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ABSTRACT

Robot path planning is an important part of the development of autonomous systems.
Numerous strategies have been proposed in the literature regarding mobile robots but
trajectory planning for manipulators is considerably more difficult since the entire structure

can move and therefore produce collisions with surrounding obstacles.

This thesis presents an orginal solution and analytical comparison to path planning for
manipulator arms. Path planning is executed in two parts: first, a global path is found to
guide the end effector in the environment using artificial potential fields and mult-
resolution occupancy grids, then, a local path is determined for the entire robot structure by
considering the kinematics of the robot as well as the repulsive forces of nearby obstacles in

a fuzzy logic controller. Results are shown from a simulator that has been built for this
purpose.

The contribution of this research is to develop a robust solution for path planning with
collision avoidance: one that can be used for various manipulator arms and environment
configurations. The proposed method is easily applicable to 2D and 3D environments and

has been tested on both.
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CHAPTER 1: INTRODUCTION

Robotic systems are becoming an integral part of our society. In manufacturing, robots
have completely changed the way goods are made. But this is not the end of robotic
technology. For many reasons, such as human safety or economics, it is desirable to have
robots able to complete complex tasks with minimal or no human intervention. However,

this is still far from being accomplished.

Moving a robot is a complex operation that requires a lot of knowledge about the
environment. This information must be analyzed and interpreted to conduct the desired
task. In most cases, the goal is to safely move the robot to a target position to perform a
deed. The action of determining the sequence of steps to do this is called path planning. For
a path planning algorithm to be effective, it must consider numerous parameters: reaching a

target position and avoiding nearby obstacles.

There has been a lot of research performed on path planning for mobile robots. Many
researchers have proposed very efficient methods. However, in the case of manipulator
arms, the structure of the robot adds to the complexity of the solution. Although many
approaches have been put forth, there are none that can truly be called robust where the
algorithm is independent of the robot configuration and works in an arbitrary environment

situation.

1.1.  Objectives

The goal of this research is to explore ways to develop a robust solution for collision-free
path planning of robot manipulators. The proposed algorithm is designed to work in a
cluttered environment for an arbitrary manipulator configuration while keeping
computation time small such that the advantages of automating the process are not

compromised by a heavy computational workload.

Manipulator control becomes considerably more difficult as the manipulator increases in

complexity. For more than a few degrees of freedom, direct computation of the robot



parameters becomes an extremely complex task, sometimes without an analytical solution.
As a result, manipulators are often designed to facilitate this computation at the expense of
having robots that are not optimized for the task at hand. One aspect of the thesis examines

approaches to compute the robot parameters regardless of the complexity of its design.

After an investigation and a comparison of various classical modeling schemes in the
context of robot path planning, the framework in which the research is performed assumes
that environment information is gathered from probabilistic datasets. This type of model
provides rich information regarding the workspace and contributes to reduce computation
as uncertainty is already encoded in the dataset. The mapping of the environment is
encoded in a sequence equivalent to tree structures, called quadtree in 2D, octree in 3D or
n-tree in a general case. This sequence is a compact format that considerably reduces

memory requirements and neighbor searches.

Based on the modelling information acquired separately, the solution that is proposed
and evaluated in the present work consists of having the path of the end effector of the
robot computed with the use of attractive and repulsive potential fields. These fields attract
the effector towards the goal position and simultaneously push it along with the rest of the

structure away from obstacles. .

To ensure that the rest of the robot structure safely travels through the free space, an
original design of a fuzzy logic controller is introduced. This controller interprets the
configuration of the robot and the surrounding repulsive obstacle forces and determines a
safe trajectory for all the joints such that the entire structure reaches the target configuration
defined during the phase of path planning for the end effector. A general diagram of the

steps followed is shown in Figure 1.



Read and analyze
environment data

Y

Determine end
effector path using
potential fields

Y
Find path of rest of
structure using
fuzzy logic

Figure 1: Block diagram of the proposed path planning approach

1.2.  Contribution
The contribution of this research is to provide a robust and adaptive solution for
manipulator path planning. The use of probabilistic datasets and an original encoding
scheme allow for a compact yet accurate representation of the environment that minimizes
the computational effort for the search of neighbor configurations required to define a
trajectory. The use of attractive and repulsive potential fields offers a simple method for
global path planning. This classical approach is combined with a fuzzy logic controller that
combines the manipulator configuration and obstacle information to determine a safe,
collision-free path for the whole structure of the robot arm. The proposed setup offers the
flexibility to use an arbitrary manipulator for a given environment while avoiding the
extensive computation related with manipulator control based on classical inverse
kinematics. Each component of the proposed path planning approach is experimentally

tested and analyzed with various environments and robot configurations.

1.3. Structure

The thesis is structured as follows: Chapter 2 provides a review of literature of the main
concepts in the field. It is primarily aimed at recent documents starting from 1995. In
Chapter 3, the classical occupancy grid encoding approaches and the neighbor cell finding

algorithms are detailed and experimentally compared. The grid representation of the robot



working environment is put to advantage to minimize the number of neighbors to find
when determining a safe path. An orginal encoding scheme is presented and compared
against other approaches found in the literature. The two phases of path planning are
presented in Chapter 4. A global approach guides the effector towards the target position
using potential fields, while a local algorithm utilizes fuzzy logic to overcome the
complexities of manipulator modeling and inverse kinematics to guide the rest of the
structure around obstacles. Experimental results are shown and analyzed in Chapter 5.
Finally, the conclusion provides an overview of the concepts introduced in this thesis and

explains future research directions and potential uses for the proposed approach.



CHAPTER 2: REVIEW OF LITERATURE
2.1. Introduction

This chapter offers a survey of the recent advances in the field of robotic path planning
and collision avoidance and an introduction to other concepts used in this thesis. It is
divided into path planning, potential fields, probabilistic representation, encoding grids and

manipulator control.

2.2. Path planning

Avoiding collisions during the movement of a robot is a critical issue that implies
efficient path planning strategies. Many researchers have proposed different path planning
approaches for mobile robots that yield efficient results. Unfortunately, for manipulators,
the process is more complex as the structure of the manipulator introduces difficult
situations that do not appear for mobile robots. Therefore the majority of classical path

planning techniques cannot be directly transposed to manipulator robots.

However, there are a few strategies that have been inspired by mobile robots path
planning technologies and adapted to manipulators. The general trend consists of dividing
the path planning strategy into two steps: first, a global approach determines the path of the
end effector in the free space (this is similar to path planning for mobile robots as the rest of
the structure is not considered), and then a local path planning method determines the
configuration for the whole robot structure given the desired positions of the end effector in

the environment along the trajectory.

22.1.  Owrdewd literature
Although path planning is an essential step in robot automation, many of the approaches

used are simple heuristics: successively searching for face connected cells or configuration
with or without the minimization of a criterion. These usually provide limited results

depending on the complexity and configuration of the environment. These techniques are



applied to both mobile robots and manipulator arms. In an attempt to improve their

performance and robustness, numerous alternatives to those methods have been proposed.

Lee and Kardaras [16, 17] present a different path planning algorithm for mobile robots
that makes use of “via points” (denoted VP) that connect to form the path of the robot.
The number of points varies according to the complexity of the surrounding environment:
the path along a straight line or in free space will generally require very little number of VP,
while the paths closest to an object, which usually tends to “curl” the path, will introduce
numerous VP. Simulated annealing is used to smooth out the resulting trajectory. The use of

a neural network properly trained is also proposed to make the entire process more parallel.

Nam, Lee and Ko [21] present an approach for collision avoidance of moving objects.
The proposed approach recalculates the potential field only for a small region known as the
accessible sweep region, which reduces the complexity of rebuilding the entire potential
field. The authors use the knowledge of the position, speed and acceleration of the objects
to move the mobile robot. However, this requires an enormous amount of calculation, as
numerous measurements need to be taken at very short intervals. From the speed and
acceleration data obtained, a form of regression is used to find the most adequate solution
using heurnistic approaches. The approach is demonstrated to work mainly on simplified

environments where distances are large; therefore the sampling time is larger.

In [23] by Nishimura e 4, potential fields are used in conjunction with genetic
algorithms for path planning for a manipulator arm. The potential fields are used to guide
the end effector, while the genetic algorithm ensures collision avoidance for the rest of the
structure of the robot. The path planning sequence is not very well defined but the paper
presents a very good overview of generic algorithms in the context of robot path planning.
The variations in joint angles are coded as genes. This gene is then passed through a series
of genetic operations: genetic coding, fitness, crossover, mutation, natural selection and
parameter tuning. These operations mutate the gene to a pseudo-random position that is

evaluated. These operations are stopped when the robot has reached the desired



configuration. The results reported confirm the effectiveness of the proposed solution.
There are a few drawbacks to this approach that can be observed, most notably is that the
algorithm finds a solution through pseudo-random means. Even though the randomness is
controlled, the authors do not include any estimation of execution time, which leads to the

deduction that this approach may be very lengthy.

Solteiro Pires and Tenreiro Machado [33] also present an approach to collision avoidance
using a standard genetic algorithm. Their concept is to minimize a penalty function that
represents the configuration of the robot manipulator (obstacles, robot position, angular
speeds...) by using the fundamental functions of genetic algorithms (reproduction,
crossover and mutation). The approach used is simplified and test environments are

simplistic. However, the authors show the ability to avoid collisions in path planning.

In [24], Oriolo e 4l present a heuristic-like approach to path planning where the end-
effector path is given and must be followed in a tracking operation. The algorithm presented
by the authors determines the position of the structure of the robot arm throughout the
given path. This path is segmented into smaller steps where the robot configuration must be
computed. Every possible configuration of the robot is analyzed until one is found that does
not create collisions with the environment. Those solutions are found in a random order
and do not guarantee the optimal solution in terms of joint displacement and computation
time.

Lin and Chuang [20] offer a different perspective on manipulator path planning. The
authors propose to use guide planes (GP) as intermediate goals in the 3D workspace. They
provide a general direction for the manipulator to move forward towards the goal by
specifying polygons that represent regions between the obstacles. Using continuous
repulsive fields, the algorithm finds the path with the lowest value for repulsion within the
boundaries of the GP. This method yields good results; however, the authors assume “that

the sequence of GPs is given in advance”. The generation of the GP is not precisely



defined. By analysis, this approach seems to avoid obstacles when they are far from each

other, but may lead to some problems when it is not the case.

Hwang er 4l [11] present an interesting approach for path planning with mobile robots
that relies on adapted environment representations. The authors observe that the principles
of quadtrees (and octrees) possess two intrinsic drawbacks: the quadtree representation
needs to be of high resolution to model the obstacles correctly and the quadtree method
cannot guarantee to find the shortest path due to large cells that tend to appear in free
space. Instead of using square cells in the quadtree sequence, a 2D environment is
converted into a triangular grid and blown into 3D where the slope of the triangle
represents the proximity of an object. Free space will have a zero “z” component while
obstacles will be nonzero. The resulting grid is then simplified by removing some vertices
representing the edges of the triangles; this is done to reduce the size of the mesh by
exploiting the redundancy of regions of similar occupancy. The path planning strategy is not
extensively detailed, but it uses forces to push the robot and generate a path using a heuristic
approach. Path planning results are however good, as the approach reduces the
computation time by a factor of 10 (over standard quadtrees). On the other hand, the mesh
computation is very lengthy (50 sec compared to 0.09 sec for path planning). No extension

is proposed for an equivalent mapping for 3D environments.

In [19)], Lian ef 4l present a simple approach in computing a collision-free path for a
manipulator arm. They use repulsive forces to push the robot away from obstacles.
However, their approach does not specify the inverse kinematics that the authors used even
though they hint towards neural networks and fuzzy logic. Repulsive forces are classified
into three different categories called “obstacle patterns” from which the force parameters

are extracted. They are shown in Figure 2.



Figure 2: Repulsive forces siruations
Collision avoidance commands are extracted depending on the obstacle pattern and the key
obstacle, which is not clearly defined. The example provided is simplistic and the
combination of local and global command generation is simple but not very well defined.

Joint movement is determined by the probability of collision for every joint.

Ando [1] presents an algorithm to determine the path of a manipulator arm through a
crowded environment. A general path is found using global path planning methods and the
algorithm then finds sub-goals throughout the path that satisfy this global movement. These
sub-goals are found using a general A* algorithm. If this search does not yield an adequate
position, the global search is called again and the global path is recomputed using a different
A* range parameter. The approach aims to reduce the computation times. Unfortunately,
the strategy does not seem to encompass general robot architectures. Even though the
strategy is aimed towards manipulator arms, no consideration is made of the inverse

kinematics. In fact, the results presented only deal with the path of the end effector.

Probabilistic Roadmaps (PRM) is another relatively new approach to robot path planning
that is presented by Leven and Hutchison in [18]. Path planning is again done in two steps.
In the first step (performed offline), a series of random configurations in the configuration
space (Cspace) are found and are called nodes. These nodes are then connected using a
local path planner. The second stage links those nodes from the start position to the goal
position. The roadmap that is obtained indicates the probability in a region where a safe
robot configuration may exist. The limitation of this approach is the large number of
samples that are needed, up to ten million, according to the authors. This is the main focus

of research for PRM. In [18], a sampling approach is proposed that is based on



manipulability or dexterity, an intrinsic property of manipulator arms. The authors stipulate
that a lower number of sampling is needed when the manipulability of the robot is high,
such as in free space. In opposition, a larger number of nodes must be sampled where the
range of motion is restricted, for example near obstacles or joint limits. PRM are an
interesting approach to local path planning methods but require extensive computation,
especially during the pre-processing stage as a random search is performed. The methods

introduced in [18] offer an improvement of 2-3 times over standard PRM.

2.2.2.  General obseruations on existing path plarming tedmiques

The previous approaches offer a diversified perspective to the problem of path planning.
However, it is difficult to find a general solution that is robust for an arbitrary configuration
of the manipulator and the environment. Often, the focus is put on mobile robots and the
complexities introduced by manipulators are avoided. Attempts are made to reduce the
online computation at the expense of enormous offline and setup times, which is not a valid
approach for most robotic systems. Unfortunately, we must conclude that the literature
does not yet provide a robust solution that would accommodate a large set of environment
configurations, especially if manipulator arms are of concemn. Therefore, general solutions
must still be investigated. For that matter, a combination of some of the most promising

approaches might be explored, as discussed in the following sections.

2.3. Potential fields
Potential fields have taken an important place over the last decade in robot path planning

research as they offer a very interesting approach that is relatively simple and efficient. The
overall potential field is made up of an attractive field, which attracts the robot towards its
objective, and a repulsive field that pushes it away from the obstacles. As discussed
previously, many of the path planning approaches still make use of simple heuristic
algorithms, which may yield a quick result but are usually not optimized or require
enormous computation. When not designed from a general enough perspective, an

important drawback of potential fields is that the robot (whether a manipulator arm or a
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mobile robot) tends to get trapped in what are called local minima. These minima in the
potential surface prevent the robot from reaching its destination. Efforts to overcome this
problem represent a large part of the research regarding potential fields and are presented in

this section.

23.1 Concepts

Originally proposed by Khatib [12], potential fields have been refined for a number of
years and used for many applications including path planning for robots. They offer a
simple yet efficient method to encode the location of obstacles in a given environment
through a representation that can be directly interpreted by classical path planning
techniques. A simple analogy to potential fields could be to picture a marble rolling down a
hill and letting it reach the lowest point of a valley. Provided that this point in the valley
corresponds to the target configuration to reach, a trajectory can be computed for the robot

by following the negative gradient of the surface. This section summarizes the main

techniques of potential fields.

2.3.1.1. Discrete repulsive fields

The repulsive potential fields result from the presence of obstacles in the environment.
Their purpose is to repel the robot away from these obstacles. These fields are generally
computed as a function of the distance from objects boundaries. As the object most likely
to create a collision is always the closest one, only that distance is usually taken into

consideration.

A safety margin may be introduced around the objects to account for the structure of the
robot and the uncertainty of sensors to measure an obstacle’s location. In a typical
application, the distance to the nearest obstacle is first computed for every point in the
environment. The resulting array is an amalgamation of distances. By design, all immediate
neighbors of a point are of similar distance, also, the distance of a point to the closest
obstacle can be, at most, one larger than the smallest of its neighbors; it can also be only one

smaller. For example, the neighboring points to the obstacle edges are assigned a distance of
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1, and then the neighbors to those points are assigned a distance of 2, etc... Fora Cartesian
representation, made of a discretization of space in a grid of cells of a given resolution as
shown in Figure 3, every point can have either 4 or 8 neighbors, depending on whether
diagonal neighbors are considered to be adjacent cells or not. When extended to 3D space
representation, 4-neighbor mapping results in 6 neighbors, and 8-neighbor mapping leads to
26 neighbor cells. In this research, we have chosen to use the representation with 8
neighbors in 2D and 26 neighbors in 3D as it increases the flexibility of path planning in

cluttered space.

4 3 2 3 4 2 2 2 2 2

3 2 1 2 3 2 1 1 1 2

2 1 0 1 2 2 1 0 1 2

3 2 1 2 3 2 1 1 1 2

4 3 2 3 4 2 2 2 2 2
2) 4 neighbors b) 8 neighbors

Figure 3: Neighbor mapping in a grid-based representation
The table of distances for a sample environment is given in Figure 4 where the black
squares represent obstacles while the number inside the white cells represents their
respective distance to the nearest object. In order to consider the lack of measurements
taken beyond the edge of the environment, it is usually assumed that outside the workspace
is an unknown space and therefore may contain obstacles. Therefore, the border of the
workspace is treated as an extra obstacle. As a result, cells are assigned a distance to the

nearest object or border as shown in Figure 4.
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Figure 4: Sample table of distances
Once the table of distances is obtained, the repulsive field can be directly computed as an

inversely proportional function to the distance for each cell. That is, a large distance means
that the position is far from an obstacle and the repulsive field is weak. Inversely, if the

distance is small, then the presence of the obstacle will cause a large repulsive field.

