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Abstract

This thesis presents a systematic study on a novel force field method (F?) for robot motion
planning and multi-robot motion coordination. In this F* method, a force field is generated for
each robot based on its status: location, orientation, travel speed, priority, size, and the robot’s
environment. A robot with larger volume, travelling at higher speed or with higher task
priority than other robots, will have a larger force field, and consequently has priority in
collision avoidance. The interaction of a robot’s force field with its environment provides a

natural way for real-time motion planning and multi-robot coordination.

Four novel F? based methods have been investigated for applications in different cases. The
Canonical Force Field method (CF?) is first designed based on the concept of the F* method, in
which a robot is assumed to be travelling with constant speed and its moving direction is
determined by the resultant forces acting on it. This CF> method has proved to be very efficient
in applications in simple and structured environments. A Variable Speed Force Field method
(VSF?) which takes a robot’s kinematic and dynamic constraints into consideration is further
investigated. The VSF* method allows a robot to change its speed based on environmental
information and the status of obstacles and other robots in the same environment. A Subgoal-
Guided Force Field method (SGF?) is developed to enhance the F> method by generating
subgoals based on updated sensor data. A robot using the SGF® method will then move
towards a subgoal instead of the global goal, which greatly broadens the applicability of the F*
method in more complex environments. Finally, a Dynamic Variable Speed Force Field
method (DVSF?) is designed for applications in partially known and dynamically changing

environments. In this method, subgoals are selected on a pre-planned global path.

In order to investigate the effect of parameters on the performance of the proposed F> methods,
two optimization algorithms have been proposed in this research for optimal design of the
parameters in F* methods: the Particle Swarm Optimization-tuned Force Field method (PSO-
tuned F?) for single objective parameter optimization and the Ranked Pareto Particle Swarm

Optimization approach for multiobjective parameter optimization.
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Extensive simulations and experiments with real robots in an indoor environment have been
carried out to verify these methods. The results have demonstrated the feasibility and
efficiency of the F> methods in real-time robot motion planning and multi-robot coordination

in various environments.
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Chapter 1

Introduction

Robot applications are increasingly being used in a variety of environments. Examples include
home cleaning robots [1, 2], automated wheelchairs to assist the handicapped or elderly people
[3, 4], museum-guide robots in museums and exhibitions [5-7], autonomous straddle carriers in
container handling [8, 9], driverless cars in the DARPA Grand Challenge [10, 11], and so on.
Figure 1-1 depicts five examples of robotic systems. Figure 1-1 (a) shows a home cleaning
robot which is designed to vacuum dirt from carpets and hard floors, the robot in (b) is a
wheelchair platform developed at UTS to assist people with reduced mobility, (c) shows a
mobile robot used as an interactive museum guider, (d) shows a fully autonomous vehicle from
Stanford University in the DARPA Grand Challenge 2006, and (e¢) shows an autonomous
straddle carrier for handling containers in an automated container terminal located in Brisbane,
Australia. A basic requirement of fulfilling their tasks is that a robot must be able to move
from its start point to destination and avoid possible collisions. This raises the problem of
motion planning, which can be described as the construction of a collision-free trajectory that
connects a robot to its destination [12]. Being a key challenge of robotics and automation
engineering, motion planning has been studied extensively in past decades and a variety of

approaches has been presented [12, 13].

Currently there is no single motion planning approach which is suitable for all applications.
There are many reasons for this. Firstly, robots vary in their physical properties and kinematic
and dynamic characteristics, such as size, mass, speed and acceleration abilities. For example,
an autonomous straddle carrier in container handling weighs 65 tonnes and is 10 metres high,
3.5 metres wide and 9 metres long [9]. The straddle carrier may travel at a speed up to 10 m/s.
An Amigorot robot for education and research weighs 3.6 kilograms and is 33 cms long, 28
cms wide and 15 cms high [14]. The maximum speed for an Amigorot is only 1 m/s. Thus, a
robot’s physical properties, kinematic characteristics and dynamic characteristics must be

taken into account in motion planning.



Figure 1-1 Various types of robots: (a) the irobot cleaning robot, (b) a wheelchair
platform developed in UTS, (¢) a museum guide robot, (d) Stanley from Stanford
University in the DARPA Grand Challenge 2006, (e) an autonomous straddle carrier

Secondly, a robot’s knowledge of its working environment varies. In some applications, a
robot’s working environment can be assumed to be completely known, for example, a robot
arm working in an automotive assembly line. In many other cases, robots need to work in
partially known or dynamically changing environments. For example, a vacuum cleaning robot
needs to work in a room where people are walking around and furniture may be moved
frequently. A museum guide robot has to navigate safely in an environment where many

people are moving at the same time.

Thirdly, approaches to single robot motion planning may not be transferred directly to multi-
robot motion planning and coordination. A team of robots is often utilized to accomplish
complex tasks such as coordinated material handling [8, 15], the exploration of unknown
terrain [16-18] or robot soccer [19, 20]. When there are many robots operating in the same
environment, their motions have to be coordinated to avoid congestion and collisions, which
creates the requirement to develop multi-robot cooperation methodologies, including multi-

robot task allocation, multi-robot localization and real-time multi-robot motion planning and



collision avoidance. Planning the paths for a team of mobile robots is significantly more

complex than single robot motion planning.

1.1 Robot Motion Planning Algorithms

1.1.1 Motion Planning Approaches

Approaches developed for mobile robot motion planning may be broadly divided into three
major categories: roadmap-based methods, cell decomposition-based methods and potential

field-based methods [12].

A. Roadmap Approaches

A roadmap approach captures the connectivity of a robot’s free space in a network of 1-
dimensional (1D) curves or lines, which is called a roadmap. Once the network is constructed,
a path can be extracted by connecting the start and goal positions in the roadmap. A graph
search algorithm, such as Dijkstra’s algorithm [21] or A* search algorithm [22, 23], is
normally used to find the best path to take the robot from the start position to the goal position.
Well-known roadmaps methods include Visibility graph [24], Voronoi diagram [25-28],
probabilistic roadmap (PRM) [29-34] and rapidly-exploring random trees (RRT) [35-37].

B. Cell Decomposition Approaches

In a cell decomposition approach, a robot’s free space is decomposed into a set of non-
overlapping cells, and the adjacency relationships among the cells are computed. A collision-
free path between the start and the goal of a robot is found by first identifying the two cells
containing the start position and the goal position and then connecting them with a sequence of
connected cells. Cell decomposition approaches include exact decomposition methods [38] and

approximate decomposition methods [39-41]. In exact decomposition methods, the set of cells



covers the free space exactly, which may bring complicated cells with irregular boundaries
(contact constraints) which are hard to compute. On the other hand, an approximate cell
decomposition method generates a set of cells which covers free space approximately. This

leads to simpler cells with regular boundaries and is easier to compute [39, 40].

C. Potential Field-based Approaches

The basic concept of the Artificial Potential Field Method (often referred to as APM or PFM)
is to fill a working environment with an artificial potential field in which the robot is attracted
by the goal and repulsed by obstacles [42]. Researchers have developed a variety of methods
based on the concept of potential field. For example, Connolly presented a method using
Laplace’s Equation to avoid the existence of local minima [43]. Ge and Cui developed a
potential field method which defines attractive and repulsive potentials by taking account of
the relative position and velocity of a robot with respect to obstacles and targets [44]. A
potential field model using generalized sigmoid functions is proposed in [45] to meet the
requirement of accurate representation of objects with complex geometry in applying the
artificial potential field in some practical applications. Methods based on the concept of
potential field have also been widely used in real-time path planning and collision avoidance

for manipulators [46-49] and multi-robot systems [50-54].

1.1.2 Force Field Related Work

Some researchers have investigated methods for constructing a kind of Safe Zone or Free Zone
to protect a robot from possible collisions with obstacles and other robots. Masoud proposed a
repulsive field which is strictly localized in a robot’s vicinity to protect it from collision, in
which the repulsive field is generated as the gradient flow of a spherically symmetric potential
field [51]. Seraji and Bon proposed an approach for real-time manipulator collision avoidance,
in which a Safe Zone is defined for each obstacle [55]. When a manipulator enters this safe
zone, it will suffer from virtual intrusion force, which is defined as a virtual spring-dumper
model and increases as the manipulator moves towards an obstacle. This virtual force will push

the manipulator out of the safe zone.



The Elastic Band method tries to combine global path planning with real-time sensor-based
collision avoidance [56]. In this approach, a pre-planned global path is deformed in real-time
to keep a robot away from obstacles during its movement, while the internal contraction forces
will bring the robot back to its original path when the obstacle is out of the sensor range. This
method also takes into account the robot geometry and restricts the search space by the concept
of a bubble, which is defined as the maximum local subset of the free space around a given
configuration of the robot which can be safely travelled in any direction without collisions.
Given such bubbles, a band or string of bubbles can be used along the trajectory from the
robot’s initial position to its goal position to show the robot’s expected free spaces along the

pre-planned path.

Since the Elastic Band method was found to be inefficient for robots with high degrees of
freedom, such as 6DOF industrial manipulators, the concepts of Protective Hull and Elastic
Tunnel were proposed in [57]. A Protective Hull is a description of workspace volume
containing the robot. An Elastic Tunnel is a set of overlapping protective hulls placed along a
pre-calculated path. Thus the robot is protected by the elastic tunnel during trajectory
execution. Like the Elastic Band, the Elastic Tunnel deforms automatically to adapt to the

environment.

A robot is represented with the composition of elastic elements in [58]. The interactions
between elastic elements - reaction force - help to avoid self-collision, for example, collision
between a robot arm and its body. The direction of this virtual reaction force is on the line
through the centres of two elastic elements. The magnitude is determined by the distance

between two elements.

Some approaches take a robot’s kinematic/dynamic constraints into consideration. One of
them is the Curvature-Velocity Method (CVM), in which constraints derived from physical
limitations on a robot’s velocities and accelerations, and from sensor data that indicate the
presence of obstacles, are taken into consideration in motion planning [59]. The robot then
chooses velocity commands that satisfy all constraints and maximize an objective function.

Another popular method is the Dynamic Window Approach (DWA), in which kinematic



constraints are considered by directly searching the velocity space of a synchro-drive robot
[60]. Brock and Khatib extended the Dynamic Window Approach to the Global Dynamic
Window Approach (GDWA), which is applicable to both nonholonomic and holonomic
mobile robots and is suitable for unknown and changing environments [61]. By taking
dynamic constraints into consideration, the Curvature-Velocity Method and Dynamic Window

Approach reduce the search space greatly.

The family of Vector Field Histogram (VFH) techniques also addresses some
kinematic/dynamic constraints. The VFH method looks for gaps between the obstacles in front
of the robot and builds a local map based on the concept of a certainty grid from recent sensor
range readings [62]. A variation of the original VFH, the VFH+, first comes up with a
simplified model of the moving robot’s possible trajectories based on its kinematics constraints.
Obstacles which block the robot’s allowable trajectories are then properly taken into account in
a polar histogram [63]. VFH* introduced the global A* search into the direction determination

and has been proved to obtain better solutions than VFH+ in some cases [64].

In this research work, a novel concept of force field (F?) is presented in detail, which is a
generic approach for robot motion planning and coordination. Several approaches are then
developed based on the concept of F? for various applications. The F* method is not only an
efficient way for real-time motion planning and collision avoidance for a single robot in a
partially known and dynamic changing environment, but is also suitable for multi-robot real-

time motion planning and coordination.

1.1.3 Virtual Force Field Method for Real-time Motion Planning and Coordination

In the F* method, a virtual force field is generated for each robot in its vicinity and is
continuously changing based on its status, including its size, travelling speed, priority with
respect to other robots and environment factors. The force field varies with this robot’s status
when it travels in an environment. If there are obstacles or other robots in the area of a robot’s
force field, this robot will be acted on by virtual repulsive forces from them and be repelled. A

robot with larger volume, travelling at higher speed or with higher priority, will have priority



in collision avoidance. The interaction of a robot’s force field with its environment provides a
natural way for real-time motion planning and collision avoidance. In the F* method, a robot is
attracted by a force from a selected target point. This target point can be its final destination or
a temporary subgoal which is generated based on local sensor data or by other external global
planners. This research focuses on the theoretical developments and experimental studies of
the F> method on mobile robots in 2-dimensional (2D) environments, but it is also applicable

to manipulator motion planning problems in 3-dimensional (3D) environments.

The concept of F? resembles the Potential Field to some extent. Both concepts use repulsive
potential/force fields to avoid collision with obstacles and an attractive potential/force to guide
a robot to its target. However the differences between the F? and the Potential Field are distinct.
A potential field is generated based on environment information. That is to say, the potential
value of a point in potential field is determined by its location in the environment. This
potential field remains unchanged if the environment does not change. In the F* method, the
repulsive force field of a robot covers the robot body, instead of being around an obstacle, as
those of potential field-based approaches. This force field is continuously changing during the
robot’s movement based on its own status. Collision avoidance is achieved by the interaction

of a robot’s repulsive force field with its environment.

Compared with currently existing approaches, the F* method has the following desirable

features:

® In the F> method, a robot’s physical characteristics, such as size and geometry, are used
in the construction of its force field. Its dynamic and kinematics characteristics, such as
constraints on linear velocity and angular velocity, are taken into consideration when
determining a robot’s motion. The F> method is a generic approach for any kind of

mobile robot and suitable for real applications.

® The F? method is suitable for applications in partially known or dynamically changing
environments. A robot using the F> method needs to know its location and destination
in its movement but a precise map is not essential. If there are environmental changes

or moving obstacles in the work space, a robot reacts immediately based on information



obtained from inter-robot communication and sensor data. No preplanning and

replanning is needed.

® The F* method is suitable for motion planning and collaboration of multiple robots
working in a decentralized manner. A robot plans its path and motion independently
according to the surrounding environment and its own status, so the F> method will not
suffer from the exponentially increasing computation burden, as do some centralized
approaches, and can be used online. Another advantage of the F* method is that the task

priority is taken into account in the construction of the force field.

® In the F> method, a robot only reacts to obstacles which are in the coverage of its own
force field. A robot using the F* method does not therefore need to search the whole
work space as many other methods do, which significantly increases the efficiency of

motion planning and coordination.

1.2 Scope and Objectives

The problem of mobile robot motion planning and collaboration is addressed in this research.
It is assumed that robots move in a 2D space and each robot is aware of its current location and
goal position. Robots are equipped with communication devices so that they are aware of the
status of other robots, including priorities, velocities, locations, sizes and geometries. Robots
are capable of using onboard sensors to sense their vicinities and obstacles. The objectives of

this research are:
® To carry out a systematic study of the F* method.
® To investigate algorithms for applications of the F* method in various scenarios.

® To test the F> method with real robot experiments.

The proposed approaches should have the following merits:



Applicable in real-world path planning scenarios, by taking a robot’s dynamic and
kinematics characteristics into consideration, so that it is able to react to the

environment.

Capable of reacting to environmental changes based on updated information, so that
the proposed approaches are applicable to partially known or dynamically changing

environments.

A robot plans its motion independently based on its own status and received
information, so that the proposed approaches are suitable for use in both single robot

and multi-robot cases.

Mathematically simple, computationally efficient and suitable for real-time

applications.

1.3 Contributions

The major contributions of this research are

A systematic investigation on a novel force field (F?).

The development of F* based algorithms for applications in various scenarios.

Parameter optimization approaches on the F* method for motion planning and

coordination.

Experimental studies and verification of the F* method.
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1.5 Thesis Outline

In Chapter 2, earlier research works related to this research are reviewed in detail. The
discussion starts from approaches for single robot motion planning and collision avoidance,
including the Potential Field Method (PFM) and its varieties, to the Vector Field Histogram
(VFH) and its varieties and the Dynamic Window Approach (DWA). Other works on multi-

robot robot motion planning and collision avoidance are then reviewed.

In Chapter 3, the basic concepts of the F> method, including the definition of force field,
attractive force and repulsive force, are presented in detail. The Canonical Force Field method
(CF?) is then proposed for robot real-time motion planning and collision avoidance. In this
method, a robot is assumed to be travelling at a constant speed and its moving direction is
determined by the direction of the resultant force. The CF> method is especially suitable for

robots with limited computation and motion control capabilities.

Chapter 4 describes further developments on the F> method. Three F* based algorithms are
proposed for various applications. The Variable Speed Force Field method (VSF?) takes a
robot’s dynamic and kinematic characteristics into consideration and enhances the
performance of the F* method by changing the robot speed based on environment information.
The Subgoal-Guided Force Field method (SGF?) improves the F> method by combining the
concept of a subgoal with the F> method. In the SGF” method, a robot generates subgoals
continuously based on its sensor data and a selected subgoal is then used as temporary
guidance when the global goal is not in the field of view. The SGF* method is especially
suitable for real-time motion planning and collision avoidance in partially known and
dynamically changing environments. The third algorithm in Chapter 4 is the Dynamic Variable
Speed Force Field method (DVSF?), in which a temporary waypoint is selected from a pre-
planned global path. The DVSF?* method is suitable for acting as a real-time collision
avoidance component in a navigation framework for real-time motion planning and collision

avoidance in dynamically changing environments.
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Chapter 5 focuses on parameter optimizations for the F* method. It has been proved that the
setting of parameters in the F> method noticeably affects its performance, which creates the
optimization problem of finding appropriate parameters for the F> method. A Particle Swarm
Optimization method (PSO) is utilized to solve single objective optimization problems for the
F? method. A novel Ranked Pareto Particle Swarm Optimization approach (RPPSO) is then
proposed to tackle the multiobjective optimization problem in parameter optimization. This
approach has been successfully utilized in multiobjective optimization problems using the F>

method for motion planning and coordination.

Chapter 6 presents experimental studies. To prove the feasibility of the F* method, experiments
are carried out with real robots in various environments. This chapter reports the experiments
with a Pioneer robot for verifying the Canonical Force Field method (CF?), the Variable Speed
Force Field Method (VSF?) and the Subgoal-Guided Force Field method (SGF?). Simulations

on multiple robots cases are carried out in the Player/Stage platform.

Chapter 7 concludes this thesis and suggests some directions for future work.
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Chapter 2

Literature Review

This chapter provides a literature review of previous works on robot motion planning and
collision avoidance. The robot motion planning and collision avoidance problem has been
extensively studied in the past three decades and a variety of approaches has been developed
[12]. Discussions in this chapter are limited to approaches which are closely related to this
research. This chapter is organized as follows: Section 2.1 introduces typical approaches for
single robot motion planning and collision avoidance; Section 2.2 reviews important issues on

multi-robot motion planning and collaboration.

2.1 Single Robot Motion Planning Approaches

2.1.1 Potential Field Method and Its Varieties

Artificial Potential Field Method (often referred to as APF or PFM) has been a very popular
approach in path planning and obstacle avoidance. It was first proposed by Khatib [42], and
many researchers subsequently developed a variety of methods based on the concept of

potential field [43, 46, 50, 56, 57, 77-86].

2.1.1.1 Potential Field Method

The Potential Field method (PFM) is a popular approach for robot path planning. In the PFM,
a robot is treated as a point under the influence of a potential field. This robot is attracted by
the goal, which is a global minimum in the field, and repulsed by the environmental obstacles,
which are represented by peaks in the potential field. This process can be compared to a ball
rolling down a hill [42]. A typical potential field function presented by Khitib [42] is given

below:
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where p represents the shortest distance between the robot and the obstacle and p, denotes
the influence distance of this potential field. 7 is a constant which determines the magnitude

of repulsive potential.

Figure 2-1 illustrates the potential field in a simple case. In Figure 2-1, (a) denotes a goal
position and the locations of two obstacles, (b) shows the attractive potential generated by the
goal, (c) shows the repulsive potentials generated by two obstacles, and (d) gives the combined

potential field.
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Figure 2-1 An example of potential field [87]
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The main advantage of the PFM is its mathematical simplicity and efficiency. The drawback of
such methods is that they are usually susceptible to local minima. An example of local

minimum is illustrated in Figure 2-2. The repulsive force f. from the obstacle and attractive
force f, from the goal point are opposing each other. Thus, the robot in the potential field

cannot escape from this ‘potential trap’.

Obstacle

Figure 2-2 An example of local minima [87]

2.1.1.2 Elastic Band

The Elastic Band method was proposed by Quinlan and Khatib in [56]. This method tries to
combine global path planning with real-time sensor-based collision avoidance. In this method,
a path is first generated by a global planner. This path will be used as the original elastic band
in the algorithm. If unexpected obstacles are found by sensors during the movement of a robot,
this elastic band will deform to keep the robot away from the obstacles due to repulsive forces
from the obstacles. After this robot passes the obstacles, the internal contraction force will
bring the robot back to its original path. The Elastic Band method provides a feasible solution
to reacting in real-time environment changes while preserving the global nature of the planned

path [56]. More research on the Elastic Band approach can be found in [88-92].

Figure 2-3 explains how the Elastic Band method works [56]. First, a path is generated by a
global planner as shown in (a). This path is used as the original elastic band. Then in (b) the
composition of external repulsive forces from the obstacles and internal contraction force of

the elastic band make the path smoother than the former one. When another obstacle is

16



detected by sensors as in (c), the elastic band continues to deform to keep away from the

obstacle.

(© (Y
Figure 2-3 Elastic band: (a) a path is pre-planned by a planner, (b) the repulsive forces
from obstacles and internal contraction force make the path smoother, (¢) when an
obstacle is found, the elastic band deforms to avoid collision, (d) the elastic band

continues to deform as the obstacle moves [56]

Another important concept in this method is the ‘bubble’. A bubble is defined as maximum
sublets of the free space around a given configuration of the robot which can travel in any
direction without collision [56]. The elastic band can be represented by a series of bubbles. As

long as the path remains in these bubbles, it will be collision-free (see Figure 2-4).

One advantage of the bubble representation of the elastic band is that the complexity of

representation is related to the complexity of environment. When a robot is travelling in a large

17



free space, the bubbles will grow bigger. By contrast, when this robot is in an obstacle

cluttered environment, bubbles will become smaller.

(c) (d

Figure 2-4 Bubbles in elastic band: as long as the path is in the bubble sets, it is collision-

free. Bubbles are updated in real-time and their sizes vary with the environment [56].

2.1.1.3 Elastic Strip

The concept of Elastic Strip is similar to that of the Elastic Band method. The Elastic Band
was found to be inefficient for robots with high degrees of freedom, such as 6-axis robotic
arms [87]. To overcome this problem, the free space in Elastic Strip is represented by a robot’s
workspace volume. This brings up the concepts of Protective Hull and Elastic Tunnel. The
Protective Hull is a volume description of the workspace containing the robot but having no
obstacles within (see Figure 2-5). An Elastic Tunnel is a set of overlapping protective hulls
placed along a pre-calculated path. Thus the robot is protected by the elastic tunnel during

trajectory execution [87]. Like the elastic band, the elastic tunnel deforms automatically to

18



adapt to environment changes (see Figure 2-6). For more information on the Elastic Strip

approach, refer to [57, 87, 93, 94].

