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ABSTRACT

Redundant manipulators provide enhanced flexibility through additional degrees of freedom,
enabling operation in environments where conventional manipulators would collide with obsta-
cles. By exploiting null-space projection, these systems can avoid obstacles and joint limits
while maintaining end-effector tracking. This thesis investigates and compares joint space con-
trol and operational space control methods incorporating null-space projection. Operational
space control is expected to offer reduced computational cost by eliminating the need for in-
verse kinematics. In addition, a novel potential field-guided approach with local minima estima-
tion is proposed to further reduce the computational overhead associated with path planning.
Three manipulator models were tested in five simulated environments to evaluate tracking per-
formance, obstacle avoidance, and computational efficiency. The results show that operational
space controllers achieve comparable tracking performance to joint space controllers with lower
computational demand, though at the expense of a higher failure rate. The potential field-guided
control method performs effectively in simple environments, but struggles when the goal is ob-
scured by closely spaced obstacles.
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1 INTRODUCTION

1.1 Background

Robotic manipulators are widely used as a solution in all kind of automation tasks where the end
effector needs to follow a predefined pose trajectory. These manipulators require at least 6 de-
grees of freedom (DOF) in order to position its end effector in any 3D pose. When a manipulator
has a higher degree of freedom, it is considered redundant. In the case of a redundant manip-
ulator, multiple joint configurations can result in the same end effector pose. These additional
joint movements that do not influence the end effector pose are called null space motions. Null
space motions can be used to achieve additional tasks next to the end effector tracking task.
Examples of these tasks/policies are avoiding obstacles, avoiding joint limits, avoiding singu-
larities, null space damping, and more natural movement [1] [2]

In this report the focus is on the obstacle avoidance (and joint limits) as a secondary task for
the null space movement. Obstacle avoidance uses the allowed null space movement to guide
the intermediate links of the manipulator away from obstacles. One of the methods of modelling
obstacles is by means of artificial potential fields [3][4][5][6]. The intensity of the potential field
is directly related to the proximity to the obstacles. The gradient of this potential field provides a
repulsive direction away from the obstacles. In addition, the obstacle potential field could pos-
sibly be combined with a goal position potential field to navigate the manipulator. In that case,
the gradient of the potential field gives the direction in which the end effector of the manipulator
is required to travel. A secondary objective of the report is to show the possible use of an addi-
tional target position potential field to guide the manipulator. The gradient of this potential field
in combination with the environment potential field can be used as a movement vector which
moves towards the goal and avoids obstacles. This gradient base steering would eliminate the
need for path planning, since the manipulator is guided in real time by the potential field.
Common scenarios in which manipulator redundancy is used to avoid obstacles are welding,
inspection, managing warehouses, and agriculture (specifically, harvesting fruits and vegeta-
bles). Welding and inspection scenarios require the manipulator to follow a trajectory describing
the pose of the end effector of the manipulator. For welding, this pose is of importance to keep
a welding torch in the correct orientation, and the redundancy is used to prevent collision of
the arm with the working piece. In comparison, warehouse and architecture scenarios do not
require a fixed trajectory, and only the final pose is important to get the correct orientation to
pick up the plants or to place the warehouse items. The redundancy of the manipulator is used
to move around branches in the agriculture case and prevent collision with the shelves in the
warehouse case.

The null space actuation and the trajectory tracking of manipulators in these cases are frequently
handled by solving an inverse kinematics problem. With inverse kinematics, the trajectory of the
end-effector in operational space is translated into a trajectory of joint angles/extensions. The
operational space describes the entire reachable space of the manipulator in the real world,
whereas the joint space describes the space of all possible joint configurations. The inverse
kinematics problem is often solved numerically, taking the obstacles and joint limits into ac-
count as constraints to the solver. The resulting joint space trajectories can then be followed by
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applying a joint space controller. A big disadvantage of the inverse kinematics implementation
is the high computational load. Solving the inverse kinematics problem is an optimization prob-
lem which often takes multiple iterations to solve per position time step. Therefore, it may not
always be a viable solution on platforms with restricted computing time or available resources.
An alternative approach to the trajectory tracking and null space actuation problem is the op-
erational space control based approach [7]. operational space control takes the operational
space trajectory directly as input for the control law. The desired null space movements can
then be incorporated through null space projection methods [7]. Although this method could be
more computationally efficient, it has the disadvantage that the null space projection method
does not guarantee obstacle avoidance. This is especially the case when the tracking task has
no solutions without obstacle intersections. With inverse kinematics, these situations can be
detected before execution in the inverse kinematics process.