There is an important problem that plagues the computation of tables of distances and
repulsive fields. As they rely on a computation of distance to the closest object, a large
amount of computation is required to determine the successive neighbors of every point in

the environment.

2.3.1.2. Free space

In order to determine a collision-free trajectory, the safe regions exempt of obstacle must
be found. This subspace is called the free space. Starting from the table of distances, the
computation of the free space is straightforward. A threshold representing the desired safety
margin around obstacles is applied to the table of distances to account for sensor errors on
the precise location of obstacles. The resulting array is segmented in two components: one
consists of all cells where the distance to the nearest object is larger than the security margin
while the second is made of cells with a distance smaller or equal to the security margin,

which includes the objects.
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Figure 5: Sample free space

Following the example shown in Figure 4, a security margin of 2 is used to find the free
space, as depicted in Figure 5. The resulting free space is represented in white cells in which
the robot can safely traverse while the black squares represent obstacles and the security

margin is shown 1n grey.

2.3.13. Discrete attractive fields

The attractive field is meant to progressively guide the robot from its current
configuration to the target. To achieve this, an attractive field can be built that represents the
distance from a position in the workspace to the target. It is computed from the free space
obtained from the distance table and consists of tagging each cell with a discrete distance
value computed from the goal configuration in number of cells. This new distance does not
refer to that contained in the table of distances that is defined with respect to obstacle
surfaces. The new distance values are found by means of a wave propagation originating
from the target position and limited to the predefined free space. Every neighboring point
to the target position (denoted as “T”) in the free space is assigned a distance of 1, then the
neighboring cells to those are given a distance of 2, and so on, until all the cells in the free

space have been tagged. The resulting discrete attractive field is shown in Figure 6.
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Figure 6: Sample attractive field

Ideally, guiding a robot through this attractive field by following the down slope should
make it reach the objective. The output path can be calculated step-by-step with successively
finding the neighbor cell with the smallest distance to the target and following the
“downslope”. Figure 7 displays a greyscale mapping of the discrete attractive field for a
larger environment with numerous obstacles depicted by white areas. The target position is,
in this example, denoted by “T” near the top-left corer. The objective is to bring the robot
from an arbitrary start position located in free space by progressively moving towards lighter
pixels and eventually to the target position. Two sample trajectories are shown which start

respectively from two initials configurations: near the lower-right and the upper-right

comers of the map.
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Figure 7: Example of an attractive field

Even though such a straightforward procedure has great chances of success for a point-
like mobile robot, it is rarely successful for a manipulator arm as repulsive forces exert
important pressure on the totality of the structure. As a result, the arm finds itself in the
presence of contradictory forces originating from repulsive and attractive fields and tends to
get trapped in local minima. Although the use of discrete potential fields reduces this effect,
robust solutions have not yet been identified to eliminate this problem when considering
manipulator arms, as there are many points of interaction distributed along the robot
structure. These situations arise because the entire structure feels different forces that
contradict its movement toward the goal. In this research, an original combination of
potential fields for global path planning and fuzzy logic for manipulator control and local

path tracking is proposed to overcome some of these limitations.

232, Owrvewd the liverature

Potential fields (also known as artificial potential fields) are a promising approach for
path planning. The concept has enjoyed popularity with its relative simplicity and speed of

execution. Many researchers have proposed algorithms to reduce or to circumnavigate
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around the typical problems inherent to potential fields. Here is an overview of the main

research directions.

2.3.2.1. Detecting and escaping local minima

Barraquand and Latombe [2] have proposed a classical approach for path planning. The
authors use a potential-field based method that follows the gradient descent to approach the
target position. If the robot becomes stuck in a local minimum, the algorithm tries to escape
by the addition of random movement widely known as the Monte-Carlo approach. The
process is repeated until the path reaches the target position. The proposed approach shows
good results m dealing with manipulators with a large number of degrees of freedom,
however, the approach is very lengthy when dealing with narrow corridors. The random
search for a valid solution leads to non-uniform planning times and is not repetitive; this

represents a major drawback for real-time applications as required in modem robotics.

Caselli e al. [4, 5] present a method for escaping local minima. The approach determines
if the robot is currently located in a local minimum and uses different methods to escape it.
The first approach (Straight Line) is to move the robot in a random “up-hill” direction until
a criterion is met. The second algorithm (Straight Line Select) eliminates unwanted
candidate directions therefore optimizing the escaping path and minimizing the occurrence
of the robot falling in the same minimum. The results obtained are not very suitable for real-

time applications; however, the simplicity of the approach is interesting.

Park et al [25] propose a similar approach where once the robot is trapped in a local
minimum, a random solution is found using simulated annealing from the set of neighbors
to the current solution. The simulated annealing method searches for random robot
configurations and evaluates them based on an optimization criterion that attempts to free
the robot. As the Monte-Carlo approach, this random search method will not lead to
uniform results, which limits its use for real-time application. The authors present very good

results for mobile robots, but do not mention an extension to manipulator arms.
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Most approaches assume that the robot has a fairly simple shape. However, in order to
be more rigorous, a more precise representation can be used, but it introduces different
problems. Chang [6] examines the fact that every point in an object will exert a different
force to every point on the robot. Hence different forces are applied to different parts of the
robot structure, creating many possible attractive and repulsive fields. The method proposed
by the author searches through the fields until a valid path can be found. The trajectories
found using the proposed algorithm are very interesting and demonstrate that the approach
is able to fully model the robot and determine a safe global trajectory. However, the
algorithm requires significant amount of memory to store the robot representation and

environment information, therefore leading to lengthy computation times.

Chengging et 4l [7] present an interesting method to detect local minima. They observe
that minima are created most of the time by concave objects, or a series of convex objects
forming together a concave object in the workspace. The proposed method is used when
the robot is trapped in the local minima as it tries to determine the optimal direction to
escape it by determining the largest opening of the concave object. The approach used is

interesting, however, real-time application of the proposed approach is not demonstrated.

2.3.2.2. Other representations of potential fields

A number of different approaches to improve the efficiency of potential fields by slightly
changing their representation have been developed. While some try to decrease the
generation time in order to deal with evolving environments, others use different physical

phenomena that mimic potential fields such as heat transfer or circulatory fields.

A limiting factor to using potential fields for path planning is that its generation can be
somewhat cumbersome especially for evolving environments. Piaggio and Sgorbissa [29]
propose a method to statistically reduce the potential field calculation. Their approach is to
divide an area near to the robot or end effector into circular sectors of equal width and into
equally spaced rings. The resulting grid will have a similar shape to that of a cylindrical

coordinate system. The sector explored is updated beginning with the smallest radius where

18



an object is found. The approach has shown a reduction of 11% in computation time over
traditional grids. However, the technique implies that a robot setup is designed such that

proximity sensors are mounted on-board a mobile robot.

An interesting adaptation of potential fields is presented by Sing, Stephanou and Wen
[32] in which an artificial current is assumed in the obstacles instead of the typical
electrostatic charges. The effect of this current is to create a circulatory field that reorients
the velocity of the robot, guiding it around the obstacle. The force exerted by all the
obstacles depends on the velocity of the robot as well as on the distance from the objects

and is defined as:

-

F

obst — XX E ( 1 )
where % is the speed of the robot and B is the combined field of all the elements, which is

computed as:

B = da (2)
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where K represents the surface current, 7 is the distance to the object and « is the area

affected by the force. The overall field B is the vectorial sum of all B, The publication does

not provide any indication about computational times.

Along the same line of ideas, an appealing approach of potential fields is presented by
Wang and Chirikjian [36], where the potential field is not based upon magnetic fields but
upon heat transfer. A collision-free path is found by finding the path of least thermal
resistance. Although the process looks similar to regular potential fields and no feasible
improvements can be revealed, the authors state that “the advantages of using varable
thermal conductivity are that it allows for a simple geometrical domain regardless of

obstacle complexity and can handle changes in the environment”.

A very simple, although not optimized, method for escaping local minima is presented by
Yun and Tan [37]. It consists of using common path planning algorithms and a wall-
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following algorithm when the mobile robot is trapped in a local minimum. The wall

following algonthm contains two steps:

1) Once the robot is trapped in a local minimum, it arbitrarly follows the wall at a

random direction.

2) 'The robot will continue to follow the wall until it reaches a decreasing potential
field flow. At this point, the robot will switch from the wall-following control to

the potential-field control.

The method presented is very simple and works in many situations. It is very easy to bring
the process real-time; however, the resulting path is not optimized and no mention is made
of manipulator arms. This publication demonstrates that development of robust path
planning solutions is still in its infancy.
2.3.2.3. Modeling of potential fields

A different representation of either the workspace or the robot can be useful for many
different reasons. Complex objects can be modeled as simple ones or using a more
memory-efficient manner. Modeling robots of complex shapes especially highly redundant
manipulator arms can drastically reduce the efficiency of an approach. An efficient model

must therefore be used to reduce the complexity of the algorithm.

Conkur and Buckingham [8] examine highly redundant manipulators and use them in
very crowded environments. In order to speed up the process, the obstacles are modeled as
ellipses with a security margin while the links of the robots are modeled as lines. The
approach exploits this elementary representation to avoid collisions. Also, since the robot
used is a highly redundant manipulator arm, the interaction between the links must also be
taken into consideration. Some very interesting results are presented and the online

computation process, consisting mainly of the path planning method, is generally fast.

The purpose of the approach used by Kitamura et 4l [13] is to use the quadtree
representation to find the best path for the robot to follow. Although the path planning

algorithm consists only of heuristic techniques, the quadtree approach shows considerable
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improvement over the regular grd-like representation. The current approach reduces the
number of nodes to explore in order to determine the best path; the results obtained show
an improvement of up to three times. The paper also presents a good application for mobile
robots since rotations are also calculated. The authors present some theory with regards to

moving obstacles but this aspect is not extensively detailed.

Laliberté and Gosselin [14] have proposed an interesting method that reduces the
occurrence of local minima. The potential fields are discretized and the attractive field is
computed by means of wave propagation from the target position. This is an attractive and
simple method that can be easily used for path planning. It has been validated on redundant
2D and 3D manipulator arms but demonstrates limitations when the robots try to reach
behind obstacles. The proposed approach relies on the analytical solution to the inverse

kinematics of the robot, which increases complexity and limits the generality of the solution.

2.4. Probabilistic representation
241 Owruew

Since the representation of the working environment is critical for the success of a
robotic application, selection of the modeling scheme for the workspace is another
important factor in developing robust path planning strategies. Even as the most accurate
range sensors are often error-prone, obtaining many samples of the same data point and
taking into account the uncertainty associated with each measurement is important for the
robustness of the environment model. Inspired by a 2D approach introduced by Elfes [9],
Payeur et al. [28] have proposed a method of 3D data fusion where a probability (with 0.0
representing empty space and 1.0 corresponding to occupied space) is used to encode the
occupancy of a given cell in an occupancy grid, as opposed to discrete occupancy levels
(occupied, empty or unknown). This probability is based on the number of measurements
available and the fusion of those readings. A probabilistic model of a simple 2D
environment is shown in Figure 8. For clarity, only 5 levels of probability are used and

mapped as grey levels ranging from black (occupied space) to white (empty space).
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Figure 8: Probabilistic representation a) obstacles location, b) probabilistic occupancy mapping

Following this representation, the occupancy state of cells located inside obstacles is
unknown and given a probability of 50% (depicted with the middle shade of grey). Outward
from the obstacle edges, the probability progressively lowers as the certainty that cells are
empty increases. This introduces “fuzziness” around obstacles to represent the uncertainty
of the readings, as shown in Figure 9 for a more complex environment. In the latter
example, dark regions are associated with the surfaces of the objects and the boundaries of
the environment which are also considered as obstacles to prevent the robot from leaving

the modeled workspace.

Figure 9: Example of a probabilistic environment mapping
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The introduction of probabilistic datasets in replacement of deterministic ones mainly
influences the computation of repulsive potential fields and the determination of free space
as demonstrated in [27]. In environments where narrow corridors have to be traversed, the
richness of a probabilistic representation provides knowledge on the reliability of the
environment model. In a deterministic representation, this uncertainty can at best be
encoded into fixed safety margins around each obstacle and therefore does not provide any

flexibility to the path planning operation.

242,  Choe o a representation

After having investigated various mapping strategies, numerous factors led to choosing
probabilistic datasets for the present work. With the richness of the information that it
provides, there is a direct relationship with the repulsive field. Instead of computing the
distances that make up the repulsive fields with classical representations, this information is
found intrinsically within the probabilistic model of the environment. A close analysis of the
advantages of using probabilistic datasets was performed in an exploratory phase of this
research [34], and demonstrated that a 15% improvement in computational workload can be
achieved by using probabilistic encoding instead of using conventional environment
representations. These results were found in path planning execution times for a mobile
robot application and a global path planning strategy. In its use in global path planning, the
introduction of probabilistic datasets clearly reduces the computational effort for
determination of the repulsive potential field. We conclude, therefore, that the use of

probabilistic datasets is justified to pursue our experimentation.

2.5.  Manipulator control

As mentioned before, although many researchers have proposed approaches for path
planning for mobile robots, manipulators have not been the focus of as much research. This
fact comes mainly from the difficulty of controlling the entire structure of a manipulator
which moves and mteracts with itself and the surrounding environment as well as the

inherent complexity of the kinematic model. Moreover, most of the papers in the literature
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only present research in controlled environments and are generally not very suitable for an
arbitrary robot configuration or environment. As the goal of this thesis is to explore
methods that can be applied to generic manipulator setups and provide a collision-free path
in cluttered environments, an examination of the literature that deals with manipulators
control with path planning applications has been performed. In this thesis, starting from a
global path for the end effector found through the use of potential fields, a path tracking
method is developed to determine the sequence of robot configurations that follow this
trajectory. A fuzzy logic approach is considered as it can handle the non-linear problems
inherent to the analytical solution of the inverse kinematics of a manipulator arm that would
be very difficult or impossible to solve using traditional or analytical methods. Research
work investigating similar solutions found in the literature is summarized in the following

section.

2.5.1.  Reuewd lLiterature

Nedungadi [22] proposes an interesting approach to manipulator control. By introducing
fuzzy logic as the robot controller, the author tries to overcome the long and arduous
computation of the inverse kinematic solution. The author uses end effector velocity and
position change as fuzzy inputs. Both are then encoded into fuzzy form and evaluated
according to the rule bases developed by the author. This approach is simple and allows
extension to many different configurations of robots such as lengths of joints, number of
joints, 2D or 3D spaces. The goal of the algorthm is to track a pre-defined end-effector
path using the proposed fuzzy logic controller. The work is limited to an empty
environment. The results reported present small error in tracking and fast computation, but

they do not consider the effects of obstacles, which is critical.

Beheshti and Tehrani [3] propose an algorithm for manipulator control with the use of
fuzzy logic. An adaptive fuzzy logic (AFL) approach proposed in previous research is used
for solving the inverse kinematics problem with a collision avoidance method that is
introduced to complete the generality of the approach. The authors propose that the

manipulator travels the workspace until it enters a threshold region defined around
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obstacles. At this point, the fuzzy rule base is changed to cause the manipulator to leave the
region. This approach is simple and is well adaptable to any manipulator, however, since the
obstacle information is not directly included as a fuzzy input, the algorithm is less reliable to

determine a safe and optimized path and can lead to lengthy computation times.

Ham e 4l. [10] propose another approach for fuzzy logic controllers that guarantee global
stability and performance. They consider a number of intrinsic robot parameters: centripetal
and Coriolis effects, gravity effects, static and dynamic friction and disturbance due to load
variation and/or modeling errors. The authors show that the position error of the joints can
converge towards zero by defining the fuzzy parameters according to guidelines that they
state. The fuzzy logic approach proposed by the authors appears to be slightly better than a
nonlinear robust control. However, the algorithm implementation is very lengthy and would

not be suitable for real-time applications.

Tian and Mao [35] propose a combination of fuzzy logic and neural networks for the
inverse kinematics of manipulator arms. The fuzzy controller is used as a feedback to
provide control signals for the manipulator arm. In the feed-forward configuration, a
dynamic recurrent neural network (DRNN) is used to model the inverse dynamics of the
manipulator system. This setup offers an increase in performance and the stability of the
control system. Figure 10 shows the architecture of the network and block diagram of the
system. The neural network includes a hidden layer that consists of non-linear neurons and
an output layer consisting of linear neurons. The non-linear neurons are used to capture the
non-linearity of the input function, such as the inverse kinematics of the robot. The linear
neurons allow the approximation of the input function within an arbitrary range. The fuzzy

logic controller is used to model the robot arm dynamics.
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Figure 10: DRNN architecture and block diagram

252, Chace of anapproads
The approach brought forth by Nedungadi [22] offers a simple method to control a
manipulator arm. Since the fuzzy logic controller only requires the forward kinematics, this
approach is well suited for use with any robot. The proposed method can also be extended
to include the repulsive forces of nearby obstacles. Building on the ideas proposed by
Nedungadi, the research work presented in this thesis proposes a generalization of the fuzzy
logic approach and a combination with potential field strategies discussed previously. In
order to achieve a generic solution, 3D environments and the presence of objects to avoid

in the manipulator workspace are taken into account.

2.6. Conclusion

Many researchers have proposed approaches for path planning for mobile robots, but
manipulators have not been the focus of as much research. The algorithm brought forth by
Nedundadi [22] offers a simple method to control a manipulator arm. Through
improvements of this approach, this work proposes a strategy that combines the forward
kinematics of the manipulator and obstacle information so that it is robust and can be used

for arbitrary manipulator architectures in cluttered environments.
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CHAPTER 3: OCCUPANCY GRIDS AND NEIGHBOR SEARCH
3.1. Introduction

The occupancy information for an environment can lead to a large amount of data.
Processing this data can result in extensive computing demands. However, cluster regions of
similar occupancy state can exist and be regrouped to reduce the amount of information
that needs to be encoded and analyzed. By regrouping these regions, it is possible to
condense the occupancy information since large regions are treated as a single area. The
concept is to reduce the resolution needed when the occupancy of a region is consistent
while keeping a high resolution when a cluster is not uniform. Multi-resolution cells have
been used to simplify environments in 2D space with quadtrees, and octrees defined in 3D

space.