The disadvantages of the Elastic Band and Elastic Strip approaches are:

a) Both methods rely on a global planner to generate a pre-calculated path, which means
that complete environment information is needed before a robot starts to move. This

heavily restrains their applicabilities.

b) The Elastic Band and Elastic Strip methods rely on internal forces to bring the robot
back to its pre-planned path. There exist some situations in which internal forces fail
to work. Figure 2-7 shows such a case, in which a large obstacle stops on the pre-
planned path and the internal forces fail to connect the start point and the goal. This
causes the disconnection of the elastic band. It can also be called a local minimum

from the viewpoint of potential energy.

¢) Both methods ignore the kinematic constraints of robots. Therefore, paths found by

these two methods may not be feasible for nonholonomic robots.

(a) (b)

Figure 2-5 Protective hull: the bubbles show the free work space around this robot, and
the small obstacles represent obstacles nearby. The bubble sizes are limited by obstacles.
When this robot approaches an obstacle as shown in b), more bubbles are needed to

describe the free space [87].
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Figure 2-6 Elastic tunnel: some configurations are selected from a pre-planned path. The

combination of protective hulls of these configurations forms an elastic tunnel [87].

|’ Goal
Obstacle Tf 2
i
fiy
i. Start

Figure 2-7 Disconnection of elastic band: an obstacle stops on the pre-planned path. The

internal forces cannot reconnect the broken elastic strip [87].

2.1.1.4 A Fractional Potential Field Method

Ge and Cui developed a fractional potential method which defines attractive and repulsive

potentials by taking into account the relative position and velocity of a robot with respect to
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obstacles and targets [44, 95]. Their work was followed by [96], where the attractive potential
function is defined based on the relative position, velocity, and acceleration between the robot
and the goal, and the repulsive potential function is defined to be a function of the relative

position, velocity, and acceleration between the robot and the obstacles.

In Ge and Cui’s work, an attractive potential is defined as a function of the relative position
and velocity of the target with respect to the robot. By choosing different parameters, the robot
can either soft-land on the target, which means the velocity of the robot is the same as that of
the target when landing, or hard-land on the target, which means there is no requirement on its

velocity when landing. The attractive potential is given by:

n

Vear () = V()

Uut (P.¥) =, [Pear (t) P ()" + 2, (2-2)

where p(t) and Py, (t) denote the positions of the robot and the target at time ¢,
respectively; p=[x y z]T in a 3D space or p=|x y]T in a 2D space; v(t) and
Var (t) denote the velocities of the robot and the target at time ¢, respectively;
||ptar (t)—p(t)” is the Euclidean distance between the robot and the target at time ¢

”Vtar (t)- V(t)” is the magnitude of the relative velocity between the target and the robot at

time #; «, and «, are scalar positive parameters; and m and n are positive constants.

A repulsive potential is also defined as a function of the relative position and velocity of a

robot with respect to obstacles. Hence, the virtual force is defined as the negative gradient of

the potential in terms of position and velocity. Assume that the position pp (t) and velocity

Vops (t) of the nearest point on an obstacle to the robot can be obtained online, the relative

velocity between a robot and an obstacle in the direction from the robot to the obstacle is given

by
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Figure 2-8 Ge & Cui’s method: attractive force in 2D space [44]

vro (£) =[V(t) = Vops (V)] Mgo (2-3)

where ngq is a unit vector pointing from the robot to the obstacle. If vy, (7)<0, i.e. the

robot is moving away from the obstacle, no collision avoidance action is needed. If

Veo (¢)>0, i.e. the robot is moving close to the obstacle, collision avoidance action needs to
be implemented. Define that p,, (v,,) is the distance traveled by the robot before vy, ()

reduces to zero, if a maximum deceleration of magnitude a,,, is applied, p, (Vy,) is

given by

_ V12€0 (t) (2_4)

The repulsive potential is defined by:
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U, (p.v)=

0 if Py (P-Pobs ) = Pun (VR0 ) = Py OF Vo <0
1 1
n - 0<ps(P.Povs ) = Pm(Vro ) <Py and vpo >0
(Ps (prpobs)_pm(VRO) Po) ( ’ ) ( RO) ‘ ko
not defined if veo >0 and p,(P.Peps ) < P (Vro )
(2-5)

where the shortest distance between a robot and an obstacle is denoted by o, (P(t).Pgps (t))-

U, denotes the repulsive potential generated by this obstacle, p, is a positive constant

describing the influence range of the obstacle, and 7 is a positive constant.

Obstacle

YA
pnh.\‘ (t)

v(t)—v,, (1)

vub.v (t)

»
-
X

o

Figure 2-9 Ge & Cui’s method: vectors for defining repulsive potential [44]

The advantage of Ge & Cui’s fractional potential method is that the robot’s relative position
and velocity with respect to obstacles and the target are taken into consideration when
constructing the potential field. The robot’s physical size is also integrated into the control
model [44]. Since the relative position and velocity used to define potential functions are
related to a robot and its target only, it is clear that this approach cannot be used in multi-robot

cascs.
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2.1.1.5 A Potential Field Model Using Generalized Sigmoid Functions

Ren, et al. noticed that the existing potential field methods often fail to provide accurate
representations of objects of arbitrary shapes, so they suggested a potential field model based
on generalized sigmoid functions. This approach is capable of providing an accurate
representation of objects with complex geometric shapes [45]. The generalized sigmoid

function is given by

M N
Q)= [1/((a)) (2-6)
i=0 ;=0
where
= 1 2-7
Jsig (S)—m (2-7)

where q=(x,y,z) denotes any point in 3D space, s=¢(q) is a surface function

representing the distance from the object surface. M is the number of line segments to
represent the object surfaces. N =2 in 2D case and N =3 in 3D case. The function s is
defined as follows: on the boundary surface, s=0; for all points on the boundary, s=0.5; in
the obstacle area, all points are associated with high potential values approaching unity; in the

clear area, potential values approach zero. By choosing different values on parameter y , the

affected area of this potential field can be adjusted, as shown in Figure 2-10. If a mobile robot

travels in an obstacle cluttered environment, a larger y can be used to restrict the coverage

areas of the obstacles’ potential fields so that this robot is capable of passing through narrow

passages. Conversely, if a robot is travelling in a wide environment, a smaller y can be
applied. Figure 2-11 shows the potential field of a polygon with different y values
(y=2,6,10). When y is with a larger value, e.g., y =6, its potential field decays more
rapidly than when it is smaller (y =2). At the same time, the coverage area of its potential

field becomes smaller than when » is a small value.
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The main advantage of this approach is that it is capable of providing an accurate
representation for objects with complex geometric shapes. The coverage area of a potential

field can be controlled by changing the value of y, which makes it flexible for both obstacle

cluttered environments and empty environments. The disadvantage is that, as in other potential
field-based approaches, a robot’s dynamic and kinematic characteristics are not taken into

consideration in motion planning.
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Figure 2-10 Effect of parameter y [45]
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Figure 2-11 The potential field with different » [45]
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2.1.2 Vector Field Histogram and Its Varieties

Borenstein and Koren studied the limitations of potential field methods [97] and developed the
Vector Field Histogram (VFH) method [62, 98]. Further research led to VFH+ [63], VFH* [64]
and VPH [99].

2.1.2.1 Vector Field Histogram Method

VFH is an algorithm looking for gaps between obstacles which are in front of a robot [62, 98].
VFH builds a local map based on the concept of certainty grid [100] from the current sensor
range readings. VFH then generates a polar histogram as shown in Figure 2-12. The x axis
represents the angle at which the obstacles are found and the y axis represents the probability

that there is an obstacle in that direction based on the occupancy grid’s cell values.

From this histogram a steering direction is calculated. In the polar histogram in Figure 2-12,
peaks denote sectors with high obstacle density, and valleys denote sectors with low obstacle
density. Any valley with obstacle densities below the threshold value is a possible gap for
travel. Since there usually exist several openings, VFH simply selects the steering direction

dependent on the width of opening.

Wddao

||I threshold

. Hiil....
go 90° 1%00 270° 360° 1K)

Figure 2-12 Polar histogram in VFH [98]
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2.1.2.2 Enhanced Vector Field Histogram Method

The Enhanced Vector Field Histogram (VFH+) offers several improvements on the VFH that

result in smoother robot trajectories and greater reliability [63], including

a) Obstacles are enlarged by the robot radius and a security distance.

b) A threshold hysteresis is applied on the polar histogram to reduce oscillations between

valleys.

c) Valleys that require control inputs exceeding actuator limits are blocked, thus the

kinematics limitations are taken into consideration.

d) A cost function is used to evaluate each candidate and choose an appropriate direction to

move:

G=a-p +b-p,+c-p; (2-8)

where p, is the component of target effect on the cost function, p, is the difference
between the direction of opening and current wheel orientation, and p; is the difference

between the previous selected direction and the direction of opening. The selection of

parameters a, b, ¢ will determine the way the robot reacts to obstacles.

2.1.2.3 VFH* Method

VFH+ sometimes fails to choose the most appropriate direction because of its local nature.
VFH* amends this problem by introducing A* search algorithm [22] into the direction
determination. Unlike VFH+, VFH* analyses the consequences of heading towards each
possible direction before making a final choice for the new direction of motion. For each
candidate direction, VFH* computes the new position and orientation that the robot would
have after moving for several steps. Using this search process, the robot will find a better

solution than using VFH+ only [64].
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The performance of VFH* apparently depends on the look-ahead distance. Increasing this
distance will slow the obstacle avoidance process. Thus, parameter selection is a trade-off

between the quality and speed of the algorithm.

2.1.2.4 Vector Polar Histogram Method

The Vector Polar Histogram (VPH) improves VFH+ in another way [99]. The VPH employs a
three-step data disposal process to get the new steering direction. In the first and second step,
the group of distances to obstacles is transformed into a polar histogram, and a threshold
function is set up. The polar histogram is reduced to a binary histogram (see Figure 2-13) by
comparing with the threshold function. In the third step, a set of candidates can be obtained

from the binary histogram; a cost function is then brought up to find the best steering direction.

In VFH and VFH+, the threshold is set to be a constant value, as shown in Figure 2-12. In
VPH, a robot’s dynamic characteristics are taken into consideration when the polar histogram

is generated [99]. The threshold is defined by

v,2 cos? (G(t,i))
D(it)= 2a
R+D; |6(t.1)|>

+R+D; |€(t,i) <

(2-9)

NN N

where D(i,r) is the threshold for obstacle i intime 7. v, is the real-time speed of mobile

robot, 9(1‘,1’) is angle between the robot and obstacle i, a is the deceleration of mobile

robot, R is radius of mobile robot, D is the safe distance between this robot and the

obstacle. In this equation, v, and Q(t,i) can be obtained real-time from the robot, a and

R are constants. D should be adjusted based on environment information.
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Figure 2-13 Creation of a binary histogram [99]

2.1.3 Dynamic Window-based Approaches

2.1.3.1 Dynamic Window Approach

The Dynamic Window Approach (DWA) only considers circular trajectories determined by

translational and rotational velocities (v,a)) [60, 101]. This results in a 2D velocity search

space. The restriction to admissible velocities ensures that only safe trajectories are considered.

A pair (v,w) is considered admissible only if the robot is able to stop before it reaches the
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closest obstacle on the corresponding curvature. The dynamic window further restricts the
admissible velocities to those that can be reached within a short time interval given current
velocity and the limited acceleration of a robot [60]. The dynamic window is a rectangle since

acceleration capabilities for translation and steering are independent (see Figure 2-14).

v A 90 crfsec

0 degfsec ' o 0 deglsce

Figure 2-14 Dynamic window [101]

The desired velocity and acceleration are then chosen by applying an objective function in the

search space.

G(v,0)=c(a-p(V,0)+ - p)(v,0)+7 - p3(V,0)) (2-10)

Target heading p,(v,®) measures progress towards the goal location and is given by
180—6. @ is the angle of the target point relative to the robot’s heading direction. Clearance
p>(v,@) represents the distance to the closest obstacle in the trajectory. If no obstacle is on

the curvature this value is set to a large constant. Velocity p;(v,®) is the forward velocity of

the robot.
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2.1.3.2 Global Dynamic Window Approach

Brock and Khatib extended DWA to the Global Dynamic Window Approach (GDWA) [61,
87]. In DWA, the robot’s motion with respect to the goal is only influenced by the target
heading so it is susceptible to local minima. GDWA remedies this by incorporating
information about the connectivity of the free space into the selection of a motion command.
This is achieved by combining with a Navigation Function 1 (NF1) which is which is a simple

global motion planning algorithm [12]. The objective function in GDWA is:

Q,(p,v.a)=a-nfl(p,v)+ B-vel(v)+y-g(p,v,a)+ - Anfl(p,v,a) (2-11)

The value of nf1(p,v)can be determined by examining the neighbours of the grid cell that
corresponds to the robot's location. Compared with Equation (2-10), the function p,(v,®) is
replaced by #nf1(p,v). This function’s value increases if v is aligned with the gradient or the
navigation function at the robot’s location, rendering the GDWA immune to local minima,
since NF1 is a local minima-free navigation function. The GDWA provides real-time local

minima-free obstacle avoidance at high speed. For more research on this method, refer to [102,

103].

Besides GDWA, there are some approaches which improve the DWA approach in other ways.
For example, the focussed D* algorithm [104] is integrated with DWA for the purpose of real-
time motion planning in a partially known environment in [105, 106]. To enhance the
convergency of DWA, the potential field-based navigation function proposed by Rimon and

Koditschek in [107] is combined with DWA in [103].

2.1.4 Curvature Velocity Method

Simmons developed the Curvature Velocity Method (CVM), which takes the actual kinematics

constraints and some dynamic constraints into account for obstacle avoidance [59]. Further
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research led to the Lane Curvature Method (LCM), which demonstrates better performance

than the CVM in some cases [108].

The CVM formulates the local obstacle avoidance problem as a constrained optimization
problem in the velocity space of the robot. The velocity space of a robot is a set of controllable

velocities, which consists of rotational velocity @ and translational velocity v with:

“Vyax <V <Viar (2-12)

~ Wiy <V < Oy (2-13)

A robot is assumed to travel along arcs of circles with curvature ¢=®/v. Obstacles are also
transformed into the velocity space by calculating the distance from a robot’s location to the

obstacles following some constant curvature trajectory. Only the curvature between C, . and

min
C,. are considered. The final decision of a new velocity is then made based on an objective

function.

Y ‘é (xminf y min)

Figure 2-15 Tangent curvatures for an obstacle [59]

The CVM considers the robot’s kinematics and dynamics constraints, which makes it an
efficient approach for real-time obstacle avoidance. The drawback of this method is its circular

simplification of the shape of an obstacle and the existence of local minima.
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2.2 Approaches to Multi-Robot Motion Planning

Motion planning methods for multi-robots are different from those for a single robot. Although
some algorithms are proved to be feasible and efficient for single robot cases, they cannot be
transferred directly to multiple robot cases because of the increased number of requirements
and constraints introduced by a multi-robot system. This section does not intend to be a
complete review of multi-robot motion planning approaches, and only covers some topics

which are closely related to this research.

2.2.1 Centralized and Decentralized Approaches

In general, methods for multi-robot path planning can be categorized into centralized and

decentralized techniques [12].

Centralized approaches consider all robots together as if they are forming a high degree of
freedom robot [109-111]. The advantage of centralized approaches is that they can provide
complete and optimal solutions, but as the number of robots and obstacles increases, the
centralized method will suffer from the exponentially increasing computation complexity.
Centralized approaches are often slow and require complete system information. This makes
them inappropriate for applications in which robots are operating in dynamic or unknown

environments and online planning abilities are needed.

Some approaches have been proposed to reduce the size of the search space; for example,
Svestka and Overmars created a probabilistic roadmap through the environment and this
method was shown to be probabilistically complete [112, 113]. This approach constructs a
roadmap which represents a network of feasible motions for the robots. The roadmap is
constructed in two steps. First, a simple roadmap, which is referred as a “subgraph”, is
constructed for each robot. Then all subgraphs are combined into a roadmap for the composite

robot, which is a called a “super-graph”. This super-graph is then utilized to find approaches

for multiple robots. In Figure 2-16, subgraph A4={x,x,,x;} and B={x,x,x,x,} are
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combined into a super-graph. A robot denoted by a white disc is supposed to travel from x,
to x,. Another robot represented by a black disc is supposed to travel from x, to x,. Their

movements are denoted by snapshots in Figure 2-16. This approach has been proved to be

probabilistically complete but is not feasible for dynamic or unknown environments.

Figure 2-16 Combining subgraphs into a super-graph [113]

Decentralized approaches typically generate a path for an individual robot independently and
avoid collision locally [50, 54, 114-122]. The problem of multi-robot motion planning is then
converted into several single robot motion planning problems. Decentralized approaches do

not require robots to have complete system information and are generally fast enough for real
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time planning. However, they are inherently incomplete and cannot find solutions in some

situations [123].

Some approaches have been developed to search for near-optimal solutions. In Guo and
Parker’s work, a cost function is designed for individual robots and D is utilized to minimize
the cost function to find a optimal solution [124]. In Azarm and Schmidt’s work, a dynamic
priority assignment approaches has been proposed [122]. In this approach, all combinations of
priorities are considered for robots which are about to collide. The priority assignment plan

which will result the least cost will be selected.

2.2.2 Priority-based Planning

Priority-based planning is a popular approach for multi-robot motion planning [50, 114, 116,
125-127]. Techniques of this class assign priorities to each robot and compute paths in the
order of decreasing priority. A robot with higher priority is treated as an obstacle in the
planning of a robot with lower priority. This simplifies a multi-robot motion planning problem

into single-robot motion planning problems.

Warren described an artificial potential field method for multiple robot motion planning [50].
In Warren's method, each robot is assigned a unique task priority. A path that avoids collision
with stationary obstacles only is first planned for the robot with highest priority. Then, a
trajectory for the second highest priority robot is planned so that it avoids both the stationary
obstacles and the highest priority robot, which is treated as a moving obstacle. This process is
continued until trajectories for all robots have been planned. An example of motion planning
for four robots is given in Figure 2-17. The path for Robot 1 is planned first, so this path
directly connects the start point and destination for Robot 1. A path is then planned for Robot 2,
in which the path of Robot 1 is treated as an obstacle. The path of Robot 3 should avoid
collisions with Robot 1 and Robot 2. Robot 4, which has the lowest priority, needs to avoid

collisions with the other three robots.
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An important issue of prioritized planning is that the way priority is assigned influences the
resultant paths significantly. Such an example is given in [7], as shown in Figure 2-18. Robot 1
and Robot 2 are denoted by a blue circle and red circle respectively, and their start and goal
positions are denoted by S1, S2, G1, G2. (a) gives the optimal paths of the two robots. If a path
is first planned for Robot 1, the path of Robot 2 will have to include a large contour since
Robot 1 blocks the corridor (as shown in (b) of Figure 2-18). By contrast, if a path is planned
for Robot 2 first and then for Robot 1, the resultant paths are shown in (c) of Figure 2-18,

which is much more efficient in terms of the total cost.

Some approaches have been developed to explore the problem of priority assignment [118,
122, 126]. The priorities of robots are set dynamically, based on the current situation, to
minimize the total cost in [118, 122]. A randomized hill-climbing search is utilized to find an

optimal priority scheme in [126].

1 t

Figure 2-17 Prioritized planning: the path of Robot 1 is planned first. Paths for Robots 2,

3 and 4 are then planned in sequence [50].
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Figure 2-18 The effect of priority assignment: (a) optimal paths for two robots (b) if a
path is planned for Robot 1 first, Robot 2 will have to follow a large contour. (¢) if a path
is planned for Robot 2 first, the total path length is shorter [7].

2.2.3 Path-Velocity Decomposition Approaches

Some approaches decompose the motion planning problem into two sub-problems: path
planning and velocity planning [124, 128-131]. In these approaches, robots are kept on their
preplanned paths and speed changing strategies are applied to avoid collisions. The robots may
need to stop, move forward, or even move backward along their trajectories. For example, idle

times are inserted into preplanned trajectories to avoid collisions in [132].

In the work of Ferrari et al, three performance indexes are adopted to evaluate the quality of
planned trajectories for multiple robots [131, 133]. The first one is the running time (RT),
which is the minimum time for a robot to reach its goal using a pre-planned path. Since a robot
moving on its path must avoid potential collisions with other robots, RT depends not only on
the robot’s path and velocity, but on the paths and velocity schedules of other robots. The
second one is the motion error (ME), which measures how far a robot can move away from its
pre-planned path without colliding with obstacles or other robots. The ME index is computed
in the pre-planning phase and is proportional to the distance of the path from the obstacles. The
third performance index is the velocity error (VE), which measures how much a robot can vary
its velocity without worsening the global plan. For example, in Figure 2-19 robot R, is

scheduled to stop at point A and wait for robot Rg to pass. In this case, collision may occur if
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robot Ry arrives later than scheduled. Hence robot Rp has a value of VE equal to zero. robot
R4 can arrive later than scheduled because it will not result in collision with Rg. Moreover,
robot Rc is scheduled to stop at point C and wait for R,. Robot R, should not arrive at its stop
point A later than the time scheduled, otherwise this delay could cause a collision with Rc. The
value of VE for R, has a finite value different from zero. The value of VE for Rc, in this
example, is positive infinite, because its delay will not cause collision with other robots. VE is
not a property of the single path, but a property of the paths for all robots. The approach will

search from a set of possible paths and find a solution with good performance indexes.

Figure 2-19 VE evaluation for robot path [133]

In the work of Guo and Parker [124], a coordination diagram, which represents an N-
dimensional (N is the number of robots) space using path length as the parameter, is
constructed based on collision checks among all preplanned paths. The D* search algorithm
[104, 134] is then executed on the coordination diagram, and a velocity profile which

minimizes a global performance function is chosen.
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2.3 Conclusions

This chapter provides a literature review on previous works which are closely related to this
research. Some approaches for single robot motion planning and collision avoidance have been
introduced, which include the Potential Field Method (PFM) and its varieties, Vector Field
Histogram (VFH) and its varieties, Dynamic Window Approach (DWA) and Global Dynamic
Window Approach (GDWA), and the Curvature Velocity Method (CVM). These approaches
have been proved to be applicable in some cases, but can not be directly applied to multi-robot
motion planning and cooperation directly. Some important issues in multi-robot motion
planning were subsequently discussed, including centralized approaches and decentralized
approaches, priority-based planning and path-velocity decomposition approaches. The
approaches mentioned above have been proved to be feasible in certain cases but their
applicability is limited. This research work presents a novel force field method, the F> method,

which is a generic approach for robot motion planning and collaboration.

In the F> method, the coverage of a robot’s force field is determined by parameters including
the robot’s size, travelling speed, and priority with respect to other robots. If there are
obstacles or other robots in the area of a robot’s force field, this robot will be acted on by
virtual repulsive forces from other robots/obstacles. A robot only reacts to obstacles that are in
the coverage of its own force field and does not need to search the whole work space as many
other methods require, which significantly increases the efficiency of motion planning and

coordination.

In the F* method, a robot’s physical characteristics, such as size and geometry, are used in the
construction of its force field. Its dynamic and kinematic characteristics, such as linear velocity
and angular velocity, are taken into consideration when determining a robot’s motion. These

make the F> method suitable for real applications.

In the F? method, a robot needs to know its location and destination in the environment but a
precise map is not essential. If there are environmental changes or moving obstacles in the

work space, a robot reacts immediately based on information obtained from updated sensor
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data and inter-robot communication. The F* method is suitable for applications in partially

known or dynamically changing environments.