1.2 Problem Statement

This report investigates and compares the performance between the inverse kinematics in com-
bination with joint space controller, and the operational space controller with null space projec-
tion, in the context of redundant manipulators. Additionally, potential field-based guidance of
operational space control is tested as alternative to pre-planned trajectories for point-to-point
cases. The manipulator needs to accomplish the tracking with minimal error whilst preventing
collisions with multiple obstacles in the operational space. Additionally, to a lesser extent, the
manipulator also needs to avoid joint and actuation force limits. The investigation is performed
on the above-named welding, inspection, warehouse management, and agriculture cases.
The operational space control method is expected to outperform the common joint space con-
trol methods in computational cost, as these controllers do not require inverse kinematics. This
advantage gives the control method a better suitability for cases with low computation power
available. However, this could impact the performance of the manipulator in other relevant pa-
rameters. The joint space controller is expected to outperform the operational space controller
in tracking accuracy because the controller only requires tracking of joint angles and not the op-
erational space position. Additionally, the inverse kinematics used for the joint space controller
guarantees a joint trajectory without obstacle or joint limit collision. In comparison, the opera-
tional space controllers do not have a pre-planned collision-free joint trajectory, and therefore
no collision-free trajectory guarantee. The Research objective is to test and compare these
performance indicators for each control type.

1.3 Research objective

The objective of this research is to evaluate the relative benefits and limitations of an opera-
tional space controller-based approach, compared to a joint space control-based approach for
redundant manipulators. In addition a potential field guided operational space control method
is evaluated as alternative to the path planning. The study aims to compare these control ap-
proaches based on multiple performance criteria: computational efficiency, tracking accuracy,
effectiveness in collision avoidance, and the performance of avoiding operation limits of the
system.

These performance aspects are analyzed under a range of conditions, including varying trajec-
tories, obstacle configurations, and levels of redundancy of the manipulator.



1.4 Scope

The scope of this project is confined to simulation based testing. A model of a redundant robotic
manipulator is evaluated in a scenario containing artificial obstacles, where it is tasked to fol-
low a trajectory generated to avoid obstacles. The scope of the project covers the modeling of
the robotic manipulator dynamics and the modeling of the operational space, including obsta-
cles and their corresponding artificial potential fields. In addition, it includes trajectory planning
through this operational space. Furthermore, an inverse kinematics solver is to be implemented
in combination with a joint space controller. In addition to the joint space controllers, different
operational space controllers in combination with their null space controllers are also imple-
mented. One of these control methods is by means of potential-field guidance. Finally, the
manipulator model is simulated under the effects of the different controllers and the results are
analyzed and documented. All models, control implementations, and simulations are developed
using MATLAB.

1.5 Report layout

The report begins with an introduction that explains the background of redundant manipula-
tion and its application in object avoidance. It also outlines the research problem, stating the
unknown performance differences between operational space and joint space implementation.
Finally, the Introduction gives the scope of the project.

Following the introduction, the theoretical background is given. The theoretical background
gives an exploration of the different techniques relevant for the report is given. Following this,
the research method is presented. The method explains the reasoning behind the chosen tech-
niques and details how they are used to evaluate the performance of different controllers for
the redundant manipulator. The method is followed by a results section. The Results section
shows and elaborates on the results from the simulations. The final parts of the report are the
discussion and conclusion. These describe the considerations, limitations, and final conclusion
of the research.



2 THEORETICAL BACKGROUND

Operational space control of redundant manipulators could be computationally advantageous
over classical joint space control. This is due to the joint space actuation that requires in-
verse kinematics to translate a trajectory in the operational space to a trajectory in joint space.
However, operational space control could have several disadvantages over joint space control.
These could be trajectory tracking, obstacle avoidance, and joint limit avoidance performance.
In this report, the different operational space controllers are compared to the joint space con-
trollers for cases with obstacles in the operational space. In addition, a novel potential field
control method with local minima detection is tested, with expected additional computational
advantage. In order to execute these tests, prior knowledge is required about key aspects.
These key aspects are discussed in this theoretical background chapter of the report.