In this research, the free space is analyzed rgorously: it is given a distance to the target
position, and it is explored to determine the optimal trajectory. The need for a compact and
efficient representation is therefore critical. The robot needs to travel by following a
sequence of cells in the environment: from the current position, a series of waypoints must
be found untl the target position is reached. The relationship between those two cells needs
to be determined efficiently by neighbor searching algorithms. By using multi-resolution
cells, large sections of free space can be analyzed and interpreted in a single step while

avoiding unnecessary computation and searching.

With the use of these multi-resolution grids, we are able to take advantage of the
compactness of the model therefore reducing memory requirements for the application and
allow fast neighbor searching by greatly reducing the number of neighbor cells that have to

be analyzed.

This chapter presents an original scheme for multi-resolution occupancy grids encoding

that reduces the memory requirements to map the working environment. Also, an efficient
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neighbor search algorithm taking advantage of the proposed encoding scheme is introduced.
Finally, this original approach is compared with techniques found in the literature.

3.2. Encoding scheme

3.2.1.  Multi-vesolution ocupancy grids

The purpose of using multi-resolution grids is to regroup regions of similar occupancy
state and by consequence reduce the number of cells that have to be processed. A multi-
resolution grid can be encoded into an equivalent tree-like structure containing occupancy
state of different regions that define a working environment of a given size. At a given
resolution level, a cell is marked either entirely free, entirely occupied or a combination of
both (unknown, inconsistent or non-uniform). Unknown regions are combinations of free
and occupied regions. Those cells are subdivided and further analyzed until a consistent
occupancy state is reached for each component. For simplicity, the approach is depicted for

standard deterministic maps but can be generalized to probabilistic models.

The encoding sequence follows a tree-like structure: the cell at the top of the tree
represents the occupancy state of the entire region. Unless the region is entirely empty or
occupied, this cell has an unknown occupancy. It is thereafter divided into 4 quadrants (or 8
octants in 3D), which are analyzed for consistency of their occupancy. If they are consistent,
they will be assigned that occupancy value, however, if it is not, then that current cell is
further divided into quadrants. This is done until the entire environment is mapped at the
desired resolution level. Figure 11 illustrates an example of the different levels of a quadtree.
In this figure, the free regions are indicated with white cells, the occupied regions are in

black and cells of unknown state, which need further subdivisions, are in grey.
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Figure 11: Quadtree decomposition

From the previous example, the multi-resolution grid can be stored in a tree format. The
corresponding tree structure is shown in Figure 12. As this model maps a 2D space, each

inconsistent cell is divided into 4 quadrants using the numbering convention shown in

Figure 13.

Figure 12: 2D tree structure representation

3|2
o 1

Inconsistent
Cell :>

Figure 13: Quadtree child numbering
In previous research work [34], a comparison was done to justify the use of mulu-
resolution grids in the context of path planning and collision avoidance for semi-
autonomous robotic systems operating in complex environments. The schemes under study

were evaluated on operations relating to path planning in artificial potential fields.
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Following the study of environments of various size and complexity, the multi-resolution
representation of the environment was found to be approximately 30% faster in computing
the repulsive field and encoding it to the tree structure than its fixed-size equivalent. This
improvement is mainly due to the lower number of searches that need to be performed
since multi-resolution cells cover large areas of similar occupancy. The multi-resolution
structure was also found to improve the free space and attractive field computations as a
lower number of cells need to be evaluated, as well as the global path planning method that
yields a path defined with fewer steps. Computation times for path planning were also
reduced by 30% on average due to fewer steps and neighbor cells that describe the path. We
also found that fixed-size cells usually generate a path closer to obstacles and offer much

less flexibility in the presence of nearby obstacles than multi-resolution cells.

The approach described above represents the classical method of storing and displaying a
multi-resolution occupancy map. However, it presents some deficiencies when searching for
neighboring cells, as required for attractive field computation and trajectory planning. In this
work, a new method is proposed to lower the memory requirements for storing the grid

information while reducing neighbor searching computation times.

322, Proposed encoding schene
The goals that the proposed algorithm should fulfill are threefold:

o Provide a compact representation of an environments to lower memory

requirements,

e Achieve efficient encoding for rapid computation of neighbor searches to reduce

computation times, and
o Remain flexible to allow for online updates to the representation.

To compact the quadtree mapping and provide rapid access to occupancy information, it is
proposed to convert the tree structure into a line sequence where the parent levels are

placed before their respective infant levels. Therefore, a cell can simply be referenced by its
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position in the sequence. To increase clarity, examples presented here are shown for 2D
environments, but the techniques have also been adapted for 3D space. A cluttered
environment of 16x16 cells is used for the purpose of demonstration, as shown in Figure
14. The grid represents the highest resolution and smallest subdivision where each cell
becomes a leaf of the tree structure. Black cells are considered obstacles of unknown
occupancy state. A security margin of two cells is shown, computed from the distance table
as detailed in section 2.3.1.2, and added around the obstacles and environment boundaries.
The margin is shown in Figure 14 as grey cells. The remaining free space, depicted with

white cells, becomes apparent with the presence of this margin.

Figure 14: Sample environment with security margin (16x16 grid)

Regions of similar occupancy are regrouped from the free space. The obstacles and cells
within the security margin are considered as occupied to ensure safe robot navigation. The
environment is then successively divided and analyzed for consistency until the entire
workspace has been assigned a consistent value. The cells near the border between the free
and occupied spaces are usually in a higher resolution than the rest of the workspace. The
multi-resolution free space encoding for the example of Figure 14 is displayed in Figure 15.

One of three occupancy values is assigned to every cell:
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e “0” is assigned for a cell that is uniformly occupied, shown in grey,
e “1” is assigned for a cell that is uniformly free, shown in white, and

e “2” is assigned for a cell of non-uniform occupancy: a combination of “0” and

“1”. Thus cell is subdivided into 4 quadrants, where the same logic is applied.

Figure 15: Multi-resolution illustration of the occupancy grid

The tree structure starts at level O with the entire modeled area: in this case, it is not of
consistent occupancy, therefore, it is of unknown occupancy and assigned “2”. For the next
level, every non-uniform cell is subdivided into 4 children cells, which are in tum, analyzed
for consistency. The process is continued until the smallest resolution is reached. The
resulting tree structure that corresponds to the map of Figure 15 is shown in Figure 16.
Every children cell is placed in the structure according to the numbering convention

proposed in Figure 13.
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Figure 16: Tree representation of quadtree sequence

To achieve higher compression, the tree is then converted to a line sequence, starting
with the largest level and appending the subsequent levels to the end in the order in which
they appear when the tree structure is scanned line by line from the root (the top level). In

this example, the resulting sequence is shown in Figure 17:

2 0222 2222 2200 2220 0010 0001 1001 0110 2122 1002 0210 2211 2100 0011 1100 1100
11100011 0011 0011 0110

Figure 17: Quadtree sequence

We can now refer to a cell in the occupancy map by its position in the sequence, for
example, the first “0” is at position 1, the first “1” is at position 19 and so forth. Upon first
inspection, this sequence loses the explicit representation of the position of each cell in the
workspace. However, if the ordering of the sequence is known, then the workspace is
perfectly mapped into the proposed sequence with much higher compression. By
progtessively applying the elementary numbering scheme proposed in Figure 13 one level of
resolution at a time to the multi-resolution grid of Figure 15, numbers can be associated to

each cell which determine their respective position in the compact encoding,

The numbering progression for every level is shown in Figure 18. At level O, the entire
workspace is analyzed for consistency, since the environment is not consistently occupied or
empty, a value of “2” is assigned to position O. The breakdown of the cell position for the
following levels is shown in Figure 18a-e: each subdivision follows the same numbering
order presented in Figure 13. The numbering scheme represents the position of each cell in
the proposed quadtree sequence. Their occupancy status can therefore be directly retrieved

from the sequence.
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a) Level 0 numbering b) Level 1 numbering
52 51
16 15 12 1M 16 12
49 50
44 43 48 47 36 35
13 14 9 10
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1 29 30 25 26
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17 18 21 22
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8182
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32 31 28 27

29 30 25 | 26
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Figure 18: Environment with quadtree cell numbers
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From the encoding sequence, the entire workspace can be rebuilt perfectly even though the
compact model contains much fewer elements that its orginal fixed-size format. The start

position for every level can also be stored in an index to reduce computation times when

searching through the sequence, in this case [0 1 5 17 53].

In its fixed-size form, the environment above can at best be determined by 16x16=256
cells or 16x16x2=512 bits, assuming 2 bits per cell. With the use of multi-resolution cells, we
only need to store the occupancy state of 85 multi-resolution cells, each with only 3 possible
values. If using 2 bits to identify the occupancy value, a total of 85%2=170 bits are needed to
store the entire environment information. After examining various environments, the
average compression ratio of the proposed algorithm is found to be 96% in 2D
environments over traditional fixed-size grids, while the compression of 3D environments

offered was even more significant.

3.3. Neighborsearch

Although multi-resolution grids reduce the number of cells that define the environment
compared to classical fixed-size models, the relationship between neighboring cells is more
complex. When dealing with those classical occupancy maps based on Cartesian
coordinates, border cells can simply be found based on their respective position. However,
with multi-resolution grids, these relationships are not as simple. When bringing forth an
encoding scheme, this increase in complexity should not offset the advantages of a lower

number of cells to evaluate.

Neighbor searching is an important aspect of path planning through potential fields. A
poor strategy can significantly reduce the efficiency of the approach. Indeed, durng a
preliminary implementation of this project, execution times took up to 6 hours with a lousy
neighbor finding algorithm. In this section, a method for efficient neighbor finding
operating on the encoding scheme described previously is proposed, developed and

analyzed with respect to other approaches found in the literature.
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3.3.1.  Tedmigues fromthe literature

There are two general approaches of neighbor searching with multi-resolution cells. In
the first case, a neighbor is found by searching and analyzing the entire tree structure until
the correct neighbor cell is found. This brute force approach is usually computationally

expensive even if some researchers have implemented smarter versions of search methods.

Samet [30, 31] proposed such a classical approach to determine the desired neighbor cell.
Starting from the current cell and backtracking in the tree, a common parent or grandparent

is found. The algorithm then searches the leaf cells of this parent cell until the desired

neighbor is found.

The other strategy consists of assigning every cell in the quadtree structure an address
based on its position. The neighbor is then found by following a series of predefined
computational rules that operate on the addresses. These approaches usually yield better
results than the brute-force techniques. Payeur [26] proposed an indexing method to
identify individual cells within the tree. A series of algebraic rules is presented to determine

the location of a neighbor based on the address of the current cell.

3.3.2.  Proposed approad

According to the structure of the mapping that has been introduced in section 3.2 which
yields small datasets that fully model the environment, a cell is referred to by its position in
the sequence. Therefore, its neighbors can also be referred by their position in the same
sequence. Starting from this observation, a set of rules is now proposed that will allow to

identify neighboring cells from the sequence.

From the position of a cell, a number of properties can be determined about the cell: its
location in the environment (in Cartesian coordinates), sibling cells, parent cells and infant
cells (based on the knowledge of the tree and the position of the cell). As the cells are
organized in a specific order, it is simple to find a neighbor when it is part of the same

parent cell (sibling cells), since the neighbor can only be one of 3 candidates in quadtrees or
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of 7 candidates in octrees. In this case, the neighbor can be found by adding or subtracting a

number based on the position in the parent cell, and therefore in the sequence.

Difficulties occur when the neighbor is not in the same parent cell. The algorithm needs
to compare parent cells to make sure that they are sibling cells. This upward movement is
done until we are comparing two cells of the same parent. This will happen, at the latest, at
the top of the tree. The algorithm, therefore, must compare parent cells until they are sibling
cells. In order to avoid the lengthy process of moving up and down the tree sequence as
proposed in elementary approaches, the proposed strategy updates the neighbor address at

every level.

The neighbor of a cell in a fixed-size tree will always be of the same size. In mult-
resolution mapping, the neighbor of a cell can be of a different size compared to the original
cell: the same size and level in the sequence, but also larger or smaller. Determining if a

neighbor is larger or smaller is more complex and is explained in section 3.3.2.2.

The following sections detail the proposed neighbor finding approach for the case of

fixed-size and multi-resolution mappings.

3.3.2.1. Algorithm for fixed-size mapping

In order to provide easier understanding of the proposed approach, an example is shown
to explain the concepts used with a fixed-size map, where cells are of identical sizes. The
ordering scheme is identical as in Figure 13 in section 3.2.1. Figure 19 shows a 16x16
environment in which the cells have been numbered. Since the previous levels in a fixed-size
grid will only contain redundant data to the sequence, only the highest resolution is required

and the numbering sequence will commence at the start of this level.
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255 | 254 1 251 | 250 | 239 | 238 | 235 | 234 | 191 | 190 | 187 | 186 | 175 | 174 | 171 | 170

252 | 253 | 248 | 249 | 236 | 237 | 232 | 233 | 188 | 189 | 184 | 185 | 172 | 173 | 168 | 169

243 | 242 | 247 | 246 | 227 | 226 | 231 | 230 | 179 | 178 1811L182 163 | 162 | 167 | 166

240 | 241 | 244 | 245 | 224 | 225 | 228 | 229 | 176 [ 177 180‘181 160 | 161 | 164 | 165

207 | 206 | 203 | 202 | 223 | 222 | 219 | 218 | 143 | 142 | 139 | 138 | 159 | 158 | 1565 | 154

204 | 205 | 200 | 201 | 220 | 221 | 216 | 217 | 140 | 141 136 | 137 | 156 | 157 | 152 | 153

195|194 ) 199 | 198 | 211 1210 | 215 | 214 | 131 | 130 | 135 | 134 | 147 | 146 | 151 | 150

192 1193 | 196 { 197 {208 | 209 | 212 {213 | 128 | 128 | 132 | 133 | 144 | 145, 148 | 149

63 | 62 | 59 | 58 | 47 | 46 | 43 | 42 | 127|126 107 | 106

60 | 61 | 56 | 57 | 44 | 45 | 40 | 41 | 124|125 104 | 105

51 | 50 | 55 |54 | 35|34 |39 38 1151141119118 | 99 | 98 | 103 | 102

48 | 49 | 52 | 53 | 32|33 | 36 | 37 | 112|113 116 | 117 | 96 | 97 | 100 | 101

15 (14 |11 [ 10 {31 | 30 (27 (26 | 79 | 78 [ 75 | 74 | 95 | 94 | 91 | 90

12 |13 | 8 9 | 2829 |24 |25 |76 |77 |72)73|92|93]|88 |89

3 2 7 6 |19 |18 |23 |22 |67 |66 |71 |70 |83 |82)|87 |86

(] 1 4 5 |16 |17 | 20 | 21 |64 | 65 | 68 | 69 | 80 | 81 | 84 | 85

Figure 19: Fixed resolution grid with cell numbering

In general, the neighbor finding rules depend only on the position of the cell to mspect
and the direction we wish to explore: the northern neighbor for example. Observing how
addresses are modified when a movement occurs in each of the possible directions allows us
to define generic rules that can be applied repetitively over the entire map. These rules are
encoded as a lookup table for efficiency. Following these rules, the neighbor location can be
updated according to the start position and the information found in the lookup table,

shown in Table 1. There are two inputs to each table:

o The position of the current cell in its parent: it is represented by the center

number in each table, underlined, and

o The direction of the neighbor to find: in 2D this can be one of eight possibilities,
as shown in Figure 20.
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Figure 20: Neighbor directions

each direction, two outputs are found in the table: the adjustment required to reach

the neighbor and the direction of the parent neighbor. The adjustment represents the

location of the neighbor in its parent at the current level. These rules are applied recursively

until there is no direction returned, which means that the two cells are part of the same

parent.
W+2 | +3 | +2 +2 | +1 | E+2 N-2 | N-1 | NE-2 NW-2 | N-3 N-2
W+1 0 +1 -1 1 E-1 +1 | 2 | E+1 W-1 3 -1
SW+2 | S+31S5+2 S+2 | S+1{SE+2 -2 -1 E-2 W-2 -3 -2
Table 1a Table 1b Table 1c Table 1d

Table 1: 2D neighbor searching rules

For a 2D case, the main steps of the proposed neighbor finding approach can be

summarized as follows:

1) Set neighbor,,, and parent,,.,, to be equal to the position in the sequence of the

cell currently analyzed and iteration i to 0.

2) Determine the position of the current cell in its parent (0, 1, 2 or 3): found by
taking the remainder of the position in the sequence of the cell analyzed divided
by 4.

3) Look up adjustment value and parent direction in Table 1 based on the

remainder computed in step 2).

39




4)  Adjust position according to the position of the parents: This position is updated
o be: “reighbor,,.,[t+1]=reighbor, ..,[f] +offser*4’ », where offset represents the

132
1

neighbor adjustment value found in 3) and “i” represents the iteration.

5) If there is a parent neighbor direction provided by Table 1, it means that the

starting cell and its neighbor are in different parent cells, then

a. Regroup all children to form the parent cell of the current cell by taking
the integer value of the current cell position divided by 4, to update the

3
parent cell’s address: parert;,,, now becomes parert, .../ 4.
b. Increment iteration numbet, 7.

6) Repeat 2-5 until there is no parent neighbor direction. Then, the final neighbor,,,,,

value gives the position of the desired neighbor cell in the sequence.

To clearly illustrate the procedure, an example is detailed based on Figure 19 where the

cell analyzed is at position 111, from which we wish to determine the NW neighbor.

Y
2)

3)

4)

We set neighbor, .., = parert .., =111, and iteration :=0.
remainder(parert,;,,, /4) =remainder(111/4) =3, therefore, we look at Table 1.d.