The F? method is suitable for use in multi-robot cases. A robot using the F> method works in a
decentralized manner, that is, a robot plans its path and motion independently according to the
surrounding environment and its own status, so the F> method will not suffer from an
exponentially increasing computation burden as some centralized approaches do. Another
advantage of the F* method is that the task priority is taken into account in the construction of

the force field. A robot with higher task priority will have priority in collision avoidance.

This research work presents a systematic study of the F> method. The basic concept of the F
method is described in detail in Chapter 3. Chapter 4 presents several approaches which are
developed based on the concept of F* and are suitable for different applications. Chapter 5
focuses on the parameter optimization problems of the F> method. Chapter 6 introduces
experimental studies on the F* method. Appendix A briefly presents the work extending the F>
method to 3D case, that is, 3-Dimensional Force Field (3DF?) for manipulator real-time motion

planning and collision avoidance.
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Chapter 3
Force Field Method

In this chapter, the concept of the proposed force field (F*) method is described in detail. In the
F? method, a virtual repulsive force field is created and centred on the robot. This force field
varies with the robot’s status during its movement, including the robot’s speed, task priority,
environmental factors and the robot body dimension. If any obstacle exists in the coverage area
of this force field, the robot will act on a repulsive force from the obstacle. If a robot’s force
field overlaps with another robot’s force field, both robots will suffer repulsive forces from
each other. The interactions among a robot’s force field with obstacles and other robots, i.e.,
the repulsive forces, combining with the attractive force from the goal, are utilized to

determine a robot’s motion in the F> method.

This chapter starts by analysing the drawbacks of the classical Potential Field Method in
Section 3.1. A robot model is given in Section 3.2. The development of the force field method
is detailed in Section 3.3, including the generation of attractive and repulsive forces. A
Canonical Force Field method (CF?) is described in Section 3.4. Simulation results are given in
Section 3.5. Section 3.6 evaluates the performance of the CF* method and Section 3.7

concludes this chapter.

3.1 Introduction

The Potential Field Method is the approach which most resembles the proposed F* method
[42]. This section reveals the drawbacks of the Potential Field Method and highlights the
differences between the Potential Field and the F> methods. For simplicity of explanation,

discussions below are limited to mobile robots moving on a 2-Dimensional (2D) surface.
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A. The Effect of a Robot’s Velocity on Collision Avoidance

The effect of a robot’s velocity on collision avoidance has not been taken into account in most
of the potential field methods. In Figure 3-1, obstacles A, B, C, D and E are located the same
distance away from a robot. A, C and D are stationary while B and E are moving obstacles. It
can be clearly seen that obstacle D will not have any influence on this robot’s movement at the
current moment because it is located behind the robot and does not move. Obstacle C is
stationary and does not block the robot’s motion. Obstacle B is moving away from the robot’s
path, therefore B and C would not affect the robot’s movement either. Obstacle E is moving
towards the robot and has the potential to block the robot’s motion soon. Obstacle A is
stationary but located on the robot’s front, so obstacles A and E must be taken into
consideration in collision avoidance and the other three obstacles can be ignored. However all
obstacles will have same influence on the robot’s movement in most conventional potential

field approaches since their distance from this robot is equal.

The proposed F> method works more reasonably than Potential Field-based approaches in such
cases. The force field of a robot will vary with its velocity and focus on the directions where
collisions may occur. The coverage area of the F* increases when the robot is travelling at a

higher speed and decreases when the speed is lower.

0 o
®

Figure 3-1 The effect of velocity on collision avoidance



B. Complex and Narrow Environments

A reported drawback of Potential Field-based approaches is the ‘dead-lock’ caused by narrow
passage [97, 135]. That is, when obstacles are close to each other, the resultant potential fields
may overlap and produce a relatively higher potential field in the overlapped area. A robot
using the potential field for collision avoidance will fail to climb this potential hill and stop.

This case becomes more crucial when a robot navigates in a corridor-like environment.

A possible solution to this problem is to create a virtual obstacle at the detected dead-lock
position, which will repel the robot from this local minimum [80]. Another solution is to merge
separate small obstacles into a virtual large obstacle and let the robot take a large detour
around the virtual large obstacle [135]. The disadvantage of both approaches is that they
require more information about the environment and robots may have to travel longer

distances.

According to the force field proposed in this research, a robot travelling in an obstacle-
cluttered environment will reduce its speed according to sensor measurements. As a result, its

force field will shrink, which allows the robot to pass through narrow passages.

Based on the analyses above, the proposed new force field should have the following merits:

1) The coverage of a force field should vary with a robot’s speed. When a robot moves
faster, its force field should cover a larger area than when the robot moves with a
slower speed. This means that a robot moving faster is given more space for

decelerating and steering away from obstacles.

2) The coverage of a robot’s force field should vary with a robot’s physical properties,
such as its size. The force field of a robot with larger size (or volume) should cover
more area than that of a robot with smaller size (or volume) under otherwise identical

conditions.
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3) The proposed force field should be centred at the robot instead of obstacles. The
magnitude of the repulsive force should decrease with the increase of the distance to
this robot, i.e. the repulsive force should increase as the robot moves closer to

obstacles.

4) The proposed force field should focus on a robot’s moving direction. As illustrated
before, an obstacle which is located in front of a robot will have a significant effect
on the robot’s movement, while an obstacle behind a robot will pose less threat.
Obstacles in a robot’s moving direction should be paid more attention in motion

planning and collision avoidance.

3.2 Mobile Robot Motion Model

In this research, a robot is modelled as a rigid body moving on a horizontal plane. The
dimensionality of the robot in a working space is three, two for position in the plane and one
for orientation along the perpendicular axis, which is orthogonal to the plane. Other factors
which may affect the robot’s movement, such as wheel slippages and additional degrees of

freedom due to a robot’s internal structure, are ignored.

Two reference frames are defined: a global reference frame O(X Y ) and a local reference
frame o(x, y) attached to a robot’s body (Figure 3-2). The axes X and Y define an

inertial frame of reference on the plane as a global reference frame from an origin O(X Y )
To specify the position of the robot, choose a point o on the robot as its position reference
point. o(x, y) defines two axes relative to o on the robot body and is thus the robot’s local
reference frame. Note that x axis is set to be along this robot’s moving direction. The
position of o in the global reference frame is specified by (X r,Y,) and the angular
difference between the global and local reference frames is given by 6, . The pose of a robot

in the global reference frame is described as a vector with three elements.
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r=[x,.7.6,] (3-1)

To describe the motion of a robot motion, it is necessary to map the robot motion along the
axes of the robot’s local reference frame to motion along the axes of the global reference frame.
The mapping is a function of the current location of the robot and is accomplished using the

orthogonal rotation matrix:

(3-2)

’(0)-|

cos@, —sind, }

sin@,  cos0,

The mapping function is therefore defined by:

X cosO, —sinb, || x| | X,
= . + (3-3)
Y sin@. cos6, ||y Y,

&7 T

\j
<

0 X,

Figure 3-2 Global reference frame and local reference frame
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Consider a scenario of N mobile robots navigating in a global coordinate frame. Let robot i,
at time r=s, locate at (X, ) and orient with angle 6, to the X-axis of the world

i’

coordinate. The state of robot i can be described by:

e =[ X Y0, ] i=12...N -

A robot is assigned a task such that it needs to travel from its current or start location to a goal

location at r, = (X g,Yg). The robot then moves, under an appropriate control, towards the

goal in a number of time steps Az. The equation that describes the robot motion from time
interval s to s+1 can be expressed as a function of the current location, orientation and

control:

Nt =/ (ri,s’ui,s) (3-5)

i,s’

where u; =(v- ‘”i,s) is the control issued to the mobile robot i, in which v;¢ is the

translational velocity and @, is its angular velocity. The motion equation of robot i at time

interval s+1 is described by:

X; s+ Vis COS (HLS )At

Xis+1
Visl |=| Vis + Vi,s Sln(els )At (3'6)
9i,S+1 ai,s + (Oi’sAl‘

The control commands, v,

is and o, are determined such that during the travel, the robot is

free of collisions onto obstacles or other robots. The force field method is applied to generate
the control commands based on the forces exerted on the robot, which is the function of

attractive force from the goal and repulsive force from obstacles and other robots:
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u=f (Frep_o ’Frep_j ’Fatt_g ) (3-7)

where F is the repulsive force from obstacles, F,

rep_o rep_j 1s the repulsive force from other

robots, and F,

att g 18 the attractive force to the goal. The control is further expressed by its

components as

uz{v} Fo(FrpoFrep 3 Fu ) (3-8)

@ fa) (Frep_o ’Frep_j ’Fatt_g )

3.3 Construction of a Force Field

3.3.1 Definition of a Force Field

In the F* method, a force field is defined as a virtual field of repulsive force in the vicinity of a
robot when it travels in a working space. The magnitude and orientation of a force field are
determined by, and vary with, the robot’s status. This virtual repulsive force increases when
the distance to the robot decreases. Note that the construction of the force field described
below is in the global reference frame. Some parameters in the F> method are listed in Table

3-1 and other parameters are defined below:

6=06,-06, (3-9)
\%

E = 3-10

e (3-10)

kE, R, (3-11)

Dmin =P Dmax (3-12)
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Parameters Descriptions
R, radius of a robot
vy absolute value of a robot’s speed
Vinax maximum absolute value of a robot’s speed
T, a robot's task priority
0, angle between a robot’s moving direction and the X coordinate

Table 3-1 Parameters in the F> method

X axis

Figure 3-3 Illustration of a robot’s parameters

where 6, denotes a robot’s orientation in a global coordinate system. R, is the radius, from
the robot’s origin, of the minimum circle embedding the robot entity. For any point

P(X p,Yp) in the robot’s local reference frame, € denotes the angle of this point in the

robot’s coordinates (Figure 3-3), which can be determined from 6, and the angle of this point
in the global coordinates (6, ), as in Equation (3-9). C is a positive number (C >1) which
represents the environmental influence to the force field. E, is a positive decimal fraction
with 0<E, <1. ks a positive coefficient which determines the size of the area to be covered
by the force field. D,,,. is the maximum action distance of a robot’s force field and D,,, is

the distance at which this robot has maximum repulsive force. D, ,. shows how far this robot
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can affect others in its vicinity. D

.in Provides a safe distance for the robot to prevent other
objects from moving into this area. p, is a positive fractional number with 0< p, <1 that
defines how close the robot can be to obstacles. 7, represents the priority of a robot, which is

especially useful for multi-robot coordination. Note that for single robot case, 7, is set to be

1. Example force fields are shown in Figure 3-5.

Equation (3-11) defines D

max °

which is the influence area of the force field. Equation (3-10)
and (3-11) indicates that the coverage of a force field (D,,,, ) in the F? method is determined
by a robot’s size (R,), its travelling speed (v,) and maximum speed (v,, ), a positive
multiplier (& ), an environment factor (C ) and priority (7, ). For a robot with larger volume or

travelling at higher speed, its force field will cover a larger area. When a robot travels in an
obstacle-cluttered environment, the environment factor (C ) can be set larger. Then the
coverage of its force field will become smaller and allow the robot to pass through narrow

passages.

The magnitude of a repulsive force to be generated by a robot’s force field is defined by:

0 when D> D, .
D,..—D
Fop r|=y 7" P when D,,;,, <D<D,, .. (3-13)
- Dy = Dii
Fo when D<D,,,

where D is the shortest distance from point P(X Y p) in the 2D space to the perimeter of

the robot. P is a positive constant scalar which determines the magnitude of the repulsive

force. When D changes from D,;, to D

max >

the magnitude of the repulsive force changes
from P to 0 gradually. Furthermore, F),,. is the maximum repulsive force which will cause
the maximum deceleration on the robot. With F, > P, P and F,, should be selected

on the basis of the robot’s characteristics, Equation (3-13) shows that the magnitude of
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repulsive force varies with the distance to the robot, robot speed, robot size, task priority and
several scaling parameters. The force starts from the robot’s centre to the given point, whose

direction in the global reference frame is given by
Y,-Y,
LK, r = arctan X—r (3-14)

To highlight how the force varies with distance and angle with regard to robot, the force field

is represented with magnitude contours by defining
p=D/D,,,. (3-15)

Equation (3-13) can then be re-presented in an alternative form as:

0 when p >1
F., ,|=11"2p hen py < p<1 3-16
rep_r| when py = p < ( )
1-p,
F when p < p,

When p changes from p, to /, the magnitude of the repulsive force changes from P to 0.

Equations (3-13) and (3-16) explain the concept of force field in two aspects. Equation (3-13)
shows that the magnitude of repulsive force varies with distance, and Equation (3-16)

emphasizes the concept of contours.
Figure 3-4 illustrates how the magnitude of a repulsive force varies with p. In this example,

Py =02, P=10, F,, . =20. When a point P(Xp,Yp) is far from this robot and out of the

robot’s D, , p>1, the forceis 0. As p decreases from / to 0.2, the force magnitude
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increases linearly from 0 to /0. For a point in the D,, of a force field (p<0.2), the

n

maximum force F,,, will be attained.

25

Fmax
20 B

Force

0 Py 0.5 1 1.5
Dmin P Dmax

Figure 3-4 The effect of p on force magnitude

Figure 3-5 illustrates how the parameters of F* determine the coverage of a force field. Some
of the parameters of four robots involved are listed in Table 3-2. Other parameters for all

robots are: k=5,p,=02,P=10,C=1.25,v,, =0.08m/s. Robot entities are denoted by
circulars for simplifying the illustration. The coverage areas of their force fields are shown by
the corresponding force contours, in which the outermost force contours and the innermost

force contours denote their D, and D

min >

respectively.

Robot A is stationary with radius R, =1m and speed v, =0. From Equation (3-10) to (3-12),

D,..=D,, =0, which means D,

. and D, . are coincident with its perimeter. Robot B

and Robot C are two robots with the same speed v, =0.04m/s but different radii
(R.=0.5m and R.=1m respectively). From Equation (3-12), Robot C has a larger force
field than Robot B. Robot D is a robot with R. =0.5m and v, =0.07m/s. Its force field

covers more area than Robot B since Robot D has a higher speed although both robots have the
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same size. Note also that a robot’s force field covers more area in its moving direction than in

other directions.

In summary, the force field of a robot in the F> method focuses on its moving direction and

varies with its status, including position, speed, volume, environmental factors and so on.

20 ! ! ! ]

X (m)

Figure 3-5 Force field: a robot’s force field covers more area in its moving direction than

in other directions

Location R, (m) v, (m/s) 0.
A (15,5) 1 0 0
B (5,5) 0.5 0.04 /3
C (5,15) 1 0.04 -m/3
D | (1515 0.5 0.07 )

Table 3-2 Some parameters of four robots
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3.3.2 Attractive Force

When a robot is undertaking a particular task, for example, travelling from start point (X, Y,)

to goal point (X,, Y, ), a virtual attractive force which attracts this robot from the start point

to the goal point is generated (Figure 3-6). The attractive force, denoted by F, directs to

att_g >
the goal point from the centre of the robot and its magnitude can be assumed to be a constant.

It drives a robot to its destination ( X, ¥, ). The magnitude of this attractive force is given by:

Fatt_g\ =0 (3-17)

where Q is a positive constant scalar which determines the magnitude of the attractive force.
The attractive force directs the robot to the goal point from the centre of the robot and can be
assumed to be a constant. Furthermore, the orientation of the attractive force in the global

reference frame is given by

Y, -,
ZFatt_g =arctan ﬁ (3-18)
r

(X5-Y)

—

X axis

Figure 3-6 Attractive force
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3.3.3 Repulsive Force

When a robot approaches an obstacle or other robots’ force fields, its force field is suppressed
and the robot will be repelled by the virtual reaction forces from the obstacle or other robots.
These interactions can be categorized into interactions with obstacles and interactions with

other robots. For the interactions between a robot and an obstacle, the repulsive force is

expressed as Ky, ,. For the interactions between two robots, the repulsive force is denoted by
F,., i - Calculation of these forces will be described below.

rep_j

A. Interactions Between a Robot and Obstacles

An obstacle locating in a robot’s force field will have influence on this robot’s movement. This
influence is defined as a virtual repulsive force acting on this robot from the obstacle, denoted
by F,

ep_o - 1 he magnitude of this repulsive force can be calculated by:

rep_o rep_r (3 -1 9)

In Figure 3-7, the dark circle denotes a robot’s entity (solid line). The D and D, . ofthis

max min
robot are shown in outer dashed ellipse and inner dashed ellipse, respectively. Point 4 is a
point on the obstacle’s surface where the largest repulsive force is attained. The dashdotted
ellipse denotes the interaction contour (shown in a dashdotted line) intersecting with the
surface of the obstacle on point 4. Two possible options in determining the direction of the

reaction force are given below:

Option 1: the reaction force directs from the interaction point to the centre of robot, K., as

shown in Figure 3-7.
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Option 2: the direction of the reaction force is along the normal line of interaction contour at

the interaction point A, F:ep as shown in Figure 3-7.

Obstacle
A
/ N
o Frep &
T T F‘"EP
/ - R
/ / 1 / = Dmax

Interaction Contour

[\ // / \
. D 1min

Figure 3-7 Reaction force between a robot and an obstacle

B. Interactions Between Robots

The interaction between two robots can be considered as the interactions between their force

fields. In Figure 3-8, the robots’ entities are denoted by circles (solid lines), and D and

max

D,,., are shown in outer dashed ellipses and inner dashed ellipses, respectively. The dotted

ellipses show the interaction contours of the two robots’ force fields, where a robot’s D, .

intersects with an inner contour of another robot’s force field.

The magnitude of repulsive force which a robot suffers from another robot is defined as equal

to the magnitude of its own force field at the interaction point.

Frp i| = Frep r (3-20)
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Figure 3-8 Reaction forces between two robots

Similar to the robot-obstacle interaction, there are two possible ways to determine the direction
of a reaction force:

Option 1: the reaction force directs from the interaction point to the centre of a robot, F

and K, asshown in Figure 3-8.

Option 2: the reaction force is along the normal line of the interaction contour at the interaction

point, F:epl and F:epZ as shown in Figure 3-8.

The effects of the two directions of reaction force on the performance of collision avoidance

and multi-robot motion coordination will be studied and compared in Section 3.5

3.4 Canonical Force Field Method

Based on the definition of force field, attractive force and repulsive force, a Canonical Force

Field method (CF?) is presented in this section.
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When a robot moves in an environment, it may be acted on by two kinds of forces, including

F, s which attracts the robot to its goal, and F,,, which includes the repulsive forces from

obstacles (K, ,) and other robots (F,

ep_j)- In the CF’ method, a robot is assumed to travel

with a constant speed and its direction of motion is determined by the resultant force (denoted

by Ftotal ):

m

n
Ftotal = Fatt + Frep = Fatt_g + ZFrep_o_i + ZFrep j_1 (3 -2 1)
i=1 =1

where n is the number of obstacles, m is the number of other robots, K., , ;

is the
repulsive force from static obstacle i, and F, ; is the reaction repulsive force from robot

[ . The robot then moves along the direction given by F,, .

Consider a robot located at (X,.,Y,.) with angle 6. to the X-axis of the global coordinate at

time ¢=s, its current moving direction 6, is given by
0, =0. (3-22)

In the CF* method, this robot’s next moving direction 6,,, is the direction determined by

F

total -
0,11 = LFotal (3-23)

The robot’s angular speed ® should satisfy:
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s+l " Ys (3-24)

v A%
u:{ }: 6. 6 (3-25)

3.5 Case Studies

The simulation studies in this section are designed for two purposes. Firstly, simulations are
carried out to prove the feasibility of the CF* method in both single robot cases and multi-robot
cases. Secondly, the options in repulsive force direction selection introduced in Section 3.3.3

are evaluated.

3.5.1 Single Robot Cases

For the single robot cases, simulations are carried out in a map shown in Figure 3-9 and Figure
3-10. A robot is supposed to travel from start position S1(1,2) to goal G1(9.5,9). An
obstacle locates on its way to the goal (shown by the rectangle). Parameters used in this
simulation are p,=0.2, k=5, v,,=004m/s, v.=003m/s, C=125, P=20,

0=20, T,=1, R, =02m. In the following simulation snapshots, the green ellipse and the

blue ellipse show a robot’s D and D respectively. The red ellipse shows the

max min >

interaction contour of its force field with the obstacle. The black circle denotes a robot’s entity.

When the direction of repulsive force is assumed to be the one from the interaction point to the

robot centre (Option 1), i.e., as F,, in Figure 3-7, the robot trajectory obtained by the CF?
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method is shown in Figure 3-9 with the total travel distance of 34.74m (1158 time steps, each
time step is 1s). If the force direction is along the normal line (Option 2), i.e. the direction of

F:ep in Figure 3-7, the trajectory obtained by the CF* method is the one shown in Figure 3-10.

The total travel distance is 14.0lm (467 steps), which is much shorter than that of the

previous one.

For the purpose of explanation, this robot’s trajectories in a small area which is denoted by

small squares in Figure 3-9 and Figure 3-10 (with x€[8,8.3] and ye[3.4,3.7]) are shown

in Figure 3-13 and Figure 3-15, respectively. Each green dot represents one step.

With Option 1, the robot travels 90 steps to pass this area (Figure 3-13). Figure 3-11 illustrates

the situation of this robot at its 450th step. Here the forces acting on this robot include an

attractive force (K, , ) from its destination G1(9.5,9) and a repulsive force (F,,, ,) from the

tt g ep_o

obstacle. The interaction contour (red ellipse) nearly overlaps with the D, (blue ellipse), so

in
the magnitude of the repulsive force is very large. As a result, the resultant force F,,, has
the direction shown in Figure 3-11. In the CF* method, a robot’s next motion direction is
determined by the direction of the resultant force acting on it, so this robot will move along the
direction of K, . Its pose in step 451 is shown in Figure 3-12, in which this robot’s
orientation changes noticeably from the previous step. As a result, the repulsive force from the
obstacle changes and its magnitude reduces significantly. The direction of resultant force

Fiotar 1S shown in Figure 3-12. This generates the to-and-fro behaviours shown in Figure 3-13.

Option 2 provides a much better result with /0 steps only in the analysed area shown in Figure

3-15. Figure 3-14 gives a snapshot of its pose in step 251. The repulsive force F, is

ep_o
perpendicular to the surface of the obstacle and pushes the robot away. There is no significant
change in the direction of the resultant force in the analysed area, so the robot’s path is quite

smooth.
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Figure 3-9 CF’ for single robot Case 1: the direction of a repulsive force is from the

interaction point to the robot centre (Option 1)
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Figure 3-10 CF” for single robot Case 2: the repulsive force direction is along the normal

line of interaction contour at the interaction point (Option 2)
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Figure 3-12 CF: single robot Case 1 (snapshot 2)
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Figure 3-14 CF: single robot Case 2 (snapshot 1)
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Figure 3-15 CF: single robot Case 2 (trajectories in the analysed area)

From the simulation results, it can be seen that Option 2 provides better results than Option 1.
Thus, for the interaction between a robot and an obstacle, the direction of a repulsive force is

selected to be along the normal line of interaction contour at interaction point (Option 2).