The following key aspects are discussed for evaluation; the case description, describing the use
cases of redundant manipulators and their structure; operational space control, explaining the
dynamics equations and the different operational space control methods considered; joint space
control, providing different approaches to joint space control; inverse kinematics, explaining
different methods transforming an operational space trajectory into a joint space trajectory; null
space projection, explaining what null space projection is and the methods of accomplishing
it; and finally null space policies, giving an explanation on how to use null space projection to
achieve secondary control tasks.

The first paragraph is on the case description and is listed below.

2.1 Case Descriptions

In this case Description paragraph, two major aspects are discussed. The first aspect is the
manipulator description. In the manipulator description, an explanation is given on what a re-
dundant manipulator is and what types are considered and discussed throughout the report.
The second aspect is the case environment description. In this description, five different sce-
narios are described in which a redundant manipulator operates and what are some key aspects
of these cases.

2.1.1 Manipulator descriptions

A manipulator is described as a series of links connected by one degree of freedom (DOF)
joints. These joints can be rotational or translational joints. All possible configurations of these
joints are called the joint space of the manipulator. At the end of the manipulator, an end effector
is located. An end effector is the functional part of the manipulator that needs to be positioned
to perform the tasks. Examples for end effectors are robotic grippers, or welding torches. The
degree of freedom of a manipulator describes the number of joints in the manipulator. These
degrees of freedom are used to manipulate the end effector pose. The pose of the end effector
fully describes its position and orientation in the operational space. This operational space are
all possible positions and orientations that the end effector can reach expressed in a Cartesian



world frame. For a planar (2D) manipulator, the number of DOF required to describe the end
effector pose is three (two translations and one rotation). For a manipulator in 3D space, the
required DOF to describe the end effector pose is six (three translations and three rotations).
For this report robotic manipulators in 3 dimensions are considered. If a robotic manipulator
has more DOF than the DOF required to describe the end effector position, the manipulator
is considered over-actuated or redundant. A redundant manipulator has an infinite number of
possible configurations that allow for the same end-effector pose. This is shown for a planar
manipulator in Figure 2.1. These additional DOFs can be used for additional tasks, for example,
to avoid collision of manipulator links with obstacles.

Redundant manipulators are therefore often used in scenarios where the manipulator operates
in-between different obstacles. Several of these environments were identified and evaluated.
These are described below in the next paragraph, ’Case environment descriptions’.

@ Rotational joint
Manipulator link

c End effector

. i Obstacle

3-DOF 4-DOF 5-DOF

Figure 2.1: schematic showing the redundancy of a planar manipulator

2.1.2 Case environment descriptions

The test cases selected for this study involve applications in which obstacle avoidance is a crit-
ical aspect of the task. These cases can be divided into two categories: point-to-point applica-
tions and trajectory tracking applications. In point-to-point applications, the robotic manipulator
moves from a start pose to an end pose, and the exact path taken is not of primary importance.
Three such cases are discussed. The first point-to-point case is a simple obstacle case. This
case is for testing the minimum operation capabilities of the redundant manipulator approaches.
The second case is warehouse shelf stacking. This case is chosen to represent scenarios with
straight trajectories. The last case is the agriculture case, which is chosen to represent a chaotic
environment. The second category with cases is the trajectory tracking cases. Two cases of
this type are considered: Inspection, in which the manipulator needs to navigate an enclosed
environment; and the welding case, in which the manipulator needs to track around an obstacle
while keeping its orientation controlled. All cases considered are as follows:

1. Simple obstacle case The simple obstacle case is a point-to-point case that represents
a minimal case where redundancy is required to move to a end goal without obstacles.
In addition, the simple obstacle case can be modelled so that there are local minima in
which the manipulator can get stuck. This can help in evaluating the potential field guided
operational space control method which is tested in this report. For the other control
techniques, this case has a path constructed by a more complex path planning algorithm.
as the environment can be chosen to be random and unstructured.

2. Warehouse case In warehouse environments, items are often stacked on shelves. \When
using a robotic manipulator for stacking, it must perform the following tasks: adopt the



correct start and end poses to pick up and place items, navigate between these poses,
and avoid collisions with shelves and other products. The last requirement is the main
motivation for using a redundant manipulator in this context. The path used in this case
can be described by simple line segments. These describe moving in front of the shelve
and moving into the shelve. Therefore, this case does not require complex path planning
algorithms.