In the NW direction, we find NW-2. Since a direction (NW) is returned, the two

cells are not in the same parent, so we must iterate again.
We update ngbborpmm =111-2*4"tteration =111-2*4"0 =109.
The new position to examine, parert,;,., is updated to be the parent of the starting

cell in the NW direction that is defined as the integer part of (parent,,,

/4)=(111/4)=27, and the iteration 1s incremented to 1.

The second iteration brings: remainder(parert,,, /4)=remainder(27/4)=3,

therefore, we look at Table 1.d.

In the NW direction, we find NW-2 again. Since a direction (NW) is returned, the

two cells are not in the same parent, so we must iterate again.
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8) We update neighbor,;,,, = neghbor, ., - 2*4  increment=109-24"1=101.

9) The new position to examine, parert,,, is updated to be the parent of the starting
cell in the NW direction that is defined as the integer part of (parert,,,

/4)=(27/4) =6, and the iteration is incremented to 2.

10) The third iteration gives: remainder(parert, i, / 4) =remainder(6/4) =2, therefore, we
look at Table 1.c.

11) In the NW/, we find N-2. Since a direction (N) is returned, the two cells are not in

the same parent, so we must iterate again.
12) We update reighbor,,,, = neghbor, ., - 2*4  increment=101-2*4"2 =69,

13) The new position to examine, parert,,;;,, is updated to be the parent of the starting
cell in the N direction that is defined as the integer part of (parent,;;,, /4)=(6/4) =1,

and the iteration is incremented to 3.

14) The fourth iteration gives: remainder(parert,,;,, /4) =remainder(1/4) =1, therefore we
look at Table 1.b.

15) In the N, we find +1, there are no other directions, we are therefore comparing two

cells of the same parent.
16) We update reighbor, .., =69 +174"3=133.

Therefore, we venfy that the NW neighbor of 111 is 133. The advantage of this

approach is that the neighbor position is updated at each iteration without the need to

search in through the upper levels of the sequence to reach the desired neighbor cell. Hence,

there is no need for back tracking in the tree to determine its position, which saves a notable

amount of computation and access to the model. This method is extended to multi-

resolution cells in the following section.

41



3.3.2.2. Algorithm for multi-resolution mapping

This approach works well for fixed-size cells, but the requirements are different with
multi-resolution cells. In the latter case, the method is similar except that the entire tree
structure must be taken into consideration because one might be looking for neighboring
cells of different sizes. With multi-resolution grids, there are three different cases that can

happern:
1) Finding a neighbor of the same size
2) Finding a neighbor of smaller size
3) Finding a neighbor of larger size

To overcome this situation, the neighbor search algonthm is applied to an equivalent
sequence of fixed-size cells, similar to Figure 19 that needs to be computed from the multi-
resolution representation. The search for neighbors is executed as described in the previous
section on the intermediate fixed-size map. The overhead is then the necessary conversion
of the cell examined between the fixed-size and the multi-resolution maps. The flow

diagram of the modified method follows these steps:

1) Convert the multi-resolution cell number position to its fixed-size equivalent
position. Only the equivalent cell number is needed, not the entire grid. This is done
by scanning the sequence for each of the previous levels, counting the number of
uniform cells and adjusting the fixed-size cell’s location according to the following

rules.

a. Set amenty,,, to be equal to the current cell position in the multi-resolution

sequence and #enation to 0.

b. Determine the level where onrent;,,;,, is found and the smallest position
value belonging to that level, an;,,; and lewl;,,,.. The level start index can be

used to reduce computation. Initialize fix ; = amrenty,,,, -lew, ..
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Determine the position of the parent cell in the preceding level:
parenty, =integer{ (amrent,,,, -lewl,.. /4 ) +1. This represents the number of
non-uniform cells in the previous level that have been subdivided before the

current parent. Increment s#eration by one, decrement as, ,, by one.
Update let;,,, to become the smallest position of s,

Include the presence of uniform cells to the fixed-size equivalent mapping
by counting the number of uniform cells, m#01, that come before the
current position and adjusting for the level. Also, rum2 = parert,,, + 01,

Update fix,, to consider the effects of uniform cells: fux /t+1]= fix /1
+mm0 14, 'This updated number represents the position of the current
cell in the fixed-size sequence once the uniform cells are considered in the

current level.

Repeat ) to ) untl level 1 is reached, update amernty,,,,, = 2 + lewel;, ..

2) Execute the same neighbor finding algorithm than with fixed-size.

3) Convert the fixed-size neighbor to its multi-resolution equivalent by checking the

higher levels of the tree until a uniform cell (entirely free or entirely occupied) is

found at the neighbor position and adjusting based on the number of uniform cells

found, or until the current level is reached. If at this level a non-uniform cell is

returned, neighboring children must be found. This is done by following this

procedure:

a.

Determine level of original cell (which can be stored from 1b), denoted

T oy
Set multines iy = fix oy and lewelExamined=1.

At level lewlExamined, determine the position of mdtires,,, in the mult-
resolution sequence: anl ewFix = nUltres, iy, /4% =7 only taking the

integer of the division.
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d. Determine the smallest position value belonging to lewlE xamined, denoted
positionL e,
e. If the occupancy of position poswionLed,, + arlefFix in the mult-

resolution sequence is found to be uniform, then:

1. A neighbor of larger or equal size is found at level lewlE xarined, the
algorithm stops and the neighbor position returned is positionl ewl,,
+ anledix.

il. Otherwise, if the algorithm has reached the original level, then:

A. The neighbor position is not uniform at the orginal level,
therefore, stop this routine and determine the children of

smaller sizes by following the routine listed in Figure 21.
B. Otherwise, go to f).

f. Remove the effects of uniform cell in the fixed-size sequence by counting
the number of uniform cells between posirionL ewl;,,, and poswionL ewdl;,,, +
awlelFix, denoted mun1.

g. Update multins,,, to be the new position considering the effects of
uniform cells in the sequence: madtires,y,, —mum01%4( orted - lebrarimd,

Increment lewlE xanined by one and repeat from c).

Three types of neighbors can be returned from the preceding sequence: a neighbor of
the same size is found at e) when posinionl ewl;,,, + anledix at ledlExamned =
Secondly, a larger neighbor is found when positionL ewel;,,, + anlerfix at lewlE xamined < an, .
Finally, a set of rules has been established as shown in Figure 21 to determine the location
of the neighboring sub-cells when a non-uniform neighbor is found. Once such a neighbor
is returned, its children cells are needed in order to accurately represent the neighbor. In

Figure 21, the location of the appropriate children cells are listed based on their position in
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the parent and the direction of the neighbor search. This approach can be called recursively

to find a sub-neighbor smaller than one level.

<— Parent Cell
A o[t o]

]
5 3 Neighbor
~1~1> Start <:T Children

i Locations

]
2{ [l2] ]3]

Figure 21: Sub-neighbor listing

For clanty, a generic example is detailed. From cell 47 in Figure 18, we want to find I) the

north-eastern (larger size), II) the eastern (smaller size) and III) the northern (same size)

neighbors. Following the algorithm presented previously, we have:

1) Convert 47 to its equivalent fixed-size cell position:

a.

b.

Set anrent, ;=47 and iteration=0.

From the sequence and the start position index of [0 1 5 17 53], we find that
47 1s located in o, =3, and level 3 starts at lewel;,,, =17. We imitialize fox,, =
me - lezdsm =47‘ 17 =30.

The parent of fix,; represents the number of non-uniform cells in the

preceding level denoted parent =integer( (ament,, - led,

/4) +1=integer(30/4)+1=8. We update ieration=tteration+1=0+1=1 and
4 1%

a/ered = a/erﬂd '1 =3'1 =2
For level 2, the start position index lists lew,,, =5.

In order to find the position of the parent, we must count the number of
uniform cells prior to the parent position. When the 8" “2” is located, 2

such cells have been counted (at positions 11 and 12 in the sequence, as
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shown in Figure 17), we set mm01=2 and mwild= parent,, +
um01=8+2=10.

f. We update the fixed-cell value to include uniform cells in the sequence: fix,,
[t41] = fix o [ +rowrO 1477 =30 1+ 2441 =38,
g. We find that o, is not 1, we repeat the process with amern,,,,, =mm2+

lewl,,,, =10+5.

h. Repeating c), we find that parert,, =integer( ( ament ., - lewl,)/4) +1=(15-
5)/4+1=3, which represents the number of non-uniform cells in the
preceding level. We update steration=teration+1=1+1 and om, ., = am,, -
1=2-1=1.

1. Forlevel 1, the start position index lists lewdl,,, =1.

- In order to find the position of the parent, we must count the number of
uniform cells prior to the parent position. When the 3 “2” is located, 1
such cell has been counted (at position 1), we set mm0I=1 and mmi2=
parertty, + rum01=3+1=4.

k. We update the fixed-cell value to include uniform cells in the sequence: fix,;
[t4+1] = fix g [t +rumD 14" =38 + 147 =54,

1. We find that an;, , =1, therefore we can stop; we have found that the fixed-

size equivalent position number to 47 1s 54.

2) Using the method described in section 3.3.2.1, we find the following fixed-cell
neighbors, as shown in Figure 22.

I) The north-eastern neighbor to 54 is 44
IT) The eastern neighbor to 54 is 35

I1I) The northern neighbor to 54 is 57
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56 | 57

50 | 55 | (54 / 9
33 | 36
30 | 27
29 | 24
18 | 23

Figure 22: Fixed-size representation of example

3) Converting back to multi-resolution:

I) 44 represents the north-eastern neighbor in its fixed-size equivalent. Following the
method described above, we need to identfy its equivalent multi-resolution

position, which is obtained as follows:
a. We start are still at orr;, =3.
b. We start with mdtirs, , =44 and lewlE xamined =1.

c. 'The parent of mudtires, .y, in level 1 s also its grandparent located two levels
above. We find its position in the tree with anledFix = nudtires,y,,, /4
lelExamintl_£4/ 41 —44/16=2 (taking the integer value).

d. From the sequence and the start position index of [0 1 5 17 53], we find that

level 1 starts at position positionL ey, =1.

e. In the sequence, we determine that (asledix + positionLewl,,)=2+1=3 is

not uniform: it has value of “2”.

B. We also find that o, is not lewlExanired. Therefore, we must

continue.,
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f. In the sequence, between position pasitionl ewls,,, =1 and positionL ewl,,, +
anl ed'ix =3, we count 1 uniform cell (at position 1), therefore, 701 =1.

g. We eliminate the effects of the large uniform cell by multires,,,, =
1UALLErES —runQ [<4eetestledExamind _gq_ 14431 _44.16=28. We increment
lewlE xamined = lewlE xamined +1=1+1=2.

h. Repeating ¢), we find arledix =mudtires,y, /4774~ =28/ 4
2=28/4=7.

i From the sequence and the start position index of [0 1 5 17 53], we find that

level 2 starts at position positionL ewls,,,, =5.

j In the sequence, we determine that the position (erledFix +
posttionL ewls,,)) =7 +5=12 is uniform: it has value of “0”,

A. We can stop and confirm that the multi-resolution neighbor is

located in position 12.

II) 35 represents the eastern neighbor in the fixed-size mapping, converting it using the
similar approach as above, we find that the neighbor (36) at the current level (level
3) is not uniform; therefore, using the proposed approach shown in Figure 21, the
northern eastern neighbor will consist of smaller cells. 36 represents the 3 “2” in

level 3, so the eastern neighbors will be the western cells of the 3™ series of cells at
the children level of 4, these are 61 and 64 which are both uniform.

III)In similar fashion, we find that the multi-resolution cell that corresponds to the

northern neighbor is 50 and is at the same level than the original cell, 47.

The proposed method aims to provide an efficient neighbor-searching algorithm while
keeping memory requirements low. Only the environment data in its sequence format is
stored. As opposed to other methods found in the literature, there is no need for any other

data to be stored, such as addresses or tree information.
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In a dynamic environment, the tree structure can easily be updated, as new data is made
available. Depending on the new information acquired, the sequence will either expand or
contract, therefore, the positions in the sequence will undergo changes that have to be taken
into account. Since the sequence can be updated without difficulty and the neighbor search
method only depends on the current cell position, the proposed sequence can be well suited

to a dynamic environment.

Since the cell number represents the position of the cell in the sequence pointer,
occupancy information is also easily accessible: once the position of the cell is found, its
occupancy is also found at the same position in the sequence: for instance, the occupancy of
cell 47 is located in position 47 of the quadtree sequence. This quick access to information
increases the efficiency of the algorthm and reduces computation times in building the

attractive field and neighbor searching where occupancy information is important.

Similar rules have been developed for neighbor searching in 3D. For space consideration,
the details are reported in Appendix A.

3.4. Comparison and results

The proposed method offers an effective approach in storing environment data.
Computation times for neighbor searches are lowered in comparison with standard grids,
while storing the environment data at a fraction of the cost. The proposed method offers
quick and accurate neighbor searches without the need for extravagant searches throughout
the quadtree data. In order to evaluate the performance of the proposed approach, a
comparison using test cases of different sizes is done with the backtracking approach
presented by Samet [30, 31] and an addressing scheme proposed by Payeur [26]. Both
approaches use the same traditional quadtree format. For these test cases, all three
approaches are applied to build a multi-resolution representation and to determine the
neighbor positions for all cells in the free space in similar fashion to attractive field

computation. In order to provide more accurate results, the entire test cases are repeated
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and the computation times are noted after all the iterations. Table 2 displays computation

times (in ms) and the size of the encoding (in number of bits) for the respective test cases.

Test case | Iteration | Backtracking quadiree Addressing quadiree Sequence
number Computation Size Computation Size | Computation |  Size
(ms) (bits) (ms) (bits) (ms) (bits)
1 1600 139 060 336 16 043 336 16 010 168
2 1600 141 490 1280 18 620 1280 17 680 640
3 20 38 550 7744 3920 7744 4570 3872
4 20 51040 8512 4 340 8512 4 680 4 256
5 20 111 550 15 648 22980 15 648 21900 7 824
6 20 15910 5472 2900 5472 2930 2736
7 20 21010 5520 2 800 5520 2970 2760
8 20 13 740 4992 2600 4992 2470 2 496
9 20 17 690 5344 2740 5344 2940 2672
10 20 16 810 5216 2640 5216 2 650 2 608

Table 2: Compatison results for multi-resolution encoding and neighbor search algorithms

In Table 3, the environments used for the test cases are displayed; their respective
heights and widths are also listed below each figure and adjusted in size for ease of viewing.
They were chosen to represents heavily cluttered environments, and similar environments to
the test case scenarios of Chapter 5. The fifth environment represents obstacle points

randomly spread over the workspace was chosen in order to generate a highly complex tree

|-

model with many cells.

K W
1) 16x16 grid 2) 32x32 grid 3) 128x128 grid 4) 128x128 grid 5) 128x128
|
6) 128x128 grid 7) 128x128 grid 8) 128x128 grid 9) 128x128 grid 10) 128x128 grid

‘Table 3: Test case environments

The approach developed by Samet [30, 31] has been tested against the proposed
approach. As expected, the proposed algorithm offered an average reduction in
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computation times of 85%. The approach proposed by Samet uses too many searches in the
tree data. Also, a direct relationship, like neighbor rules, is not used to validate whether a cell
is a neighbor or not. Both of these factors slow down neighbor finding routines
considerably. Since the approach brought forth by Samet uses the typical tree
representation, the proposed approach requires half the memory to model the workspace.
The important reduction in computation using the proposed method offers a significant

advantage over the approach presented by Samet.

A comparson between the proposed algorithm and that of Payeur [26] was also
performed to validate the proposed strategy. The two approaches are similar, but differ in
the way cells are identified. Computation times were nearly identical for the two methods: a
2.5% improvement for [26]. While the addressing scheme used in [26] 1s easier to visualize,
it does not provide as quick of an access to the cell occupancy status as obtained with the
sequence encoding. In the proposed approach, the neighbor location also represents the

precise location in memory of its occupancy status.

The proposed method does not add any more memory requirements than that of the
tree sequence itself, in contrast with [26] which uses the traditional tree representation and
other approaches where the tree structure and pointer information must be stored. Since
both approaches provide similar computation times, we find that the proposed method is

slightly better since it requires half the memory.

3.5. Conclusion

The method proposed in this chapter offers a simple and efficient approach to encode
and analyze an environment. It has shown similar complexity to other algorithms found in
the literature while reducing memory requirements. From the results obtained, we conclude
that it is well suited for the attractive field computation and global path planning phase that
will be discussed in the next chapter.
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CHAPTER 4: PATH PLANNING AND ROBOT CONTROL
4.1. Introduction

In order for the robot to be able to complete the task it has been assigned to do, it is
essential to have it move safely across the workspace. The goal of the path planning method
is to determine a sequence of configurations for the robot to move around obstacles and
avoid collisions while reaching a desired goal. This work follows an important trend in

manipulator path planning which consists of finding a safe trajectory in two steps:
1. A planning phase where the path is determined for the end effector only using the

multi-resolution occupancy model, which is usually done offline, and

2. An online tracking phase to follow from the initial path, in which a sequence of
robot arm configurations is determined to satisfy the path of the end effector while
avoiding contact with the obstacles for the entire structure. The robot moves

towards the updated position while the controller finds the next position.

The first path found corresponds to an approximation of the trajectory of the end
effector and is based on a “global path planning” method. It is generally preferred for this
path to be at conservative distance to obstacles. This trajectory is found by following the
down slope of the discrete attractive potential field, as detailed in Chapter 2. This approach
uses the advantages of path planning algorithms for mobile robots, that is, in both cases;

only a fixed point or structure is considered for movement.

For the “path tracking” phase, that extends the trajectory definition to the whole
structure, the rest of the robot arm is configured to follow the path of the end effector.
Since the direct computation of manipulator parameters through inverse kinematics is a
difficult and inflexible process that varies for each robot architecture, an alternative method
is proposed to combine the model of the robot arm with the local environment mapping

and output the required sequence of joint values. In this chapter, an adapted fuzzy logic
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controller that considers the configuration of the robot and environment obstacles is

proposed for its simplicity and robustness to different robotic arms.