3.5.2 Multiple Robots Cases

The proposed CF? methods have also been applied in multi-robot motion planning problems.
Simulations presented in this section were carried out in an indoor environment using the CF?
method. These simulations consist of four robots travelling in an atrium area. Each robot was
assigned a task travelling from its start point to its goal position. Simulations have been

designed to:

® Test the feasibility of the CF? method on multi-robot motion planning and collision

avoidance.

® Evaluate the two options on repulsive force direction between two robots proposed in

Section 3.3.3.
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® Highlight the effect of robot priority in multi-robot motion planning and collision

avoidance using the CF* method.

Five simulations have been conducted. Simulations 1 and 2 were designed to let each robot
travel one by one without other robots interfering. The problem then becomes four single-robot
navigation problems. In Simulation 1, the direction of repulsive force between a robot and
obstacles was selected as starting from the interaction point to a robot’s centre (Option 1). In
Simulation 2, the repulsive force direction was selected to be along the normal line of the
interaction contour at the interaction point (Option 2). Simulations 3 and 4 consisted of four
robots’ navigation in the environment. Robots met each other in the centre area of the room
and managed to avoid collisions. The two options on the directions of repulsive forces between
robots were tested in Simulations 3 (with Option 1) and 4 (with Option 2). In Simulation 5,
Robot 2 was assigned a higher priority than other robots. Thus Robot 2 had priority in the
collision avoidance. This simulation demonstrates the effect of priority on motion planning and

collision avoidance using the CF* method.

The dimension of this simulation environment is 20m by 20m . Some common parameters

for the robots are: R,=02m, p,=02, k=5, v,,=004m/s, C=125, P=20,

m
0 =20. The start and goal positions are marked as S; and G; (i=1, 2, 3, 4), respectively, as
listed in Table 3-3. The straight-line distances between S, and G; are given by D, in

real

the 5th column of Table 3-3. In the figures below, the paths of the four robots obtained by the
CF? method are shown in solid lines, dotted lines, dashdotted lines and dashed lines,

respectively. D and D

max min

for each robot are shown in dashed ellipses. Solid circles

denote the robots’ entities. A robot is considered to be in its goal position if the distance from

its centre to goal is less than its radius.

A. Simulation 1: single robot navigation with repulsive force direction Option 1

Let each robot travel one after another from its start point to its goal without other robots

interfering. With force direction Option 1 in Section 3.3.3 A, the resultant paths are shown in
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Figure 3-16 and their corresponding path lengths are denoted by D, in the 6th column of
Table 3-3. The path lengths for Robots 1, 2, 3 and 4 are 23.7m, 20.02m, 18.825m and 19.6m,

respectively.

B. Simulation 2: single robot navigation with repulsive force direction Option 2

Let each robot travel separately (one after another) with force direction Option 2 in Section
3.3.3 A, the resultant paths are shown in Figure 3-17 and their corresponding path lengths are
denoted by D, in the 7th column of Table 3-3. The path lengths for Robots 1, 2, 3 and 4 are

21.1m, 19.84m, 18.25m and 19.525m, respectively, which are shorter than the path lengths
obtained from Option 1 (23.7m, 20.02m, 18.825m and 19.6m, correspondingly). Note that the

straight-line distance from S,(18,4) to G,(2,1) is 20m, which is slightly longer than the

path length of Robot 2 (/9.84m) in this simulation. The reason for this is that the robot is
considered to arrive at its goal if the distance from its centre to the goal is less than its radius

(0.2m).

As has been proved by simulations with a single robot, Option 2, where the repulsive force is
set to be along the normal line of interaction contour at interaction point, gives better results

than Option 1, where the repulsive force directs from the interaction point to the robot’s centre.

C. Simulation 3: multi-robot navigation with repulsive force direction Option 1

The third simulation consists of four robots’ navigation using the CF* method with reaction
force direction Option 1 in Section 3.3.3, i.e. the repulsive force between two robots directs
from the interaction point to a robot’s centre. The resultant paths are shown in Figure 3-18.
When robots approached the centre area and were close to other robots, they managed to avoid
collisions with each other. Figure 3-18 shows a snapshot of robots moving in this case. The
path lengths for Robots 1, 2, 3 and 4 are 22.075m, 21.78m, 19.175m and 20.25m, respectively
(D5 in the 8th column of Table 3-3).
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D. Simulation 4: multi-robot navigation with repulsive force direction Option 2

The fourth simulation has been carried out using the CF* method with reaction force direction
Option 2, i.e., the repulsive force is along the normal line of interaction contour at the
interaction point. The resultant paths are shown in Figure 3-19. Their path lengths are given by
D, in the 9th column of Table 3-3. Compared with D; in Simulation 3, the path length of
Robot 1 decreased from 22.075m to 20.65m. The path length of Robot 2 decreased from
21.78m to 21.66m. The path length of Robot 3 reduced from 79.175m to 18.75m. The path
length of Robot 4 increased slightly from 20.35m to 20.375m. In general, the force direction
Option 2 provides better results than Option 1.

E. Simulation 5: multi-robot navigation with priorities

The priorities of all robots in the above simulations were set to be the same 7/, =1. In the fifth
simulation, Robot 2 was assigned a higher priority 7, =2, while other robots’ task priorities

were set to be 1. Their paths are shown in Figure 3-20 and the path lengths are given by D;

in the 10th column of Table 3-3. Note that in the scene shown in Figure 3-20, the force field of
Robot 2 covers more area than other robots because of its higher task priority. So Robot 2 got
priority during collision avoidance collaboration with other robots. Robot 3 was being forced
to change its orientation and give way to Robot 2. The path length of Robot 2 is reduced from
21.66m to 21.26m, but other robots’ path lengths, e.g., Robot 1 and 3, are increased

correspondingly. This case proves the effect of 7, in multi-robot cases.

i S, G, % D

i i r real
xy) | Gy | s [ m | @ | m | m | m | m
1] 18,1 | 11,19 0.025 | 19.313 | 23.7 21.1 22.075 | 20.65 | 22.075
18,4 2,1 0.02 20 20.02 19.84 | 21.78 | 21.66 | 21.26
1,4 17,12 1 0.025 | 17.889 | 18.825 | 18.25 | 19.175 | 18.75 | 25.575
18,18 | 7,2 | 0.025 | 19.416 19.6 19.525 | 20.25 | 20.375 | 19.85

A W N

Table 3-3 CF*: simulations results
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Figure 3-20 CF*: multi-robot navigation with priorities (Ds)

3.6 Algorithm Efficiency Evaluation

All simulations in the chapter have been carried out on a computer with a CPU of Centrino

1.6GHz and 1G RAM, running Matlab 7 in Window XP.

Table 3-4 lists the computation time of each robot in the simulation presented in Section 3.5.2
D (Simulation 4). For Robot 1, the time required to plan the whole path is 20.93s. The path
consists of 816 steps. The path of Robot 2 consists of 1089 steps and was calculated in 28.781s.
The path of Robot 3 consists of 760 steps and was calculated in 19.378s. The path of Robot 4
consists of 830 steps and takes 21.821s to calculate.

The time for a robot to plan its motion varies with the complexity of its surrounding
environment, that is, it takes a longer time when there are more obstacles and other robots in
its vicinity. It is found that in this simulation, the time spent for a single step motion plan is

between 0.02s to 0.05s.
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A six-robot navigation case has also been carried out and compared with the four-robot case to
test the performance of the CF* method with increasing number of robots. The dimension of
this simulation environment and the parameters for the robots are the same as in Section 3.5.2,
case D: 20m by 20m, R,=02m, p,=02, k=5, v,, =004m/s, C=1.25, P=20,

max

0 =20. The tasks for Robots 1, 2, 3 and 4 are the same as well: Robot 1 is supposed to travel

from position (18, 1) to (11, 19), Robot 2 travels from (18, 4) to (2, 1), Robot 3 travels from (1,
4) to (17, 12) and Robot 4 travels from (18, 18) to (7, 2). Robots 5 and 6 have been added to
the simulation. Robot 5 is supposed to travel from positions (2, 7) to (18, 8) and Robot 6
travels from (18, 8) to (2, 7). The speed of Robot 5 and 6 is set to be 0.025m/s, which is
different from Robot 2 (0.02m/s). The task priorities of all robots are the same (i.e. 1). The
paths of Robots 1, 2, 3, 4, 5 and 6 are shown in Figure 3-21 and denoted by a red solid line,
green dotted line, blue dash dot line, black dashed line, blue dotted line and black solid line,

respectively. Table 3-5 gives the simulation results.

The simulation results of Robot 1 are listed in the second row of Table 3-5. The path length
and total steps of the path are almost the same as those of the four-robot case (the second row
in Table 3-4). In the four-robot case, the path is 20.65m in length and consists of 816 steps. In
the six-robot case, the path is 20.375m in length and consists of 815 steps. However, the
computation time to plan the path for Robot 1 has increased from 20.93s in the four-robot case
to 30.694s (an increase of 46.65%). The computation time for Robot 2 increases from 28.781s
to 42.091s (an increase of 46.25%). The computation time for Robots 3 and 4 increase 72.85%
(from 19.378s to 34.289s) and 48.28% (from 21.821s to 32.357s), respectively. The reason for
the increases in computation time is that there are more robots in the working environment, so

it takes longer time for a robot to plan its motions.

The simulation results show that the CF* method is very efficient and suitable for real time
motion planning and collision avoidance. In the CF* and other F’-based methods to be
presented in this thesis, a robot plans its next motion indepently. It does not need to search the
whole space as some conventional approaches do, but only obstacles and other robots’ force
fields which are in the coverage of its force field are considered in the collision avoidance
process. Robots in the F> method work in a decentralized way and the increase of the number

of robots only results in an almost linear increase to the computational burden.
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Robot | Number of Total Computation Path Length (m)
Planning Steps Time (s)
1 816 20.930 20.65
2 1089 28.781 21.78
3 760 19.378 19.175
4 830 21.821 20.25

Table 3-4 Computation time: a four-robot case (Simulation 4)

Robot | Number of Total Computation | Time Increase | Path Length (m)
Planning Steps Time (s)
1 815 30.694 46.65% 20.375
2 1099 42.091 46.25% 21.98
3 875 34.289 76.85% 21.875
4 841 32.357 48.28% 21.025
5 726 29.723 N/A 18.15
6 766 29.384 N/A 19.15

Table 3-5 Computation time: a six-robot case
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Figure 3-21 CF*: a six-robot case

3.7 Conclusions

In this chapter, the basic concept of a novel force field (F?) is detailed. Compared to other
existing methods, a robot’s force field in the F> method is constructed based on its status. The

coverage of a force field is determined by the robot’s size (R, ), speed (v, ), priority (7)),

environment factor (C ) and a scalar constant % . The interaction of this force field with other
robots and obstacles within its work space provides a feasible and natural way for motion

planning and collision avoidance.

The Canonical Force Field (CF?) is based on the basic concept of the force field, in which a
robot is assumed to travel with a constant speed and its motion direction is determined by the
resultant force acting on it. Simulations have been carried out to verify the CF* method and to
determine appropriate repulsive forces to guide robot motion, that is, the direction of repulsive
force is selected to be along the normal line of the interaction contour at the interaction point.

Results have shown that the CF* method is applicable in motion planning and coordination for
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both single robot and multi-robot cases. A robot using the CF’ method works in a
decentralized way: each robot determines its next motion independently. The increase of the
number of robots in the work space will not exponentially increase computation burden as

some conventional approaches did.

The CF? method is especially suitable for

® Real-time applications. Due to the simplicity of the CF* method, it is fast and

especially suitable for real-time applications.
® Robots with limited motion control and computing capabilities.

® Applications in which there is large free space in the work environment so that a

robot’s acceleration and deceleration process can be safely ignored.
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Chapter 4

Development of Force Field Algorithms

Chapter 3 has defined the basic concept of the proposed Force Field (F?) and then introduced
the Canonical Force Field (CF?) method for robot motion planning and coordination. The
concept of the F> method is to generate a force field for each robot that is continuously
changing according to its status including travelling speed, dimension, priority, location and
environmental factors. The interactions among a robot’s force field and the environment
provide a natural way for motion planning and collision avoidance while robots are moving in
the environment. In the CF> method, a robot travels at a constant speed and its moving

direction is determined by the resultant force acting on it.

This chapter presents further developments on the F* based algorithms. Three algorithms
which are based on the concept of F* and especially designed for different applications are
described in detail. Section 4.1 presents the Variable Speed Force Field method (VSF?), in
which a robot’s speed adaptively changes based on environmental information and its own
status. The VSF? method takes a robot’s dynamics and kinematics constraints into
consideration in motion planning, which greatly broadens the applications of the F* method.
Section 4.2 presents the Subgoal-Guided Force Field method (SGF?) which improves the F*
method by changing the way to generate attractive force. In the SGF* method, an attractive
force is generated from a chosen subgoal instead of a robot’s global goal as in the CF* method
and VSF* method. The subgoal is updated continuously in a robot’s movement based on latest
sensor information. The SGF* method is suitable for real-time motion planning and collision
avoidance in partially known and dynamically changing environments. Section 4.3 describes
the Dynamic Variable Speed Force Field method (DVSF?). In the DVSF? method, an
intermediate waypoint is selected on a pre-planned path given by a global planner. A robot
using the DVSF” method is then capable of tracking on the pre-planned optimal path while
avoiding collisions. The DVSF® method is particularly suitable for real-time collision
avoidance in a dynamically changing environment with unexpected obstacles. Simulations

have been carried out to verify the feasibility and performance of the proposed methods.

74



In the research scope of this chapter, it is assumed that robots move in a 2D space and each
robot is aware of its current location and goal position. Robots are capable of using onboard
sensors to sense their vicinities and obstacles. In the multi-robot cases, it is assumed that robots
are equipped with communication devices so that they are aware of the status of other robots,

including priorities, velocities, locations, sizes and geometries.

4.1 Variable Speed Force Field Method

In the CF* method, a robot is assumed to travel with constant speed and its moving direction is
straightforwardly determined by the attractive force and the repulsive forces from obstacles
and other robots. In many applications, a robot is required to be able to change its travel speed.
Robot orientation should also be changed but it has to satisfy the robot’s kinematic and
dynamic constraints. Dynamic and kinematic characteristics must therefore be taken into

account in motion planning.

4.1.1 The Concepts of the Variable Speed Force Field Method

The Variable Speed Force Field (VSF?) method adopts the definitions of force field, attractive
force and repulsive force of the CF> method but changes the way to decide a robot’s motion in
CF”. In the VSF* method, a robot’s motion is determined by the attractive force and repulsive
forces acting on it. In particular, its translational acceleration is a function of the attractive
force and repulsive forces acting on it and its angular acceleration is a function of force

moments acting on it, as given by Newton’s Second Law of Motion.

Define a fixed global reference frame O(X Y ) and a moving local reference frame o(x, y)

attached to a robot’s body, as shown in Figure 4-1. Let v be the robot’s translational velocity
and o its angular velocity. Assume that a robot has mass m and inertia / about its centre

of mass. Its translational acceleration v and angular acceleration @ in the moving frame

o(x,y) are given by:
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my =Fy o + ZFrep_O +Z Frep 4-1)

I =M, , + ZMrep_o + ZMrep_l (4-2)

Figure 4-1 VSF? method parameters

where F, , Is the attractive force from the goal position, K, , are repulsive forces from

M and M

obstacles and F,, | the repulsive forces from other robots. M,y o, M, o rep_1

F and F

are force moments generated by Fy o, Fep o rep_1 >

respectively.

Figure 4-1 illustrates a case containing a robot and an obstacle. In this figure, the circle denotes

a robot’s entity and the D,,,. of its force field is shown in dashed ellipse. F, , and F
are the components of the virtual attractive force, respectively. K, , and K., , are the

components of the virtual repulsive forces, respectively. The robot’s acceleration in x and y

direction, denoted by a, and ay, are given by

may = Fatt_x + Frep_x (4'3)
may =Fy y + Frop y (4-4)
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M, and M,,, are the moments generated by the virtual attractive force and repulsive force,

respectively, which are given by:

M, =1 X Fye (4-5)

Mre =X Frep (4'6)

P

where 1, is the distance from the centre of robot o to the attractive force (F, ) acting point 4.

r, is the distance from the centre of robot o to the repulsive force (F,,, ) acting point B. It is

ep
assumed that the attractive force acts on the robot’s front edge A, which is the intersection

point of the x axis and the robot's body (see Figure 4-1).

It should be noted that there are constraints which need to be satisfied, including the maximum

translational speed (v,,,, ), translational acceleration (v,

max

), angular speed ( ®,,,, ) and angular

ax
acceleration @,,,. . These parameters should be chosen based on a robot’s dynamic and

kinematic characteristics.

NS (4-7)
V] < @ (4-8)
(0] < @, (4-9)
|60] < @0 (4-10)

4.1.2 Simulations on Variable Speed Force Field Method

Simulations have been carried out to verify the feasibility and performance of the VSF?
method. In the first simulation, two-robots navigate through a narrow passage. More

complicated simulation is conducted in Simulation 2 where four-robots navigate in a complex
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indoor environment. The simulation results of the VSF* method are compared with those of the

CF? method.

Amigo robots are used in the simulation studies. The parameters of an Amigo robot (see
Figure 4-2) are: the dimension is 33cm by 28cm and the body clearance is 3cm . The

weight of this robot is 3.6kg . The maximum speed of an Amigo robot is lm/s and the

maximum angular speed is 300 degrees per second (57 /3 in radian) [136].

Figure 4-2 Amigo robot [136]

A. Simulation 1: Two-Robot Motion Planning and Collaboration

Figure 4-3 shows a scene of two robots passing a corridor. Robot 1 is supposed to travel from
S1(L5.1) to G1(9,5.4) and Robot 2 travels from §2(9,5) to G2(1,5). The robots' entities
are denoted by cycles and D, and D,,, are presented by outer dashed ellipses and inner

dashed ellipses, respectively.

Let the robots navigate in this environment using the CF* method presented in Section 3.4.

Parameters wused in this simulation are: R, =0.18m , p,=02 , k=5,

|(o|357r/3,v=0.7m/s, %

max

=0.75m/s, C=2, P=20, QO=5, Tp=1. The resultant

path of Robot 1 is denoted by solid line and the path of Robot 2 is denoted by dotted line. It is

found that the robots failed to pass this corridor.

78



When the robots approach the corridor, part of the walls (obstacles) will gradually enter the
robot force fields. The robots then begin to be acted on by the repulsive forces from the
obstacles before they enter the corridor. After the robots enter the corridor, their virtual force
fields cover obstacles (solid patches) of both sides, as shown in Figure 4-3. Forces acting on

Robot 1 include a repulsive force from Obstacle 1 (Fq, A1), a repulsive force from Obstacle 2

ep

(Frep_p1)> a repulsive force from Robot 2 (F, ) and an attractive force from its goal (Fy ¢ ).

ep_21

Similarly, forces acting on Robot 2 include a repulsive force from Obstacle 1 (F,, 4,), @
repulsive force from Obstacle 2 (K., p;), a repulsive force from Robot 1 (K, 1,) and an
attractive force from its goal (F, , ). For Robot 1, in the direction of Y axis, the main forces
acting on it are the repulsive forces from Obstacle 1 and Obstacle 2 (K, oy and F, g).

These two forces have the same magnitude and are collinear when the robot is in the middle of
the corridor. If the robot is not in the middle of the corridor, the two reaction forces will finally

‘push’ the robot, moving it to the middle.

When the two robots meet in the corridor, according to the CF* method, the moving direction
of each robot is determined by the resultant force acting on it. Any small change in the
orientation causes a significant change to the repulsive forces from obstacles and the robot is
forced to turn to another side. Thus severe oscillation in travel direction occurs as shown in
Figure 4-4. The unit of x coordinate is 0.0ls. As the result of actions of the reaction forces

and attractive forces, the two robots can not pass each other to arrive at their goals.

The VSF? method is then applied to solve this problem. Robots, obstacle information and task

information are the same as those in the case shown in Figure 4-3. Parameters used in this

simulation are: R.=0.18m, m=3.6kg, p,=02, k=5, |m|£57r/3, v =0.75m/s,

max

C=2, P=20,0=5, T,=1. Robots start with speed v, =0.7m/s. Paths found by the

VSF? method are shown in Figure 4-5. Robots’ moving directions and speeds are showed in

Figure 4-6, where the unit of x coordinate is 0.01s. The gap width between the two obstacles

(black patches) is 1.5m. Robots' entities are denoted by cycles and D, and D

min

arc

denoted by outer dashed ellipses and inner dashed ellipses, respectively. The path of Robot 1 is
denoted by a dashed line and path of Robot 2 is denoted by a dotted line.
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Figure 4-3 A two-robot case with CF> method
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Figure 4-4 Direction oscillation in a two-robot case with CF* method

Figure 4-5 shows a snapshot of the two robots’ navigation in the narrow corridor at time 4.6s .
Compared with Figure 4-3, the robots speeds are decreased from 0.7m/s to 0.6m/s (see

robots’ speed values in Figure 4-6). As a result, the coverage of the robots’ force fields

becomes smaller and robots can traverse the narrow passages.
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After the robots pass each other, the actions of the virtual attractive force from the goal and
virtual repulsive forces from the walls accelerate the robots to a higher travel speed while the
robots steer away from the obstacles and finally arrive at the goal. Path lengths for Robots 1
and 2 are 8.308m and 8.096m (the straight distances for Robots 1 and 2 are 8.006m and
8m , respectively). Hence, the VSF* method provides a solution which allows the two robots to

effectively coordinate their motion.

In this simulation, the two robots change their speeds and orientation gradually (Equation (4-3)
to (4-6)). When the two robots move closer in the corridor, they will suffer repulsive force
from each other. Both robots begin to decelerate and make a turn to avoid collision. Robot 1’s
speed reaches its minimum 0.478m/s at 5.22s (Figure 4-6 (a)). Robot 2’s speed reaches
its minimum 0.471m/s at 5.23s (Figure 4-6 (c)). When the robots pass each other, they
accelerate to higher speeds. Robot 1 reaches its maximum speed 0.75m/s at 7.41s (Figure
4-6 (a)) and Robot 2 reaches its maximum speed 0.75m/s at 8.28s (Figure 4-6 (c)). It
seems that Robot 2’s moving direction (Figure 4-6 (d)) changes rapidly at about step 400 (at

4s5). Note that in Figure 4-6 the orientation of the robots is represented in radian between

(—7z,7r) , so in fact the path of Robot 2 is quite smooth.