3. Agriculture case The Agriculture case represents the picking of fruits and vegetables.
To accomplish this, a robotic manipulator must navigate through branches from an initial
configuration to a pose for picking. Unlike the warehouse scenario, the orientation of
the end effector in agricultural tasks is often less in line with the environment, and the
environment is more unstructured, with irregularly placed obstacles. Due to the irregular
placement of the obstacles, a complex path planning algorithm is required. that navigates
in-between the branches.

4. Inspection case The second trajectory tracking case is robotic inspection. Redundant
manipulators are used to inspect areas that are inaccessible or hazardous to humans,
such as inside machinery or chemical plants. The trajectory is designed to scan regions
of interest within the operational space. Redundancy enables flexible navigation in clut-
tered environments without collisions. This case differs from the welding scenario in both
the trajectory shape scanning paths versus weld paths—and the nature of obstacle place-
ment. In inspection tasks, obstacles may be spread throughout the environment, whereas
in welding, the tool often operates directly on the obstacle.

5. Welding case In this case, the manipulator moves to a starting pose and then follows a
trajectory that represents the weld path (e.g., a circular path that joins two pipes). Redun-
dancy helps maintain precise orientation during welding and enables the manipulator to
avoid collisions with nearby obstacles, including the objects that are being welded.

The examples for each of the different case environments are shown in Figure 2.2.

In order for the manipulator to operate in these environments, a control law is required that allows
the manipulator to follow the trajectories for each of these cases. However, for these controllers,
a model description of the manipulator is required. This is discussed in the following paragraph.



Figure 2.2: Examples of each environment case, (A: agriculture[8], B: warehouse[9], C:
Welding[10], D: inspection[11])

2.2 Manipulator model description

As stated before, a manipulator is described as a series of links connected by one-degree-of-
freedom joints. In order to move the manipulator, these joints need to be actuated. For the
rotational joints, this is done via a torque, for translational/prismatic joints, this is done via a
force. The vector with all joint actions is in this report denoted by 7.

By applying a actuation to the joints, The state of the manipulator is changed. This state is a
description of the position and velocity of the manipulator. The state is described in the form
of each joint position denoted by ¢ and the velocity of each joint denoted by 4. Not part of the
state of the manipulator, but important for the dynamics, is the acceleration of the actuators.
This is denoted as §. Note that the point above ¢ represents the time derivative. The relation
between the state of the manipulator, the acceleration and the actuation is given by the dynamics
equation as follows:

M(q)§+ C(q,4) +9(q) =T 2.1)

In this equation M (q) is the mass matrix. This matrix depends on the current configuration of
the manipulator and describes the inertia of the system with respect to . C(q, ) is the Coriolis
matrix. The Coriolis matrix describes the effects that the movement of each link has on all other
links and depends on the entire state of the manipulator. Finally, g(¢) describes the potential
energy terms in the system and also depends on the configuration of the manipulator. For the
manipulators considered, this would be the actuation’s induced by gravity.

The configuration of the manipulator ¢ results in a position of the end effector in the operational
space. This position can be calculated by forward kinematics. The kinematics of a manipulator
describes the relation of the configuration to the position in the operational space. Positions
in the 3D configuration space are described by x,y, and z coordinates, which are for simplicity
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denoted as « in this report. Therefore, velocities and accelerations in operational space are
denoted by & and i respectively.

An additional relation between the operational space and the manipulator state is the Jacobian
(J(q)). For example, the Jacobian can be used to transform the velocity of the joint space to
the velocity of the operation space, and to transform the forces in the operation space (denoted
by F') to the forces of the joint space.

&= J(q)q (2.2)
r=J'(q)F (2.3)

In order to use a manipulator in the operation space, a controller is required. The purpose
of controllers is to determine an input actuation (7) so that the manipulator follows a desired
trajectory in the operation space denoted by x,. This x, is variable over time, as it describes
the desired pose of the end effector at a given time point. The tracking of the trajectory is done
conventionally using a joint space controller. The operational principle of a joint space controller
is described in the following paragraph.