4.2. Global path planning
4.2.1.  Neghbor seards and mowerment of end effector

The purpose of this step is to provide the local robot controller with a generic path to
follow during the more refined path tracking phase. We wish to generate a guideline path
for the end effector to travel. This path allows leeway to reduce computation times and the
occurrence where the structure of the manipulator may lead to unreachable positions along
this initial path. The global path serves as a general indication and is obtained with methods
very similar to those found for path planning in mobile robotics.

The discrete attractive field computed from the quadiree or octree mapped as a
sequence, as proposed in Chapter 3, is the main guide in finding this path. From the starting
position and configuration of the robot, the algorithm follows the down slope of the
attractive field until the goal or target position is reached. However, as this is a method
mainly directed towards mobile robot, or the movement of a single entity, the extension to

the control of a manipulator implies that the following assumptions are made:

e Given the current position of the end effector, there exists a configurable position
of the robot, i.e. the position must be physically reachable by the arm without any

collisions.

e The target position is in free space and is reachable with the end effector, ie, it is

not inside a closed region.

As the result of this first planning phase is considered a coarse path, one that gives a
general indication of the movement of the end effector, the output path does not need to be
entirely in its highest resolution. Therefore, this global approach can be computed using the
multi-resolution cells that have been presented in Chapter 3 to minimize the number of

neighbor searches and improve performance. This path is consequently a sequence of mult-
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resolution cells from the starting cell position to the goal cell position used to guide the end
effector in the environment. An example of a 2D environment is shown in Figure 23 with a
planned coarse path. The global path of the end effector is defined by the sequence of 7
multi-resolution cells shown in grey, starting with “S” and reaching the goal denoted “T”.
To minimize the occurrence of a collision, this general path suggests that the end effector
successively reaches the center of these cells and the joint border with the next, as indicated
with the small squares in Figure 23. The path is to be divided into smaller steps in the path
tracking phase.

Figure 23: End effector path
4.3. DPath tracking

4.3.1.  Conplexities of anabytical solution
Manipulator arms are inherently more difficult to analyze than mobile robots because

when a part of the structure moves, it can affect the rest of the structure, creating difficult

situations that do not appear in mobile robot path planning.

The relation between the robot parameters and the end effector pose' is a model called

the forward kinematics (FK). The forward kinematics is relatively easy to compute as each

1 The pose of an object is defined as its position and orientation with respect to a reference frame.
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joint is assigned a transformation with respect to the previous one. Regrouping these
transformations will yield the forward kinematic expression. A common method to find this
is proposed by Denavit and Hartenberg. For each joint, the matrix displayed in Equation 3

is found.

cosd, —sinf cosa; sinf.sing; L, cosd,

L= sind, cosf,cosa; —cosf sina; L sinb, (3)
S sina; cosq; d,
0 0 0 1

Where 6. represents the joint angle value and the other symbols are internal robot
parameter, such as joint lengths (/, d) and angle offset (). When a robot consists of two or
more joints, similar matrices are multiplied together. This yields a large expression even for a
relatively simple robot. The ensuing multiplication represents the forward kinematics of the
robot and defines the pose of the effector with respect to its fixed base as a function of the

robot internal parameters and joint values.

While this relation provides a lot of information for the system, it leads to a
computationally expensive process for robot control. Usually a desired pose to reach is
given and the robot parameters (such as joint angles) need to be calculated to reach that
pose, this process is called the inverse kinematics (IK). Finding the inverse kinematics (IK)
of a robot has always been a difficult endeavour. The complexity grows significantly as a

manipulator includes more degrees of freedom (DOF).

The inverse kinematics is found by determining relationships between the joint angles
and the pose parameters. Finding the precise IK equations is very complex and often leads
to very complicated or even undefined closed-form solutions. When working with slightly
redundant manipulators, finding an accurate solution is often a daunting task. The
redundancy of the robot arm can also introduce many valid solutions that must be sorted

and evaluated. In order to bypass the expensive computation of IK equation and the brute
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force approach of some heuristic approaches, an original adaptation of a fuzzy logic

controller is proposed to exploit the advantages of fuzzy logic.

4.3.2.  Fuzzylogc based path tradking
Fuzzy logic systems have existed for some time [38], in order to find a way to simplify
the control of many systems. According to [40], fuzzy logic brings five interesting features

to a system:

e A robust controller that does not require precision or noise-free inputs: this is
important as sensors don’t offer complete precision. The resulting output follows

a smooth function even though there may be numerous inputs.

e The controller depends on user-defined functions and parameters: these can be

easily changed to tweak the performance or to add new inputs.

e Anysensors that provide knowledge on the state of the system can be used as an

input. It allows the system to stay low-cost and low-complexity.

e Because of a rule-based operation (IF-THEN-ELSE), any number of inputs can

generate any number of outputs.

e Fuzzy logic can control non-linear problems that would be very difficult or

impossible to solve using traditional or analytical methods.

The last item is very interesting to manipulator arms for which the inverse kinematics is
usually difficult or impossible to solve. While some papers such as [22] use fuzzy logic to
control manipulator arms, the literature does not propose an effective approach based on
fuzzy logic for path planning of a manipulator in a cluttered environment. This chapter
presents an exploration of such a solution inspired by techniques that have been developed

for empty working environments.

The proposed approach uses a standard fuzzy logic controller scheme which is made up

of 3 steps:
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1) Fuzzification

2) Rule evaluation

3) Defuzzification

Appendix B summarizes these three steps for a generic fuzzy logic controller.

4.3.2.1. Fuzzy logic applied to manipulator arms

The direct or analytical computation of the inverse kinematics is a difficult task especially
when dealing with redundant robots. In order to reduce these constraints, commercial
robots are usually designed to simplify the inverse kinematics equations. While this is an
ingenious idea, it often limits the flexibility of the robot. The approach proposed in this
work aims at determining a suitable series of configurations for any robot to move in an
arbitrary environment. A fuzzy logic approach should enable us to determine robot
configurations that match the pre-defined end effector’s path while minimizing the joint

movements and avoiding collisions.

The proposed system pursues the following objectives:

e 'To determine joint configurations that minimize the changes required to reach a
given position, that is to achieve small changes between consecutive positions

and create a smooth trajectory.

e To separate the general path found in the global path planning phase into
smaller, intermediate steps so that collisions can be avoided while joint
movements are kept relatively small, therefore reducing the occurrence of

singular movements.

e To have an algorithm that can easily include repulsive forces exerted by nearby

obstacles.

o Keep internal parameters constant or auto-adaptable when changing

environment or robot architecture.
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Numerous papers regarding fuzzy logic such as [3], [10] and [35] have been published in \
the literature. But, as explained in section 2.5.1, the literature does not yet provide a robust
solution to manipulator path planning. In [22], Nedungadi proposed an approach to control
manipulator movements using fuzzy logic. However, the author only considers a planar
robot and the approach does not consider a cluttered workspace, as the goal of the robot is
to follow a pre-determined path in a free environment. These introduce major limitations
but the concepts can be extended to 3D manipulators working in a cluttered environment.
The approach proposed here addresses these aspects and introduces the concept of
repulsive forces to the fuzzy logic system presented by Nedungadi to handle collision

avoidance in generic 2D and 3D environments.

4.3.2.2. Overview of Nedungadi’s approach

The goal of the fuzzy controller can be summarized as to “determine the joint
parameters of the robot that satisfy a given position of the end effector to be reached”. The
algorithm seeks to modify the joint angle values based on the target position considering the
current state of the system. Instead of using absolute values for the position, the algorithm
only considers the required displacement: how far does the end effector have to move to

reach the position.

The state of the robot is also characterized by the rate of movement of the end effector
for a unit change in joint angle, which is called the end effector velocity, or the partial
derivatives of the forward kinematics equations in velocity. Hence, instead of solving the
inverse kinematics, this approach only needs the forward kinematics representation and its

first derivative, which is straightforward to compute.

The angle change required on a joint is a function of the end effector displacement
needed and the rate of change of the joint (in distance per unit angle). Nedungadi proposes
Table 4 to be used as a rule base or fuzzy associative memory (FAM). In this table, input 1
represents the position displacement of the end effector that needs to be obtained while

input 2 represents the velocity of the end effector with respect to the current joint or the
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end effector displacement for a positive unit change in joint angle. Both of these values are
in their fuzzy state and are classified into 7 different values: negative large (NL), negative
medium (NM), negative small (NS), zero (Z), positive small (PS), positive medium (PM) and
positive large (PL). The output follows the same logic: by matching the two inputs, one of 7

different fuzzy values is found.
Input 1=effector displacement required
NL [NM [NS|Z [ PS [ PM | PL
v . [ NL|[PL|PM|PS|Z|NS|NM|NL
$SE, [NM|[PL | PM | PS | Z | NS | NM | NL
% £ 2 &[NS |PL[DPM [ PS|Z|NS|NM|NL
YeES|Z | Z |z |z|z|z]|Z |7z
g% & [ PS[NL[NM[NS[Z[PS[PM[DPL
= PM | NL | NM NS |Z | PS | PM | PL
PL |NL | NM | NS |Z|PS|PM | PL

Table 4: Fuzzy association bank
The change in joint angle will be large if the displacement required is large. The same
deductions can be made for small displacements. End effector velocity, however, only
affects the sign of the angle change. For example, if the end effector velocity is negative for
a positive change in joint angle (input 2), then the corresponding angle adjustment must be

negative (output) to reach a positive position displacement (input 1).

The process is applied successively for every joint. If after the first iteration the target
position has not been reached, the entire procedure is repeated with the updated robot

configuration until the target position is reached. Figure 24 illustrates the steps used.
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For
every
joint;

position, calculate

Determine next intermediate
displacement (in X,Y and Z)

Determine effector
velocity for current
joint (in XY and Z)

Fuzzyfication of input
value

Rule evaluator
(match fuzzy inputs
to fuzzy output)

Defuzzification of
output value

Repeat
with next
joint

Figure 24: Fuzzy logic block diagram (without collision detection)
As the first input represents the displacement required for the end effector; it is encoded

as dx and dy in Cartesian coordinates. In 3D workspace, a third displacement along the Z
axis is added and computed similarly. For the second input, determining the end effector
velocity is usually a simple process as the forward kinematics is a combination of sines and
cosines of angles. For example, using a planar robot with 4 degrees of freedom (DOF),

shown in Figure 25, we find the forward kinematic relationships displayed in Equation 4.
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Figure 25: Sample 4-DOF robot at two positions
x =1L, cosé, +L,cos(d, +6,)+L,cos(6, +6, +6,)+L,cos(d, +6, + 0, +6,) »
4
y=Lsing +L,sin(0, +86,)+ L,sin(6, + 8, + 6,)+ L, sin(6, + 6, + 6, +6,)

The X and Y components of the end effector velocities for each joint are given by Equation
5.

aa_;l =V, =—(Lsin@, + L,sin(6, +6,)+ L,sin(6, + 6, +6,)+ L,sin(6, + 6, +6, +8,))
aa—;z =Vy, =—(L,sin(6, +6,)+ L;sin(6, + 6, +6,)+ L,sin(6, + 6, + 6, +6,))

%: Vis=—(L,sin(6,+6,+8,)+L,sin(6,+6, +06, +0,))

aa_g =V, =—(L,sin(6,+6,+6,+86,))

%: V, =L cos, + L, cos(6, +6,)+ L, cos(6, + 0, +6,) + L, cos(6, + 6, + 6, +6,)
1

% =V,, =L, cos(6, +6,)+ L, cos(6, + 6, +8,)+ L, cos(6, + 6, + 6, +6,)
2

%=Vy3 =L3cos(t9, +6, +(93)+L4 cos(é?1 +6, +06, +94)
3

Py =L, cos(6,+6,+6,+6,)
29,

Vy; and V; represent the effector velocity for a unit change in a specific joint angle on

the X and Y axes for a given robot configuration (0,, 0,, 0,, 0,). In 3D, a V; array is
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introduced and represents the joint velocity along the Z axis and is found in the same
manner. The fuzzy process is applied on every joint, therefore, for the 4-DOF manipulator
arm, this means that there are 8 pairs of inputs (dx] with [Vy,, Vy,, Vi, Vy,] and [dy] with
[Vyis Vi Vs, Vy,]) to study: the change in angle is calculated for each combination untl the

desired position is reached.

4.3.2.3. Generalization of Nedungadi’s approach

In order to generalize the approach of Nedungadi [22], some adaptations are proposed,
especially in the calibration of fuzzy parameters. Fuzzy logic controllers are easy to use and
give efficient and accurate results, however, these fuzzy parameters need to be calibrated.
Since we want the proposed approach to be general enough to deal with an arbitrary robot
configuration, fuzzy parameters should remain auto-calibrated regardless of any change in
the robot structure or the working environment. Those parameters are the distance between

the fuzzification and defuzzification function centers.

During the fuzzification process, the width of the fuzzifying function, shown in Figure

26, is different for the displacement and the end effector velocities.
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Figure 26: Fuzzy membership functions
Since we split the trajectory into smaller steps, the displacement should be optimized for
movements smaller or equal to those steps. For end effector velocity, this value is usually

much larger. We have defined the width of the fuzzifying function to be the distance that

the effector will move i x, y and z for a joint movement of 1 radian. Determining an
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optimal value of the fuzzy parameters can lead to a more efficient fuzzy controller. The
most advantageous width of the fuzzy functions for joint velocity is found through

experimentation to be proportional to the size of the environment, as shown in Equation 6.

Wldth environment ( 6 )

number of fuzzy functions

width

Suzzy

On the other hand, the defuzzification process was chosen to be simple. There are
numerous output representations, but the simplest and quickest is to use Dirac functions
also known as singletons, as shown in Figure 27. Hence, only the distance between the
spikes needs to be calibrated. A large distance will yield large movements and large
oscillations around the target position, while smaller distances will avoid these overshoots
but may reach the position in a higher number of iterations. Testing has revealed, that for

most system configurations, the optimal range of distances connecting the singletons is
angle,,€[0.8, 1.1] degrees. This small number helps to limit large changes in joint values for

most robot environments, thus providing a smooth trajectory.
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Figure 27: Defuzzification membership functions
Fuzzy logic remains a numerical approach to solve non-linear problems; therefore, it may
not always converge towards a solution. The following aspects have been implemented to

further refine the behaviour and increase the convergence of the system towards a solution.
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Splitting the effector path into smaller steps, defined as “intermediate positions”,
therefore increasing the chance of avoiding obstacles. These intermediate positions
will follow the path of the end effector that have been found in the global path
planning phase. As a consequence, the fuzzy logic controller is optimized within this
small displacement space which gives it more stability independently of the total

travel distance.

The fuzzy controller iterates until the ntermediate position has been reached. An
efficient number of iterations has been found to be between 20 and 40 in order to
maximize the convergence probability while eliminating useless iterations where
convergence cannot be reached. 20 iterations are used as the maximum number of

iterations in the test cases of Chapter 5.

If the fuzzy logic controller exceeds the maximum allowable number of iterations, as
determined previously, a deterministic approach to the same fuzzy controller is
implemented to “push” the robot towards a goal position, where the fuzzy
controller can start over again. This step executes one iteration of the fuzzy
controller but with a much smaller variation in the joint angle output. This update to
the joint angles will move the joints in the required direction but will only cause a
very small movement. This represents a deterministic approach of the fuzzy

controller to cause small changes.

Other parameters must be provided in order to have a better representation of the robot.
An angle checking procedure is introduced to restrict the robot from folding around itself:
going from an angle of 170° to 190° will most likely cause a joint to come i collision with
some part of the structure. Therefore, as joint limits must be imposed, they are set so that all
the joint angles can be contained within the limits provided by the user. In the test cases of
Chapter 5, the jont values are contained within [-179° and 179°]. Although this is not
representative of a normal robotic system, it prevents the robot from folding around itself

and can be changed as these values vary from one robot to another.
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As mentioned previously, Nedungadi’s approach does not consider the presence of
obstacles in the environment. Therefore, apart from refinements to the original method to
make it more general, the present research also explores ways of combining the control on
robot configuration with repulsive forces generated by obstacles in an integrated fuzzy logic
controller to safely guide the robot arm in a cluttered environment. The following section

describes this major improvement.

433  Cdlision awidane
Safe path planning implies to move the robot up to a desired target position while

avoiding collisions between the robot and the environment. The approach proposed here
also considers the effects of the environment on the entire robot structure while moving the
joints. To achieve this, a supplementary component is added to the fuzzy logic model. One
of the inputs to the system that is considered is the probabilistic encoding of the occupancy
of the environment. This data provides a relationship with the distance to a given point of a
nearby obstacle as they increase for points that are closer to one. These occupancy levels
can also be interpreted to be forces that are exerted away from obstacles. Using them in
combination with the regular “mechanical” forces implied by the robot kinematic

constraints, an approach is developed to guide the robot in the environment.

The main problem that exists in any kind of approach using repulsive forces is that it
may lead the robot to be trapped between contradictory forces of the same magnitude but
working in opposite direction, this is known as the classical “local minimum” problem.
Through the proposed algorithm and correction methods, some of these classical problems
are overcome. A system diagram of the proposed procedure including collision avoidance is

shown in Figure 28.
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Figure 28: Overview of fuzzy controller

Repulsive forces are proportional to the probability of occupancy determined by the
probabilistic model, as defined previously in section 2.3. The strongest repulsive force is
found where the probability of occupancy is the highest at any point on the robot structure.
In order to avoid collisions and to reduce the joint displacement when a collision is near, the
repulsive forces and the joint velocities are combined. Once the repulsive force reaches a
threshold, defined in the following section, the value of the velocity is slowly reduced by the
force to provoke a sign change, therefore causing the joint to move in the opposite
direction.

The probability of occupation is analyzed for the entire link of the robot at every step of
the fuzzy process; this includes checking for collisions during every iteration of the fuzzy
logic controller. While this increases computation times, is it a crucial step to avoid collisions
during robot movement, and determining the regions in the robotic structure where the
probability of the presence of an obstacle is the largest (therefore is at the most risk of
colliding with objects) is essential.

