. Chapter 3 introduces
the geodesic distances on mesh surfaces, basic RRT, RRT on a mesh surface
(RRT-M), RRT on a mesh surface with local regions (RRT-ML), the basic RRT-
Connect (Kuffner and LaValle, 2000) on a mesh (RRT-CM) and RRT-Connect
with local regions (RRT-CML). The simulations of the RRT-M, RRT-ML, RRT-
CM and RRT-CML algorithms are presented and compared to each other in
Chapter 4. The discussion about simulation results is described in Chapter 5.
Finally, the conclusion and future work are presented in Chapter 6.
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Chapter 2

Related Work

The study of path planning in robotics has been ongoing for at least three
decades. Since the early 1970s, a number of path planning algorithms have been
developed. These algorithms can be classified into different categories depending
on how the environment is represented and explored. In this chapter, a brief
review and background of some existing path planning methods are presented
with emphasis on graph-based and sampling-based methods. These methods
are different from each other and have unique properties. Psuedocodes are used
to describe these planning methods with reference to material from Chapter 2
and Chapter 5 of LaValle’s book (LaValle, 2006). These psuedocodes shows the
logic that is followed when implementing the algorithms.

2.1 Graph-Based Algorithms

Early approaches towards path planning for robots were graph-based. Graph-
based algorithms such as A* and Dijkstra’s are well known for finding the shortest
paths in a grid representing the working environment and for robots with fewer
degrees of freedom. These algorithms can successfully find an optimal path in a fi-
nite discrete space such as the grid space shown in Figure 1.1a and are considered
to be a special form of dynamic programming (Bellman, 1957; LaValle, 2006). A*
computes the shortest paths almost the same way as Dijkstra’s algorithm except
that it guides its search towards the least cost nodes, potentially reducing the
computational time. The following section introduces the Breadth-first search
algorithm which is seen as a basis of the two algorithms mentioned above. Sec-
tions 2.1.2 and 2.1.3 further discuss how these two algorithms work in more detail.

2.1.1 Breadth-first search

Breadth-First search, also known as BFS, is a simple strategic search algorithm
in which the root node is explored first, then all its neighbouring nodes. BFS
explores all unexplored neighbours for every node continuously until the goal
node is found. In BFS, nodes are expanded in the order of proximity to the root
node (Siegwart, Nourbakhsh, and Scaramuzza, 2011). Proximity here is defined
as the shortest number of edge transitions. Generally, in a search tree, all nodes
at a given tree depth are explored first before moving to the next level. The BFS
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FIGURE 2.1: BFS on a binary tree, at each level the node to be
expanded is pointed by an arrow and node that has been explored
is indicated by black. Nodes to be explored next have thick lines.

method uses the First-In-First-Out (FIFO) queue principle to ensure that nodes
that are visited first are expanded first (LaValle, 2006; Russell et al., 2003),
Figure 2.1 shows the process of the BFS in a simple binary tree. The return
value of the BSF is always the path with a fewer number of edges from the root
node to the goal node. If the cost for all edges is constant say 1, and that is the
returned minimum path cost then in that sense the BFS is optimal. However,
the optimality of this method is not guaranteed if the graph has different costs
associated with each edge (Siegwart, Nourbakhsh, and Scaramuzza, 2011). For
complex search problems, BFS will typically require more time to explore all
the nodes and in turn uses large memory space to keep track of visited nodes
with O(gq + e) time complexity (Siegwart, Nourbakhsh, and Scaramuzza, 2011),
where ¢ and e are the numbers of vertices (nodes) and edges respectively.

2.1.2 Dijkstra’s Algorithm

Dijkstra (1959) introduced Dijkstra’s algorithm, named after its inventor, to
allow optimal pathfinding in nonuniform cost maps (Siegwart, Nourbakhsh, and
Scaramuzza, 2011). This algorithm works almost the same as the BSF described
in section 2.1 except that edge cost g(q) is assumed to be positive and this
adds to the complexity of the algorithm. Here neighbours of the expanded node
are stored in a list and the node with the least cost in the list is extracted
and explored next. Due to this, the complexity of Dijkstra’s algorithm rises
to O(qlog(q) + e) (Siegwart, Nourbakhsh, and Scaramuzza, 2011). The path
from the initial node to the goal node is backtracked from the goal and is of a
minimal total cost, where the total cost f(q) is the sum of all edge costs g(q)
that form the path.

f(q) =g(q) + h(q) (2.1)
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2.1.3 A-star (A%*)

A* (Hart, Nilsson, and Raphael, 1968) is the most commonly used graph-based
algorithm due to the fact that it guarantees optimal and complete solution,
provided that the heuristic function h(q) is admissible and consistent (Russell
et al., 2003), where ¢ represents a node. It is an extension of Dijkstra’s algorithm
with some characteristics of BFS. The A* algorithm introduces a heuristic into
a regular graph-searching algorithm which reduces the number of visited nodes
in the quest of finding the shortest path from the initial node ¢; to the goal
node ¢g,. Characteristics of A* include building two lists, a closed list, and an
open list, to keep track of nodes that have already been visited, and those that
are to be visited next and adjacent to the explored nodes, respectively. Each
node ¢ is associated with an approximation h(q) cost from the current node ¢
to the goal position. A heuristic h(q) is admissible only when h(q) does not
overestimate the cost to the goal. It is consistent if, for every node ¢ and every
adjacent node ¢’ the estimated cost from ¢ to the goal is not greater than the
cost ¢(q,q") from ¢ to ¢ plus the estimated cost from ¢’ to the goal (Russell
et al., 2003; Costa and Silva, 2019): h(q) < c(q,q') + h(¢'). A* evaluate nodes
to be expanded next using the evaluation function in equation 2.1, sometimes
called the f—values (Russell et al., 2003), which is a sum of the accumulated
cost g(q) from the start node to node ¢ and the cost from node ¢ to the goal
node h(q). A* is referred to as a heuristic search or informed search because its
search is biased towards the goal based on the estimated total cost and initially

Algorithm 1 A* Algorithm

Input: A graph G = (V, E) with an initial node ¢; and a goal node g¢q.
1: Initialise:
2: for each ¢ € G do
3: 9(q;) = 00
Open_List = q;
Closed List =0
9(qi) =0
h(g;) = heuristic(qi, qq)
f(ai) = 9(a) + h(a:)
9: while Open_ List # () do
10: g = Open__ List.PopLowestCost()
11: Closed_List.Push_Back(q)
12: if ¢ == g4 then

13: Path = ExtractPath()

14: for each ¢’ € child(q) do

15: if ¢’ € Closed_List then
16: continue

17: cost = g(q) + distance(q, q’)
18: if cost < g(¢') then

19: 9(q") = cost

20: parent(q’) =q

21: h(q") = heuristic(q', qq)
22: f(@)=9(d)+nd)

23: Open__List.Push_Back(q')

24: return Path
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avoids nodes which despite having a low g(q), have a high total cost estimate.
Due to the heuristic nature of the A*, the complexity of this algorithm depends
on the heuristic function used and the structure of the graph (Siegwart, Nour-
bakhsh, and Scaramuzza, 2011). The pseudocode for A* is shown in Algorithm 1.

Several A* variants have been developed and successfully used for mobile robot
path planning. In particular D* D*-Lite, and Theta®™ which are an extension of
A* has been widely used for planning in 3D. D* also known as the dynamic A*
was originally introduced by Stentz (1994) as a fast path planner for partially
known environments where the cost parameters change during the search. Unlike
other grid-based algorithms, D* can re-plan quickly whenever an obstacle is dis-
covered along the path. Koenig and Likhachev (2002) introduced D*-Lite which
is fundamentally like D*. D*-Lite has been widely used since it is algorithmically
simple and shorter than D* and that makes it easy to be implemented in a few
lines of code. Theta* differs from A* by the way it selects the parent nodes for
each node in the graph. In Theta™*, if a node can be seen from the other node
the path to that node is determined. Parents of these nodes do not need to be
neighbours. De Filippis, Guglieri, and Quagliotti (2012) implemented Theta* in
a 3D environment with orographic obstacles and compared its performance with
A*. Their simulation experiments showed that Theta* takes longer to compute
than A* on a grid but proves that Theta* finds paths that are not as constrained
to the grid cell transitions. Therefore Theta* is more effective than A* when an
optimal path is required.

If changes occur in an environment, graph planners find it difficult to quickly
re-plan to find an optimal path within the time allocated for the planner to finish
planning. Likhachev et al. (2008) introduced an Anytime Repairing A* (ARA¥)
which quickly finds a suboptimal solution and improves this solution as time goes
on. ARA* reuses its previous results to find new paths in known environments.
However, if the environment changes during the execution, like other graph
search methods ARA* cannot re-plan quickly. Replanning algorithms such as
Anytime D* (AD*) (Likhachev et al., 2008), Dynamic A* (Stentz, 1994) and
Lifelong Planning A* (Koenig, Likhachev, and Furcy, 2004) can incrementally re-
pair a solution when changes occur in the environment without having to re-plan
from scratch. Most of the graph-based algorithms do not consider the kinematics
of the robot and this has become an issue for non-holonomic robots since the
solution that is obtained may be unrealistic. Ferguson and Stentz (2006) devel-
oped the interpolation-based planning algorithm for aerial and ground robots
in 3D grids named Field-D*. 3D grid-based adjacency graphs have the same
limitations as their 2D counterparts. Paths produced by grid-based algorithms
are usually suboptimal and have unnecessary turning. By using interpolation
Ferguson and Stentz (2006) were able to produce less costly and straighter paths
compared to regular 3D grid-based algorithms. However, in this algorithm, they
did not consider the optimality of the path but focused on the time complexity
of the algorithm. For more accurate results in 3D environments, the effect of
discretization of the workspace needs to be overcome.
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Current research, (De Filippis, Guglieri, and Quagliotti, 2012; Xu et al., 2015;
Petres et al., 2007) in 3D path planning has been concentrated on aerial and
underwater robots. These systems do not need to consider traversability on a
surface. Colas et al. (2013), presented a method that allows robots to navigate
in 3D environments. This method uses point cloud data and assumes that the
environment is known prior to planning and thus this system does not try to
reconstruct the environment if changes occur. The performance of graph-based
methods degrade in high dimensional spaces. They involve discretization of the
workspace which becomes computationally expensive in high dimensions. Effi-
cient discretization can be achieved at the expense of completeness (Elbanhawi
and Simic, 2014).