10r
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Figure 4-5 VSF* method: two-robot case
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Figure 4-6 VSF* method: two-robot case (robots’ speeds and moving directions)

B. Simulation 2: Motion Planning and Collaboration of a Team of Four Robots in a Complex

Indoor Environment

This simulation is conducted in the same environment as the one in Section 3.5.2 but with
more obstacles (see Figure 4-7). The dimension of this area is 20m by 20m . The simulation
includes four robots travelling in the indoor environment. Parameters used in this simulation

include: R.=0.18m, m=3.6kg, py=02, k=6, |o|<57/3, v

m

o =0.75m/s, C=2,
P=20,0=5, Tp =1. Robot 1 is supposed to travel from S, (18,1) to G (7,18). Robot 2 is
supposed to travel from S,(2,18) to G,(18,4). Robot 3 travels from S;(14) to
G, (17,12) . Robot 4 travels from S4(18,18) to G4(7,2). In Table 4-1, D shows the
straight-line distances from S; to G;. D,,, is the resultant path length found by the VSF 2

method. The straight-line distances from S; to G, (i=12,3,4) are 20.248m, 21.26m,

17.889m and 19.416m , respectively. The resultant path lengths with for Robots 1, 2, 3 and 4
using the VSF? method are 23.844m, 25.27m, 18.629m and 21.318m, respectively.
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In Figure 4-7, the paths of the four robots obtained by the VSF* method are shown in solid line,

dotted line, dash dot line and dashed line, respectively. D, .. of each robot is shown in

dashed ellipse. The robots’ entities are denoted by circles. The robots’ moving directions and

speeds during the process are showed in Figure 4-8, where the unit of x coordinateis 0.1s .
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Figure 4-7 VSF* method: four-robot case

i S; Gi D (m) D, real (m)

1| 18,1 | 7,18 | 20.248 | 23.844

212,18 | 184 | 21.26 25.27

31 1,4 |17,12 | 17.889 | 18.629

418,18 | 7,2 | 19.416 | 21.318

Table 4-1 Four robots simulation results
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Figure 4-8 VSF? method: four-robot case (robots’ speeds and orientations)

When a robot moves in free space, it travels with its maximum speed (0.75m /s ), as shown in

Figure 4-8 (a), (c), (e) and (g). When it enters the obstacle-cluttered area, it decelerates and the
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coverage of its force field becomes smaller which allows it to enter narrow passages. Figure
4-7 shows a snapshot of the simulation in this environment at time 15.8s , in which robots are
travelling in the obstacle-cluttered area. The speed of Robots 1, 2, 3 and 4 are reduced to
0.428m/s, 0.442m/s, 0.704m/s and 0.584m /s, respectively. Robots 1 and 2 are
slowing down to enter the interspaces between rectangle obstacle and round small obstacles.
Robots 3 and 4 are going to collide and Robot 4 is forced to slow down and steers clear of
Robot 3’s front. When they leave the obstacle clustered area, the robots accelerate to their

maximum speeds (see Figure 4-8).

4.1.3 Conclusions on Variable Speed Force Field Method

In this section, the Variable Speed Force Field method (VSF?) for multi-robot motion planning
and collaboration has been described in detail. Taking a robot’s dynamic and kinematic
characteristics into consideration, this method provides a much better solution than the CF>
method. By changing its speed, a robot can pass narrow passages which are not feasible in the
CF? method. When a robot travels near obstacles or other robots, it slows down to find a
possible path. When the robot leaves the obstacle-cluttered area, it will accelerate to its normal

speed.

The VSF? method inherits the advantages of the CE* method. Robots using the VSF* method
work in a decentralized architecture. A robot plans its path and motion independently
according to the surrounding environment and its own status. The VSF* method does not suffer
from replanning problems and is suitable for real-time motion planning and coordination in

complex environments.

In the simulations presented in this section, it is assumed that there are no moving obstacles in
the environment. VSF? method can be extended for use in environments with moving obstacles.
In real applications, robots are usually equipped with sensors to detect their surrounding
environments, which provide range and direction information data of obstacles nearby. In each

control cycle, moving obstacles can be treated as static obstacles. Section 6.1 details

85



experimental studies on using a laser sensor to get the information required by the F* method

for real time motion planning and collision avoidance.

In the VSF® method and other F* based methods, only obstacles and force fields of other robots
in a robot’s force field are considered in collision avoidance. Therefore a robot using the VSF>
method does not need to search for a path as many conventional approaches require. The VSF?
method is very efficient and is suitable for real time application. Since it is an inherently local
approach, the VSF* method suffers from the local minima problem. A possible solution is to
combine the F> method with a global planner to avoid being trapped into local minima, the
attractive force is then generated by a subgoal given by a global planner. Such an approach

will be detailed in Section 4.3.

4.2 Subgoal-Guided Force Field Method

4.2.1 Introduction

Figure 4-9 shows a problematic case of the CF* and VSF* methods. Let an obstacle be located
between a robot and its goal position. The three patches in the middle show several possible
robot locations on its way towards the goal. According to the CF* and VSF* methods, the robot
is attracted by the attractive force from the goal and repelled by repulsive forces from the
obstacles. Since Obstacle 1 is in the way of this robot, the robot goes towards Obstacle 1 and is
repelled from it when the repulsive force is large enough (from position A4 to position B). When
this robot is at position B, there is no repulsive force from Obstacle 1 and this robot turns back
to its goal direction (position C) because of the effect of the attractive force. Then it will be
pushed away by the obstacle again (position C). This ‘go towards obstacles’ behaviour causes

the zigzag movements and oscillations on the speed and direction of the robot.
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Figure 4-9 SGF* method: a problematic case
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Figure 4-10 SGF* method: a local minimum for F> method and PFM

Figure 4-10 shows a situation where the F> method suffers a local minimum problem like the
Potential Field Method. An obstacle is located between its start point and goal point. The

attractive force from the goal (F, ) and repulsive force from the obstacle (F,,, ) are opposite

and collinear, which causes the robot to stop at the point when the two forces are equal (in

equilibrium).
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The concept of subgoal is used in robot motion planning [137-140]. In [139], the subgoal
positions are continuously updated based on sensor data while robots are moving. In a
manipulator path planning problem, a global search tries to find a sequence of subgoals and a
serial local search conducts a local search between subgoals. This method traces back to the
global search when the local search fails to find local paths [58]. In [140], long-range sensor
data and global information are used to generate an intermediate goal and the short-range

sensors are used to guide a robot to the subgoal.

4.2.2 Subgoal-Guided Force Field Method

Based on the analyses above, a Subgoal-Guided Force Field method (SGF?) has been
developed, in which the concept of subgoal is integrated with the VSF® method. In the
scenarios considered in this section, a robot is equipped with a laser sensor. This robot is
capable of identifying openings in front of it based on the returned range data. The midpoints
of these openings are selected as subgoal candidates. A heuristic function is then utilized to
evaluate these candidates and the subgoal candidate with lowest cost will be selected as the
current subgoal. This section focuses on the theoretical study of subgoal-guided motion
planning; the approach to identify openings in a real robot’s surroundings will be described in

detail in Section 6.1.6.

Figure 4-11 and Figure 4-12 illustrate how to determine subgoal candidates in the case of
Figure 4-10. Firstly, two openings are found by the laser sensor. Opening 1 is a gap between
the front obstacle and the wall on the right and Opening 2 is a gap between the obstacle and the
wall on the left. The midpoints of Opening 1 and 2 are denoted by A and P,, respectively.

B and P, are selected as subgoal candidates.

The cost function applied by the robot to evaluate subgoals is defined as a sum of two
functions. The first function is the distance from the robot position to a subgoal candidate

(denoted by ;). The second function is the estimated distance from a subgoal candidate to

the global goal (denoted by S, ). In the scope of this research work, a robot is assumed to have
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knowledge of its own position in the global map and the position of the subgoal candidate can

be estimated from the sensor reading, soS; and S, can be calculated. The cost function is

defined by:

g=k1S1 +k252 (4'11)

The subgoal candidate with lowest cost g will be selected as the current subgoal. If there is
more than one minima existing, the subgoal will be selected randomly from candidates with
minimum cost. By tuning weighing factors &, and k,, different subgoals may be selected.
For example, a robot may choose to go to an opening which is close to its final destination
(with smaller S,) or tend to go to an opening which is near to its current location (with
smaller S;). From Figure 4-11, it seems that the robot will collide with obstacle edges if it

goes directly to subgoals. But this will not occur since the robot is always protected by its

repulsive force field while moving.

Figure 4-11 SGF* method: illustration of subgoals
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When a subgoal is determined and the final destination is not in the sensor’s range, an
attractive force is generated from this subgoal, instead of from the final destination, and
attracts this robot to the subgoal. The subgoal is continuously changed and updated based on
sensor data when a robot is moving. When the final destination is found within the sensor’s

range, the robot will move to it directly.

The SGF? method follows the definition of the force field and repulsive force of the F* method,
but changes the way of defining attractive force. It is a generic approach for all F* based

methods. For different applications, a robot’s motion can be determined by either CF* with

Equation (3-21) to (3-25) or by VSF* with Equation (4-1) to (4-10).

4.2.3 Simulation Studies on Subgoal-Guided Force Field Method

This section presents the simulations carried out using the Player/Stage platform [141], which
will be introduced with more details in Section 6.1.1. A robot is supposed to travel from its
start point to a goal point in indoor environments. This robot is equipped with a laser sensor
and an Adaptive Monte-Carlo Localization driver (amcl) [142] is utilized to determine its
location. The update threshold of the amcl driver is set to be 10 degrees or S5cm , that is, the

amcl driver returns with this robot’s new pose when there is a displacement of 5cm or
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angular displacement compared to the amcl driver’s last output. Robot parameters are selected

based on those of a pioneer robot [143]. In all simulations, k; and k, aresetto /.

A. Case 1: local minimum problem

In this simulation, the local minimum problem shown in Figure 4-10 is studied. A robot is
supposed to travel from §(-0.5,-1) to G(—0.5,1.5). Obstacle 1 is located between the robot
and its destination. In the case shown in Figure 4-11, two subgoal candidates are A and P,.
For A, the distance from the robot to A is §;,=2.567m and the distance from F to
global goal is S, =1.995m . From Equation (4-11), the cost
g =kS) +kyS, =1x2.567+1x1.995=4.562. For P,, the distance from the robot to P, is
S, =2.875m, the distance from P, to global goal G(—0.51.5) is S, =2.844m. The cost
g, =kS, +k,S, =1x2.875+1x2.844=5.719 . Since g, <g,, B is then selected as the

current subgoal. The motion control is then calculated by Equation (4-1) to (4-10) as in the

VSF? method.

Simulation snapshots are given in Figure 4-13. In Figure 4-13 (a), £, and P, are two
subgoal candidates. B is selected as the current subgoal according to Equation (4-11). Then
an attractive force is generated from £, which makes the robot turn right, as shown in (b). In
(b), there are three subgoal candidates, A, P, and P . P, is selected as the new subgoal,
which also makes the robot turn right. The subgoal is continuously updated in the robot’s
movement, e.g., B in (¢), B in (d), B in (¢), B in (f) and F in (g). Under the
influence of attractive force from these subgoals, the robot steers clear of Obstacle 1. In (h),
the robot’s global goal G is in the laser’s range. An attractive force is then generated from

G and no subgoal is needed. The resultant path is shown in Figure 4-14. The robot arrives at

its destination successfully and the path is quite smooth.
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B. Case 2: motion planning in a changing environment

The map used in this simulation is shown in Figure 4-15. A robot is supposed to travel from

the start point at S(-3,-2) to the destination G(1,1.5). Figure 4-15 gives a snapshot when
the robot is about to move. Six subgoal candidates are found (denoted by A, P, B, P,

P, F;)here. P, is selected as current subgoal. The resultant path is shown in Figure 4-16.

If the environment changes, for example, the lower corridor is blocked as shown in Figure
4-17, the subgoal candidates found are depicted as F to P,. From Equation (4-11), P, (P, in
Figure 4-15) is selected as the current subgoal. The resultant path is shown in Figure 4-18.
These simulations show that the SGF® method is applicable in dynamically changing

environments.

The proposed Subgoal-Guided Force Field (SGF?) method has been tested in simulations. Case
1 shows that the SGF* method performs better than the CF* and VSF* methods in solving local
minimum problem. Since the subgoal is continuously updated based on sensor data, the

Subgoal-Guided F* method is applicable in a changing environment (as in Case 2).
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Figure 4-18 SGF” method: Case 2 - new path

4.2.4 Conclusion on the Subgoal-Guided Force Field Method

This section has presented a Subgoal-Guided Force Field method (SGF?), which greatly
improves the performance of the F> method. In the SGF* method, a robot first analyses the
surrounding environment and finds possible passages to approach. The midpoints of these
found passages are selected as subgoal candidates. These candidates are then evaluated by a
heuristic cost function to determine which subgoal to move towards. The cost function is the
sum of two parts: the distance from the current robot position to a subgoal candidate and the
estimated distance from a subgoal candidate to the global goal. Once a subgoal is selected, the
robot moves to that subgoal. The subgoal is continuously updated based on sensor information
until the global goal is visible by the robot. The proposed SGF> method has been demonstrated

feasible and efficient by simulations carried out in the Player/Stage platform.

By combining the concept of subgoal with the F* method, the SGF? is capable of reducing the
‘go towards obstacles’ behaviours and of being immune to local minimum problems of other

F? based methods. A robot using the SGF* method needs to have the knowledge of its location
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in the global map and the position of its goal, but does not need a complete global map of the
whole environment. Thus, SGF? is suitable for real-time motion planning and collision

avoidance in partially known and dynamically changing environments.

4.3 Dynamic Variable Speed Force Field Method

4.3.1 Local Obstacle Avoidance

A local obstacle avoidance approach is usually employed to change a robot's trajectory based
on the updated sensor data during its movement. One of the simplest obstacle avoidance
approaches is the ‘bug’ algorithm, in which a robot follows the contour of each obstacle in its
path and circumnavigates them [144]. No kinematic or dynamic constraints are considered in
this approach. The Potential Field Method has been a popular approach for real-time obstacle
avoidance because of its mathematical simplicity [42]. A robot is often treated as a point under
the influence of an artificial potential field and no kinematic or dynamic constraints are taken

into account.

A method which is particularly relevant to the work presented here is the Elastic Band method
proposed in [56]. This technique tries to combine the global path planning with real-time
sensor-based collision avoidance. A pre-planned global path is deformed in real-time to keep a
robot away from obstacles during its movement, while the internal contraction forces bring the
robot back to its original path when the obstacle is out of the sensor range. This method also
takes into account the actual shape of the robot and restricts the search space by the concept of
a ‘bubble’. A bubble is defined as the maximum local subset of the free space around a given
configuration of the robot which can be safely traversed in any direction without collisions.
Given such bubbles, a band or string of bubbles can be used along the trajectory from the
robot's initial position to its goal position to show the robots’ expected free space along the

pre-planned path.
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The obstacle avoidance techniques mentioned above and other variations have been proved to
be effective in the presence of static obstacles in the environment. However, they are not
directly applicable to dealing with dynamic obstacles, since the characteristics from the
moving objects such as travelling speed, size, etc., are not built into the algorithms. The
Dynamic Variable Speed Force Field (DVSF?) method proposed here is designed around these
premises and performs well in partially known and continuously changing environments. The
DVSF? method adopts the definitions of force field and repulsive force in the CF* and VSF?
methods, but the attractive force is generated by a temporary waypoint selected from a pre-
planned path. Thus a robot is capable of tracking the pre-planned path while avoiding

collisions.

4.3.2 Dynamic Variable Speed Force Field Method

DVSF? follows the definition of force field and repulsive force in the F* method, but changes

the definition of attractive force and the way to determine a robot’s motion.

A. Subgoal Selection and Attractive Force

Similar to the SGF? method, the DVSF? method generates a temporary goal for a robot based
on the latest sensor data. This temporary goal then generates an attractive force which will
attract the robot to it, but the difference is that the intermediate goal in DVSF” is selected from
the points on a pre-planned optimal path. In this way, the robot tries to follow the pre-planned
path while avoiding potential collision with obstacles. The optimality of the resultant path is
well-preserved. The pre-planned path can be generated by any global planner. In this research,

the path is planned by an optimized global planner proposed by Taha et al. in [4].

At any given time a temporary goal is selected as the furthest visible point provided by the
sensor along the pre-planned global path, which is given by a high-level global planner. A

virtual attractive force, denoted by F, ¢, is associated with this temporary goal to attract the
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robot from its current location towards the goal. This force directs from the centre of this robot

to the temporary goal and its magnitude is set to be a positive constant Q.

Fo o =0 (4-12)
B. The Resultant Force

The resultant force acting on the robot is given by the sum of the attractive force and repulsive

forces from obstacles and other robots.

Ft = Fatt + Frep

otal

(4-13)

n m
= Fatt_tg + Z Frep_o_i + ZFrep j_1
i=1 1=1

where n is the number of obstacles (including moving obstacles) which are detected by a

robot’s sensor and m is the number of detected robots. F

rep_o_i 18 the repulsive force from

obstacle i. F, ; isthe repulsive force from another robot /.

C. Motion Equation

A robot’s motion in a 2D environment can be described by the translational speed v and the

rotational movements about its centre of mass @ , which are given by:

V= A Vinax (4_14)
. max( Frep o il |Frep i1 ‘)
P
o :U(LFtotal _91) (4_15)
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where P is the positive constant which determines the magnitude of the force field. 4 and

n are positive constants. Equation (4-14) guarantees that a robot’s speed will be sensitively

influenced by the magnitude of repulsive forces acting on it. The maximum of current
repulsive forces is utilized in Equation (4-14) to ensure that the robot will decelerate
adequately to avoid potential collisions. Equation (4-15) defines the angular speed as a
function of the angular difference between the desired direction along the resultant force and

the robot’s current orientation 6, .

4.3.3 Simulations Studies on Dynamic Variable Speed Force Field Method

The proposed DVSF? method is evaluated by simulations on an automated wheelchair platform
in an office-like environment with narrow passages, doors, long corridors and cluttered static
and dynamic obstacles. The large mechanical platform measures 1.2m by 0.7m . The
wheelchair has two differentially driven wheels at the rear and two passive casters at the front
and can travel at speed of up to 15km/h. A laser sensor is installed on the wheelchair to obtain

environment information, as shown in Figure 4-19.

'

Figure 4-19 An automated wheelchair [4]
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In the simulation scenario, the wheelchair robot starts when an optimal path is found by the
global planner, denoted by the brown line in Figure 4-20. The DVSF? method then tends to
direct the robot away from obstacles while tracking the pre-planned path, making the path not
only feasible and kinematically ‘gentle’ for the platform, but also maximising clearances with
the obstacles known at this stage along the minimal distance path. The real path is shown by

the blue line in Figure 4-21 and Figure 4-22.

Figure 4-21 depicts the scenario when a static obstacle (square box) is placed in the vicinity of
the robot while the robot is navigating along the given path. It can be seen that the DVSF
method is capable of avoiding the obstacle, generating the tracking trajectory shown in blue.
The presence of a moving obstacle in the narrow corridor (as shown in Figure 4-22) also
makes the robot take evasive action. The robot slows down because of the short distance
between the robot and the dynamic obstacle and then speeds up once the obstacle is passed.
This is also the case when the robot crosses narrow spaces such as doors, as reaction forces
from obstacles are exerted on the robot in the opposite direction. In the simulations presented
here, the moving obstacle (denoted by the small box) is assumed to follow a predetermined
path with a constant speed to simulate the presence of a person moving in the vicinity. In
Figure 4-23, the pre-planned global path is completely blocked by the presence of the static
obstacle. The environment change is detected by sensors on the wheelchair and the global

planner is called to replan a new path from the robot’s current location to the goal.

In this simulation, a large robot is made to travel in a challenging environment with narrow
passages and dynamic obstacles. Since the size of this robot is large, the space for the robot to
avoid collision is very limited. The robot must react to the environment quickly for safety
reasons, so rapid changes in the robot’s speed can be observed when it traverses narrow

passages or is close to obstacles.

4.3.4 Conclusions on the Dynamic Variable Speed Force Field Method

This section has presented the DVSF* method which is a novel F* based approach for real-time

collision avoidance. In the DVSF? method, an attractive force is generated by a temporary
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waypoint which is selected as the furthest visible point on a pre-planned optimal path. Thus a
robot is capable of tracking the optimal path while avoiding collisions with obstacles. The
motion planner of the DVSF” method is designed to be simple and easy to implement, which
makes it especially suitable for collision avoidance in dynamically changing environments.
Simulation with a large wheelchair platform was carried out in an indoor environment to prove

the feasibility of this approach.

This section provides a way to combine F> method with a global planner. With the help of a
global planner, a robot using the DVSF? method is capable of avoiding collisions with moving
obstacles and dealing with environment changes. Compared to other existing approaches, the
way to generate a subgoal presented in this section can be easily implemented in real

applications.
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Figure 4-20 DVSF” simulation: snapshot 1
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4.4 Discussions on Force Field Methods

Four F? methods have been studied in this thesis, including the CF?, VSF?, SGF? and DVSF?
methods. These methods adopt the same definition of a robot’s force field. The CF? is the
original version of the F* method and can be considered as a special case of other three
methods. In CF?, a robot moves at a constant speed and its moving direction is determined by

the direction of resultant forces acting on it.

The VSF* method improves the F> method by allowing a robot to alter its speed based on
environment information. The motion control equations (4-1) to (4-10) are introduced to

ensure that a robot fulfills its dynamic and kinematic constraints.

The SGF* method improves the way of generating attractive force. The concept of subgoal in
SGF? is also applicable to the CF* method. CF” is actually a special case of SGF” in which the

subgoal is the final destination and the robot’s speed is fixed.
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The DVSF? method improves CF? by varying a robot’s speed according to the maximum
repulsive force acting on it. If this maximum repulsive force is much smaller than the repulsive
force constant P, the robot can be considered as traveling with constant speed. The equation to
determine a robot’s angular velocity in CF? equation (3-24), is a special case of the motion

equation (4-15) , when the factor n=1/A¢.

4.5 Conclusions

In this chapter, three F* originated algorithms are presented, including the Variable Speed
Force Field method (VSF?), Subgoal-Guided Force Field method (SGF?) and Dynamic
Variable Speed Force Field method (DVSF?). In the VSF? method, a robot’s dynamic and
kinematic characteristics are taken into account in motion planning and collision avoidance. A
robot’s speed is adaptively changing based on environment information and its own status. The
VSF? method greatly broadens the applications of the F* method. The SGF* method introduces
the subgoal into the F> method. In this method, a robot analyses its surrounding environment
using sensor information and then selects a subgoal to follow. The SGF” method is suitable for
real-time motion planning and collision avoidance in partially known and dynamically
changing environments. The DVSF” is suitable for integration with a global planner. In this
method, a temporary waypoint is selected on a pre-planned path. A robot using the DVSF*
method is able to follow the pre-planned path while avoiding collisions. The DVSF* method is
suitable for real-time collision avoidance in dynamically changing environments. The
feasibility and performance of these approaches is demonstrated by various simulations carried

out in various environments.
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Chapter 5

Optimization based Parameter Refinements

The Force Field (F?) based methods presented in Chapter 3 and Chapter 4 use several
parameters which have a significant effect on the performance of these methods. This raises
the requirement of finding appropriate/optimal values of the parameters for the F* methods.
This chapter starts by analysing the effect of parameters in the F* methods on motion planning
and collision avoidance in Section 5.1. An emerging algorithm in the evolutionary
computation family, the Particle Swarm Optimization (PSO), is then briefly reviewed in
Section 5.2. The PSO algorithm is then successfully applied to search appropriate parameter
values for optimising the performance of the F* methods in single-robot and multi-robot
motion planning and coordination in Section 5.3. A Particle Swarm Optimization Tuned Force
Field method (PSO-tuned F?) is presented for solving the single objective optimization
problem of robot motion planning using the F* method. Then a multiobjective optimization
approach, a Ranked Pareto Particle Swarm Optimization (RPPSO), is proposed in Section 5.4
and utilized to solve the multiobjective motion planning and collision avoidance problems
using the F? method in Section 5.5. Conclusions are given in Section 5.7. The Variable Speed
Force Field method (VSF?) is used in the following robot motion planning simulations, but

techniques presented in this chapter are suitable for all F* based methods.