Figure 29 displays the block diagram of the proposed algorithm.

66



i

Break down path into small steps for
optimal use of fuzzy parameters

Target Position
{expressed in multiresolution cells)

sing this intermediate position of the en
effector, invoke fuzzy logic to determine
robot i

A

Foreach |
joint o

Determine speed of effector )

Determine repulsive force on jaier—(

Scan robot appropriate part of
structure for highest probability of
occupancy

alculate the x,y,z components of
repulsive force and apply to effector
speed

NO,
Next joint

Fuzzify both input pairs (displacement in
X,y,2 and joint speed in x,y,z}
Rule Evaluation )
L——’C Defuzzify each input pair )

Last joint?

YES

Reached
intermediate position?

YES

lteration count
exceeded?

Restart with first joint

Update joint values

Coliision?
NO

YES

Search for nearby
collision free
configuration

EXIT YES
Reached
target position?

Figure 29: Block diagram of fuzzy logic/ collision avoidance procedure

4.3.3.1. Repulsive field and forces

As stated in section 4.3.2.2, the fuzzy controller has two types of inputs: the displacement

distance and the effector speed with respect to every joint movement. In order to include

the repulsive forces, those speeds are modified if the robot is close to an obstacle: we wish
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to reduce (or change) the movement of the robot when a jomt is near an obstacle. As a joint
comes closer to an obstacle, the repulsive force must slowly force the joint to move in the
other direction. The rest of the structure will, in turn, overcome this change by adjusting in

the following iteration or by exploiting the redundancy of the manipulator, if available. The

repulsive force is proportional to:

o 'The probability of occupancy provided by the occupancy map of space

plag, which is converted to a functional value F,,, ;,.,; ,., using Equation 7,

o 'The projected repulsive force on the x, y and z axis to consider the angle of

the force, as shown in Figure 30, and

o Aforce coefficient, aef,, 4.

This coefficient is calibrated to represent the occupancy value at which the robot is
deemed too close to an obstacle, and the corresponding joint needs to move in the opposite
direction. The coefficient needs to be large enough to make sure that the robot will be
pushed away sufficiently if close to an obstacle, but small enough not to cause large swings
in the opposite direction or to reduce the working space of the robot. The coefficient is
calibrated from the maximum acceptable repulsive force and is auto-adapted based on the

size of the environment. It represents a threshold at which a collision is imminent and the

joint should move in the opposite direction.
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Figure 30: Projection of repulsive forces for a planar robot
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The force exerted by the obstacles is proportional to the occupancy probability found in
a given cell where the robot lies. In order to use it to push the robot away, we need to

convert it to a value that can be useful and stay independent of the size of the probabilistic

data, it is based on these cntera:

o The repulsive force must be zero when the probability of occupation is null.
o The repulsive force should converge towards 1 as the probability increases.

e A threshold should be established which will act as the limit to which the robot can

approach an obstacle.

For the sake of simplicity and to lower memory requirements, the probability of
occupancy, for our experiments, is encoded as an integer between O (no obstacles) and 16
(probability of 100%). Equation 7 shows the mapping between the discrete probability
occupancy and an unadjusted repulsive force in the proposed method. This expression
results in negligible repulsive forces when the probability is small while it imposes a severe
repulsive force when approaching obstacles.

' _ plocc] 7)
unadjusted _rep 3 + p[OCC]

Figure 31 illustrates the output force as a function of the probability of occupation.
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Figure 31: Repulsive forces as a function of probability of occupation
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The effects of the repulsive forces on the fuzzy logic controller are to force the joint
angle to move in the opposite direction of the obstacle when a collision is deemed
imminent. This threshold is determined by the force coefficient. At a probability of
F vuigctad =%y e’ » W Wish the joint movement in the direction of the obstacle to be
stopped, when this threshold is exceeded, the updated joint angle will cause the robot to
move in the opposite direction. A value of aweff,, ,,=2.0 is chosen since it has been found
experimentally to provide a good compromise between the possibility of collisions and

manipulator dexterity.

The overall repulsive force in 2D is therefore computed following Equation 8.

1_:: = Funadjusted_rep * coe-ff;ep-force
F, = F*sin(9) (8)
F,= F* cos(@)

In order to ensure that the fuzzy controller will never cause the robot to be in collision
with an obstacle, a supplementary correction method has been introduced. If during the
defuzzification process a configuration is returned that causes the robot to be in collision
with an obstacle, this method is invoked and searches for nearby robot configurations that
avoid collisions with obstacles until the robot is in a safe configuration where the fuzzy logic
controller can continue. Although inefficient but seldom used, this ensures that the robot

structure will never be in collision with an obstacle.

4.3.3.2. Other improvements to the original approach

This section defines and elaborates on issues regarding collision avoidance and the
generation of repulsive forces. It contains algorithms and fine-tuning approaches developed
to improve path planning and tracking and achieve quicker convergence of the fuzzy logic

controller to a valid collision-free configuration.

Every link must feel the effects of the repulsive forces exerted on the robot structure by

nearby obstacles and must adjust accordingly. The first assumption that we make is that the
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starting position of the robot is not in collision. At some point during the trajectory of the
robot, some part will encounter an object. The logic behind the implementation is to move
the joint at which there is a collision away from where the object is. This may lead the robot
to be in a different position than the one desired, however, the purpose of this is to place
the arm in a better situation (or position) to approach the target position, while avoiding a
collision. The following iterations of the fuzzy logic will consider these corrections and
eventually reach the desired position. This section details various strategies to apply the

effects of the repulsive force that have been investigated in order to prevent collisions.

In the first case, the algorithm was configured to simply move the problematic joint in
the opposite direction: this approach is not very well suited since if there is a collision near
the joint, it may have to be moved by a large amount. The scenario is displayed in Figure
32a.

Second, once a collision is imminent at a link, the robot was to move the previous joint
in the opposite direction, as shown in Figure 32b: this approach worked slightly better than
the previous one, but the resulting angle displacement tends to be too large and causes a
reduction in the dexterity of the manipulator. Experimentation with different scenarios has
been performed such as a joint being responsible for a region near the joint itself. Good

results have been found when checking the regions both prior and after the current joint.

In another implementation, the robot was to “curl” around the obstacle, as shown in
Figure 32c: to move the preceding joints in the opposite direction and the joint in question
in the onginal direction. This approach demanded too much calibration (such as the
displacement of the subsequent joints), was too dependent on the robot architecture and

was inclined to bring the robot to be too close to the obstacles.

Finally, the controller caused the robot to move all the previous joints in the structure to
avoid the obstacle, as shown in Figure 32d. However, as the joint is further to the one in
collision, the correction can be smaller: this approach yielded the best results, and caused the

fuzzy logic controller to converge towards a valid solution more rapidly. In this strategy, the
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smaller movements caused by the previous joints help bring the end effector towards a safer

position to increase its dexterity. This approach also has been tested with different variations

with mixed results, such as trying to “fold” the robot so that it compresses towards the safe

zone.

Adjustment

Collision

Collision

N

Adjustment

Collision

N

Adjustments

Collision

TN

Adjustments

2)

b)

d)

Figure 32: Collision avoidance scenarios

The latter option has been implemented: all the joints preceding the joint near a

collision feel the repulsive force. For any given joint, the following procedure is

followed:

logic control.

Scan the robot structure to determine the position in the robot that has a higher
probability of occupancy in all the joints following the one under examination.

For instance, if we analyze joint 3, we want to move joint 3 as well as joints 1-2.

The repulsive force is computed and is a function of the probability of

occupation, the distance of the joint to the collision and the force coefficient,
aqu@ ) fore

This value constitutes an input to the fuzzy logic controller and represents the

repulsive force that the joint will experience during this iteration of the fuzzy

The updated fuzzy input for joint number ; with end effector velocities of V, and V, and

where the highest probability of occupancy gfoaf is located in joint j is shown mn Equation 9

which then becomes the inputs to the fuzzy logic controller. Since only the following and no

preceding joints are examined, ¢ <.
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The approach presented m this section can easily be applied to bulkier robots. The
repulsive force on a joint is determined where it is greatest in the structure, regardless of
robot architecture. The repulsive force exerted is computed by determining the largest

probability of occupancy of any position in the joint’s zone of influence.

4.4. Comparison of methods

The fuzzy rule base proposed by Nedungadi [22], shown in Table 4, provides a good
basis for robot manipulator control but, it also possesses some drawbacks.
Most notably, after the effector speed is fuzzified, only a change in the sign of the effector
speed (input 2) provides a change to the output value. When using the repulsive force to
adjust this speed to provide collision avoidance, we need to improve the proposed rule base
such that a change in the magnitude in input 2 can provide a different output value. Also,
the rules proposed by Nedungadi are not representative of the input values: the largest
output should be when the required displacement value is large and the effector velocity is
small (Inputl is NL or PL and Input2 is NS or PS). A refined version of the fuzzy rule base

is then proposed as shown in Table 5.

Input 1=effector displacement required

- o NL|NM | NS|Z|PS |PM|PL
;:E " NL | PM [ PS PS |Z| NS NS | NM
g é & NM | PL | PM | PS |Z | NS | NM | NL
® H ,‘g: NS|PL | PM |PM|Z|NM|NM|NL
i ”g g z Z Z Z |Z]| Z Z Z
582 | PS|NL{iNM | NM|Z|PM| PM | PL
&% [PM|NL | NM | NS |[Z]|PS|DPM|PL

PL  NM| NS [NS|Z|PS|PS |PM

Table 5: Refined fuzzy association banks
A major change that is implemented in this new rule base is that we want to limit the

joint movement when the speed is high, for example, in the comers of the table, if the
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displacement and movement are large, the resulting angle change should not be as large as
proposed by Nedungadi. Instead, a medium displacement is proposed. Similar reasoning can
be extended to other cases like [NL PL], [PL NL], [PL PL], [INL NM], [NL PM], [PL NM],
[NP PM], [NS PS], [NL PS], [PS NS] and [PS PS].

In order to evaluate the performance of the refined fuzzy association bank, a comparison
was done for path planning and path tracking in an empty environment. The updated fuzzy
association bank is designed to cause better convergence in the fuzzy logic controller in the
presence of obstacles. It has also been improved to include a better representation of the
kinematics of the robot. Path tracking for both fuzzy association banks was tested in an
empty environment for various target positions. A comparison of computation times is

shown in Table 6.

Target position Computation times (seconds)
Original banks Refined banks
(100, 100) 17.550 10.790
(183, 50) 4.086 5.948
(140, 100) 3.565 4.877
(80, 100) 36.342 14.020
(100, 410) 1702 1762
(100, 250) 2.093 2.323
(188, 480) 6.800 6.660

Table 6: Comparison of fuzzy association banks

Comparable computation times were found with the refined version in empty space, as
proposed in this work. Generally, it was noted that the original banks provided slightly faster
computation times when the robot is moving near the middle of the workspace while the
refined algorithm provided better results elsewhere. This is particularly true in situations
where the arm is near full extension; the original banks were roughly twice as slow to

converge towards the target position.

Additionally, when used in cluttered environments, such as those in Chapter 5, the
refined table provided much better flexibility in the presence of obstacles. As Table 7 shows,
the trajectories using both banks are very similar. While the new path tracker is designed for
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experimentation in cluttered environments, it provides performance m an empty workspace

that is comparable to that of Nedungadi.

Target position Original banks Refined banks

(100, 100)

(183, 50)

(140, 100)

(80, 100)
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(100, 410)

(100, 250)

(188, 480)

Table 7: Comparison of path for fuzzy association banks
4.5. Conclusion
In this chaptet, the updated fuzzy logic controller is developed to include the repulsive
fotces of nearby obstacles. The controller is designed for use without changing the mnternal
parameters therefore making an easy transition between different test applications. In
Chapter 5, a set of experimental testbeds are developed and analyzed using the proposed

strategy. The results confirm the robustness of the approach for both 2D and 3D

workspaces.
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CHAPTER 5: EXPERIMENTAL RESULTS
5.1. Introduction

In this chapter, the experimental testbed used to evaluate the performance of the
proposed collision-free path planning approach is detailed based on the methods detailed in
Chapter 3 and Chapter 4. Results from various scenarios and manipulator architectures are

presented and analyzed for 2D and 3D workspaces.

5.2. Experimental setup

The simulations shown in this section were executed on a 450 MHz SGI machine with
218 MB of RAM. The results come from experimental observations collected from a
software implementation of the concepts defined previously. 2D and 3D visualization tools
have also been designed to provide visual display of the resulting paths and facilitate tuning

and analysis.

The main program reads and interprets the input data encoded as either images or binary
files, computes the various potential fields, encodes the robot working environment and
determines the manipulator path. The program has been implemented using standard C
libraries with Microsoft Visual C++ 6.0. In order to provide a thorough understanding of
the steps of the program, most of the functions were custom-built. Functions of similar
concepts were regrouped together in distinct libraries: input/output data manipulation,
probabilistic operations, quadtree or octree manipulation, global path planning and local
path planning methods. This provides greater flexibility when changes are required.

The main application also displays run-time information for every step throughout the
execution: reading/writing data, n-tree operations and path planmng steps. During path
planning, the position of the robot and the corresponding joint values are displayed at every
step to provide the user with a detailed knowledge of the situation. Execution times can be
determined and displayed for every step to provide comparative results and interrupts have

been implemented for the user to stop, pause or create intermediate data files to visualize
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the behavior of the algorithm and display information during the execution of the program.
Almost all of the concepts presented in this research can be saved for later visualization,
including the probabilistic data, the global path, the repulsive field, and the attractive field.
This console application is nearly identical in 2D and 3D implementations. In the latter case,
the console data differs only by displaying the third Cartesian coordinate. A sample screen
shot is of this application is shown in Figure 33.
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Figure 33: Sample console implementation
In order to meet one of the goals of this research, the algorithm was implemented for

use with many different manipulators. Therefore, only the forward kinematics parameters
and its first partial derivatives, to represent the end effector velocity, are encoded. The
forward kinematics and end effector velocity equations are found through the symbolic
MATLAB toolbox and added to the main application as a series of equations providing the

necessary relationships stored in an array.

For 2D environments and planar manipulators, the workspace data can be stored in two
different ways. The data can be stored in text files containing environment information and
manipulator configurations. However, the results displayed in this manner are not easy to

analyze. The second method uses image files that can display both environment information
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and manipulator configurations. A codec was built that follows the typical standard format
for bitmap images, as detailed in Appendix C. These image files can also be loaded onto

another custom or commercial application for visualization.

Two different visualization schemes are used for 2D environments: a first
implementation generates a web page that contains relevant information and loads the
images generated. The second implementation was developed in visual C++ to provide
more flexibility for parameter changes, such as start and goal positions and joint values. The
results shown in this section come from the latter option. This option is detailed in
Appendix D.

Also, a console application was implemented to provide analysis for the forward and
inverse kinematics of the robot. It was used to calibrate the fuzzy logic controller, determine

initial joint values and test the limits of the robot arm.

For 3D workspaces, creating and modifying environments is more complicated,
therefore an application was implemented to manipulate environments. The environment,
with obstacles and robot, can be displayed on screen as well as rotated and translated along
all three axes; this also provides the capability to zoom in and out of particular situations.
The application can also be used to validate the forward kinematics of the robot by loading
angles to visualize the behavior of the robot. The 3D results shown in this section come
from this Visual C++ application that is also detailed in Appendix D.

5.3. Environment configuration

The workspaces used for experimentation consist of an environment usually containing a
“safe” zone near the robot base and a number of obstacles elsewhere. The obstacles are
either placed randomly or in a position to research the effects of particular situations.
Various tests were conducted to explore the behavior of the algorithm when facing
situations such as obstacles in close proximity of robot, narrow corridors and moving the

manipulator around an obstacle.
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In 2D, the environment is represented with a greyscale image that can be drawn from
any drawing program, such as MSPaint, and saved with the “.bmp” extension (refer to
Appendix O). The typical size of the image used is 512x512 although different formats have
also been tested. This environment file can contain either probabilistic data or deterministic
information which can be transformed into probabilistic representations. A sample

environment is shown in Figure 34.

_—

Figure 34: Sample 2D environment
In 3D, a simple program developed using C++ and OpenGL allows the user to load and
display the environment, as well draw new obstacles and save to a tab-separated text file.
The typical environment sizes are 64x64x64 to keep things tractable since those models are

created manually.

5.4. Experimentation

The proposed path planning method has been tested with robots having with a varous
numbers of degrees of freedom and with different architectures to evaluate its flexibility,
performance and robustness. In this section, the simulation results shown come from two
different robot types: generic 3 and 4 degrees-of-freedom planar robots and a 3D PUMA-

like robot both containing only revolute joints.

The Denavit-Hartenberg parameters for the planar robots are shown in Table 8.
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Joint L; D, o, 0,
1 L, 0 0 0,
2 L 0 0 0,
3 L, 0 0 0,
4 L, 0 0 0,

Table 8: DH parameters for 2D planar robot
The link lengths, L, are left as varables to provide greater flexibility when changing
robot architecture and are encoded as a ratio to the size of the environment. For the 3
degree-of-freedom planar robot used, we set L,=6,=0. In Table 9, the Denavit-Hartenberg
parameters for the 3D PUMA-like robot are displayed, as inspired by[41].

Joint L, D, o 0,
1 0 D, Pi/2 0,
2 L, 0 Pi/2 0,
3 0 D, Pi/2 0,
4 L, 0 Pi/2 0,
5 0 D, Pi/2 0,
6 L 0 0 0,

Table 9: DH parameters for 3D PUMA like robot
5.4.1. 2D test aases
In this section, the results of a number of different 2D test scenarios are displayed and
analyzed. The robot in use for these simulations consists of 3 or 4 degrees of freedom, and

of various joint lengths.