Sampling-based algorithms such as RRTs and PRMs were introduced to over-
come the typical angular defects of the graph-based methods. More detail on
these randomized algorithms is discussed in the following section.

2.2 Sampling-based Algorithms

Sampling-based algorithms were developed to overcome the complexity of deter-
ministic planning algorithms for robots with higher degrees of freedom (DOF).
Karaman and Frazzoli (2010) proved that these algorithms work well in high di-
mensional spaces. The most popular sampling-based methods are the RRTs and
PRMs. These randomized planning algorithms have the advantage of providing
a fast solution for high dimensional problems with lower computational costs.
Sampling-based algorithms are unique in the way that they discretely sample
the configuration space (Elbanhawi and Simic, 2014) to find robot configurations
within the free space. Then continuous connections are created between the
sampled points. In that sense, the discretization of the workspace is not required.
PRMs are known as multi-query planners where multiple queries are performed
in the same environment. In contrast, RRTs are generally known as single query
planners. Sampling-based planners have been used in fields other than robotics,
i.e, digital animation, and computational biology (Latombe, 1999). Section 2.2.1,
briefly discusses how the RRT algorithm works and two of its variants namely
RRT-Connect and RRT* are presented in sections 2.2.2 and 2.2.3 respectively.

FIGURE 2.2: RRT tree expansion (adapted from LaValle and
Kuffner 2001).
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2.2.1 RRTs

Amongst other sampling-based algorithms, RRTs are the well-known single
query algorithm due to their ability to rapidly explore a vast area of the robot’s
working space. LaValle (1998), introduced this algorithm as an attempt to solve
path planning under holonomic, nonholonomic, and kinodynamic constraints
and it can be used in high-dimensions. This algorithm incrementally grows a
tree of feasible configurations, beginning from the start configuration to the
goal configuration simply by randomly sampling the free space and attempting
to grow the tree by connecting the closest node into the randomly selected
node. The process of adding a new node (gney) in a tree is shown in Figure 2.2
(Cebisile, Daniel, and Chioniso, 2021b). In each iteration, a random node (G anq)
is sampled and a step up to the specified step size (¢) is taken from the nearest
node (Gnear) toward ¢rqng, using the steering function. This forms gye,. If there
are no obstacles between ¢neqr and ¢pew, then g, is added to the tree. The
RRT construction algorithm is given in Algorithm.2, excerpted from (Noreen,
Khan, and Habib, 2016b).

Algorithm 2 RRT Algorithm

T=(V,E)
T + InitializeTree()
T + AddNode(T, ginit)
for i=0toi= N do
Qrand < Sample(l)
near < NeareSt(T7 QTand)
Gnew < Steer(T, ¢near)
if ObstacleFree(gy.) then
T + AddNode(gnew,T)

return T

H
<

2.2.2 RRT-Connect

Kuffner and LaValle (2000) invented RRT-Connect specifically for path planning
problems with differential constraints. This algorithm uses a greedy heuristic
function, Connect, that attempts to move over a long distance. RRT-Connect is
based on a bi-directional search idea described by Pohl (1969) and grows two
trees, with one starting from the initial node g;,,;; and the other tree starting from
the goal node ggoq;. These two procedures reduce the importance of incremental
motion (Kuffner and LaValle, 2000). The algorithm grows both trees towards
each other in search of the common node, a node that belongs to both trees.
Two nodes g and ¢/, are considered to be the same if p(q,¢’) < € for some metric
p and small € > 0 (LaValle and Kuffner, 1999). Only one tree is grown in one
iteration and the algorithm attempts to connect the nearest node to the other
tree. If the attempt to connect the trees did not succeed, then the trees are
swapped to reverse the roles. The algorithm stops when the first common node
is found and thus the path from the initial node to the goal node is obtained.
The greedy heuristic in the algorithm includes the rapid and uniform exploration
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Algorithm 3 Algorithm 4
1: function EXTEND(T, q) 1: function CONNECT(T,q)
2: Gnear < Nearest(T,q) 2: repeat S« EXTEND(T,q)
3: if NewConfig(q, gnear; dnew) 3: until S # Advanced
then 4: return S
4: T + AddNode(gnew,T)
5: if ¢ew = q then
6: return Reached
7 else
8: return Advanced
9: return Trapped

properties of the basic RRT.

The algorithm pseudocode for RRT-Connect is shown in Algorithm 5, it is
adapted from the work of Kuffner and LaValle (2000) where t; and ¢, are proper
subsets of the tree, T = (V, E). This algorithm uses two functions described
in Algorithm 3 and Algorithm 4. Firstly the trees are initialized with their
respective root nodes, the first tree (¢1) is initialized with start (g;,:) configura-
tion as its root node, line 1 of algorithm 5 and the second tree (t5) initially has
the goal(gyoa) configuration has its root node, line 2 of algorithm 5. Random
points are sampled from the entire workspace, ¢ = 0, ..., N is the number of
iterations with maximum iteration-/N. The function EXTEND check if either
the common node is found or the tree is expanded. If one of the two is true
then function CONNECT checks if ¢,., can be reached from the other tree, if
this is valid then the path is found, otherwise, trees are interchanged in line 8,
algorithm 5 and the whole process is repeated until the common node is found
and trees are connected.

Algorithm 5 RRT CONNECT Algorithm

1: t; < InitializeTree(q;n;)

2: ty < InitializeTree(qgou)

3: fori=0to7= N do

4: Grand < Sample(7)

5: if EXTEND (t1, Grana)! = Trapped then

6 if CONNECT (t2, gnew) = Reached then
7 return PATH(t;,t5)

8

9

SWAP (1, 1,)

. return Failure
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Algorithm 6 RRT* Algorithm

1: T=(V,E)

2: 'V« {vinit}

3: E «+ {0}

4: fori=0toi= N do

5: Grand < Sample()

6: Qnearest < Nearest(T, QTand)

7 Gnew < Steer(T, gnear)

8: if ObstacleFree(¢,c.,) then

9: Qnear < Near(T, qnew)
10: Amin < ChooseParent(qnem«, Qnearests Qnew)
11: T <+ AddNode(T, ¢new)
12: T « Rewire(T, Gnear; Qmin, Qnew)
13: return T

2.2.3 RRT-Star(RRT*)

The first asymptotically optimal sampling-based algorithms named PRM* and
RRT* were introduced by Karaman and Frazzoli (2011). RRT* produces less
jagged and shorter paths compared to RRT (Noreen, Khan, and Habib, 2016b).
Unlike the RRT, RRT* guarantees to return the asymptotically optimal path,
if one exists, as the number of sampled points approaches infinity. This algo-
rithm has been mostly used in addressing optimal path planning in recent years
(Noreen, Khan, and Habib, 2016b). This algorithm works like the RRT except
that it has two unique processes: near-neighbour search and rewiring (Kara-
man and Frazzoli, 2010). Near-neighbour search and rewiring ensure that the
algorithm converges to an optimal solution. The near-neighbour process returns
the set of nearest nodes within the area of the ball radius, defined in equation 2.2.

k=~ (@) ' (2.2)

where 7 is a constant based on the environment, n is the number of nodes in the
tree and d is the dimension of the configuration space (Elbanhawi and Simic,
2014). To maintain the minimal cost path between the nodes, the rewiring
process regenerates the tree within the radius, k. The path produced by the
RRT* improves as the number of iterations increases due to its asymptotical
behaviour as compared to RRT which does not improve its suboptimal path.
The RRT* algorithm is shown in Algorithm 6, excerpted from (Noreen, Khan,
and Habib, 2016a). Though this algorithm has better results than RRT due
to the rewiring process its convergence rate is slower than that of the simple
RRT (Noreen, Khan, and Habib, 2016a). RRT* spends time expanding the tree
toward nodes that are not even promising to give an optimal solution (Elbanhawi
and Simic, 2014).

RRT and its variants have been used to solve the path planning problem in a
3D environment. However, most studies in 3D environments were focused on
Unmanned Aerial Vehicles (UAVs) (Yang and Sukkarieh, 2008) and Autonomous
Underwater Vehicles (UAVs) (Hernandez et al., 2015). These robots are not
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constrained onto the surface. Hernandez et al. (2015) used the Transition-based
RRT (T-RRT) (Jaillet, Cortes, and Simeon, 2008) which is the variant of RRT
that considers a cost function for online 3D path planning. In this paper (Hernan-
dez et al., 2015) an Octomap which is different from the mesh was used for
workspace representation. The issue with occupancy maps like Octomap which
is Octree based framework is that it does not define the trafficability of obstacles
(Piitz et al., 2016). RRT is used for 3D path planning for a UAV utilizing
cubic Bezier spiral curves for smoothing (Yang and Sukkarieh, 2008). To solve
this problem in a 3D environment, Yang and Sukkarieh (2008) mapped the 3D
space into a 2D then the problem became a 2D path planning problem, and the
problem was re-mapped back to 3D. The work of (Aguilar and Morales, 2016)
also addresses the problem of 3D path planning using a 3D binary occupancy grid
to represent the robot’s workspace using RRT based algorithm. Like planning
in a 2D environment, path planning on an occupancy grid is not sufficient for
full 3D path planning.

2.3 RRT Discussion

The introduction of the RRT* was a significant leap forward in optimal path
planning for high dimensional complex problems (Noreen, Khan, and Habib,
2016a). However, RRT* takes longer to find the solution than the basic RRT
method (Noreen, Khan, and Habib, 2016a). Hitherto, various RRT* based
planning algorithms have been developed to speed up the convergence rate of the
RRT*. RRT-Connect introduced in (Kuffner and LaValle, 2000), has shown fast
convergence in most scenarios. RRT-Connect was evaluated against other RRT
based planners based on the time it took to find the solution path (Kuffner and
LaValle, 2000). However, RRT-Connect produces suboptimal results. Applying
the bi-direction idea on RRT* has been of great interest to scholars recently.
Akgun and Stilman (2011) proposed the bi-directional RRT* (B-RRT*) which
showed empirical results with faster convergence toward the solution when com-
pared to other bi-directional planners based on the path costs and the total
number of iterations taken to find the solution. B-RRT™* uses an admissible
heuristic to perform path refinement and reject nodes that are not promising
to give a solution which helps to avoid heavy exploration of the space. The
Connect heuristic used in RRT-Connect can be computationally expensive when
applied on RRT* since the planner has to consider log, neighbours for rewiring
at each iteration which could give suboptimal results (Jordan and Perez, 2013).
Jordan and Perez (2013) introduced yet another bi-directional RRT* namely
Optimal B-RRT* which uses several heuristic methods to improve the conver-
gence rate. RRT-Connect stops immediately when the first solution is found,
and it does not try to improve that path even if the time given for the planner
allows. To overcome this, Klemm et al. (2015) presented an asymptotically
optimal bi-directional RRT, called RRT*-Connect. After the first solution is
found RRT*-Connect continues to search the workspace for a better solution.
RRT*-Connect proved to find the first solution faster than RRT* which increases
its performance in complex environments (Klemm et al., 2015). RRT*-Connect
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in (Klemm et al., 2015) was evaluated against RRT* based on the number of
iterations taken by each of the planners. Even though RRT*-Connect finds the
solution much sooner, the convergence rate does not change from that of RRT*.
Nevertheless, in complex environments, the basic RRT is still effective in solving
path planning problems although it gives suboptimal solutions and this will be
highlighted in Chapter 3. The weakness of the basic RRT is that it does not
take path cost into consideration.