5.1 Introduction

The parameters in the F> methods include: radius of a robot R, , robot’s location in the global

reference frame (X,,Y,.6, ), the absolute value of robot speed v, , the maximum speed v,

max >

robot’s priority 7, , environment factor (C ), scalar constant & which affects a force field’s

coverage area, scalar constant p, defining the coverage area of D scalar constant P

min >
defining the magnitude of repulsive force and scalar constant ( defining the magnitude of
attractive force. Among these parameters, R, and v,, are fixed when a robot is selected.

X

X,, Y., 6, and v, are measured real-time. 7, is a robot’s priority compared with other
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robots and is a fixed value once assigned by a planner. So the parameters £, C, P, O and

P, need to be designed when applying the F? methods.

A simple example is studied here to highlight the importance of parameter settings in the F*

methods. Figure 5-1 shows an area of 10m by 10m . A robot is supposed to travel from

S (2,3) to G(8,7). The centre of a circular obstacle with radius R=1m 1s located at

(5,4.5). Simulations are carried out using several groups of parameters in the VSF> method. In

Figure 5-1, Paths 1 to 5 are simulation results using randomly selected parameters. Path 6
(shown in solid line) is the result of optimized parameters using the approach to be presented
in Section 5.3. The corresponding parameters are given in Table 5-1. It can be seen from
Figure 5-1 that given different parameters, VSF* will return with various results for the same
task. For example, the 2nd set of parameters leads to better results than using other sets of
parameters in terms of travel distance; by contrast, using the 4th set of parameters fails to find

a solution since collision occurs when the robot travels close to the obstacle.

This simulation shows that parameter selection is important to the performance of the F?
methods. Thus suitable optimization approaches are required to find appropriate parameters for
F? methods. To this end, an efficient and simple algorithm, such as the Particle Swarm

Optimization (PSO) algorithm, is very attractive.
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Figure 5-1 Single objective optimization Case 1: paths resulting from different

parameters
Set of Parameters | Path Length k P 0 C Po | Success
(m)
1 15.447 6.741 | 17.716 | 5.050 |2.521 | 0.674 | Yes
2 8.196 8.198 | 15.318 | 10.209 | 2.088 | 0.551 Yes
3 9.500 9.415 | 17.707 | 6.952 | 1.825 | 0.436 | Yes
4 N/A 4.578 | 13.053 | 5.092 | 2.627 | 0.216 No
5 9.586 8.707 | 7.571 | 7.318 | 2.517 | 0.522 | Yes
6 7.106 4238 | 9.566 | 9.268 | 1.623 | 0.298 | Yes

Table 5-1 Parameters in single objective optimization Case 1
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5.2 Particle Swarm Optimization (PSO)

PSO was proposed by Kennedy and Eberhart in 1995, motivated by observation of the social
behaviour of birds flocking or fish schooling. [145]. At the beginning of PSO, a number of
particles are placed in the search space of a problem or function. The objective function is
evaluated by each particle at its current position. Each particle then determines its movement
through the search space by considering the history of its own current and best (best-fitness)
locations with those of one or more members of the swarm. The next iteration takes place after
all particles have been moved. Eventually the swarm will approach an optimum of the fitness

function.

Suppose the dimension of the search space is Z and the number of particles is N . The
position of the i particle in the search space is represented as X; =(x,1.%2,X;3...,.X;7 ) . Each
particle maintains a memory of its previous best position denoted by

Ppet i =(pi.Pi2: Pz Diz ). The best value of all Py, is the global best Gy . Vector

V; =(V1.Vi2, Vi3, vz ) s the velocity of the i" particle. Each particle updates its position in

the search space according to the following equations.

Vip SV €+ R (B)est — Xz ) + e (Gbest - xiz) (5'1)

Xiz = Xiz + Viz (5'2)

where ¢ is the inertia factor, ¢, and c, are two positive constants and 7 and 7, are two

random functions in the range [0,1] .

Because of its simple mechanism and promising optimization ability in various problems, PSO
has been successfully applied in many research and application areas [146-165]. Specially,
PSO has been proved to be able to converge faster to an acceptable solution than other existing
methods [161, 164, 166-170]. For the parameter optimization problems addressed in this

research work, such faster convergence behavior is highly desirable. A robot navigating in a
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dynamic environment must be able to respond to changes quickly, so it is crucial for the
optimizer to find an acceptable solution as quickly as possible. Therefore, PSO has been

adopted for parameter optimization of the F* method.

5.3 Particle Swarm Optimization Tuned Force Field Method

The Particle Swarm Optimization is utilized to solve the parameter optimization problems of
the VSF? method, which results in the PSO-tuned F* method. Parameters in the VSF*> method

include k&, P, O, C, p,. The goal is to find suitable parameters which will minimize the

total length of paths. The feasibility of the PSO-tuned F* method is demonstrated by the

simulations in this section.

5.3.1 Single Objective Parameter Optimization

In the VSF? method, k is a positive multiplier which determines the coverage area of a force

field. P is a positive constant which determines the magnitude of repulsive force. Q is a
positive constant which determines the magnitude of attractive force. C denotes the

environmental influence on the coverage of a force field. p, is a positive fractional number

with 0< p, <1 and determines how close the robot can be separated from obstacles.

The i particle and its fitness value are defined as:

x;=[k PO C p,] (5-3)
w
f(xi)=2 FF(x;) (5-4)
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where FF (xi) is the resultant path length obtained from the VSF* method using parameters

X.. W is the number of robots in the task.

Y,

When a robot is assigned a task, for example, travelling from a start point (X tart

start >’

) toa

Y,

goal point (X ‘zoal

goal’ ), the VSF* method will be called to drive this robot towards its
destination while avoiding any potential collision with obstacles and other robots. When a

robot reaches its destination, FF(x;) returns the real travel distance. If a robot fails to reach
its destination using parameters X; or collision occurs, FF (xi) returns with a very high

value. The sum of FF (xi) from all robots in the working space is then used as a fitness

value in PSO.

PSO calls the F* method repeatedly and tries to minimize the fitness value according to
Equations (5-3) and (5-4). This process continues until the user-defined stopping criteria are
satisfied. In the following simulations, the stopping criterion is set to be 50 iterations, i.e. PSO

returns the optimization result after running 50 iterations.

5.3.2 Simulations Studies on Single Objective Optimization

For all simulations in this section, the parameters of robots are selected based on the Amigo
robot (Figure 4-2) [136]. Each robot has an assigned task and each robot knows its start and
goal positions. Robots are equipped with communication devices such that they know the
status of other robots, including task priorities, velocities, positions, and so forth. Task

priorities of all robots are set to be T, =1, i.e. no robot has priority over other robots during

collision avoidance.

The first simulation is conducted in a simple case, that is, only one robot and one static circular
obstacle are in the working space. A two-robot case and a four-robot case presented in Section

4.1.2 are further studied here. The stopping criteria of these simulations are set to be 50
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iterations. The results with optimized parameters are compared with previous results to show

the performance of the PSO-tuned F* method.

A. Case 1: Single Robot and One Obstacle

This simulation study is conducted using the example shown in Figure 5-1: a robot is supposed

to travel from §(2,3) to G(8,7), and the centre of a circular obstacle with radius R =1m
is located at (5,4.5) . The ranges of the parameters are empirically set as: ke [2,10] ,
Pe [5,20] R Qe[S,ZO] s Ce[1.5,3] s P 6[0.2,1] . Parameters for PSO, ¢, and ¢, in
Equation (5-1), are set to be 2. The inertia factor & 1is set to be a random decimal fraction
between [O, 0.5]. After running PSO for 50 iterations, the optimization process is shown in
Figure 5-2. In Figure 5-2, the solid line shows the resultant path length at each iteration. The
valuesof k£, P, O, C, p, ineach iteration are shown by the dashed line, dashdotted line,

dashdotted line, dashed line and solid line, respectively. In this case, the PSO reaches a steady
state after 39 iterations. The optimal values of the parameters are: k=4.238, P=9.566,

0=9.268, C=1.623 and p,=0.298. The optimal path length obtained is 7.106m , which

is much shorter than those using parameters listed in Rows / to 5 in Table 5-1.
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Figure 5-2 Single objective optimization Case 1: optimization results
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B. Case 2: Two Robots Navigating in a Corridor

The case study scenario presented in Section 4.1.2 is further studied here as Case 2. In Figure

5-3, Robot 1 is supposed to travel from S,(1,5.1) to G;(9,5.4) and Robot 2 travels from

S, (9,5) to G, (1,5). The distance between the two obstacles (walls) is 1.5m. Previous

results obtained in Section 4.1.2 are listed in the first row in Table 5-2. The path of Robot 1 is
denoted by the dashed line and the path of Robot 2 is shown by the dotted line.

The parameter ranges are empirically set as: k € [2,10] , Pe [5,20] , Q€ [5,20] , Ce [1.5,3],
£o 6[0.2,1]. Parameters for PSO, ¢; and ¢, in Equation (5-1), are set to be 2. The inertia

factor ¢ 1is set to be a random decimal fraction between [O, 0.5] . For each optimization, PSO

was executed for 50 iterations. Rows 2 to 6 in Table 5-2 list some results obtained using the

PSO-tuned F? method.

Figure 5-3 shows the paths using parameters listed in the 6th row of Table 5-2. Paths of Robots
1 and 2 are denoted by solid line and dashdotted line, respectively. The corresponding
optimization process is shown in Figure 5-4. The solid line shows the resultant path lengths of
each iteration. The values of £k, P, O, C, p, in each iteration are shown by the dotted
line, dashdotted line, dashdotted line, dashed line and solid line, respectively. In this
optimization process, PSO reaches a steady state after 4/ iterations. The parameter values are:
k=3.777, P=7479, 0=19356, C=3.272 and p,=0.488. The path length using
optimized parameters is 15.449m , which improves 5.81% compared with the non-optimized

result (16.402m ) in terms of path length.
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Set of The Sum of Path k P 0 C p, | Improve-
Parameters Lengths of Two ment
Robots
(m)
1 16.402 5 20 5 2 0.2 N/A
(from Section 4.1.2)

2 15.441 2.301 | 17.019 | 45.979 | 2.154 | 0.411 | 5.86%

3 15.460 2.634 | 11.309 | 25.490 | 2.625 | 0.648 | 5.74%

4 15.534 3.653 | 9.843 | 30.505 | 2.662 | 0.323 | 5.29%

5 15.660 0.853 | 9.461 | 19.418 | 1.112 | 0.299 | 4.52%

6 15.449 3.777 | 7.479 | 19.356 | 3.272 | 0.488 | 5.81%

Table 5-2 Parameters in single objective optimization Case 2
Obstacle 1
Robot 2 (previous path) \ Robot 1 (optimized path)

Robot 1 (previous path) ~ 2

—_————

G2 e oz e S2
s1 e T vt rLri = B |
/ Robot 2 (optimized path)
Obstacle 2

Figure 5-3 Single objective optimization Case 2: two robots in a corridor
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Figure 5-4 Single objective optimization Case 2: optimization results

C. Case 3: Four Robots in an Indoor Environment

The PSO-tuned F* method is further tested in a four-robot navigation scenario studied in

Section 4.1.2. Figure 5-5 shows the indoor environment with static obstacles. The dimension

of this area is 20m by 20m. Robot 1 is supposed to travel from S (18,1) to G(7.18).
Robot 2 is supposed to travel from S,(2,18) to G,(18,4). Robot 3 travels from S;(1,4) to

G5(17.12) and Robot 4 from S,(18,18) to G,(7,2).The parameter ranges are the same as

those used in Case 2.

The parameters and the resultant path length obtained in Section 4.1.2 are listed in Row 1 of
Table 5-3. Rows 2 to 6 show the optimized parameters and the sum of the resultant path
lengths of four robots obtained by the PSO-tuned F* method. In Figure 5-5, the paths of the
four robots obtained using parameters in Row 2 of Table 5-3 are shown by the dotted line,
solid line, dashed line and dashdotted line, respectively. The parameter values are £ =2.079,

P=5310, 0=11.427, C=1.157 and p,=0.441. The corresponding path lengths for
Robots 1, 2, 3 and 4 are 21.023m, 23.484m, 18.506m and 19.399m , respectively.
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Compared with the previous results in Section 4.1.2, the total length is reduced from 89.061m
to 82.412m, an improvement of 7.47%. Path lengths for Robots 1, 2, 3 and 4 are reduced
from 23.844m, 25.27m, 18.629m and 21.318m to 21.023m, 23.484m, 18.506m and
19.399m , respectively.
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Figure 5-5 Single objective optimization Case 3: four robots navigation

Sets of The Sum of Path Lengths k P 0 C £o Improv
Parameters of Four Robots e-ment
(m)
1 89.061 6 20 5 2 0.2 N/A
(from Section 4.1.2)
2 82.412 2.079 | 5310 | 11.427 | 1.157 | 0.441 | 7.47%
3 85.906 8.979 | 29.543 | 13.454 | 2.701 | 0.348 | 3.54%
4 88.919 6.397 | 10.874 | 9.327 | 2.217 | 0.508 | 0.16%
5 88.297 7.312 | 10.389 | 6.939 | 2.575 | 0.584 | 0.86%
6 86.820 4.658 | 9.041 | 9.188 | 1.469 | 0.427 | 2.52%

Table 5-3 Parameters in single objective optimization Case 3

116



5.3.3 Conclusions on Particle Swarm Optimization Tuned Force Field Method

The PSO-tuned F* method has been described in detail. The parameter settings in the F* based
methods have significant effect on the performance of the methods, which reinforces the
requirement for finding optimal parameters. Parameters optimised in this optimization problem

are: k, P, O, C, p,.The PSO approach is applied to find the optimal parameters which

minimize the resultant path length. The proposed approach is then tested in three typical
environments. Simulation results show that this approach is capable of finding appropriate

parameters for the F* method.

5.4 Ranked Pareto Particle Swarm Optimization Method for

Multiobjective Parameter Optimization

The PSO-tuned F” method presented in Section 5.3 is suitable for single objective optimization,
i.e. to minimize a robot’s path length. However, most real-world motion planning problems
have several objectives. For example, a robot may need to keep as far as possible from
obstacles while trying to minimize its travel distance. This necessitates multiobjective
optimization. A novel multiobjective optimization method - Ranked Pareto Particle Swarm
Optimization (RPPSO) - is proposed in this section for solving the multi-objective motion
planning problems of multiple mobile robots by taking into account collision avoidance

between robots and obstacles as well as minimum travel distance.

At the beginning of RPPSO, particles are initiated randomly in the search space. These
particles are then ranked by their qualities with regard to all objectives. Those particles with
good qualities constitute the Global Best which stores the current best solutions found by
particles. At the same time, each particle maintains a memory of its best position, denoted by
Particle Best. Particles then update their locations based on the Global Best and the Particle
Best. Thus particles in RPPSO will search many possible directions. Ideally, a set of optimal

solutions will be found when the termination criterion is met.
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5.4.1 Key Concepts in Multiobjective Optimization Problems

The concept of Pareto Dominance proposed has been widely used in the research of the

Multiobjective Optimization Problem (MOP). In general, an objective vector F, in a

minimization problem is said to dominate another objective vector K, , denoted by F, < F,, if

and only if

fi<fy; Vie{l2.. . m| (5-5)
and

f,.<fi. Ijeil2...m 5-6
a,j = "byj J

where f,; and f,; are componentsof F,, f,; and f,; are components of F,.

o1

For a multiobjective problem, a solution is said to be Pareto Optimal if it is not dominated by
other solutions in the search space. The set of all Pareto Optimal solutions is called a Pareto
Set. The aim of a Multiobjective Optimization Problem (MOP) is to derive a set of non-
dominated solutions with objective values as close as possible to the objective values of the
Pareto Set, denoted by Pareto Front. The concept of Pareto Optimal is a useful tool. For
multiobjective robot motion planning problems, the quality of a resultant path can be evaluated
from several aspects, such as the path length, path smoothness and safe distance to obstacles.

For an example of the application of Pareto Optimal in robot motion planning, see [171].

The so-called Multiobjective Evolutionary Algorithm (MEA) has been shown to be suitable
for solving multiobjective problems [172-176]. At each iteration, fitness values (relevant to
objective values) are evaluated in order to determine better solutions for the next generation.
As a result, this will ideally lead to a population of optimal solutions when some termination
condition is satisfied. Following this, MEAs have to overcome two major problems [177] . The

first problem is how to get close to the Pareto Optimal Front. The second is how to retain
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diversity among the solutions in the obtained set. These two problems have become common

criteria for most algorithmic performance comparisons.

The concept of PSO is suitable for multiobjective optimization. Firstly, PSO is able to find
many nondominated solutions with a single run because of its inherent parallel nature.
Secondly, the mechanism of PSO is simple so that it can be easily combined with any
multiobjective optimization functions and constraints. Thirdly, in PSO, the movement of each
particle depends upon its own best history and best locations found by other members of the
swarm, which ensures a better balance between the speed of convergence and the search-space
exploration. Last but not least, PSO has been found to be very effective and able to produce

good results at a low computational cost.

5.4.2 Ranked Pareto Particle Swarm Optimization Method

The Ranked Pareto Particle Swarm Optimization method (RPPSO) follows the basic idea of
the Particle Swarm Optimization method (PSO). The flowchart of the RPPSO is given in
Figure 5-6 (where equations invoked in calculating the variables are indicated within brackets).
Symbols and abbreviations used are listed in Table 5-4. The equations involved in each

process are enclosed in brackets in the flowchart.

A. Fitness Assignment

Consider a multiobjective minimization problem,

minF(X), XeR®
Pey

where Xz{xl,xQ,...,xé} is an & -dimensional vector having & decision variable or

parameters and ¢ defines a feasible set of P. F={ JioSaees fy,} is a vector with

objective functions to be minimized.
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At the beginning of iterations, particles are initialized randomly in the search space. Assume

particles are denoted by X . As stated above, X; isan ¢ -dimensional vector which has &

decision variables (parameters in this research):

X; ={x1.%..%), i=12..,PN (5-7)

where PN is the total number of particles.

Symbols | Descriptions

& number of decision variables or parameters
4 number of objectives to be minimized

PN particle numbers

RFV raw fitness value

RFVM raw fitness value matrix

MFV modified fitness value

MFVV modified fitness value vector

GMFV | global modified fitness vector

PRV particle rank value

PCN particle copy number

Gbest glObal best

Prog particle best

Table 5-4 Nomenclature in RPPSO method
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Figure 5-6 RPPSO flowchart
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For any objective j, a raw fitness value (RF'V) is obtained for each particle:

RFV,, = [:(X;), j=12...v (5-8)

where i is the particle number and ; is the objective function number. Thus with regard to each
objective j, a raw fitness value matrix (RFVM) is attained for each iteration, which is a

w x PN array of raw fitness values:

RFV]I RFV]Z o RFVLPN
RFV. RFV. .o RFV.

REVM = : 21 : 2,2 . :Z,PN (5_9)
RFVW,I RFVV/’2 e RFV(//,PN

The raw fitness value of each particle is then compared with raw fitness values of all other

particles. To set a comparison criterion, define that for a minimization problem f, particle
i, is said to dominate particle i, with regard to objective f; if and only if the raw fitness

value of particle #; is smaller than that of particle i,,

RFV, <RFV, —j=12..y (5-10)

For each particle, the modified fitness value (MFV) on an objective is defined as the total
number of other particles which are dominated by this particle. MFV shows the quality of

particles regarding objective f, i.e. particles with higher MFV are more desirable than those
particles with lower MFV. For objective f,;, a PN-dimensional vector of modified fitness

value (MFVYV;) in a generation is obtained:

MFVV; = {MFV, ,MFV,,,...MFV; o}, j=12,...0 (5-11)

122



For every objective, the same process is repeated and a MFVV is obtained. The sum of all
MFVVs is called a global modified fitness vector (GMFV ), which is a PN-dimensional

vector:

GMFV= Y MFVYV, (5-12)
J=12. .y

The GMFV can be treated as a benchmark of particle general quality with regard to all
objectives. Particles with higher GMFV s have higher qualities than those with lower
GMFYV s in general. Note that a particle with higher GMFV does not need to have better
MFVs (or RFV s) on each objective than those with lower GMFYV .

B. Global Best

The Global Best in RPPSO stores the current best solutions found by particles (denoted by
Gyt )- In standard PSO, Global Best stores one best solution found by all particles. Global
Best in RPPSO does almost the same task, except that Global Best in RPPSO is a PN-

dimensional vector which stores PN best solutions found by all particles. The particle rank

value (PRV) of i" particle is defined by

GMFYV,

TS GMFY,
i=1,2,....PN

x PN, i=12,...,PN (5-13)

The PRV, is a decimal fraction which is proportional to the GMFYV; of a particle. This

value is then rounded to an integer, denoted by Particle Copy Number (PCN), which

determines how many copies of this particle will enter the Global Best of this generation:

PCN, = f(PRV;), i=12,...,PN (5-14)
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To ensure that there are enough candidates for Global Best, the function f(PRV;) rounds to

the nearest integer towards infinity. The particles which hold higher PRV’s have the priority to
enter the Global Best vector. This process continues until the Global Best vector is filled up.
Particles with lower PRVs, not contributing to solution improvements, will not enter the Global
Best vector if Global Best vector has been filled by copies of particles with higher PRVs and

redundant particles will be abandoned.

C. Particle Best

The best history of all particles is stored in a PN-dimensional vector, denoted by Py . To

achieve this, the algorithm keeps the records of the best history of each particle. For each

particle, its current location will replace its Py, only when its current raw fitness values

(RFVs) for all objectives are better than those in = Py .

D. Update

Each particle updates its position according to the following equations.

Vaew = Vo€ + A7 (Poest = Xowa ) + €27 (Gest = Xota) (5-15)

Xnew = Xold + Vhew (5'16)

where ¢ is the inertia factor, ¢, and ¢, are positive constants and 7 and 7, are two

functions returning random numbers in the range [0,1].

These equations are similar to those of standard PSO. However G,,, in standard PSO
usually only stores one best location for all particles. In RPPSO, G, is a PN-dimensional

vector which stores the best PN positions found by particles. As a consequence, particles in
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RPPSO will search many possible directions. In this way, the diversity among solutions is well

preserved.

5.4.3 Case Study

A multiobjective optimization problem is studied to illustrate the process of RPPSO. This

problem consists of two variables (x; and x,) and two objective functions ( f, and f,).

fi(x.x,) =X{ —2%y, XX, €[0.5] (5-17)

fo(3.%2) = o = 0.2] +(2x, +x, )%, x,x, €[0,5] (5-18)

The particle number ( PN ) in this simulation is 5. In Equation (5-15), the inertia factor & is
set to be a random decimal fraction between [0,0.5], ¢; and ¢, are set to be 2. Particles 1
to 5 are denoted by star, square, diamond, circle and plus sign, respectively. Figure 5-7 (a)
shows the particle locations in the 4th generation. (b) and (c) show the locations of Gy, and
P, before the 4” generation. (e) and (f) show the locations of G, and P, after the

4th generation. (d) shows the updated particle locations in the 5tk generation. There are two

points which should be noted in Figure 5-7.