5.4.1.1. Firsttestcase

In the first test case, the base of the robot is fixed in the middle of the workspace near
the bottom; [500 250] for an image of size 512x512. The start position is chosen arbitrarily
at [83 363] and the target position is also chosen arbitrarly as long as it is contained in the
enclave seen in the top left comer, in our case, we have used [100 100]. Figure 35 displays
this environment with the robot in its starting position. The obstacles are depicted in black

while the free space is in white.
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Start (83,363)
Goal (100,100)

Figure 35: Iniial robot configuration

From the starting position, the free space is encoded into a sequence of multi-resolution
cells. The attractive field is then computed on the quadtree sequence following the neighbor
search techniques introduced in Chapter 3 and the global path planning method, detailed in
section 4.2, is applied. To guide the path planner, a sequence of neighbor cells are selected
by taking for each step the neighbor cell with the smallest distance to the target position.
The resulting path is a sequence of multi-resolution cells linking the start and target
positions, within the security margin but which may overlap the probabilistic data. The path
of the effector is then interpolated to reach the middle of the multi-resolution cells which
are depicted in grey in Figure 36. Supplementary intermediate positions are finally computed
to link the cells, either through common corners or smallest distance to the neighboring cell.
Intermediate points are displayed with smaller squares in Figure 36. This path yields an
approximate sequence for the end effector to follow and represents the global path of the

end effector.
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Figure 36: End effector path

Next, the global path of the end effector is refined using the fuzzy logic-based path
tracking approach presented in Chapter 4 to obtain the overall path of the manipulator arm
as shown in Figure 37. From the starting robot configuration, the local path tracking
method is executed to determine the robot configurations from the global path that has
been divided into smaller intermediate segments for which the fuzzy controller is optimized,;
in this example 5 pixels or about 1% of the workspace size is used. A series of joint angles 1s
computed to reach those segments and displayed in Figure 37. The global path is also

shown for analysis.
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Figure 37: Complete robot path for the first test case
For the preceding figure, the joint values at every step are shown in Figure 38. One of
the initial objectives was to propose an algorithm that minimizes the joints’ movement
between consecutive positions to maximize stability and minimize the risk of collisions that
often tresults from abrupt displacements. By consequence, the occurrence of singularities can
be greatly reduced. This is achieved, as the largest joint displacement petformed between

consecutive positions is approximately 4.5 degrees in this example.
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Figure 38: Angles progression for the first test case
Figure 39 displays the position of each of the joints for every step and shows that the
controller brings every joint in a smooth progression along the trajectory while keeping the

joint and the rest of the robot structure collision-free.

Figure 39: Joint movement
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The repulsive forces felt by every joint at every step are displayed in Figure 40. The data
shows only the repulsive forces when they become noticeable which represents the second
half of the trajectory, when the end effector enters the opening. The average repulsive force
is higher for joint 4 as it is the one most affected by the nearby obstacles. The other joints
also feel this repulsive force, which attempts to move the robot towards a safe configuration

that eventually leads to the target position.

Jomnt 4

Joint 3

Joint 2

Joint 1

Figure 40: Repulsive forces for first test case
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The current environment has been selected because it puts the robot into many
interesting situations. The first part of the trajectory is used to analyze the behavior of the
algorithm without strong repulsive forces. The opening between the objects shows the

robustness of the algorithm in dealing with narrow corridors.

For this case, the execution time of the application is 17.040 seconds: this includes all the
steps: environment input, quadtree encoding, repulsive fields computation, global and local

path planning.

In this test case, there are no collisions with obstacles; the robot comes close to an object
near the end of the trajectory as joints 3 and 4 are the most affected. The algorithm
considers those repulsive forces and determines an adequate configuration to fold the
manipulator arm around the obstacle. This reaction reveals to be successful as the resulting

path is exempt of collisions.

The main factor in increasing computation time in this example is the higher number of
iterations of the fuzzy logic controller to converge towards a solution. In the first half of the
path, the controller determines a solution in a few iterations and computation times are low.
Once the manipulator enters the opening, the fuzzy controller converges towards a solution
in more iterations and the application is slowed down. At this part of the trajectory, the
repulsive forces are the strongest especially on joints 3 and 4. However, a collision-free path

is still found.

The algorithm always yielded good and similar results when experimenting with different
starting positions in the same environment. In this test case, even with a start position near
the obstacle at the top of the environment, the global trajectory brought the robot to the
same multi-resolution cells on the right and the rest of the trajectory is similar. The test case
has also been experimented with a smaller opening and goal position closer to the obstacles.
In both cases, the fuzzy controller is able to compute a complete trajectory; however, the

resulting path brings the robot closer to the obstacles.

87



The repulsive force scenarios explained in section 4.3.3.2 were also experimented with
using this test case. Some of these methods were able to find a collision-free path but the
convergence speed of the fuzzy controller was lower. The others were much more prone to
be caught in a local minimum. The proposed approach that consists of moving all the

previous joints yielded the overall best results.

5.4.1.2. Second test case

In this situation the robot is meant to go around a large obstacle located in the upper left
comer of the environment while the robot base remains at (500,250). This example
purposely illustrates the actions of the global path planning phase, as it allows to recognize
two large unoccupied zones in the center of the workspace and will favor them rather then
smaller regions closer to the obstacle to increase efficiency, reduce computation times and
minimize the risk of collision. In this test case, the fuzzy parameters have not been changed

from the first settings in order to show the robustness of the algorithm.

In this test case, the global path is quickly computed as is consists of only 4 mult-
resolution cells. This helps determine a local path further from obstacle as the target path
stays away from obstacles as large multi-resolution cells are generally further from them. In
contrast, if a fixed-cell encoding would have been used, the global path would have been
close to a diagonal line between the start and target position and would have come very
close to the lower right hand comer of the obstacle near the middle of the trajectory. With
the proposed approach based on multi-resolution probabilistic occupancy maps, the multi-
resolution cells are rather linked in a manner to minimize the occurrence of a path near an
obstacle by using the middle of the cells. These intermediate points for the end effector help

in minimizing the risk of collision.
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Figure 41: Path sequence for the second test case

Even though the neighbor search is significantly reduced by the limited number of cells
included in the end effectot’s path, the computation time for the second test case is ~20 sec
which is slightly longer than that of the first test case. The primary reason 1s the lower rate
of convergence of the fuzzy controller when the robot is folded around itself. This happens
when the middle of the second large multi-resolution cell is traversed. The fuzzy controller
takes more iterations to converge and slows down the computation time of the program.
This drawback, however, does not prevent the controller from finding a collision-free

solution. The rest of the path in the presence of obstacles confirms the faster computation
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when the modified fuzzy association banks are used compared with those proposed by
Nedungadi [22]. Since the banks were modified in order to reduce the number of iterations
in a cluttered environment, the changes are therefore important in reducing the
computation times when the robot is without the influence of repulsive forces as well as
under their presence. The proposed approach also computes a smooth path as the largest

angle change between consecutive iterations is 3.5 degrees, as confirmed in Figure 42.
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Figure 42: Angles progression for the second test case
5.4.1.3. Third test case
As shown in Figure 43, a different robot configuration is used for the third test case;

every joint is longer than before with the exception of the last which is shorter.
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Figure 43: Robot configuration for the third test case
For the third test case, the overall path is displayed in Figure 44.

As in the previous test cases, the fuzzy parameters have not been changed in order to
show the robustness of the algorithm. The results are similar to the robot used in the
previous test cases. The robot navigates easily in the early portion of the path, but slows
down when it 1s folded at the center of the large multi-resolution cell. The robot avoids the

obstacles well near the end of the trajectory, which shows the adaptability of the algorithm.

In order to be able to use a similar portion of the workspace, the first joints are a little
longer to offset the short end effector. This leads to lower dexterity especially when the
tobot is folded. However, the algotithm is able to determine a collision-free path, but at a

slightly higher computation time which in this case reaches ~21 sec.
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Figure 44: Path sequence for the third test case
If the target position would be higher on the left, then the algorithm would push the

joints around the obstacle in order to provide a better orientation to reach the target.

In this test case, the third joint reaches the angle limit of -179° imposed, as shown in
Figure 45 over the central portion of the trajectory. The algorithm succeeds to determine
another configuration based on this restriction. However, a larger change in angle for all the

joints is needed in the following iteration m order to bring the robot 1n its original series.
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Figure 45: Angles progression for the third test case
5.4.1.4. Fourth test case

Figure 46 displays some of the robustness of the algorithm to bring the robot into a

narrow corridor. Here, the robot re-orients itself to be in a better position to enter the

narrow opening.

Controlling a manipulator arm in a narrow corridor has always been difficult and the
focus of a considerable amount of research. In this example, the robot starts from its usual

upright position and must enter a narrow corridor on its left, as shown in Figure 46.
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Figure 46: Path sequence for the fourth test case

The algorithm is able to determine a collision-free path and a smooth trajectory as shown
in Figure 47. The angle of approach of the end effector is also re-orented to have a better
entry in the corridor. The computation and convergence rate is low in this portion of the
path. It slows down once the robot enters the corridor, where the manipulator structure and
neatrby obstacles create contradicting forces. While the robot is able to reach the desired
position, other positions further inside the opening cause the contradicting forces to be too
great and the robot is not able to reach any further. At this point, the forces cause the robot

to oscillate between two points, neither of which is able to help the fuzzy controller reach
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the desired target. Relaxing the repulsive forces may increase the dexterity of the robot but
would increase the probability of collision with the nearby obstacle.

The computation time is also slightly increased to ~26 sec because of the high resolution

of the multi-resolution cells in the narrow opening. This leads to more neighbor searches

that slow down the program execution.
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Figure 47: Angles progtession for the fourth test case

5.4.1.5. Fifth test case
In the fifth test case, a 3-DOF planar manipulator is used to show that the algorithm is

robust to different robot types. The lengths of the 3 remaining members are adjusted to

cover a similar area to the previous examples.
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Figure 48: Path sequence for the fifth test case
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Figure 49: Angles progression for the fifth test case
Figure 48 and Figure 49 confirm that the resulting trajectory is collision-free and

smooth. At first glance, the lower number of joints should reduce the computation times,
but this is not the case. While a lower number of angles checks per iteration are required, the
lower redundancy of the robot leads to lower convergence speeds and more iterations of the
fuzzy controller. The advantage of fewer angles to compute is offset by the lower dexterity
of the robot and higher number of iterations in the fuzzy controller. Nevertheless, the
proposed path planning technique still works perfectly well and provides a smooth and

collision-free trajectory.

5.42. 3D tetase

In order to show the generality of the proposed approach, the path planning algorithm is
extended to 3D workspaces and tested on the 6 degree-of-freedom robot defined previously
in Table 9. This robot is shown in an atbitrary position in Figure 50 from two different

viewpolnts.
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Figure 50: Sample position for 3D robot
Figure 51 represents a simple 3D environment generated from the 3D visualization tool

developed for this research. It consists of a wall along the upper middle portion of the edge
of an environment. This data is drawn with the program and saved as a tab-separated text

file, which is then read with the main path planning program.
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Figure 51: Obstacle in 3D space

In this test case, the robot must move around the obstacle shown in Figure 51, starting
from behind it. Figure 52 displays the sequence of its path (start position is top left figure,

end position is bottom right). Near the middle of the trajectory, a large multi- resolution cell
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is found in the global path planning method; this brings the robot further out, but to a safe
position. Close to the goal position the third joint is close to the obstacle mainly due to the
conflicting attractive force of the goal and the repulsive force of the obstacle. The repulsive
force coefficient could be changed in order to keep the robot further from the obstacle but
here is kept as a constant that has been calibrated as discussed in section 4.3.3.1.
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Figure 52: 3D path sequence

Despite the added complexity of 3D workspaces, computation time for this test case was
approximately 17 seconds, which is comparable to 2D results mainly due to the smaller
workspace size and simpler environment. However, after examining various 3D scenarios, a
50% increase in computation time for a single iteration of the fuzzy controller was found

due to the added joint velocity and robot complexity.

5.5. Comparison with another approach in the literature

The proposed algorithm was tested in similar environments to that of Laliberte [14, 15]
with a 4 degrees-of-freedom robot. A safe collision-free path is found using the same
environment depicted in [14], despite using a simpler robot containing no prismatic joints
and without the need of special heuristic methods that were implemented by the author.
The fuzzy logic controller is less efficient in the early stages of the trajectory but reaches the
target position very quickly afterwards, as shown in Figure 53. In addition, since Laliberté
used a deterministic kinematics in velocity to model the robot, the movements of the joints
are not as smooth compared to the proposed method and the kinematics solution must

undergo considerable changes if a different robot is used.
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5.6. Analysis
In the previous sections, various scenarios have been tested to demonstrate the
robustness of the proposed approach and explore various situations. In order to keep the
length of this chapter reasonable, only a few samples of the scenarios that have been

experimented with are shown.

Through the experimentation that has been conducted on numerous scenarios, the

algotithm is found to be robust for different manipulator arm configurations. The results
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also demonstrated the adaptability of the algorithm to find a solution in cluttered

environments at various levels of complexity.

One of the goals of this research is to provide an efficient and fast solution for the robot
to track the proposed path. Table 10 displays the overall execution times (in seconds) for
the test cases presented in section 5.4.1. These represent the computation time for the entire
procedure: input/output of data, computation of potential fields, n-tree operations, global
and local path planning phases. These execution times are fast enough for a large robot that

requires slow movements as is the case in most manufacturing applications.

Case number 1 2 3 4 5
Execution time (sec) | 17.040 | 20230 | 21370 | 26920 | 23460

Table 10: Execution times of test cases

Various aspects and situations influence execution time. The primary factor that
increases the computation time is the complexity of the environment. The algorithm is able
to converge quickly when few obstacles are found, however, when the environment
becomes more cluttered, the fuzzy control requires additional iterations to converge towards

a solution.

The proposed algorithm has numerous benefits, most notably its simplicity. The fuzzy
logic controller does not need to be tuned for each robot; the parameters stay the same
despite changes in the kinematics. The relatively short execution times allow a robotic
application to follow as the program is running, allowing almost real-time control. Although
different in computation demands, the approach is similar in complexity for both 2D and
3D applications. For 3D robots, the kinematics are usually much more complex, but with

the proposed method, there are only minor differences, such as a third velocity to consider.

The approach does have some limitations that have been noted during experimentation.
The algorithm does not perform well when an obstacle is near the base of the robot.
Through testing, an empty area roughly equal to a half-circle of radius equal to the first
member ensures good results. The algorithm also tends to slow down when it is folded
around itself; this is particularly true for the joints nearest to the base. While the path
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planning method returns a collision-free path, the computation is more intensive in those
situations. The manipulator arm may be unable to reach the target position because of the
location of an obstacle, for example, trying to reach behind an obstacle. The correction
methods of Chapter 4 can be enough to overcome the contradicting forces. Otherwise, the
algorithm is will stop if the controller is unable to determine a safe path within a pre-

determined number of steps.

Other factors increase the complexity of a manipulator such as the number of degrees-
of-freedom. The increase in the number of joints, however, also increases the dexterity of
the manipulator and allows it to perform some tasks in an easier way. Despite the fact that
more angle iterations are computed, the fuzzy controller itself was iterated less often. This is
true especially in cluttered environments where high robot redundancy will allow it to
overcome some problems introduced by the repulsive force exerted by obstacles. Increased
dexterity helps the robot overcome situations where contradicting forces are applied to the
manipulator. In our experiments, the difference in computation times between a 3-DOF
and a 4-DOF robot was minimal; however, the path of the 4-DOF robot was usually
smoother, changes in joint values were smaller and the system generally performed better in
crowded environments as its redundancy overcame the repulsive forces constraints. 3D
robots work in a similar manner, with the exception that the number of joints must be

significantly higher in order to match similar redundancy.

The test cases in this section only consider redundant robots. Consequently, the increase
in dexterity facilitates the movement of the robot in cluttered environments. The proposed
approach can also be used with non-redundant robots to find a safe path. A lower number
of joints would likely reduce the computation times in an empty environment but when
used in a cluttered workspace, the robot would more often be caught in local minima as the

structure is much less adaptable to find an alternative configuration.

The computation time of the algorithm is also a factor of the distance between the start

and target positions. The resulting path will usually be shorter if the two points are close,
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however, if one 1s brought closer to an obstacle, the fuzzy iterations will usually be extended.
Since the path is first defined globally using multi-resolution cells, small changes in either

start or target positions will yield minimal changes in overall execution times.

The use of multi-resolution cells has been found to reduce global path planning [34] by a
substantial factor. In local path planning, its uses are also important. The global path will
usually define a path further from obstacles since it will not follow the downslope near
obstacles, as explained in section 5.4.1.2, and reduces the risk of collisions. Computation
during local path planning will be shorter as repulsive forces are less important than with

fixed-size cells. The risk of collision is therefore reduced with the proposed approach.

Finally, the approach is also extendable to larger robots: the repulsive forces are
computed from the point in the structure where the probability of occupation is the

greatest; the effects of the repulsive forces are then interpreted in the same manner.

5.7.  Conclusion

In this chapter, the results of experimentation that has been conducted on numerous
scenarios are shown to demonstrate the flexibility of the algorithm to deal with different
manipulator arms. The results obtained demonstrate the adaptability of the algorthm to find

a solution in cluttered environments at various levels of complexity.
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CHAPTER 6: CONCLUSION
This work presents an approach for a path planning strategy for robot manipulators. In

opposition to most techniques dedicated to mobile robots that are found in the literature,
the proposed path planning approach considers the complexities of modeling a robot arm.
An original solution using potential fields and fuzzy logic is presented and analyzed. The aim
of the approach is to achieve a robust and adaptable algorithm that can work with various
manipulator architectures and environment configurations. Two main phases are used: a
global path planning phase determines the path of the end effector and a local path tracking
phase configures the rest of the robot structure to make the end effector follow the pre-

computed sequence of positions.