One way to improve the performance of the RRT is by adding goal bias. Given
some probability pgoq When generating random nodes, goal-biased RRT uses the
goal node instead of a random node, this results in a faster convergence rate
(Urmson and Simmons, 2003; Zucker, Kuffner, and Branicky, 2007). This then
introduces a new parameter known as the goal biasing factor. Introducing a
small biasing factor such as 0.05 can make a significant improvement in the con-
vergence rate of RRT (Urmson and Simmons, 2003; LaValle and Kuffner, 2001).
However, if the goal biasing factor is too small the planner will behave like the
basic RRT algorithm and take a long time to find the solution. Meanwhile, if the
goal biasing factor is too big then RRT will behave like a randomized potential
field planner which is trapped in a local minimum (LaValle and Kuffner, 2001).
Without goal biasing the tree may grow towards the goal but sometimes fail
to find it (Urmson and Simmons, 2003). Kuffner and LaValle (2000) suggested
that a biasing factor between 5 — 10% might be the right choice. However, the
choice of a biasing factor depends on the nature of the robot’s workspace.

Yershova et al. (2005) introduced the Dynamic-Domain RRT method that
reduces sampling domain by growing Voronoi-based regions in a ball of a spec-
ified radius. The random sampling for new random nodes is done within the
radius of @peqr, Otherwise, tree expansion will not occur. In this research project,
the basic RRT which is easier to implement is investigated on the mesh surface.
Finding the shortest paths on mesh surfaces can be computationally expen-
sive. A local region-based RRT is proposed to improve the performance of
RRT on a mesh. This method uses local regions formed around each node as
a sampling space for RRT restricting RRT to only explore within this region.
A bi-directional RRT which is known to find a path faster than RRT is also
investigated (Kuffner and LaValle, 2000).

Vg

FIGURE 2.3: A planar representation of a triangle mesh.
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2.4 3D surface meshes for path planning

Triangle meshes enable efficient computation for several navigation procedures
Kallmann (2010). Meshes are popular in gaming, they are data structures
designed to aid pathfinding in complex and cluttered environments. A mesh
can represent 2D or 3D environments, presented as convex polygons usually
triangles. A 2D mesh with polygonal obstacles is the one that is mostly used in
computer games. Breitenmoser and Siegwart (2012) presented a mesh construc-
tion approach for a climbing robot path planning. The work of (Breitenmoser
and Siegwart, 2012) uses only the triangle strips to implement a graph-based
planner. A mesh can be defined as a tuple M = (F,G) (Toll et al., 2016)
which contains an embedded undirected graph G = (V, E') which is ideal for
path planning and a collection of all geometric regions F = {fo, f1, ...} in R3,
where each region does not intersect itself. Elements of a triangle mesh are faces,
vertices, edges, and half-edges. Every vertex has its own position, and an edge
is a connection between two vertices. A face is a closed set of three edges. A
surface mesh is a set of faces as shown in Figure 2.3 which is a planar unfolded
mesh with a list of adjacent faces F = {f1,..., fr} such that f; is edge adjacent
to fiy1 and vertex list V' = {v ..., v9} (Mitchell, Mount, and Papadimitriou, 1987).

2.4.1 Mesh Construction

3D surface meshes have become useful in the representation of large and cluttered
environments that are not easy to present using simple grids (Kallmann, 2010).
A 3D mesh surface enables navigating through a non-spherical topology such as
a tunnel. Moreover, 3D spaces can be directly represented on a mesh and that
makes it easy to identify obstacles and the traversable space. Figure 2.4b (Piitz
et al., 2016) shows an example of a triangle mesh.

(A) Physical robot (B) Mesh representation of
workspace the workspace

FIGURE 2.4: Original workspace of a robot and its mesh repre-
sentation (adapted from Piitz et al. 2016).

3D surface meshes can be constructed from 3D point clouds. The process used
in mesh construction from the 3D point cloud is depicted in Figure 2.5. These
points can be structured or unstructured. Unstructured data contains only the
coordinates of the point while structured data contains additional information
such as face normals (Khatamian and Arabnia, 2016). There are many surface
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construction methods. Most surface construction methods were developed for
computer graphics related problems with different goals in mind. This makes it
a bit difficult to know which one will work properly for a given path planning
problem based on the input data. The input data can produce different results
depending on the method used for surface construction. Point cloud processing
may be necessary to reduce noise and filter unwanted data before surface recon-
struction, estimate normals, and segment objects in a scene. Further processing
of the mesh is done after reconstruction to prepare the mesh for path planning.
The following sections discuss some well-known surface construction methods.
These methods can be categorized into two types, explicit and implicit. In the
former an explicit surface representation depends on the point cloud data given
as input data and in the latter the implicit surface representation is defined by
a function that best fits the input data (Khatamian and Arabnia, 2016).

2.4.2 Explicit Mesh Construction Methods

Explicit methods precisely present the location of the surface as either paramet-
ric or triangulated surfaces depending on the representation of the constructed
surface (Zhao, Osher, and Fedkiw, 2001). The earliest techniques used for
surface construction were parametric methods such as B-Spline and non-uniform
Rational B-Spline, known as NURBS. Data must be parameterized in such a way
that the generated surface is a graph in the parameter space for these methods
to work (Zhao, Osher, and Fedkiw, 2001). For NURBS the input data can be
non-uniform, but the reconstructed surface will be smooth. The disadvantage
of using parametric methods for surface construction is that they cannot deal
with noisy data. Delaunay triangulation and Voronoi diagrams are topical issues
in computation geometry and are often used to construct triangulated explicit
methods (Fortune, 1992). Each Voronoi diagram has a Delaunay triangle that is
unique and has no other faces in its interior. The assumption for these methods
is that the input data is noise-free and dense since the resulting surface mesh
depends on the quality of the input (Zhao, Osher, and Fedkiw, 2001; Lim and
Haron, 2014).

Point cloud point cloud, | Surface reconstruction: Mesh post processing:
processing:Filtering info BPR, MLS, ect hole filling, filtering, ect.

Y

[ ]

3D point
cloud

Triangle mesh data
base i

l

3D mesh
surface
FIGURE 2.5: An overview of mesh construction from 3D point

clouds.
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There are many surface reconstruction methods based on Delaunay triangulation
and Voronoi diagrams such as Ball Pivoting (BP) (Bernardini et al., 1999), Alpha
shapes (Edelsbrunner, Kirkpatrick, and Seidel, 1983), and the Crust algorithm
(Amenta, Bern, and Kamvysselis, 1998). The majority of these algorithms
create a mesh by connecting the points that are closest to each other. Many
surface reconstruction methods are based on Delaunay triangulation and Voronoi
diagrams because this approach can maximize minimum angles and avoid tiny
triangles (do Rego, Araujo, and de Lima Neto, 2007). Although this method
can be adapted easily and can deal with general data, it only produces piecewise
linear surfaces and struggles to handle noisy and non-uniform data (Zhao, Osher,
and Fedkiw, 2001). Moreover, it is quite difficult to use explicit methods when
dealing with large deformations and topological changes.

2.4.3 Implicit Mesh Construction Methods

Implicit methods sometimes referred to as volumetric or function fitting methods
(Lim and Haron, 2014; Zhao, Osher, and Fedkiw, 2001) need to be preceded by a
triangulation method because they produce manifold surfaces defined by complex
functions (Khatamian and Arabnia, 2016). The best-fitting isocontour of a scalar
function can be obtained using numerical methods (Khatamian and Arabnia,
2016). Signed-distance function, marching cubes, radial basis function, moving
least square, and indicator function are examples of implicit surface reconstruc-
tion techniques, which can be classified as global or local fitting approaches. The
least-squares method, which approximates a solution near to the real solution of
the problem, is one of the most commonly used fitting methods (Lim and Haron,
2014). Alexa et al. (2003), explore an approximation method based on moving
least squares for implicit surface representation on local differential geometry.
For large data sets, this method showed to be computationally expensive. Input
data is usually partitioned to reduce the computational cost (Khatamian and
Arabnia, 2016). On the other hand, Poisson surface reconstruction is a combina-
tion of both local and global implicit functions and considers all data points at
once, giving a global solution (Kazhdan, Bolitho, and Hoppe, 2006). However,
a small change in a data set may produce a totally different surface structure
making it difficult to deal with incremental changes (Zhao, Osher, and Fedkiw,
2001). In this method, the surface representation is estimated as a Poisson
problem making it resilient to noise. Like the radial basis function, Poisson
reconstruction creates smooth surfaces and it does data filling as well as hole
filling. The advantage of using implicit methods is that they are flexible with
any topology. They provide better and smooth surfaces and are memory efficient.

In this research project, both explicit and implicit mesh contraction meth-
ods are used. The Ball Pivoting method which is exact is used for the creation
of the synthetic mesh because the data is noise-free. The Poisson surface con-
struction was used for the creation of the real mesh to consider all data points
at once. Since the data was noisy, the Poisson method was able to produce a
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smoother mesh surface.

2.4.4 Discrete geodesic paths on mesh surfaces

Path planning on mesh surfaces is not as straightforward as path planning in
2D, it requires the computation of geodesic paths which can be computationally
expensive. Discrete geodesic paths determine the locally shortest path between
two points, p and ¢ on a triangular mesh M. Finding the shortest paths in a 3D
space is a well-known problem in computational geometry and arises naturally
in other applications such as robotics and Geographic Information Systems
(Sethian, 1999). Computing shortest paths in a 3D mesh surface with obstacles
is generally NP-hard (Canny and Reif, 1987). Path planning for a mobile robot
on a 3D surface mesh is a typical application of discrete geodesics. A geodesic
path can be seen as a straight line connecting the set of points on the unfolded
mesh. The problem of getting the geodesic paths or distance can be done using
different approaches, depending on the number of source and target points. The
most commonly known geodesic problems are finding the shortest path between
one source point and one target point, finding the shortest path between one
target point and a set of source points, and finding the shortest path between
all points in a surface mesh.