® G, in RPPSO may contain some duplicated particles, e.g., square and star in (b),

circle and diamond in (e). That means that good particles have a higher chance of entering

the next generation than others.

® From (c) and (), it can be found that some values of P, changed in this generation
(square and star). This is because Particle 1 (star) and Particle 2 (square) have better
See (a), (c) and (f).

fitness values than before and replaced the corresponding P, . -
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When the number of particles is increased to 2000, Figure 5-8 shows the optimization results.
The gray dots in Figure 5-8 illustrate the particle locations and the black stars show the Pareto
Optimal Set.

If a third objective function f;(x,,x,)=x, is added into this problem, the optimization

results are given in Figure 5-9 again. The gray dots show the particle locations and black stars

show the Pareto Optimal Set. The number of particles in this simulation is 2000 as well.

In this section, a multiobjective optimization approach, the Ranked Pareto Particle Swarm
Optimization method (RPPSO), has been detailed for solving multiobjective optimization
problems. In RPPSO, particles are ranked by their qualities with regard to all optimization
objectives. Those particles with better qualities constitute the Global Best. It has been proved
by the case study that RPPSO is capable of solving multiobjective optimization problems
efficiently.
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Figure 5-7 Snapshots of the progress of RPPSO

127



20

0

20

0
-1

f1

Its — 2 objectives

10N resu

.

imizat

Figure 5-8 RPPSO opt

Its — 3 objectives

10N resu

.

imizat

Figure 5-9 RPPSO opt

128



5.5 Multiobjective Optimization of Force Field Method

The case study presented in Figure 5-1 and Section 5.3 is further studied here for comparison.
Path 6 (solid line) is the optimal result obtained by the PSO-tuned F> method, which is much
shorter than those using non-optimal parameters. In Path 6, it can be found that the robot runs
very close to the obstacle. Although the path length is reduced significantly, moving very close
to the obstacle may be undesirable in real applications for safety considerations. Thus, an
approach which takes into account both efficiency (e.g., path length) and safety (e.g., sufficient
safety distance) is needed. This multiobjective problem can be well solved by the RPPSO.

As analysed in Section 5.1, the parameters to be optimized are k£, P, O, C, p,. So the i"

particle is defined as:

x; =[k,P,0,C,py], i=12,....,PN (5-19)

The optimization objectives are set to be:
® to minimize the travel length

® to keep away from obstacles and other robots as far as possible

The first objective function is given by:

fi(x)=FF(x;), i=12,...,PN (5-20)

where FF (xi) is the resultant path length obtained from the VSF* method using parameters

X;. When a robot reaches its destination, f,(x;) will return the value of the real travel

distance. If a robot fails to reach its destination using these parameters or collision occurs,

f1(x;) will return a big value.
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The second objective is to let a robot keep away from obstacles as far as possible. Assume that

in each time cycle, the shortest distance from a robot (with parameters X; ) to obstacles in the

working space is denoted by D, , . The danger index is defined as:
fz(xi)zzL, i=12,...,PN (5-21)
l)n,xi

If a robot travels close to obstacles, f, (xi) will return a bigger value. On the other hand,
when a robot travels far from obstacles, f,(x;) will result in a smaller value. The

optimization objective is then turned into finding appropriate x; to minimize f,(x;).

For a motion planning problem with multiple robots, each robot needs to avoid collisions with
obstacles and other robots while minimizing its path length. If the number of robots is given by

m , Equation (5-20) and (5-21) can be redefined as:

fi(x)= FF(x;), i=12,....PN (5-22)
j=12,...m

fH(x)= ZL, i=12,...,PN (5-23)
j=12,...m l)n,xi

For all simulations in this section, robot parameters are selected based on those of the Amigo
robot [136]. Each robot has an assigned goal and knows its start and goal positions. Robots are
assumed to have communication devices so that they know the status of other robots, including

task priorities, velocities, positions, and so on.

Task priorities of all robots are set to be T, =1, i.e. no robot has priority over other robots

during collision avoidance. The ranges for parameters are same as those used in Section 5.3.2,

i.e. ke[2,10] , Pe[5,20], Qe[S,ZO] , Ce[1.5,3] s P 6[0.2,1]. For all optimization
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processes, the inertia factor & is set to be a random decimal fraction between [0,0.5], ¢

and ¢, are setto be 2.

A. Multiobjective Optimization Case 1: Single Robot and One Obstacle

A robot is supposed to travel from locations S, (2,3) to G (8,7), as shown in Figure 5-10.

An obstacle is located in this work space. The time cycle of simulation is 0. Is.

The number of particles of the RPPSO process in this simulation is /000. The termination
criterion is set to be /00 iterations. In this case, RPPSO reaches a steady state after 60
generations. The optimization results are shown in Figure 5-11, in which the optimal set is
shown in black stars and other particles are shown in gray dots. Figure 5-12 shows the
parameter values of particle B (the 37d row in Table 5-5) during the iterations. The optimal

values of parameters are: k=4.5173 , P=10.8845, (0=163748 , C=1.1476 and

po =0.4594

In Table 5-5, simulation results of the PSO-tuned F* method are also given at the /st row.
Rows 2 to 6 are simulation results obtained by RPPSO, denoted by points A, B, C, D, E
(particles in the Pareto Front) in Figure 5-11. As shown in Table 5-5, the resultant parameters
fall within the same order of magnitude. Using the parameters of points A, B, C, D and E, the
corresponding path lengths obtained are 7.5916m , 7.6023m , 7.6091m , 7.6177m and
7.7501m , respectively, which are close to, but slightly longer than, the path lengths obtained
by the PSO-tuned F> method ( 7.106m ) in Section 5.3.2. At the same time, the danger index is
reduced from 43.5490 to 5.2414, 5.2162, 5.1895, 5.1599 and 5.1409, respectively (last column
in Table 5-5). That means that the distance between the robot and the obstacle during the
robot’s movement is larger than the previous case, as shown in Figure 5-10. Thus, the
effectiveness of the proposed multiobjective optimization method is able to significantly

reduce the danger index, i.e. increase the safety.
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The path obtained using parameters of point B is shown in a solid line in Figure 5-10.
Compared with the previous result of the PSO-tuned F* method denoted by the dashed line, it
is clear that the new path follows a larger contour around the circular obstacle. The robot is

now capable of keeping a safe distance from obstacles while minimizing the path length.

B. Multiobjective Optimization Case 2: Two Robots Navigating in a Corridor

In this simulation Robot 1 is supposed to travel from location S (1,5.25) to G (9,5) and

Robot 2 from S,(9,5) to G,(1,4.75). The distance between the two obstacles (black

patches) is 2m . The two Robots start at the same time from their start points respectively. The
time cycle is set to be 0.0ls. Robots 1 and 2 use the same set of parameters in every iteration

in the RPPSO based design process.

Figure 5-13 shows the results obtained by the RPPSO after 50 generations using 50 particles.
Particles of the optimal set (6 in total) are shown in black stars and other particles are shown in
gray dots. Details of these optimal particles are given in Table 5-6. The parameters
corresponding to Particle C indicated by the circle (Figure 5-13) are listed in the 37d row in
Table 5-6. Its resultant paths are shown in Figure 5-14. The paths of Robots 1 and 2 are shown

in dashed and solid lines, respectively.

In Figure 5-15, X coordinate is time and Y coordinate shows the nearest distances from a
robot to obstacles (including obstacles and another robot). The distances to obstacles with
regard to Robots 1 and 2 are shown in a dashed line and solid line, respectively. This
simulation has proved that the PRRSO is suitable for solving the multiobjective parameter

optimization problems in the VSF* parameter refinement.
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Figure 5-11 Multiobjective optimization Case 1: Pareto optimal set
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Parameter Values
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i Iteration = 60

Path Length =7.6023

Danger Index
k=4.5273

e boePre-10:8845

Q=16.3748
C=1.1476

=3.2162

p0 = 0.4594
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DangeriIndex

Iteration

90 100

Figure 5-12 Multiobjective optimization Case 1: evaluation of optimized parameters

Test k P (0] C 2o Path Length (m) | Danger Index
1 |4.2380 | 9.5660 | 9.2680 | 1.6230 | 0.2980 7.1060 43.5490
A | 4.5068 | 10.9423 | 15.7974 | 1.1488 | 0.4605 7.5916 5.2414
B | 4.5273 | 10.8845 | 16.3748 | 1.1476 | 0.4594 7.6023 5.2162
C ]4.5280 | 10.8821 | 16.5471 | 1.1479 | 0.4587 7.6091 5.1895
D | 4.5265 | 10.9539 | 16.7658 | 1.1475 | 0.4574 7.6177 5.1599
E [4.7715 | 10.8570 | 16.3219 | 1.1497 | 0.4588 7.7501 5.1409

Table 5-5 Multiobjective optimization Case 1: optimization results
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Figure 5-15 Multiobjective optimization Case 2: distance to obstacles

Test k P 0 C o Path Length (m) | Danger Index
A | 2.4208 | 17.1789 | 19.3420 | 1.3274 | 0.4159 15.7011 1417.4227
B | 2.3219 | 17.0566 | 19.7220 | 1.3278 | 0.4647 15.7066 1394.4961
C |2.3407 | 17.8411 | 19.6860 | 1.3381 | 0.3980 15.7589 1376.8007
D |2.3524 | 17.8243 | 19.9060 | 1.3340 | 0.3958 15.7755 1376.3172
E | 2.2883 | 16.7237 | 19.4253 | 1.3278 | 0.3920 15.7789 1370.6500
F |2.3047 | 16.2929 | 20.0047 | 1.3304 | 0.4802 15.7951 1369.6322

Table 5-6 Multiobjective optimization Case 2: optimization results

5.6 Discussions

In the multiobjective optimizaiton problem studied in Section 5.5 A, the number of particles of
the RPPSO is set to be 1000 in order to get a better result, so the optimization process takes a

longer time. In fact, RPPSO is able to find an acceptable solution in a short time. The
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following simulation uses the same parameters as those in Section 5.5 A, except that the
particle number is set to be 50. The termination criterion is set to be 10 iterations. The
simulation finished in 490s on a laptop with Centrino 1.6GHz CPU and 1G RAM, running

Matlab 7 in Windows XP environment.

The simulation results are shown in Figure 5-16, where gray dots give the values of particles
and black stars are particles on the Pareto Front. The values of A, B, C, D, E (particles in
cycles in Figure 5-16) are listed in Table 5-7. Compared with the results listed in Table 5-5, it
is found that the results in Table 5-7 are not dominated by any particles in Table 5-5. This
simulation proves that RPPSO is capable of finding acceptable solutions quickly.
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Figure 5-16 Multiobjective optimization Case 3: Pareto optimal set
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Test k P o C Lo Path Length (m) | Danger Index
A | 51311 | 12.116 | 16.731 1.2304 | 0.4972 7.6258 5.1833
B | 5.8008 | 1431 | 15902 | 1.2987 | 0.5234 7.7464 5.0838
C |6.1178 | 13.397 | 16.687 | 1.3077 | 0.5584 7.7745 4.9756
D | 64227 | 14462 | 15.894 | 1.2497 | 0.4859 7.8837 4.7398
E | 63112 | 12.665 | 13.316 | 1.1228 | 0.4503 8.1098 4.6333

Table 5-7 Multiobjective optimization Case 3: optimization results

5.7 Conclusions

This chapter has investigated the optimization of parameters in the VSF* method. It has proved

that the parameter setting in the F> method has a significant effect on the performance of the

methods. For this reason, this chapter proposed a PSO-tuned F* method for single objective

parameter optimization problems. A multiobjective optimization method — the Ranked Pareto

Particle Swarm Optimization method (RPPSO) was then developed, and has been proved to be

capable of solving multiobjective parameter optimization problems efficiently. Although the

simulation studies were conducted for the VSF2 method in the research, the algorithms are

generic and can be used for optimising parameters in other F> methods and for solving other

optimization problems.
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Chapter 6

Experimental Verification

In the previous chapters, a novel force field (F?) for robot motion planning and coordination
has been described in detail. Methods based on the concept of F* and their suitability for
different applications has been presented. The feasibilities of these algorithms are
demonstrated by simulation studies. This chapter examines the performance of these methods
with robots in the Player/Stage in various environments. The methods to be tested in this
chapter include the Canonical Force Field method (CF?), Variable Speed Force Field method
(VSF?) and the Subgoal Guided Force Field method (SGF?). Experiments with a Pioneer robot
have been designed to prove the feasibility of the F* method on real robots in a real

environment.

This chapter is organized as follows: the experiment setup is given in Section 6.1, which
includes the introduction of the software platform, the Pioneer robot together with onboard
laser sensor, and the description of software techniques used in the experiments. Experiments
on single robot motion planning are carried out with a Pioneer robot in various environments
in Section 6.2. Simulation studies with multiple robots in the Player/Stage platform are

reported in Section 6.3. Conclusions are drawn in Section 6.4.

6.1 Experiment Setup

6.1.1 Software Platform

The Player Project (formerly the Player/Stage Project or Player/Stage/Gazebo Project), which
is a project for the testing and development of robotics and sensor systems, has been adopted
to develop software in experimental studies [141]. Its components include the Player network

server and Stage and Gazebo robot platform simulators. The project was developed in 2000 by
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Brian Gerkey, Richard Vaughan and Andrew Howard and is widely used in robotics research

and education.

A. Player Robot Device Interface

The Player is a TCP/IP based network server for robot control. It supports a variety of robot
hardware including the ActivMedia Pioneer robot [143] and SICK laser [178] which are used
in our simulations and experiments. Player is designed to be language and platform
independent, which means that the client program can be written in any language that supports
TCP sockets, like C++, Java and Python, etc. In the simulations and experiments to be
presented in this chapter, the control softwares are written in C++. Player is also designed to
support any number of clients, which makes it suitable for complex applications such as multi-

robot motion planning and coordination.

B. Stage Multiple Robot Simulator

The Stage has been designed to be capable of simulating a population of mobile robots moving
in a two-dimensional bitmapped environment. Various sensor models are provided in this
platform, including sonar, scanning laser rangefinder, pan-tilt-zoom camera with colour blob
detection and odometry. Stage devices present a standard Player interface so that very few or
no changes are required to move between simulation and hardware. That means that if control
software has been tested successfully in the Player/Stage, it is almost ready to work on real

robots [141].

C. Configuration File

A configuration file in Player defines all devices required and instantiates their drivers. A

configuration file used in our experiments is given in Figure 6-1.
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Le1 #t Desc: Configuration for a Pioneer robot and a SICK laser.
LBz #t modified from the codes of B. P. Gerkey

L83 #t suit for player 2.8

LBy

Les #t p2os driwver

La6 driver

Le87 (

Leg name “‘p2os”

La9 provides [“odometry:::position2d:@"]

L18 port "/dev/ttyuiBae # connection between robot and host

L11 )

L12

L13 # laser driver

L14 driver

L15 {

L16 name "sicklms2@8"

L17 provides ["laser:8"]

L18 port “fdew/ttylsBi™ #iconnection between laser and host

L19 range _res "1" # 1mm precision, 8.192m max range

L28 resolution "58" # 8.5 degree increments, 361 readings @ 5Hz (384008) or 32Hz (50080088)
L21 )

L22

L23 # map driver

L2y driver

L25 {

L26 name “‘mapfile”

L27 provides [“map:8"]

L28 filename “mapfiles/bld23281.png" #t provides the file name and location
L29 resolution B0.9147 # length{m)/pixel

L38 )

L31

L32 #ilocalizer

L33 driver

L34 {

L35 name ‘‘amcl®

L36 update_thresh [8.85 B8.175] # 18 degrees angle and 5 cm

L37 provides ["localize:8"]

L38 requires [“odometry:::position2d:8" "laser:8" “laser:::map:8"]
L39 )

Figure 6-1 A configuration file from the Player project

In this configuration file, lines L06 to L11 instantiate a p2os driver, which is essential to
control a robot like a Pioneer robot. A host computer talks to the po2s driver via a USB port
named USBO. L14 to L21 instantiates a sicklms200 driver, which provides an interface
(laser:0 ) to read data from a SICK LMS200 laser rangerfinder in L17. L18 specifies that this
laser is connected to a host computer via a USB port (USBI). The range and resolution of the
laser sensor are specified in L19 and L20. L24 to L30 configure an environment map to be
used in experiments. L28 provides its name and location and L29 indicates that the map scale
is 0.147m/pixel. L33 to L30 define an amcl localizer which provides an interface ( localize:0 )

and update its output every 0.05cm or 0.175rad (or 10 degrees approximately).
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6.1.2 Pioneer Robot

A Pioneer robot used in the experiments is shown in Figure 6-2. A SICK LMS200 laser sensor
is installed on the top of the robot. A laptop communicates with the robot via a USB port. Data
from the laser sensor are transferred to the laptop through another USB port. More details of

the Pioneer robot can be found at [143].

USB Port of Robot =0 W I |3 "\-.

|,

USB Port of Laser

Pioneerr Robot

Figure 6-2 A Pioneer robot with a laser rangerfinder

6.1.3 Laser Sensor

The laser sensor used in these experiments is the SICK LMS200 [178]. This laser is installed
on the top of a Pioneer robot, as shown in Figure 6-2. Given the configuration in Figure 6-1,
the SICK laser in experiments will give a 180 degree view of 8.192m in front of it. The
increment is 0.5 degree, so a single scan gives 361 readings. The laser data is useful in two
aspects, i.e. obstacle detection and simultaneous localization, which will be discussed in the

following sections.
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6.1.4 Environmental Map

Experiments have been carried out in various indoor environments. A photo of a test
environment is given in Figure 6-3. To create a map which can be used in the Player/Stage, the
dimensions of all items in this area are measured and drawn in a bitmap, as shown in Figure
6-4. Note that environment data is to be acquired by a laser sensor installed on a Pioneer, so
the map should only contain data which may be ‘seen’ by this laser, for example, the fire
extinguisher (marked by A in Figure 6-3 and Figure 6-4), the table leg (marked by B in Figure
6-3 and Figure 6-4) and wooden wall (marked by C in Figure 6-3 and Figure 6-4). By contrast,
the height of the table top in Figure 6-3 is higher than the laser. As a result, it cannot be found
by the laser and ‘disappears’ in Figure 6-4. If a robot is placed in this environment (Figure 6-5),

a laser reading is shown in Figure 6-6.

Figure 6-3 An experimental environment
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Figure 6-4 A bitmap used in Player/Stage

Figure 6-5 An experiment map

In the Player/Stage, a bitmap image file is read by a mapfile driver. The mapfile driver
classifies each pixel of an image to one of the following three states: occupied (1), unknown
(0), and free (-1). In short, ‘darker’ pixels are occupied, ‘brighter’ pixels are free, and those in

between are unknown.
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Figure 6-6 An example of laser reading

6.1.5 Localization Method

A robot needs to know its location in the environment. In experiments conducted in this
chapter, this is achieved by applying an Adaptive Monte-Carlo Localization driver (amcl)
[142]. At the conceptual level, the amcl driver maintains a probability distribution over a set of
all possible robot poses, and updates this distribution using data from odometry, sonar and/or
laser range-finders. A pre-defined map of the environment is needed to compare sensor

readings with the map.

In the experiments, the amcl driver runs continuously and returns a set of current pose
estimations and their possibilities. A pose estimation is considered ‘good enough’ and ‘usable’
if its possibility is larger than 0.9. If no usable pose estimation is found during task execution,
a robot will stop and wait until a better pose estimation is available. The update threshold is set

tobe 0.05m and 0.175rad which is 10 degrees approximately.
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6.1.6 Obstacle Identification Approach

The obstacle identification process contains two steps: reading data from the laser sensor and
identifying obstacles from the acquired data. If the distance between two points is larger that a
preset threshold ¢, these two points are considered to be from different entities. The setting of

¢ 1s described below:

First, £ must be larger than an arc length which is with current increment degree and max

range to ensure obstacles at the laser’s maximum range are correctly identified. In this case,

&> 8.192x£x7r ~0.0715m
180

Second, ¢ must be larger than the diameter of the robot. Since a robot cannot pass an
opening which is narrower that its diameter, a reasonable solution is to combine two obstacles
into one obstacle if their distance are relatively small. A Pioneer robot’s diameter is

approximately 0.3m, so £>0.3m.

Based on the analysis presented above, & is set to be 0.3m in the following experiments.
For the laser data shown in Figure 6-6, the result of obstacle identification is shown in Figure
6-8, in which five obstacles have been identified based on laser view. Their corresponding
locations in the real environment are shown in Figure 6-7. It should be noted that the large
obstacles around the robot are recognized as several small obstacles by this approach; for
example, the wall on the right side of this robot is treated as two obstacles, which represents

the collision possibilities from two directions in the F* method.
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Figure 6-7 Obstacles identified

6.1.7 Curve Fitting Method

As described in the last section, the identification program has obtained the locations of some
points on different obstacles. Since the geometric shape of an obstacle is needed for
determining the repulsive force direction in the F*> methods (see Chapter 3), the next step is to
estimate the obstacle geometric shape based on these points. In all experiments conducted in
this chapter, mobile robots travel in a flat surface, so the points on obstacles can be considered
as points on a 2-dimensional curve. The Least Square Method is then utilized to find a set of
coefficients for this curve. Regarding obstacles in Figure 6-8, the curve fitting result is given in

Figure 6-9.

6.2 Experimental Studies on Single Robot Cases

This section introduces several experiments on cases where only one robot (single robot) is
navigating within the environment. Several experiments are first carried out using the
Canonical Force Field method (CF?) to test its applicability in real robots. Experiments are

designed to highlight the influence of parameters in the F> method. Then experiments with the
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Variable Speed Force Field method (VSF?) and the Subgoal-Guided Force Field Method
(SGF?) are described.
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Figure 6-8 Obstacle identification
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Figure 6-9 Curve fitting
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6.2.1 Experimental Studies on Canonical Force Field Method

The Canonical Force Field method (CF?) is tested in this section. Experiments are carried out
using several groups of parameters for a navigation task. The results are analysed to highlight
the effect of parameters on the performance of the method. Figure 6-10 shows a Pioneer robot,
a laptop and a box (used as obstacle) in this experiment. The box is placed in this environment
as shown in Figure 6-11. A point in this environment is set as the origin of coordinates, as
shown in Figure 6-11 and Figure 6-12. The map used by this robot for localization purposes is

shown in Figure 6-12. The Pioneer robot, denoted by a red patch in Figure 6-12, is placed at
location (2,—1) and is supposed to travel to (0,1). The box size is 0.38m by 0.38m. A

robot is considered to be at its destination when the distance from its centre to its destination is

less than its diameter, which is set to be 0.3m in this case.