The global path planning phase uses a combination of probabilistic datasets and multi-
resolution grids. The use of a probabilistic representation increases the reliability of the
mapping and provides a more direct relationship to compute the repulsive potential field.
An original approach to encode multi-resolution cells is proposed. This new method greatly
reduces the storage requirements for storing environment information. A neighbor
searching method is developed on the basis of this encoding and is applied for efficient
computation of the attractive field that guides the end effector. The new approach is
compared to other algorithms found in the literature and it is shown that its performance

meets or exceeds that of the other techniques.

In the local path tracking phase, the complex problem of manipulator kinematics is
simplified through the use of a fuzzy logic controller. With this controller, the need for
determining and computing the complex equations of inverse kinematics or the use of
heuristic methods is eliminated. The proposed algorithm is well suited for any manipulator
architecture with minimal changes. Only the forward kinematics and its first derivatives that
differ for various robot architectures need to be provided to the path planner. The approach
presented by Nedungadi [22] has been improved upon for better representation of the robot

kinematics, but more importantly, to consider the presence of obstacles that provide
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repulsive forces acting on the manipulator structure, and extrapolated to include 3D robot
setups and workspaces. The use of fuzzy logic has allowed the path planning phases to keep
joint movements small between consecutive positions when traveling in a cluttered
environment to reduce the probability of collisions with obstacles and keep control on

singular configurations.

The proposed algorithm has been tested against different environments situations and
different robot configurations. The approach has been implemented in 2D and 3D. In 2D,

the computation times are small enough to allow for real-time use of the algorithm.

6.1. Main contributions of the thesis

This thesis presents original approaches to environment modelling and manipulator path
planning. For global path planning, the use of probabilistic datasets and potential fields offer
a simple yet robust solution. An original encoding scheme and neighbor searching algonthm
are proposed to allow a compact but accurate representation of the environment that
minimizes the computational effort for the search of neighbor configurations required to

define a trajectory.

This classical approach is combined with an orginal local path tracking approach based
on a fuzzy logic controller that combines the manipulator kinematics and obstacle
information to determine a safe, collision-free path for the whole structure of the robot arm.
The proposed setup offers the flexibility to use an arbitrary manipulator for a given
environment while avoiding the extensive computation related with manipulator control
based on classical inverse kinematics and has been successfully tested on various workspaces
and robot setups while keeping the internal parameters constant or auto-adapted without
tuning,.

6.2. Future work
In order to increase the generality and efficiency of the proposed path planning solution,

some areas of this research could be further explored. First of all, the approach could be
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adapted to function m a dynamic environment where obstacles are in motion. This

introduces great constraints on the global path planning and local path tracking phases.

Second, the original environment encoding scheme proposed in Chapter 3 provides a
compact yet efficient approach to store environment information as well as the framework
for fast neighbor searches. A hybrid solution could be researched that combines the
simplicity of the addressing scheme proposed by [26] with the compactness and quick

access to occupancy data of the approach developed in this thesis.

Moreover, although various robot architectures have been tested, they represent a subset
of the different manipulators that have been constructed. It would be interesting to
determine whether the proposed solution can function well in various contexts in which

manipulators are used such as manufacturing and real-time applications.

Also, another goal is to integrate the algorithm with a computer vision system to generate
real probabilistic data, which can be tested on a real-life robot system in order to determine

difficulties that have not appeared in simulation.

Finally, future implementations of this algorithm should aim to further refine the settings
of internal parameters to increase the convergence of the fuzzy controller, lower the
computation times required to determine a collision-free path and provide an even more

general solution.
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APPENDIX A: 3D NEIGHBOR FINDING RULES

Rules to finding neighbors in 3D can be derived using the proposed multi-resolution
format proposed in Chapter 3. However, they are many more possibilities as is expected by

the addition of the 3™ dimension. There are now have 3 axes to consider:
1) North-South
2) East-West
3) Front-Back

In general, the neighbor finding rules depend only on the position of the cell to inspect
and the direction we wish to explore. Observing how addresses are modified when a
movement occurs in each of the possible directions allows us to define generic rules that can
be applied repetitively over the entire map. These rules are encoded as a lookup table for
efficiency. Following these rules, the neighbor location can be updated according to the start
position and the information found in the lookup table, shown in Figure 56. There are two

inputs to each table:

e The position of the current cell in its parent: it is represented by the column

number 1n the table, and

o The direction of the neighbor to find: in 3D this can be one of 26 possibilities, as
shown in Figure 54 where the current cell is located in the middle of the second
plane, no direction being assigned to it. The numbering sequence of the 8

children for the 3D mapping is shown in Figure 55.
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Figure 54: 26 neighbor directions in3D space

Given that the rules depend on the position of the current cell in its parent, the following

numbering order is used, which is an extension of the 2D numbering scheme proposed in

section 3.2.1.

Figure 55: 3D children neighbor numbering

Figure 56 presents the rules for 3D neighbor identification.
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Position
0 1 2 3 4 5 6 7
NWB | W+6 +6 B+2 WB+2 | NW-2 | N-2 NB-6 | NWB-6
NB | +/ +5 B+3 B+1 N-1 N-3 NB-5 NB-7
NEB | +6 E+6 EB+2 | B+2 N-2 NE-2 | NEB-6 | NB-6
NE | +5 E+3 E+5 +3 N-3 NE-5 | NE-3 | N-5
N +4 +4 +4 +4 N-4 N-4 N-4 N-4
NW | W+5 +3 +5 W+3 NW-3 | N-5 N-3 NW-5
NWF | WE+6 | F+6 +2 W+2 NWE-2 | NF-2 | N-6 NW-6
NF | F+7 F+5 +3 +1 NE-1 NE-3 N-5 N-7
NEF | F+6 EF+6 | E+2 +2 NE-2 NEF-2 | NE-6 | N-6
WB | W+2 +2 B-2 WB-2 W+2 +2 B-2 WB-2
B +3 +1 B-1 B-3 +3 +1 B-1 B-3
‘§ EB | +2 E+2 EB-2 B-2 +2 E+2 EB-2 B-3
3 E +1 E-1 E+1 -1 +1 E-1 E+1 -1
AW [w+ |1 +1 W1 W+l [-1 +1 [W1
WF | WF+2 | F+2 -2 W-2 WE+2 | F+2 -2 W-2
F F+3 F+1 -1 -3 F+3 F+1 -1 -3
EF | F+2 EF+2 | E-2 -2 F+2 EF+2 | E-2 -2
SWB | SW+6 | S+6 SB+2 | SWB+2 | W-2 -2 B-6 WB-6
SEB | S+7 S+5 SB+3 SB+1 -1 -3 B-5 B-7
SB | S+6 SE+6 | SEB+2 | SB+2 -2 EF-2 EB-6 B-6
SE | S+5 SE+3 | SE+5 | S+3 -3 EF-5 E-3 -5
S S+4 S+ S+ S+4 -4 -4 -4 -4
SW | SW+5 | S+3 S+5 SW+3 | W3 -5 -3 WW-5
SWF | SWE+6 | SF+6 | S+2 SW+2 | WE-2 F-2 -6 W-6
SF | SF+7 SF+5 | S+3 S+1 E-1 E-3 -5 -7
SEF | SE+6 SEF+6 | SE+2 | S+2 EF-2 EE-2 E-6 -6

As an extension of the strategy proposed for 2D space in multi-resolution models in
Figurev 21, the following figure details the rules for finding sub-neighbors. By knowing the
number of the neighbor and the direction from which it was found, the children cells can be
explored for uniformity. This method can be called recursively untl a uniform

grandchildren is found. The output value represents the location of the sub-neighbor in its

Figure 56: 3D neighbor searching rules

parent, there can be up to 4 adjacent sub-neighbors to a cell at one level of resolution.
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Sub-neighbor Location

Direction Sub-neighbor 1 | Sub-neighbor2 | Sub-neighbor3 | Sub-neighbor 4
NWB 1 n/a n/a n/a
NB 0 1 n/a n/a
NEB 0 n/a n/a n/a
NE 0 3 n/a n/a
N 0 1 2 >
NW 1 2 n/a n/a
NWF 2 n/a n/a w/a
NF 2 3 n/a n/a
NEF 3 n/a n/a n/a
WB 1 5 n/a n/a
B 0 1 4 >
EB 0 4 n/a n/a
E 0 3 4 4
W 1 2 > :
WE 2 6 n/a n/a
F 2 3 6 4
EF 3 7 n/a n/a
SWB 5 n/a n/a n/a
SEB 4 5 n/a /a
SB 4 n/a n/a n/a
SE 4 7 n/a n/a
S 4 > 6 4
SW 5 6 n/a n/a
SWF 6 n/a 1/ n/a
SF 6 7 n/a n/a

Figure 57: Octree sub-neighbor rules
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APPENDIX B: FUZZY LOGIC OVERVIEW

This section provides an overview and an example of the steps and parameters found in

a fuzzy logic controller. The controller is made of three steps:
1) Fuzzification,
2) Rule evaluation, and
3) Defuzzification.

Fuzzification

In fuzzy logic, the inputs are given a more general meaning. This is done through the use
of membership functions. These functions associate a weighting with each of the inputs that
are processed and define function overlaps. The most common function is triangular as it
reduces computation. The general form of the triangular membership functions is shown in

Figure 58.
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Figure 58: Membership functions
The features in Figure 58 vary depending of the application of the controller [40].

e  Shape: usually triangular, although others exist.

e Height is usually normalized to 1.
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o The Width of the functions varies, but follows some basic patterns: covers the

entire input range, overlapping with nearby centers.

o Shouldering typically allows the functions to cover the extremes of the input

range.

o Center points: determines how clustered the functions are, the center is usually

assigned a membership value of 1.0, decreasing on either side.

e Overlapping allows greater flexibility in the fuzzyfication. A common value is 0.5.

Inputs are given a degree of membership (DOM) to the fuzzy functions (usually a
percentage). For instance, for Figure 58, if an input is zero, than the fuzzy input will belong

to the zero function at 100% and the others at 0%.

Rule ewdluation

During rule evaluation, the inputs are mapped to an output using a fuzzy rule matching
(also known as fuzzy associative memory). This memory bank is predefined and adapted to
the application at hand. It is the heart of the fuzzy reasoning. They are based on simple IF-
THEN statements that relate the inputs to the outputs, for example, IF inputl is big and

input2 is small, THEN output is medium.

A good rule base will let the application converge quicker towards a solution and yield
more accurate results.
Defuzzifuation

Defuzzification (also known as inference) will produce a tangible output value by
combining the degrees of membership resulting from the rule evaluation. Numerous

methods exist.

e Max-Min: selects the maximum degree of membership and assigns the output to

the corresponding horizontal coordinate on the output membership distribution.
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This method does not combine the effects of all the rules, but produces a

continuous output and is very easy to implement.

output = (df, == max(df ))- defuzz, (10)
Where df represents the membership value and deizz represents the

corresponding crisp value.

e Max Product (Singleton): this method does a weighted sum of the products of

the degrees of membership and the magnitude of the respective function.

> df, - defuzz,
output = -

2.4,

i

(11)

e Root-Sum-Square (Center-of-Gravity): [40] proposes a clear definition of this
process as a “method that combines all the effects of all the applicable rules,
scales the functions at their respective magnitudes”, and computes the fuzzy

centroid for each of the defuzzification functions.

Z df, -defuzz _centroid,
output = - (12)

2.4,

i

For completeness and ease of implementation, singletons are used.

To facilitate comprehension, a simple heating example 1s detailed. The two inputs are the
ambient temperature and the user-set temperature. The output represents the performance
required for the heating fan to operate in order to reach the desired temperature. First, the

inputs are mapped to the fuzzy functions depicted in Figure 59 and Figure 60.
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Figure 59: Sample fuzzy membership function for ambient temperature
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Figure 60: Sample fuzzy membership function for user-set temperature
The fuzzy associative memory is listed in Table 11.
Ambient Temperature
Icy Cold Cool Comfort | Warm Hot
9 Hot Max Max High Low Low Off
_ 2 [Wam |Max  |High |Medum |[Low  |OH | OH
28 Comfort | Max Medium | Low Off Off Off
5§ [Cool |High |Low | OH Off Off Off
- H Cold Medium | Off Off Off Off Off

Finally, the output is defuzzified by singleton functions as listed in Figure 61.

Table 11: Sample fuzzy associative memory
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Figure 61: Sample defuzzification membership function

Using the sample fuzzy functions, let’s assume that we wish to determine the output fan
speed for an ambient temperature of 22.5°C and a user-set temperature of 25.5°C,
Fuzzification

The ambient temperature of 22.5 is converted to its fuzzy form where the degree of

membership is 50% to Cool and 50% to Comfort. All other functions are 0.0%. The user-

set temperature is 25.5 and is mapped to 75% to Comfort, 25% to Warm and 0.0% to

others.
Rule ewnluation
From the fuzzy rules defined in Table 11, we find the following output values:
Input Output
Ambient User-set Fan Speed
Cool (50%) Comfort (75%) Low: min(50%,75%) = Low(50%)
Cool (50%) Warm (25%) | Medium: min(50%,25%) =Medium(25%)
Comfort (50%) | Comfort (75%) OFf: min(50%,75%) =OFF(50%)
Comfort (50%) Warm (25%) Low: min(50%,25%) =Low(25%)

Table 12: Sample rule evaluation

Since there are 2 values for the Low output, only the maximum is taken. Therefore, the

fuzzy outputs are: Off(50%), Low(25%) and Medium(25%).

Defuzzification
A defuzzification function that can be used is the singleton method which uses the

relationship detailed in Equation 11. Therefore, the output fan speed will be:
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Zdﬁ -defuzz

Fa 7 Sp ee d= i = dfbﬁ ) def uz‘z)ﬁ + dfiow i def Uzz + df Medium’ def uz;ledium-'- dfl‘-[igh ) def uz%ligh + df Maximum’ def UZZ fimum

Zdﬁ dfbﬁ + dflﬂw + dfMedium+ dﬁligh + dfMaJc ( 13 )

0.5-0+0.25-900+0.25-1800+ 0.0- 2700+ 0.0- 3600 _ 0+225+450
0.5+0.25+0.25+0.0+0.0 -

FanSpeed=

=675rpm

The fan speed will therefore be 675 rpm in order to reach the user-set temperature of
25.5°C from the ambient temperature of 22.5°C.
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APPENDIX C: BMP FILE FORMAT

This project makes use of BMP images extensively to encode the environment and to
validate results. It provides an effective way to display the obtained results. The format of
the BMP file is simpler than most image formats (such as JPG or GIF) as it does not make
any compression of data and can be easily encoded. This appendix explains the header and

file format of the BMP file and is inspired from [39].
The file format consists of three concatenated parts as shown in Figure 62:
1) 'The BMP header where general BMP parameters are stored;
2) 'The File header containing specific file and image information; and

3) 'The Image data.

BMP header|File header |Image data...

Figure 62: BMP file format
1) 'The BMP header consists of the following;

Parameter name | Size Description

File signature 2 Bytes Must be « BM », bitmap identifier

File size 4 Bytes Not used, from an earlier BMP version, can be 0

File reserved 4 Bytes Always 0

File Offset 4 Bytes Size of header, or offset to image data, usually 54 (is
different when using specific color pallets)

Table 13: BMP header format

2) The file header follows this format:

Parameter name Size Description

Image headersize | 4 Bytes Size of file header (always 40)

Image width 4 Bytes Width of image in pixels

Image height 4 Bytes Height of image in pixels

Image Num Plane | 2 Bytes Number of planes in image, usually 1
Image Num Bits Pel | 2 Bytes Number of bits per pixel, can be 1, 4, 8,24
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Image Compression | 4 Bytes Compression used: 0=no compression, 1=RLES...

Image size 4 Bytes Size of image (in number of bytes) with padding’

Image Hor Res 4 Bytes Horizontal resolution, not used

Image Ver Res 4 Bytes Vertical resolution, not used

Image Num Color | 4 Bytes Number of colors, if different from Image Num
Bits Pel

Image Num Imp | 4 Bytes Number of important colors, usually 0

Colors

Table 14: BMP file header format

Although not very common, the standard allows the use of a color pallet.

3) Image data:

The image data is then included sequentially to the end of the headers. They are written

bottom-up, left-right (therefore, the lower left pixel is the first to be written). There are no

footers to indicate the end of the file. The image data of the first pixel is placed first, which

contains 1,4,8 or 24 bits, then the following pixel. This is repeated until the entire image has

been covered.

2 For 24-bit/ pixel images, imageSize = imHeight * 3* (imWidth + (4 — imWidth mod 4)* (imWidthmod 4 == 0))
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APPENDIX D: VISUALIZATION TOOLS OVERVIEW
This section details the 2D and 3D visualization tools developed to test the proposed

method.

In 2D, Figure 63 illustrates the default status of the application without loading any
image files. The implementation contains 2 different parts: a picture placeholder to load the
images generated by the path planning methods. The second part contains fuzzy logic and

other parameters as well as relevant information that can be changed prior to execution.
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Figure 63: Sample screenshot of 2D visualization program
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The following parameters can be changed:
1) General Parameters:
a. Enviro Size: Size of the environment.
b. Enviro Number: Identifier of environment used.
c. Security Margin: Number of cells with uncertain status around the obstacles.
d. Prob Margin: Threshold on probabilistic data used for global path planning.
2) Fuzzy Parameters:
a. Angle2: Distance between defuzzification functions (output).

b. Distancel: Distance between fuzzy functions of end effector displacement

(inputl).

c. Distance2: Distance between fuzzy functions of end effector velocity
(input2).

d. Path Step: Distance between intermediate steps in number of cells.
3) Position Parameters:

a. Goal X and Goal Y: Cartesian coordinates of goal position in cells.

b. Start X and Start Y: Cartesian coordinates of start position in cells.
4) Cursor Position in Image: Displays position of cursor over image.
5) Image Name: Image to load and display in application.

In 3D, the implementation makes use of OpenGL libraries to display the environment
and robot information. The viewing area can be rotated and translated along all three axes to
provide better visualization. Also, joint values for the robot can be changed and updated in

the viewing area. The 3D implementation is displayed in Figure 64.
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Figure 64: Sample screenshot of 3D visualization program

126