Sharir and Schorr (1984) were the first to tackle the problem of finding the
exact shortest path for a single convex polyhedron in O(n3logn) time, where n
is the number of edges on the surface. This algorithm subdivides the surface
mesh into connected regions called peels (Bose et al., 2011). The shortest path
problem can then be viewed as a point locating problem, and the path between
any two points in a peel can be quickly computed. Mount (1985) later improved
the time and space complexity of the Sharir and Schorr (1984) algorithm to
O(n?logn) and O(n?), respectively. Mount (1985) proved that the surface mesh
peels can be thought of as Voronoi regions of the set of points containing the
planar unfolding of the source point (Bose et al., 2011). These methods inherit
behaviour like Dijkstra’s algorithm and the computational time to find the
shortest path between a point in a mesh to a source point becomes O(klogn)
(Bose et al., 2011; Chen and Han, 1990), where k is the number of edges along
that path. Mitchell, Mount, and Papadimitriou (1987) used the continuous
Dijkstra’s method to solve the single source point shortest path (SSSP) problem
in O(n*logn). The algorithm of Mitchell, Mount, and Papadimitriou (1987)
proved to be technical and practical as well. Surazhsky et al. (2005) imple-
mented this algorithm and showed that the running time is much lower for
objects having tens of thousands or hundreds of thousands of triangles. The
average running time of O(nlogn) was obtained after modifying the algorithm
of Mitchell, Mount, and Papadimitriou (1987) for solving the SSSP problem
(Surazhsky et al., 2005).
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Chen and Han (1990) introduced an O(n?) algorithm that does not require
continuous Dijkstra’s approach. This algorithm uses a tree data structure called
a sequence tree resulting from the computation of Voronoi diagram for all faces
at once rather than one for each face as it is done by Sharir and Schorr (1984)
method. Kaneva and O’Rourke (2000) used synthetic data to implement Chen
and Han (1990) method, which confirmed the quadratic time complexity and
linear space complexity in practice. However, Kaneva and O’Rourke (2000)
discovered that the space complexity of this approach was a bottleneck because
the algorithm of Chen and Han (1990) assumes that the unfolding of faces
passed by a path has constant complexity. An improved Chen and Han (1990)
algorithm is presented in (Xin and Wang, 2009). Xin and Wang (2009) proved
that their method outperforms the original algorithm (Chen and Han, 1990) in
both time and space and can be used to backtrack the path (see (Kiazyk, Loriot,
and Verdiére, 2020) for examples on the implementation of this method).

2.5 Summary

In this chapter a review and a brief history of existing path planning algorithms
and mesh construction methods were discussed. Two categories of algorithms
were discussed, graph-based algorithms and sampling-based algorithms. It is
noted that the performance of graph-based algorithms deteriorates in cluttered
environments. On the other hand, sampling-based algorithms such as PRM and
RRT which were developed to handle path planning problems with constraints
have made planning in complex 3D environments easier. These algorithms can
produce a solution faster in high dimensional spaces with lower computational
costs. Since RRT produces suboptimal results, an asymptotically optimal
algorithm, namely RRT-Star(RRT) was introduced. However, due to this
method’s additional processes, its convergence rate is slower than that of RRT.
This makes RRT the best algorithm when the optimality of the path is not
considered. Surface meshes that are popular in computer gaming enable efficient
path planning in cluttered 3D environments. On a mesh surface, 3D space can
be directly represented which makes it easy to distinguish between obstacles
and traversable space. These meshes are explicitly or implicitly generated from
3D point clouds. Many surface reconstruction methods were mainly developed
for computer graphics problems with different goals in mind. This makes it
difficult to know which method works for a particular path planning problem.
Since ground robots are constrained into the surface, path planning on a mesh
requires the computation of geodesic paths which is NP-hard.
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Chapter 3

Planning on a Mesh Surface

Path planning on a mesh surface is more challenging than its 2D counterpart.
All vertices and edges of the search tree must lie on the surface of the mesh.
Finding paths between points on a surface requires the computation of geodesics.
It is quite difficult for the basic RRT to find a solution on a mesh surface in a rea-
sonable time. This chapter details the implementation of RRT on a mesh which
is based on a powerful Computational Geometry Algorithms Library (CGAL)
(Fabri and Pion, 2009). From CGAL only the Triangulated Surface Mesh Shortest
Paths package (Kiazyk, Loriot, and Verdiére, 2020) is used for the computation
of exact geodesic paths on a surface mesh. To improve the speed of RRT on
a mesh, section 3.3 discusses the proposed method which uses local regions to
guide the tree growth towards the goal in less time than the basic RRT on a mesh.

3.1 Goal Biasing

RRT quickly explores the vast area of the workspace by uniformly sampling
points based on Voronoi biasing which guides the tree to grow towards unex-
plored regions of the workspace. Thus, the area of a node’s Voronoi region is
proportional to the likelihood that it will be chosen for expansion (Lindemann
and LaValle, 2004). This Voronoi biasing is performed at every sampling and
nearest neighbour search step and this can be time consuming for large cluttered
environments (Lindemann and LaValle, 2004; Yershova et al., 2005). To speed
up the performance of RRT, the growth of the search tree can be pulled towards
the goal configuration using the goal biasing procedure (LaValle and Kuffner,
2001; Zucker, Kuffner, and Branicky, 2007), which replaces grand by ¢goar With a
probability pyea also known as biasing factor, to draw samples towards the goal.
The choice of the biasing factor depends on the nature of the environment and
the maneuverability of the robot. The introduction of goal biasing can increase
the performance of RRT; however, a large biasing factor could lead to the local
minima pitfall (LaValle, 1998) and that would negatively impact the success
rate of RRT.
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FIGURE 3.1: A triangle showing the normal vector direction.

3.2 RRT on a mesh surface (RRT-M)

Implementing RRT on a mesh surface is more challenging than in 2D since all
tree vertices and edges must be on the surface, which requires the computation
of geodesics. For this reason the Triangulated Surface Mesh Shortest Paths
package from CGAL which is an implementation of the Chen and Han (1990)
algorithm is used. This package computes exact geodesic paths ensuring that all
tree edges and points are on the surface of the mesh. As mentioned before that
RRT quickly samples the entire robot’s workspace. In the case of RRT-M, which
is an implementation of the basic RRT, shown in Algorithm 2, on a mesh, the
random point ¢,qnq is selected anywhere on a mesh. Unlike in 2D environments,
the search for the nearest neighbour node ¢, for RRT-M is done through
the computation of shortest geodesic paths between ¢,.,q and all tree nodes.
When ¢,q,q is found to be collision-free and satisfies the step size ¢ condition,
it is added to the tree. Otherwise, a new node ¢,.,, is derived using the Steer
function which determines the path between ¢,cqr and gpe,, to be the segment of
the path between ¢,eq, and ¢,.,q that is one step size € or less from ¢, and
obstacle-free.

Obstacles are determined by their normal vector orientation. Any triangle
face with a normal vector orientation with angle, £, from the vertical that is
above a threshold is considered as an obstacle, and, therefore, the robot cannot
pass through that face. The surface normal for each triangle is calculated as
a cross-product vector of two adjacent edges of the triangle. As an example,
consider the triangle in Figure 3.1, with the red arrow pointing in the direction
of the normal. For the three vertices vy, vy, v3 the surface normal N is then
given by N = (vy — v1) X (v3 — v1) and can be calculated as in equation 3.2,
with the angle to the normal being the cosine of the angle given by equation 3.3.
The computation of geodesic paths on a mesh is computationally expensive and
for the RRT-M method, geodesic paths are computed for each tree edge which
results to high computational time.



Chapter 3. Planning on a Mesh Surface 27

Let:
V = (UQ — Ul)

W: ('U3 —’U1>

The coordinates of the surface normal N are then:

(3.1)

Ny = (V;/*WZ>_(VZ*WZJ>
ny = (V. x Wy) — (Vo x W) (3.2)
n. = (Vo x Wy) — (V, x W)

where the angle # between the surface normal and the vertical norm v being the
dot product of these vectors divided by their vector magnitude as follows:
N -v
[N o]

cosf = (3.3)

3.3 RRT on a mesh surface with local regions
(RRT-ML)

From the previous section, a way of reducing the computational time of RRT on
a mesh is required. In this section, a proposed local region-based RRT method
is introduced. In this method, every mesh vertex has a local region of a specific
radius r formed around it with the vertex being a centre point of that region
as depicted in Figure 3.2a, where z is a vertex (white point) of 7r? area local
region in pink. The idea behind the local regions is to select random points
that are within a specified radius r from nodes in the tree. This will reduce the
length of geodesic paths to be computed, which then improves the time taken
by the RRT-ML algorithm to complete planning on a mesh.

(A) 1m radius local region of a single node x. (B) A union of local regions.
FIGURE 3.2: A 1m radius single local region and the combined
set of local regions.

A local region of a point consists of triangles/faces that are within the area less
than 7%, where r is the radius of the local region. As the tree grows, these
local regions are combined to form a small subset of the mesh called sub-mesh,
which is a union of all local regions. An example of a sub-mesh embedded in
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Algorithm 7 RRT-ML Algorithm

M= (R,T)
T « InitializeTree(qg;nit)
SubMesh + LocRegion(ginit, )
for i=0toi= N do
Grand < Sample(SubMesh)
XrandReg < LocRegion(g,qnd, rand_r)
Gnear < Nearest(XrandReg, ¢rand)
Gnew < Steer(T, grear)
9: if ObstacleFree(q,c.,) then
10: T < AddNode(gnew,T)
11: SubMesh < AddFaces(LocRegion(g,ew,r))

12: return T

the original mesh is depicted in Figure 3.2b, where the original mesh is the grey
area and the sub-mesh is the pink area. The root and the goal configurations
are also within the sub-mesh. Algorithm 7 shows the steps that were taken to
implement RRT-ML. The random point ¢4, is selected from the union of all
local regions which is called SubMesh in line 3 of algorithm 7, so for the first
random point selection, sampling only takes place within the local region of
the root node. The sub-mesh is continually growing as the tree grows. When
searching for the nearest neighbour node, only tree nodes that are found within
the random point’s local region are considered, which reduces the number of
geodesic paths to be computed. Where the random point’s local region is the
area of radius rand_r formed around the random point, this is given by line
5 in algorithm 7. The steering function used in RRT-ML works in the same
manner as in RRT-M. It determines an obstacle-free path segment between gycq
and ¢,qng Which is one € or less from ¢,,cqr-

3.4 RRT-Connect on a mesh surface (RRT-CM)

In an n-node search tree, finding the shortest path can take at most n(n —1)/2
comparisons (Dantzig, 2016). However, growing two trees as two separate
problems, one from the initial point and the other from the goal, can reduce the
number of comparisons (Dantzig, 2016). The idea of bi-directional search is well
developed in classical AI. RRT-Connect (Kuffner and LaValle, 2000) described
in chapter 2 have shown huge success in solving path planning problems for
autonomous robots. In this algorithm, each tree is grown separately at each
iteration until the connection point, which is a common point where these trees
connect is found. Points ¢; and ¢, are considered equal if the distance between
them is less than a small threshold.