A. Canonical Force Field Method: Case 1

The parameters used in this experiment include:k=5,C=1.5 =0.05m/s, p,=0.3,

> Vinax
P=40, 0=20, v=0.03m/s. From Equation (3-12), E, = v/(vmaxC) = 0.03/(0.05 x1.5)=0.4.
The resultant path is shown in Figure 6-13. This robot starts to move once it gets an estimation
of its current location. When the robot is far from the obstacle and no obstacle is in the area of
its force field, it goes straight to its goal. When it is close to the square obstacle and its force
field covers the obstacle, the robot is repelled by the obstacle and steers away from it at

(1.1,-0.1).
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Figure 6-11 CF* Case 1: the environment used in the experiments
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Figure 6-12 CF* Case 1: the map of the environment
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Figure 6-13 CF* Case 1: the path obtained by the CF* method
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B. Canonical Force Field Method: Case 2

The purpose of this experiment is to study the effect of robot speed on the force field. The
robot speed is increased to v=0.0375m/s . E,=v/(v,,C)=0.0375/(0.05x1.5)=0.5,

which is larger than that of Case 1 ( E, =0.4). The resultant path is shown in the red line (Path

2) in Figure 6-14 (lower curve). The path of case 1 (Path 1) is also plotted in Figure 6-14

(upper blue line) for comparison.

From Figure 6-14, it is observed that this robot avoids the square obstacle by taking a path
further from the obstacle than in Case 1. The reason for this is that the coverage of this robot’s
force field is larger than that in Case 1 because of the higher speed, so this robot will suffer a
repulsive force from the square obstacle when it is at a further distance from an obstacle than

in Case 1.

9
th

(]

ot

Figure 6-14 CF* Case 2: the path obtained by the CF* method
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C. Canonical Force Field Method Case 3

The purpose of this experiment is to show the effect of factor & which is a scalar factor
determining the coverage of force field. In this experiment, k is set to be 8 instead of 5 as in
Case 1 and Case 2. Other parameters are the same as those used in Case 1, for example,

Vyar =0.05m /s, v=0.03m/s and C=1.5. The coverage of force field of this robot is

enlarged since k& is increased from 5 to 8.

The resultant path is shown in the red line (Path 3) in Figure 6-15. The path obtained in Case 1
(Path 1) is also plotted in Figure 6-15 for comparison. It can be seen that this robot begins to
avoid the square obstacle when it is further away than it does in Case 1 and then follows a
larger curvature around the square obstacle. The reason is that the coverage of its force field is

larger than that of Case 1. Unlike Case 2, the coverage of force field is enlarged by % instead

of E, asin Case 2.
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Figure 6-15 CF* Case 3: the path obtained by the CF* method
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D. Conclusions on Experiments on Canonical Force Field Method

Experiments on the Canonical Force Field (CF?) Method have been described in this section.
The CF? method is proved to be applicable with real robots and capable of finding smooth
trajectories for single robot motion planning and collision avoidance. Experiments were
designed to test the influence of parameters on a robot’s force field. It is shown that the setting

of parameters in the CF* method significantly affect the performance of the method.

6.2.2 Experimental Studies on Variable Speed Force Field Method

An experiment carried out using the Variable Speed Force Field Method (VSF?) is presented
here. The environment used in this experiment is shown in Figure 6-16. A robot is supposed to

travel through a narrow corridor-like environment. The map used by this robot in the Player

project is shown in Figure 6-17. In this experiment, a robot is supposed to travel from (0. 8,0)
to (0.8,—2.5) . Other parameters used in this experiment include R, =0.3m, k=5, C=2,

Ve =0.03m/s, P=40, O=40, p,=0.2. The resultant path is shown in Figure 6-18. The

robot’s orientation, linear speed and angular speed are given in Figure 6-19, Figure 6-20 and

Figure 6-21 respectively.

The robot passes through this narrow corridor and arrives at its destination successfully. Since
the range of the laser sensor is big, the robot is acted upon by repulsive forces from the start
point all the way to the destination. As the result of the repulsive forces from Obstacle 1 and
Obstacle 2, the robot travels in the middle of the two obstacles and its speed fluctuates around
0.02m/ s . In this way, the repulsive forces from the two sides are nearly balanced. Because of
the slippage between the robot wheels and the floor, there are some fluctuations in the robot’s
linear speed and angular speed. In general, the VSF* approach is proved to be applicable in

robot navigation.

154



Figure 6-16 VSF* Case 1: the environment

Figure 6-17 VSF* Case 1: the map of the environment
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Figure 6-19 VSF* Case 1: variation of the robot orientation
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Figure 6-21 VSF* Case 1: the variation of the robot’s angular speed

6.2.3 Experimental Studies on the Subgoal-Guided Force Field Method

An experiment carried out using the Subgoal-Guided Force Field Method (SGF?) is introduced
here. A map is given in Figure 6-22. Two obstacles are placed in this environment, forming a

corridor-like passage.
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Figure 6-23 SGF* Case 1: the path obtained

In this experiment, the robot is supposed to travel from S (—l,—l) to G(l,l.S). Parameters

used in this experiment are R. =0.3m, k=5, C=2, v

m

.=0.03m/s, P=60, 0=20,
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Po =0.2. The resultant path is shown in Figure 6-23. In this experiment, the robot successfully
arrives at its destination. Its movement in the corridor area is quite smooth and no severe
oscillations occur. This experiment proves that the SGF® is applicable for real robot

applications.

6.2.4 Conclusions on Single Robot Experiments

Experiments on single robot motion planning and collision avoidance have been carried out in
indoor environments. Firstly, experiments have been carried out using the Canonical Force
Field Method (CF?) with different sets of parameters. The results are compared to highlight the
effect of the parameter settings on the CF* method. Experiments were also designed to prove
the feasibility of the Variable Speed Force Field method (VSF?) and the Subgoal-Guided Force
Field method (SGF?) on real robots. It has shown that these methods are suitable for robot real-

time motion planning and collision avoidance.

6.3 Experimental Studies on Multi-robot Coordination

Simulations carried out in the Player are presented here. Pioneer Robot parameters are the
same as those stated in the previous experimental studies. The robots use amc/ driver to
estimate their locations and plan their motions using the VSF* method. Each robot is assumed

to have the information of other robots, including size, speed, task priority, etc.

6.3.1 Two-Robot Cases

Experiments with two robots are conducted. Robot 1 (red) is supposed to travel from
S;(-11.5) to G;(-1,-2) and Robot 2 (blue) travels from S,(-0.5,-2) to G,(-0.5,1.5).

Three sets of force field method parameters are tested and the results are compared. The effect

of task priority (7, ) and environment factor (C') on multi-robot motion coordination using the

VSF? method is studied.
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A. Two-Robot Coordination: Case 1

The VSF® method parameters used in this experiment are R.=03m, k=3, C=2,
Voar =0.03m/s, P=40, O0=30, p,=0.2 forevery robot. The task priorities of robots are
setto 7, =1, Le. all robots have same priority. A general view of the robots’ paths is shown in

Figure 6-24. More details on the simulation progress are shown in Figure 6-25.

Before a robot starts, the amcl driver is called to get the estimation of its current location, as
shown in Figure 6-25 (a). Once a believable estimation is obtained, the robot will start to move,
as in (b). When the robots arrive at the positions in (c), their force fields overlap and both
robots are acted on by the repulsive forces from each other. Their moving directions are
therefore changed a little. The robots move closer in (d) and avoid collision with each other in

(e). They move on to their destinations in (f), (g) and (h).

Robot 1: red
Robot 2: blue |

Figure 6-24 Two-robot coordination: paths of Case 1
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B. Two-Robot Coordination: Case 2

This simulation is carried out to study how the environment factor C affects multi-robot
coordination using the VSF* method. Parameters used in this simulation are the same as those
of Case 1, except that the environment factor is set to be C =3, which is larger than the value
used in Case 1. The robots’ paths are shown in Figure 6-26. More details of the simulation can

be found in Figure 6-27.

In Figure 6-27, (a) and (b) are almost the same as those of Figure 6-25. In (c), robots receive
repulsive forces from each other and begin to change their moving directions. Note that the
distance between the two robots at this time is smaller than that of Figure 6-25 (c). The reason
is that the coverage of their force fields is smaller than the force field in Case 1 because of a
larger C . In (d) and (e), the robots take smaller curvatures to avoid collision with each other.
They then move towards their destinations in (f), (k) and (h). Comparing robots’ paths in
Figure 6-24 and Figure 6-26, it is shown that the environment factor ¢ significantly affects

the performance of the VSF* method.

Robot 1: red
Robot 2: blue

Figure 6-26 Two-robot coordination: paths of Case 2
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Figure 6-27 Two-robot coordination: Case 2
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From Equation (3-10), the E, decreases if a larger C is chosen. As a result, the coverage of
its force field will become smaller. When a robot travels in an obstacle-cluttered area, a larger
C may be chosen. On the other hand, a smaller C may be chosen when the robot travels in

a free space.

C. Two-Robot Coordination: Case 3

This simulation highlights the effect of task priority 7, on multi-robot coordination. Case 3

is carried out using the same robots and the VSF* parameters as those in Case 1, except that
Robot 1°s task priority is set to be 1 and the task priority of Robot 2 is set to be 2. Therefore,
Robot 2 has higher priority than Robot 1 in this case. The robots’ paths are shown in Figure

6-28. Some simulation snapshots are shown in Figure 6-29.

Robot 1: red
Robot 2: blue

Figure 6-28 Two-robot coordination: paths of Case 3
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In Figure 6-29, Robot 1 starts to change its moving direction in (b), but Robot 2 does not. This
is because by Equation (3-3), the coverage of Robot 2’s force field is enlarged by a higher task
priority so Robot 2 has the advantage in collision avoidance. From (c), (d), (e) and (f), the
moving direction of Robot 2 is changed slightly. Robot 1 follows a path with larger curvature
to avoid collision with Robot 2. Comparing robots’ paths in Figure 6-24 and Figure 6-28, it is
shown that in the F* method a robot will have priority in collision avoidance when a higher

task priority is assigned.

The task priority is important in real applications. By assigning appropriate priorities to robots,
a task with higher priority can be done without much effect from other robots. The F> method
integrates the task priority into the construction of the force field, which makes it a suitable
and natural approach for motion planning and collision avoidance in multi-robot coordination

and control.

6.3.2 Three-Robot Coordination

A simulation study carried out with three robots is presented here to test the performance of
the F* method in a multi-robot scenario. Each robot plans its way independently to avoid
potential collisions with other robots simultaneously and makes it way to the goal. Parameters
for all robots in this experiment are R,=03m, k=3, C=2, v,, =0.03m/s, P=40,

m

0=30, py=02, T,=1. Robot 1 (red) is supposed to travel from Sl(—l,l.S) to
G,(-0.2,-2). Robot 2 (blue) travels from S, (1,—1) to G,(-2,1). Robot 3 (green) travels

from S5(—4,0) to G;(L1.5). Every robot in this simulation is aware of the other robots’

status including their speeds, positions, and so on. The simulation snapshots are shown in
Figure 6-30, Figure 6-31 and Figure 6-32 in time sequence. For a better view of robots’ paths
in the whole process, their movements in Figure 6-30, Figure 6-31 and Figure 6-32 are shown

in subfigures (a), (b) and (c) of Figure 6-33, respectively.

In Figure 6-30, the robots’ initial positions are shown in (a). The amcl driver is called to get

estimations of their current locations and the robots start to move as shown in (b). As they
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move closer to each other, they are acted on by repulsive forces from other robots. In (c), all
robots decelerate and the moving direction of Robot 2 (blue) changes noticeably. In (d), (e)

and (f), Robots 2 and 3 are forced to travel at very slow speeds to give way to Robot 1.

In Figure 6-31 (g), Robot 1 (red) has passed through the central area. Robots 2 (blue) and 3
(green) are moving in opposite directions. In (h) and (i), Robot 3 changes its moving direction
to give way to Robot 2. Robot 2 moves on in (j), (k) and (1). The moving direction of Robot 1
is determined by the resultant force of the repulsive force from Robot 3 and the attractive force

from its own destination.

In Figure 6-32, Robot 1 arrives at its destination. Robot 2 moves towards its goal in (m), (n)
and stops in (0). Robot 3 avoids possible collision with Robot 2 in (0), (p) and makes it way to

its goal in (q) and (1).

This simulation consists of complex collision avoidance processes. Figure 6-30 shows the
collision avoidance among three moving robots in (b) to (f). Figure 6-31 shows the collision
avoidances between two moving robots, e.g., Robot 2 and Robot 3 in (h). Figure 6-32 (o) and
(p) shows the collision avoidance between a moving robot (Robot 3) and a stationary obstacle
(Robot 1 stopping at its goal). This simulation proves that the F* method is suitable for multi-

robot real-time motion planning and coordination.
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Figure 6-30 Three-robot coordination: part 1
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Figure 6-33 Three-robot coordination: a general view
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6.4 Conclusions

In this chapter, experimental studies on the F* method have been presented in detail. Firstly,
the Player project, which is the research software platform used in the experiments, was
introduced in Section 6.1. Then the hardware, including robot and laser sensor, and software

techniques, including localization, obstacle identification and curve fitting, were described.

Experiments on single robot motion planning and collision avoidance were carried out using a
Pioneer robot equipped with a laser rangerfinder in an indoor environment. Experiments using
several sets of parameters were also conducted to highlight the different effects of parameters
on the F? methods. Algorithms tested experimentally were the Canonical Force Field method
(CF?), the Variable Speed Force Field method (VSF?) and the Subgoal-Guided Force Field
method (SGF?). The feasibility of these methods is fully demonstrated by the experiments.

The experimental studies with multiple robots were carried out in the Player/Stage platform in
Section 6.3. The results are shown with snapshots of simulation processes. Three simulations
on two-robot navigation in an indoor environment are described in detail. The simulation

results demonstrate the effect of task priority (7,) and environment factor (C) on motion

planning and coordination using VSF® method. A simulation with three robots was then
presented and verified that the VSF* method can be applied in multi-robot motion planning
and coordination. Although the VSF* method is the only one of the four discussed that is
studied experimentally in this section, yhe other methods, CF>, SGF* and DVSF> can be
experimentally tested in the same way, and we believe they are able to coordinate the motion

of a team of robots equally well because they are based on the same concept of force field.
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Chapter 7

Conclusions and Future Work

In this thesis, a novel concept of force field (F*) has been developed and presented in detail.
Based on this concept, four F* based methods (or ‘F* methods’) have been proposed and
investigated: the Canonical Force Field method (CF?), Variable Speed Force Field method
(VSF?), Subgoal-Guided Force Field method (SGF?) and Dynamic Variable Speed Force Field
method (DVSF?). Unlike other existing approaches such as potential field methods, the F>
methods generate a virtual force field for each robot based on its own status, including position
and orientation in the work space, size, travelling speed, task priority with respect to other
robots and environmental factors. This force field locates in the robot’s vicinity and varies with
its status during the robot movement. If there are obstacles or other robots existing in a robot’s
force field, the robot will be acted on by repulsive forces and steered away to avoid possible
collisions. If a robot has a larger size, higher speed or higher priority, its force field will cover

a greater area than other robots and it will have the advantage during collision avoidance.

The ‘walking towards a goal’ behaviour of a robot using the F> methods is achieved by an
attractive force which directs a robot to a goal point. This goal point can be a robot’s global
destination (as in the CF* method and VSF* method), a temporary subgoal which is generated
continuously using updated sensor data (as in the SGF* method) or a temporary point which is

selected on a pre-planned path (as in the DVSF?).

The four algorithms developed based on the concept of F* focus on the requirements of various
tasks and environments. In the CF> method, a robot travels at a constant speed and its moving
direction is determined by the resultant force of attractive force and repulsive force. The CF>
method is especially suitable for robots with limited motion control and computing capabilities.
The VSF? method broadens the applications of the F* method greatly by taking a robot’s
dynamic and kinematic characteristics into account in motion planning and collision avoidance.
A robot’s speed is adaptively changed based on environment information and its own status in
this method. The SGF* method introduces the subgoal into the F* method. A robot analyses its

surrounding environment using sensor information and then selects a subgoal to follow. The
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SGF? method is suitable for real-time motion planning and collision avoidance in partially
known and dynamically changing environments. The DVSF” is suitable for integration with a
global planner and acting as a local collision avoidance approach. In this method, a temporary
waypoint is selected on a pre-planned path. A robot using the DVSF* method is able to follow
the pre-planned path while avoiding collisions. The DVSF* method is suitable for real-time
collision avoidance in a dynamically changing environment. The feasibility and performance
of these approaches have been demonstrated by simulation studies and real robot experiments

in this thesis.

The parameter setting was shown to be critical to the performance of all four F* based methods.
This results in an emphasis on optimization approaches to find appropriate parameters for the
F? based method. The Particle Swarm Optimization method (PSO) has been successfully
utilized to solve single objective parameter optimization problems for the F> methods. To solve
multiobjective parameter optimization problems, a Ranked Pareto Particle Swarm
Optimization approach (RPPSO) was proposed, and has been proved to be feasible and
efficient for solving the multiobjective parameter optimization problems for robot motion

planning and coordination using F* based methods.

The F* based methods have been proved, by extensive simulation studies and experimental
studies, to be applicable in both single robot motion planning and multi-robot coordination.
Robots using the F* based methods work in a decentralized manner. Each robot determines its
motion based on its own status and the updated information. The increase in the number of
robots in the work space will thus not cause an exponential increase in computing burden as
many conventional approaches do. Another advantage is that the task priority is integrated into
the construction of the force field, so a robot with higher task priority will have advantage in

collision avoidance, which is an important issue in multi-robot applications.

Experiments and simulations with real robots in Player/Stage have been carried out in various
environments. The control softwares were developed in C++ and Player project. The
experiments on single robot motion planning and collision avoidance were carried out with a

Pioneer robot with a laser rangerfinder installed. Experimental studies on multi-robot motion
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planning and collaboration were carried out in the Player/Stage. The experimental results have

demonstrated the feasibility and performance of the proposed F* based methods.

Future research directions may include the following:

A. Extending F? methods from 2D to 3D. F> methods provide a generic approach and can be
easily extended to three dimensions and applied to robotic manipulators in 3D
environments. Some preliminary research works on a 3D F> method have been carried out
with my colleagues and many promising results have been obtained [68, 69, 71].

Appendix A gives a brief description of the 3-Dimensional Force Field method (3D-F?).

B. Extending the F> methods for various types of robots. The robot model used in this thesis
is relative simple, however real robots vary greatly in structures, locomotion mechanisms,
and shapes. It is expected that the feasibility and performance of the F* methods will be

improved by taking further robots’ characteristics into consideration.

C. Enhancing the controllability of the F> method. There is always a gap between an ideal
plan and the real world. An underlying assumption of research work presented in this
thesis is that all environmental information, including information from sensors or other
robots, is accurate. Robots are assumed to be able to execute the planners’ commands
instantly and precisely. This is not true in the physical world. Further research will include

developing a control framework considering uncertainty and feedback control.
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Appendix A

3-Dimensional Force Field

The 3-Dimensional Force Field (3D-F?) method is a novel approach to real-time motion
planning and collision avoidance for robot manipulators. In 3D-F, virtual ellipsoid force fields
are designed to cover all the links in a robotic manipulator. The interaction between the 3D
ellipsoid force fields and obstacles provides a feasible and efficient way for real-time motion
planning and collision avoidance for robotic manipulators with a high degree of freedom.
Algorithms have been developed based on the concept of 3D-F? for different applications [68,
69, 71]. This appendix does not cover all the details of these algorithms, but briefly describes
the definition of attractive force, 3-dimensional force field and repulsive force in the 3D-F

method [68]. For more details, see [68, 69, 71]

An industrial robotic manipulator (Denso VMD6556) used in this research is illustrated in

Figure 7-1 [179]. Each link is modelled as a spring damp joint.

Target Distance(s, )
[ -

Lower Arm Link
or Forearm Link

Target Point (P,)

P
12 attractive Force(F)

Contrelling Peints and

Focus of Ellipsoids

6 Spring Damp-Friction Joints

Figure 7-1 Spring damp-friction joints represent the robot arm [68]
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i.

Definition of 3-Dimensional Force Field

The definition of the 3D-F? is described here. To protect a manipulator from possible collision,
the proposed force field should envelop the manipulator completely. Since a manipulator

usually consists of several links, each link should be covered by a force field.

Figure 7-2 (a) Parameters of 3D-F* and (b) a robot arm covered by force fields [68]

To determine the ellipsoid covering a link, two points on a link are selected as the focus of the
resulting ellipsoid ( A and P, in Figure 7-2). For any point in 3D space ( £, in Figure 7-2),
R, and R, are vectors from foci A and P to P, , respectively. Let D, . be the
influence area of an ellipsoid force field and D,,;, be the area where the magnitude of the
repulsive force reaches its maximum. To ensure that the ellipsoid force field will cover the

whole body of the link, the length of major axis of D,,, is set to be equal to Lx K, where

L is the distance between fociand K, is a constant larger than 1. Define:

C. :w (A-1)
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For any point F, in 3D space, if C,=K,, this point is on the ellipsoild D,,, and the

repulsive force reaches it maximum value. If C, <K ,, this point is inside D,,,. On the

min *

contrary, if C, >K ,, the point is outside D, (see Figure 7-2).

in

To take the linear speed of the end-effector into account, a new factor E, is defined to be the

ratio of the link’s instant speed (v, ) and maximum speed (v,,,,),so0 0<E, <1.

E, =—1 (A-2)

The length of the major axis of D, 1is then set to be L X(K »t E,). So for any point on

the ellipsoid D

max >

C,=K,+E,.

The amplitude of repulsive force is defined by

=K & A-3
Jrep =Ky = [ IO(CX—KP—O.SE,.)} (A-3)
AT
l+e '
R L L
(R' g ||L||J
Frep = f att (A'4)

L
e

L
Rl—dot(Rl,m)*

where K, is the maximum magnitude of repulsive force. The repulsive force is a vector and

its direction is defined to be the unit vector that points from P, to the link perpendicularly.
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Figure 7-3 shows how the amplitude of a repulsive force varies with distance when K, =10,

K,=105.
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Figure 7-3 The magnitude of force field [68]

From Equation (A-2), E, increases with the increase of the link’s speed V. The coverage
area of force field D, also increases, as shown in Figure 7-3. When a point in space is far
from the link (C, > K, + E,), the magnitude of repulsive force is equal to 0. When it moves

from the D,, to D,, (K,<C,<K,+E,), the magnitude of repulsive force increases

smoothly from 0 to its maximum (10 in this case). When this point enters D,,;,, (C,<K,),

the magnitude is at the maximum.
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ii.

Attractive Force

As in the F* method, an attractive force is generated from a target point in the 3D-F> method.

The attractive force Faet is defined as a function of the distance between the manipulator

end-effecter P, and the target’s position F .

S, =[P, - P (A-5)
K
fatt = —itlt<S (A-6)
e st
1+
( Kzero J
_ P,—P
Fott = fau % (A-7)

where P. is the position vector of a manipulator’s end-effector and P; is the position

vector of its target point in 3-dimensional space. S, denotes the distance between the end-
effector and the target point. K, is a positive constant which determines the magnitude of

the attractive force. K_,., is a small non-zero positive constant and K is a constant which

zero
will determine how fast the attractive force varies with distance between the end-effector and
the target point. This attractive force ties at the end-effector like a pulling string, which is
tightly tense to the target point, and its direction points from the current position of the end-

effector to the target, as given by Equation (A-7).
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