The implementation of RRT-Connect on a mesh also requires the computation
of geodesics to ensure that all paths lie on the mesh surface. There are many
variants of RRT-Connect as mentioned in (Kuffner and LaValle, 2000). One way
that showed improvements over the method proposed by LaValle and Kuffner
(1999), is by replacing the CONNECT function in algorithm 5 with EXTEND
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Algorithm 8 REACHED

1: function REACHED((M,t1,t2))
2: Grand +— GetRand(M)
{resl, gnew1 } < EXTEND(t1, ¢rand)
if resl ! = Trapped then
{7‘6327 Qnew2} < EXTEND(th Q'rand)
if EXTEND (¢2, ¢new1) = Reached then
return True
return False

function, given in algorithm 3 from section 2.2.2, which results into two simple
RRTs. To implement this variant, algorithm 5 had to be modified in order to work
well on a mesh surface. The modified algorithm is given by algorithm 9 which
relies on the function REACHED given in algorithm 8. Function REACHED
takes in a mesh M as an input and determines if the connection point is reached
by extending or growing one tree at a time while the other tree is not trapped.
From the EXTEND function given by algorithm 3 in section 2.2.2, the planner
is Trapped only if the connection point is not found or there is no ¢, to be
added in either one of the trees. This could happen if the maximum number
of iteration is reached without finding a solution or an obstacle is encountered.
When an obstacle is encountered, the process of finding the connection point is
repeated until the connection point is found or until one of the trees is extended
by adding a new point into the tree, this is presented by Advanced in the
function EXTEND, as defined in algorithm 3. The algorithm stops when the
first connection point is found and the path from this point to the initial point
is traced back and the path from the connection point to the goal point is also
traced back. These two path segments are later joined to obtain a single path
from the initial point to the goal point. Since this approach grows two trees
alternately, and in each iteration each tree attempt to grow towards the other
tree in search of the common node, the need for goal biasing is removed.

Algorithm 9 RRT-CM

. t1 < InitializeTree(q;,)
: ty < InitializeTree(q ou)
M= (R,T)
:fori=0toi= N do
Connected <~ REACHED(M, ¢4, t5)
if Connected = True then
return Path
else
Connected « REACHED(M, t5, 1)

return Failure
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Algorithm 10 Function NewConfig for the RRT-CML algorithm

1: function NEwWCONFIG(T, ¢pear)
{qnew, ShortPath} « Steer(T, ¢near)
Add-Node «+ False
if ShortPath ! = 0 then
NewConfig < gpew
T < AddNode(T, NewConfig)
Add-Node = True
return {Add-Node, NewConfig}

[\

3.5 RRT-Connect on a mesh surface with local
regions (RRT-CML)

Although RRT-Connect on a mesh could speed up the process of finding the
solution. The underlying classical RRT in RRT-Connect still has the tendency of
exploring a vast area in a robot’s workspace. Thus, resulting in many geodesics
paths to be computed which could possibly be long geodesics paths. The perfor-
mance of RRT-Connect on a mesh can be improved through the introduction of
local regions to restrict the sampling space into a small subset of the mesh, which
reduces the exploration space for the planner into a growing sub-mesh instead
of the entire mesh surface. In this section RRT-Connect with local regions
(RRT-CML) is discussed. Since this approach grows two trees alternately, one
rooted at the initial configuration and the other at the goal configuration. Both
initial and goal configurations are initialized with local regions of radius, r.
As each tree grows towards the other, two subsets of local regions are created
and later intersect. As soon as these local regions intersect, the connection
point, which belongs to both trees will be found and the path from the initial
configuration to the goal configuration will be obtained. Depending on which
tree is being expanded in each iteration, these subsets are interchanged when
sampling for a random point. The nearest neighbour search is done through
the computation of shortest geodesic paths between tree nodes and the random
point. Again, this is done in each tree expansion, everything that was done for
a single tree in RRT-ML in section 3.3 is done twice in RRT-CML.

Algorithm 11 Function EXTEND for the RRT-CML algorithm

1: function EXTEND(T, ¢, SubMesh)
{Neighbour, gneqr } + Nearest(T,q)
if Neighbour = True then
{NewNode, ¢pew} +— NewConfig(T, ¢near)
if NewNode = True then
return {Reached, ¢pnew}
else
return Advanced
return Trapped

Y
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Algorithm 12 Function REACHED for the RRT-CML algorithm

1: function REACHED (t1, to, listy, lists)
2: Grand < GetRand(listy)
{resl, gnew1} < EXTEND(t1, ¢rand, list1)
if resi! = Trapped then
{res2, gnewa} + EXTEND(t2, ¢new1, lista)
if res2 = Reached then
return {True, gnew2}

return False

The EXTEND and REACHED procedures are used for the RRT-CML are given
by the pseudocodes in algorithm 11 and algorithm 12, respectively. The function
NewConfig (10) used in this method is slightly different from the one used in
the basic RRT-Connect. RRT-CML method works almost the same as the
RRT-CM method except that it uses the local region’s approach to minimize
the number and the length of geodesics to be computed. Pseudocode for this
method is given in algorithm 13. This is the main algorithm taking in a mesh
M = (F,T) as input, with ¢; and ¢, being proper subsets of T'. Since growing
two trees alternately, two local regions are also grown alternately. Two lists are
created for this purpose. List; in line 3 of algorithm 13 initially contains nodes
that are within the local region of the starting configuration ¢;,;; and it grows
simultaneously with the first tree (¢1). Listy in line 4 of algorithm 13 initially
contains nodes that are within the local region of the goal configuration ggoq.
Listy also grows simultaneously with the second tree (t3). By combining list;
and listy a SubMesh is obtained, since list; is a set difference of SubMesh and
listy, and listy is a set difference of SubMesh and list;. In line 7, REACHED
function checks if the connection point is found or not found while searching
in list,’s local region area. If the connection point is found (line 8), the local
region of the point ¢4 is added into list1l (line9) then the path is extracted in
line 10 and returned in line 11. The planner will stop at this point. Otherwise,

Algorithm 13 RRT-CML Algorithm

1: t; < InitializeTree(ginit)

2: ty < InitializeTree(qgoa1)

3: list; + LocRegion(ginit, )

4: listy < LocRegion(ggoal, )

5: Path < {}

6: fori=1toi= N do

T: {Connected, ¢;niq} + REACHED(t1, to, list;)
8: if Connected = True then

0: list; + AddFaces(LocRegion(gmqd, 7))
10: Path = ExtractPath(listy, lists)
11: return Path
12: else
13: {Connected, gymiq} + REACHED(¢3, 11, lists)
14: if Connected = True then
15: lista < AddFaces(LocRegion(gmiq4, 7))
16: Path = ExtractPath(lists, list;)
17: return Path

18: return Path
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if line 9, returned false the process is repeated from line 12 with ¢; replaced by
to and vice-versa and list; replaced with listo,, REACHED function is called
again in line 13 to check if the connection point is found now searching in lists’s
local region area. If the connection point is found (line 14), the local region of
the point, ¢q is added into listy (line 15) then the path is extracted in line 15
and returned (line 16) and the planner stops. The process is repeated and if the
connection point is not found after N iterations the empty path is returned in
line 18.

3.6 Summary

The goal biasing factor and its impact on improving RRT performance was
introduced in this chapter. RRT on a mesh together with RRT-Connect on
the mesh are described. The usage of normal vectors for collision avoidance
was also discussed. RRT on a mesh with local regions was introduced as a new
planning method that limits the exploration space of the RRT into a small
subset of the mesh. A bi-directional version of this method which grows two
trees and two local region areas alternately was introduced in this chapter. The
implementation of these algorithms is presented in the next chapter.
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Chapter 4

Simulation Results

In this Chapter, the effectiveness and the behaviour of the four methods dis-
cussed in the previous chapter are compared. As discussed in section 2.3, the
convergence rate is the most widely used measure when evaluating path planners.
In this study, planning algorithms are compared by the run time required to
find a solution and by the number of iterations an algorithm takes to find a
solution. Comparison based on the quality of the solution is not as suitable for
non-optimal planner such as RRT and RRT-Connect.

To evaluate the performance of RRT-M, RRT-ML, RRT-CM, and RRT-CML the
set of starting and goal positions is used. This is motivated by the application
of path planning in mobile robots where multiple paths must be computed as
part of navigation. The path for each different starting and goal position pair
could have the same distance but the time taken for the planner to find the path
may differ since the planner might encounter obstacles in one route that are not
necessarily on the other route.

FIGURE 4.1: A synthetic mesh showing the direction of primary
axes from the origin and the angles of the slopes.
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4.1 Synthetic Mesh Setup

To demonstrate how RRT-M, RRT-ML, RRT-CM, and RRT-CML work on a
mesh surface, a synthetic mesh (Figure 4.1) which consists of a tunnel and a
bridge, representing an environment with non-spherical topology, was created.
The mesh has two slopes of different angles, one side is 16° and the other side
is 35°. In Figure 4.1 the XY Z-axis are shown with the orange point being the
origin. This synthetic mesh has 18362 triangles and 9330 vertices. The mesh was
initially created in Blender v2.82 (Community, 2018) and it was processed using
MeshLab (Cignoni et al., 2008). The processing of the mesh includes uniform
re-sampling of the points on the mesh, re-meshing, and hole filling resulting in a
smoother surface mesh.

On this surface mesh, four different sets of starting and goal positions, see
Table 4.1, were selected to assess the run time, averaged per iteration for each
method. The step size € is 1m and the maximum number of iterations is 1500
for all simulations. For collision avoidance, the normal vector orientation of
the face is used to determine if the triangle face is traversable or not. Any
face having a normal vector orientation with an angle £ of 30° or above is
considered an obstacle, therefore the planner cannot pass through that face. For
the single tree planners, RRT, and RRT-ML the goal biasing factors 0.2 and 0.5
are used, as the probability of using the goal in place of z,4,4. As mentioned
in section 3.1 there is no specific way of determining the best biasing factor.
Although 5-10% are suggested as biasing values by LaValle and Kuffner (2001),
0.2 and 0.5 were selected to prove that choosing a big biasing factor such as 0.5
does not necessarily mean improvement in RRT performance. Whereas, choosing
a relatively small value such as 0.2 can improve the planner’s performance. For
new point selection in the bi-directional methods, RRT-ML and RRT-CML,
which do not use goal biasing, the radius (r) of 1m is used for local regions of
all tree nodes and for each random point’s local region, the radius (rand_r) of
2m is used.

TABLE 4.1: Sets of starting and goal points used for simulations

Case Starting point Goal point

1 —3.76,—5.17,—0.64 | —0.43,—4.29,0.13
2 —3.76,—5.17,-0.64 | 0.59,1.15, —0.62
3 1.39,-6.99, —0.62 | —0.73 — 0.75,1.02
4 —0.22,1,-0.62 —0.73 —0.75,1.02

All simulations were implemented in C+-+ on a Dell Latitude E6530 computer
with Intel® Core™ i7-3720QM CPU @ 2.60GHz processor and 8 GB memory.
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TABLE 4.2: Effect of goal biasing RRT on a mesh surface.

Bias | Avg. Iterations | Tree size | Runtime/iter.(s) | Success rate (%)
0 1500 1235 0.18 0

0.2 145 55 0.35 100

0.5 467 104 0.3 ~ 100

4.2 Goal bias in RRT on a mesh surface

The basic RRT can take too long to find a solution on a mesh surface with
obstacles. Introducing the goal bias improves the performance of RRT, Table 4.2
shows the performance of RRT on a mesh with and without goal bias. This is
done for 1500 iterations on a synthetic mesh with 18362 triangles. RRT-M was
first tested on this mesh with zero biasing factor then with 0.2 biasing factor
and with 0.5 biasing factor. Although LaValle and Kuffner (2001) suggested
that biasing values should be between 5-10%, after some trial and error test on
different biasing factors 0.2 and 0.5 biasing values were selected to prove the
concept of goal biasing and produces fair results. In Table 4.2 tree size is the
total number of nodes in the tree after the path has been found. This number
is averaged over five trials. The runtime per iteration is the time taken by the
planner to complete each iteration also averaged over five trials and the success
rate is the percentage of trials where the planner was able to find the goal in
< 1500 iterations.

TABLE 4.3: RRT simulation results for different starting and
goal points

Bias | Case # | Avg. Iterations | Avg. time(s) | Avg. time/ iter.(s) | Avg. Path length(m)
1 226 84.03 0.37 7.33
0.2 2 29 16.23 0.56 9.36
= ' 3 56 34.39 0.62 9.3
£ 4 529 186.46 0.35 19.99
22 1 346 135.98 0.39 6.07
05 2 27 17.72 0.66 8.72
’ 3 9 6.93 0.77 7.7
4 776 267.22 0.34 18.79
1 40 5.87 0.15 5.71
0.2 2 61 8.61 0.14 9.44
= ' 3 27 5.1 0.19 8.16
= 4 566 66.53 0.12 18.47
= 1 32 10.89 0.34 5.65
A 05 |2 23 6.56 0.29 8.48
' 3 12 5.75 0.48 7.39
4 996 197.31 0.2 19.21
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4.3 Simulation Verification of RRT-M and RRT-
ML

To evaluate the performance of RRT-M and RRT-ML for each point set in
Table 4.1, each planner was tested five times per set. These methods are
compared here based on the average time each method took to find the solution.
Table 4.3 shows the results of single tree planners, RRT-M, and RRT-ML. In
Table 4.3, Bias is the probability of choosing gy instead of gqnq¢ during the
RRT tree expansion process. The case number corresponds to the case number in
Table 4.1 which indicates the corresponding pair of starting point and goal point.
Average iterations are the total number of iterations that each of these planners
took to find the path averaged over five trials. To evaluate the performance of
these methods on a mesh, the total number of iterations taken by each method
to find the path is also considered. In Table 4.3 the average time per iteration
is the time taken by RRT-M and RRT-ML to complete one iteration and the
average time is the total runtime of the planner. The average path length
indicates the average distance of the path produced by each of the planners
for each case over five trials. Both RRT-M and RRT-ML were tested on the
same mesh described in section 4.1 with the same parameter set up and for a
maximum of 1500 iterations.

(A) RRT-M tree (B) Path produced by RRT-M

(¢) RRT-ML tree (D) Path produced by RRT-ML

FIGURE 4.2: Results for RRT-M and RRT-ML on a mesh for
the first case in Table 4.1
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The trees produced by RRT-M and RRT-ML are shown in Figure 4.2a and
Figure 4.2¢, respectively, in orange. The results shown in Figure 1.4 are for
the first case from Table 4.1. For this result, the biasing factor was set to 0.2
for both methods. Figure 4.2b and Figure 4.2d shows the path produced by
RRT-M and RRT-ML for the same parameter set up, in orange starting from
the green dot which is the starting position to the red dot representing the goal
position. The white dots are tree nodes and the orange lines in Figure 4.2a and
Figure 4.2¢ connecting each tree node to another tree node are tree edges.

TABLE 4.4: RRT-CM and RRT-CML simulation results for
different starting and goal points

Case # | Avg. Iterations | Avg. time(s) | Avg. time/ iter.(s) | Avg. Path length(m)
= |1 18 84.14 175 778
<2 12 23.28 1.94 10.83
=13 9 21.24 2.36 8.95
Mg 170 223.52 1.32 20.05
=l 14 4.67 0.93 7.27
o2 38 2.53 0.07 11.13
é 3 45 4.81 0.11 10.58
x| 4 211 32.85 0.16 19.35

4.4 Simulation Verification of RRT-CM and RRT-
CML

In Table 4.4 RRT-CM is compared to RRT-CML since both methods follow the
RRT-Connect procedure to grow two trees alternately. These methods are also
compared based on the average time taken to find a solution on a mesh surface.
The performance of RRT-CM and RRT-CML is evaluated by comparing the
average number of iterations each method took to find the path and by the time
taken to compute one iteration. The number of iterations is averaged over five
trials for all cases as listed in Table 4.1.
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(A) RRT-CM tree (B) Path produced by RRT-CM

(¢) RRT-CML tree (D) Path produced by RRT-CML

FIGURE 4.3: Results for RRT-MC and RRT-CML on a mesh for
the first case in Table 4.1

Figure 4.3a and Figure 4.3c show the trees produced by RRT-CM and RRT-CML,
respectively. In both, the tree rooted at the start configuration is the orange one
and the one rooted at the goal configuration is green. The two trees are connected
by the yellow dot which is a common vertex in both trees. The results shown
in Figure 4.3 are for the first case from Table 4.1. Figure 4.3b and Figure 4.3d
show the path produced by RRT-CM and RRT-CML which is produced by two
line segments, one part of this path is obtained from the first tree forming the
orange part from the starting point to the connection point and the other part
is from the second tree which is the green line from the goal point to the con-
nection point. The white dots in both Figure 4.3b and Figure 4.3d are tree nodes.

4.5 Simulation Verification of RRT-CML on a
real mesh

In this section, the effectiveness and the behaviour of the RRT-CML are further
evaluated on a real mesh. RRT-CML is not compared to other methods on
this mesh since only verifying if the size or the layout of the mesh affects this
planner. The mesh was created from real point cloud data obtained from the
Commonwealth Scientific and Industrial Research Organization’s data access
portal (Cox, Borges, and Lowe, 2018). The point cloud data used here is part of
the colourized 3D LiDAR SLAM point cloud selection collected by Cox, Borges,
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FIGURE 4.4: A mesh from colorized point cloud data.

and Lowe (2018) using the collection method described in (Vechersky et al.,
2018). The original dataset has 3521563 vertices but for this simulation, a small
section of this data containing a ramp with a slope of approximately 5.9° was
used, as in Figure 4.4. The point of origin is represented by the orange point
attached to the XY7Z axis. The mesh in Figure 4.4 has 67263 vertices and 133822
faces. Meshlab (Cignoni et al., 2008) was used to select the area of interest from
the original data. The data points were further down-sampled using MeshLab’s
Poisson-disk sampling filter and the mesh was created using MeshLab’s Screened
Poisson Surface Reconstruction filter with reconstruction depth of 11 and the
adaptive octree depth being 8.

TABLE 4.5: Sets of starting and goal points used for simulations
on a real mesh

Case Starting point Goal point
1 —6.15,—16.24, —0.81 | —15.47,—21.05, —0.27
2 —7.19,-20.04, —1.4 | —15.47,—21.05, —0.27
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TABLE 4.6: Simulation results of RRT-CML on a real mesh
surface.

Case | Avg. Iterations | Avg. time(s) | Avg. time/ iter.(s) | Avg. Path length(m)

1 71 35.44 0.49 15.32

2 201 123.47 0.61 25.48

For these simulations, only two sets of starting and goal points, Table 4.5, were
used to evaluate the overall runtime, time per iteration, and path length of
RRT-CML on the real mesh averaged over five trials. Table 4.6 shows the results
of RRT-CML on the real surface mesh. The tree produced by RRT-CML on
this mesh for case 2 of Table 4.6 is shown in Figure 4.5 and the path formed by
two segments from each tree is shown in Figure 4.6 for the same case. In this
scenario, a robot can pass under the ramp and the container house since these
objects are not fixed on the surface. In both these pictures, the starting position
is presented by the green dot and the goal position is presented as the red dot
in the ramp. The first tree in orange and the second tree in green can be seen
connecting at the yellow dot (connection point) which is a common point for
both trees.

FIGURE 4.5: RRT-CML trees on a real mesh surface.
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FIGURE 4.6: RRT-CML path on a real mesh surface for case 2 of

Table 4.6. The path is from the starting point (green) to the goal

point (red). The point where the trees are connecting is shown
in yellow.

4.6 Summary

This chapter detailed the simulation results of the methods that were introduced
in the previous chapter. A synthetic mesh containing non-spherical typology
was created for simulations using Blender and processed in MeshLab for smooth
path planning. Single tree methods were tested and evaluated on this mesh
and later compared to each other based on the time each method took to find
the final path. Bi-directional methods were also evaluated and compared on a
synthetic mesh based on the time taken to find the final solution. RRT-CML
was also evaluated on a mesh generated from the real point cloud which is much
bigger than the synthetic mesh to test if the density of the mesh affects the
performance of this method or not. The results of these simulations are discussed
in the next chapter.
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Chapter 5

Discussion

The performance of RRT on a mesh surface has been evaluated through simu-
lation and it was compared to the bi-directional version of RRT on a mesh in
chapter 4. The comparison is based on the time these methods took to find a
feasible path from the start configuration to the goal configuration for four sets
of start and goal positions. Like other path planners, RRT has its advantages
and disadvantages. One of the advantages of using RRT in high dimensional
spaces is that it quickly explores the entire space. However, when planning on
a mesh surface this can be computational expensive since geodesic paths need
to be computed on every iteration. A local region-based RRT planner and its
bi-directional version introduced in section 3.3 to improve RRT performance
on a mesh, are also compared to the basic RRT on a mesh surface through
simulations. The performance of RRT-CML was also evaluated on a real mesh
surface in section 4.5. In this chapter, the results presented in chapter 4 are
discussed. These four methods, RRT-M, RRT-ML, RRT-CM and RRT-CML,
are compared based on the time and the number of iterations each method took
to find a solution within a specified maximum number of iterations, and on the
real mesh, the performance of RRT-CML is compared to its performance on
the synthetic mesh which is smaller than the real mesh in size based on the
time it took to find the path. Each of these approaches declares failure to find a
path if the maximum number of iterations is reached and the solution is not found.

5.1 Planning With Local Regions

Introducing local regions of radius r, formed around each node ensures that
random points are not too far from the tree nodes. The local region area keeps
growing as the tree grows, forming what is called a sub-mesh. The exploration
space for the planner is then the sub-mesh, thus reducing the time the planner
takes to complete planning since it is no longer sampling from the entire mesh.
Having a smaller exploration space reduces the length of the geodesic paths to
be computed and as a result, the planner gets to the goal position much faster
than planning from the entire space. When searching for the nearest node only
tree nodes that are within the random point’s local region are considered. This
results in fewer geodesic paths to be computed.
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To avoid the use of goal biasing, a bi-directional RRT method based on RRT-
Connect algorithm which grows two trees alternately was combined with the
local region procedure. The results from this method were better than that of
the basic RRT-Connect on the mesh and are discussed below.

5.2 Simulation Results Comparison

The simulation results in Table 4.2 shows that goal biasing can improve the
success rate of RRT. Without goal biasing, RRT builds the tree with 1235
nodes on average and in most cases, the goal point was not reached by the tree.
Without goal biasing, RRT can explore the entire mesh space before it can find
a goal point which requires more iterations. With goal bias greater than zero,
the chances of reaching the goal position increased from 0 to 100 percent, for the
goal bias values tested. The average tree size is reduced to lower than 105 nodes
when goal biasing is introduced. This proves that introducing the goal bias in
RRT improves the chances of getting to the goal in fewer iterations; however,
looking at the time to complete one iteration goal biasing does not improve the
total runtime of the planner. As the biasing factor was increased, the number of
iterations taken to find the goal also increase. Therefore, using a large biasing
factor might not be a good choice in some cases.

In almost all cases in table 4.3 the average number of iterations taken by
the RRT-M was more than that taken by the RRT-ML. Because RRT-M samples
random points anywhere on the mesh, it required more iterations to find a path.
For example, in case 1 of table 4.3 when the biasing factor was 0.2, RRT-M found
the path in 226 iterations while it only took 40 iterations for the RRT-ML to
find the path. The results in table 4.3 show that RRT-ML outperforms RRT-M
on the mesh taking at least 0.2 seconds on average to complete one iteration.
However, there are a few cases where RRT-ML required slightly more iterations
to find the solution, for example in case 4 of table 4.3 when the bias was set to
0.5. In this case, RRT-ML took 996 iterations to find the path while RRT-M
took 776 iterations. Regardless of taking many iterations to find the path in case
4, RRT-ML was able to find the path in 197.31 seconds on average, whereas,
RRT-M took 267.22 seconds.

Table 4.3 also shows that the use of biasing factor does affect the performance
of the planner. However, choosing a perfect biasing factor is not trivial. A
specific biasing factor can work perfectly with a specific set of points and produce
not-so-good results when the start and goal position is changed. As an example,
in table 4.3 for case 4, the bias of 0.5 seems not to be a good choice for this set
of points, while it was working well for case 2 and case 3 in reducing the number
of iterations taken to find the path. Increasing the biasing factor from 0.2 to 0.5
in the first case from table 4.3, did not reduce the time for the RRT-M neither
did it reduce the number of iterations for this method. However, this is not the
case for the RRT-ML. The biasing factor of 0.5 worked well in reducing the total
number of iterations for the RRT-M resulting in the reduced computational
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time. When the biasing factor is high the method uses the goal biasing more
often, this can be time consuming, resulting in an increased overall time to find
a path. With RRT-ML the tree growth is limited to within the sub-mesh, which
is a small subset of the original mesh, thus reducing the chances of considering
points on the mesh that are far from the solution path. As a result of this, the
total time taken by RRT-ML to find the path is reduced to less than half of
what RRT-M takes to find the path for most cases from the five trials that were
evaluated.

Growing two trees alternately has had a tremendous result in improving the
performance of RRT (Kuffner and LaValle, 2000). In section 4.4, the results
of RRT-Connect on a mesh are presented in table 4.4. This table contains
the results of RRT-CM and RRT-CML. Since these methods grow two trees
alternately at each iteration, the need for goal biasing was removed. For each
case in table 4.2, both methods were tested for five trials and the averages for
iterations, time, time per iteration, and path length of RRT-CM and RRT-CML
over the five trials are presented in table 4.4.

Comparing RRT-M results in table 4.3 with that of RRT-CM in table 4.4.
It is quite clear that the bi-directional RRT quickly completes its search. How-
ever, it does so at almost the same time as RRT-M, thus the total execution
time is not improved. For example, RRT-M took an average of 84.03s and
226 iterations to find the path when the bias was 0.2 and RRT-CM took an
average of 84.14s and 48 iterations to find the path. In this case, RRT-M and
RRT-CM took almost the same time to find the solution even though the number
of iterations was reduced when growing two trees instead of one tree. From
Figure 4.3a RRT-CM works the same way as RRT-M when growing the trees
except that RRT-CM alternately grows two trees. Nodes are selected from almost
everywhere on the mesh. As mentioned before, this is quite computationally
expensive since the planner must compute geodesic paths for each node to be
added into the tree. RRT-CM is doing twice the computation since it is growing
two trees alternately, hence the increased time per iteration from that of RRT-M.

By introducing local regions in RRT-CM to get the RRT-CML method, the
average time taken to find the path was reduced for all cases in table 4.4, thus
reducing the time per iteration. Comparing all other methods to RRT-CML
shows that RRT-CML outperformed all of them in terms of the total time it
takes to find the path and the number of iterations it needs to do so. This
does not necessarily mean that the distance from the starting position to the
goal position is also reduced. However, the sizes of both trees are reduced as in
Figure 4.3¢ which means that the number of geodesics to be computed has been
reduced. In section 4.5, RRT-CML was tested on a real mesh which is different
from the synthetic one in terms of the total number of faces and vertices it has
and the density of points. The results in table 4.5 show that RRT-CML can
find a feasible path in a short amount of time on a two-manifold mesh surface.
However, it is more likely to have trees crossing each other in both RRT-CM
and RRT-CML since each tree is grown as an independent RRT tree.
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Depending on how far the starting position is from the goal position all four
methods (RRT-M, RRT-ML, RRT-CM, and RRT-CML) take different times for
each trial to find the path. Looking at the results presented in Table 4.3 and
Table 4.4 it looks like both RRT-ML and RRT-CML are able to find the path
in about 5 seconds when the path between the starting and goal position does
not have many obstacles. However, this is not the case for the basic RRT which
takes a minimum of approximately 7 seconds to find a path.

5.3 Summary

In this chapter, the simulation results presented in the previous chapter were
discussed. Single tree planners were compared to each other based on the time
taken to find the solution and the bi-directional methods were also compared
to each other. Using local regions to limit the search tree into a sub-mesh has
shown some effective results with both RRT-ML and RRT-CML doing well on
the simulation when compared to their respective basic methods, RRT-M and
RRT-CM.
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Chapter 6

Conclusions and Future work

6.1 Conclusion

This research project addresses the path planning problem for ground robots in
3D environments. Path planning arises naturally in robotics and its application
also plays an important role in other fields such as computational biology and
computer animation. A wide range of path planning techniques can be used to
solve path planning problems for mobile robots in 2D environments. However,
in real world situations ground robots, which are known to be constrained to
the surface, face uneven and cluttered environments with different running costs.
The problem with 2D representations is that they cannot capture every detail
about the environment, especially when the environment contains non-spherical
topology, removing some planning possibilities.

Path planning in 3D environments for ground robots is a challenging task
since the path must lie on the surface. The overall goal for this project was
to develop a planning algorithm using a sampling-based approach on a 3D
mesh surface. Mesh surfaces are useful in the representation of large cluttered
environments with non-spherical topology, including, for example, bridges and
tunnels. When using a mesh as a workspace, the physical workspace of a robot
can be directly presented making it easy to differentiate between traversable
and non-traversable spaces within the mesh surface. The proposed solution,
namely RRT-ML;, is based on the RRT algorithm and uses local regions to
reduce the computational time of RRT on a mesh surface. RRT-ML has been
implemented and tested on a synthetic mesh and it was compared to RRT-M
and RRT-CM which are the basic RRT and RRT-Connect on a mesh. The local
region approach was also combined with RRT-CM to get a new bi-directional
local region-based method, called RRT-CML.

A synthetic mesh was created to evaluate these methods through simulations.
A mesh from a real point cloud was also constructed to further assess the per-
formance of RRT-CML on a different mesh environment. Planning on a mesh
requires the computation of geodesic paths to ensure that all paths lie on the
surface of the mesh. Using CGAL, the computation of geodesic paths on a
mesh was done. However, the computation of geodesic paths is computationally
expensive. In RRT-M where the nearest neighbour search is done through the
computation of geodesic paths. This is done many times since RRT-M grows the
tree anywhere on the mesh, leading to high computational time. By introducing
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local regions, the exploration space for RRT is reduced to a sub-mesh, thus
reducing the length and number of geodesics to be computed. As a result, the
runtime of the algorithm is reduced. To further reduce the runtime of the planner
on a mesh surface RRT-CML, which grows two trees alternately removing the
need for goal biasing, was designed. RRT-CML was implemented on a synthetic
and the real mesh and it was compared to other methods (RRT-M, RRT-ML
and RRT-CM).

All four methods, RRT-M, RRT-ML, RRT-CM, and RRT-CML, were experi-
mentally verified and compared to each other on the same mesh surface using
the same parameter set up. The use of local regions helps to reduce the total
runtime in RRT-ML and RRT-CML, requiring fewer iterations to reach the goal.
RRT-CML outperformed all other methods by finding a path in fewer iterations
and in less time compared to RRT-M, RRT-ML, and RRT-CM on a synthetic
mesh. RRT-CML operation was also shown in the context of real 3D surface
meshes.

RRT-M took long to find a path, with an average time of 16.23 seconds for
the second case in Table 4.3 with a 0.2% biasing factor. The time taken by
RRT to find a path on a mesh surface might not be practical when planning
in real-time. RRT-M was very slow even when the path between the starting
and goal position did not have lots of obstacles. To improve the effectiveness
of RRT on a mesh, local regions were introduced. This method was able to
improve the speed of RRT on a mesh. Taking half the time that RRT took to
find the path, RRT-ML took 8.61 seconds to find the path for the second case in
Table 4.3 when the biasing factor was set to 0.2. To further improve the speed of
RRT on a mesh, RRT-Connect with local regions was implemented. By growing
two trees alternately RRT-CML was able to find a path in 2.53 seconds for the
second case of Table 4.4, showing capabilities to work well in real-time planning.

6.2 Future Work

The proposed local region strategy seems to be useful in speeding up the perfor-
mance of RRT on a mesh surface. However, the results produced by the RRT
planner on a mesh might be further improved by combining the local regions
procedure with RRT* which is an optimal variant of RRT to obtain asymptot-
ically optimal paths. Perhaps, incorporating local regions in RRT*-Connect
would give excellent results on a cluttered mesh surface and reduce the chances
of having trees crossing each other.

6.2.1 Local Regions in an Optimal Planner

It is well known that as the number of nodes increases, the quality of the path
found using RRT and RRT-Connect algorithms does not improve (LaValle,
2006), and this is the same for RRT-ML and RRT-CML. Meanwhile, RRT*
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which is discussed in section 2.2.3 is a well-known asymptotically optimal variant
of RRT which has two unique functions, tree rewiring and near neighbour search.
The near neighbour in RRT* is somehow a generalized nearest neighbour search
process of the RRT which returns nodes that are closest to the tree node based
on some cost function, whereas in RRT the cost function is not used. In the
near neighbour search of the RRT* a set of nodes that are close to ¢ is returned,
whereas in the nearest neighbour search of the RRT only one vertex is returned.
The set of nodes close to ¢ is defined as all points that are within a closed ball
of radius k, as defined in equation 2.2. The rewiring procedure then builds the
tree within this radius to maintain minimum cost between tree nodes.

Introducing local regions in RRT* could aid the near neighbour search in
RRT™ since all nodes are initialized with local regions of radius r. Finding nodes
that are in a ball of radius k that are considered as closest to ¢ can be done using
the local region concept. This will allow nodes to be selected for the rewiring
process to be within this local region and the cost between the nodes could be
further minimized.

Although RRT* produces asymptotically optimal solutions, it takes more time to
find its path than the basic RRT (Noreen, Khan, and Habib, 2016b). Planning
on a mesh is computationally expensive on its own, therefore, using RRT* on a
mesh could take even longer to find a solution even with local regions in place.
From the simulations growing two trees helps to speed up the runtime of the
planners and removes the need for goal biasing. It can be expected that the
RRT*-Connect with local regions will be faster than RRT* alone, based on the
results from comparing RRT and RRT-Connect (Kuffner and LaValle, 2000) and
it may produce outstanding results while guaranteeing asymptotically optimal
paths.
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Appendix A

RRT-M on a synthetic mesh results

TABLE A.1: Five trials for RRT-M in a synthetic mesh for all
cases in Table 4.1

Bias | Case # | Iterations | Time(s) | Time/ iter.(s) | Path length(m)
251 85.197 0.34 7.69
392 134.681 0.34 7.95
1 107 44.61 0.42 5.51
153 71.61 0.47 8.15
222 78.62 0.35 7.62
24 12.81 0.53 8.57
39 22.05 0.57 9.67
2 24 12.68 0.53 9.67
36 20.12 0.56 10.62
™ 22 13.51 0.61 8.29
< 36 26.64 0.74 8.67
14 10.14 0.72 8.36
3 10 8.05 0.81 9.03
131 54.71 0.42 10.38
87 72.43 0.83 9.21
485 159.4 0.33 20.89
650 222.63 0.34 18.54
4 618 222.15 0.36 17.98
468 169.22 0.36 21.26
424 158.876 0.37 21.27
109 49.73 0.46 7.79
520 205.996 0.39 6.29
1 257 110.81 0.43 5.43
216 97.39 0.45 8.08
627 215.99 0.35 75.5
15 9.72 0.65 8.99
53 35.61 0.67 9.93
2 14 8.8 0.63 8.18
24 16.24 0.68 8.02
10 29 18.25 0.63 8.48
< 12 8.85 0.72 8.07
12 8.65 0.72 8.17
3 7 6.06 0.87 7.59
6 5.32 0.89 7.01
7 6.02 0.86 8.02
1333 425.21 0.32 20.67
369 149.05 0.4 17.39
4 760 250.696 0.33 16.32
717 260.551 0.36 22.23
699 250.61 0.36 17.35
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RRT-ML on a synthetic mesh

TABLE B.1: Five trials for RRT-ML in a synthetic mesh for all
cases in Table 4.1

Bias | Case # | Iterations | Time(s) | Time/ iter.(s) | Path length(m)
13 2.56 0.19 5.02
35 7.09 0.2 5.43
1 46 6.29 0.14 6.03
66 9.26 0.14 5.94
42 4.17 0.99 6.15
127 17.27 0.14 8.94
56 9.04 0.16 10.66
2 68 8.85 0.13 9.67
34 3.59 0.11 10.62
™ 20 4.32 0.22 8.29
< 32 5.15 0.16 8.96
42 7.53 0.18 9.06
3 32 3.59 0.11 7.89
27 4.39 0.16 7.32
38 5.06 0.13 7.56
373 47.89 0.13 16.76
487 52.55 0.11 17.24
4 518 58.798 0.11 17.45
860 103.61 0.12 20.49
594 69.82 0.12 20.39
20 8.69 0.44 5.58
66 23.27 0.35 6.46
1 6 2.46 0.41 4.44
55 13.76 0.25 6.57
13 6.27 0.48 5.18
21 5.97 0.28 7.78
21 34.26 0.2 8.83
2 14 5.63 0.4 7.92
39 12.48 0.32 9.73
10 18 4.45 0.25 8.12
< 9 4.7 0.52 7.39
10 5.38 0.54 7.65
3 20 7.77 0.39 8.13
12 5.46 0.46 6.88
10 5.42 0.54 6.88
955 189.99 0.19 21.81
1353 256.412 0.19 18.92
4 954 194.481 0.2 19.696
987 197.28 0.199 17.03
729 148.37 0.2 18.57

o1
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RRT-CM on a synthetic mesh
results

TABLE C.1: Five trials for RRT-CM in a synthetic mesh for all
cases in Table 4.1

Case # | Iterations | Time(s) | Time/ iter.(s) | Path length(m)
58 90.99 1.57 7.65
43 86.22 2.01 7.89
1 20 48.232 2.41 6.85
53 89.41 1.69 7.31
64 105.84 1.65 9.21
10 19.58 1.96 9.02
6 12.34 2.06 9.65
2 4 8.8 2.2 12.55
25 49.85 1.99 12.95
13 25.82 1.99 9.88
28 63.73 2.28 9.67
3 7.33 2.44 10.43
3 3 8.82 2.94 7.96
7 16.71 2.39 8.99
4 9.59 2.39 7.69
224 271.34 1.21 17.64
148 213.49 1.44 18.38
4 161 199.34 1.24 17.99
120 163.29 1.36 22.76
197 270.12 1.37 23.48
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RRT-CML on a synthetic mesh
results

TABLE D.1: Five trials for RRT-CML in a synthetic mesh for all
cases in Table 4.1

Case # | Iterations | Time(s) | Time/ iter.(s) | Path length(m)
10 0.69 0.07 6.71
10 0.62 0.06 5.81
1 6 0.37 0.06 6.43
22 1.38 0.06 9.19
22 1.61 0.07 8.19
37 2.29 0.06 11.91
20 1.11 0.06 9.32
2 41 2.74 0.07 11.17
65 4.81 0.07 12.93
26 1.72 0.07 10.3
53 5.39 0.1 11.99
24 2.34 0.09 10.45
3 62 6.44 0.1 12.59
24 2.16 0.09 9.52
64 7.7 0.12 8.36
272 47.72 0.18 18.24
158 19.09 0.12 20.21
4 198 29.2 0.15 19.45
216 34.29 0.16 19.49
210 33.95 0.16 19.38
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Appendix E

Planning on a real mesh

E.1 RRT-CML on a real mesh

TABLE E.1: Five trials for RRT-CML in a real mesh for all cases

in Table 4.5

Case # | Iterations | Time(s) | Time/ iter.(s) | Path length(m)
52 23.44 0.45 16.71
85 50.31 0.59 13.71

1 66 33.79 0.51 13.38
72 31.75 0.44 14.48
82 37.89 0.46 18.34
243 132.85 0.55 26.52
233 132.91 0.57 26.03

2 172 116.80 0.68 24.18
173 110.77 0.64 23.86
186 124.04 0.67 26.82

E.2 Point cloud data

The data used in this dissertation was obtained from the CSIRO data portal
Cox, Borges, and Lowe, 2018. The original data looks like the figure E.1 below
with 3521563 points.
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Appendix E. Planning on a real mesh
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