2.3 Joint space controller design

Joint space controllers use desired joint trajectories (qq4, 44, 1) as reverence input for the control
law which steers the joint angles. Compared to operational space control, these controllers are
generally easier to implement, depending on the desired behaviour and system model. How-
ever, the tasks for each of the cases are described in operational space. Therefore, the joint
space controllers need a pre-calculated inverse kinematics step which transforms operational
space trajectories to joint space trajectories. Additionally, his inverse kinematics scheme han-
dles the object avoidance of the manipulator using the redundancy. The inverse kinematics
scheme is the main disadvantage of the joint space controller implementation and the reason
why operational space controllers are considered as an alternative in this report. Inverse kine-
matics is discussed in detail in the later paragraph ’Inverse kinematics’. As the joint space
trajectory incorporates all the joints, redundancy does not need to be considered at controller
level. A schematic overview of the joint space control schematic is shown in Figure 2.3. Two
controllers are discussed here: PID, known for its simplicity and is discussed first, and inverse
dynamics for its better tracking performance.

Joint space controller schematic

Desired "null Joint positions and velocities (q)
space" joint —

positions
Robot arm system

desired joint \ Joint actuat
Desired angles ?:rqjgsua;)r
operation Inverse (g_des) | Joint space
space kinematics g controller
position (x)

Figure 2.3: Schematic overview of a joint space controller

2.3.1 P(l)D based joint control

The PID controller is widely used in industrial applications due to its simplicity and robustness
[12]. It uses proportional (kK),), derivative (K;), and optionally integral gains (k) to minimise
the joint tracking error:

€=4dqd — ¢
2.4
T = Ky(e) + Kq(q) + K; [ e dt (24)
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The controller uses ¢, in the differential gain to ensure the stability of the system [13]. The
integral term is not strictly necessary to follow a dynamic trajectory and can often be removed.
However, in systems with friction or external disturbances, it can help reduce steady-state error.
This comes at the cost of potentially introducing instability.

The advantage of the PID controller is that the controller is easy to understand. The P, 1 and D
gains can all be tuned per joint, and controller outputs are predictable for a given state of the
manipulator. However, the PID controller has several disadvantages. The main disadvantage
of the PID controller is that it does not consider the desired acceleration or system dynamics,
which limits its performance in trajectory tracking tasks. Furthermore, it does not account for
inertial and Coriolis forces, which can degrade control performance in fast or dynamic motions.
Another disadvantage of not considering the dynamics is the difficulty of tuning the PID param-
eters to achieve desired behaviour. There is a solution to this problem. The problem is solved
by using an inverse dynamics controller.

2.3.2 Inverse dynamics controller

The inverse dynamics controller compensates for non-linear dynamics such as Coriolis, cen-
trifugal, and inertial effects by explicitly modelling them in the control law [14]. These dynamics
follow from the model described in equation 2.1. The control law is stated as follow and acts as
a dynamics compensating pd controller:

7= M(q)(Ga + Ka(da — ¢) + Kp(ga — q)) + C(g.4) + 9(q) (2.5)

The incorporation of the system dynamics in the control law causes the system to be feedback-
linearised. Linearisation of the system additionally makes error dynamics linear, resulting in the
tracking error converge asymptotically to zero. The errors in tracing are reduced by the error
compensating gain K, and K. These gains try to influence the acceleration so that the error in
joint configuration and velocity is reduced to 0. The linear nature of the error dynamics makes
the adjustment of K, and K relatively easy compared to the PID controller.

The inverse dynamics controller has the additional benefit of incorporating the acceleration of
the joint trajectory into the control law. This makes this type of controller more suitable for tra-
jectories with high accelerations.

However, this type of joint space controller also has some disadvantages. The main disad-
vantage of the inverse dynamics controller is that it is sensitive to modelling inaccuracies. The
controller relies on precise cancellation of the non-linear terms, and therefore any error in esti-
mating M (q), C(q, q), or g(q) can degrade performance or even destabilise the system.

As stated before, both types of joint space controller have the advantage that the controller is
directly handled on a given joint space trajectory. Therefore, the controllers themselves do not
require the transformation of the operational space trajectory to joint space, making the real-time
execution more efficient. However, the transformation is still done offline using a computationally
expensive inverse kinematics algorithm. The in this report compared technique of Operational
space controllers, improve on this by doing the operation space to joint space transformation
on controller level. This removes the requirement of the inverse kinematics entirely. These
operational space controllers are discussed next.

2.4 Operational Space Controller Design
Operational space controllers compute actuator torques and forces based on current joint posi-

tions, velocities, and accelerations (g, ¢, ¢), as well as the desired operational space trajectory
(zq, 24, Z4). Thisis in contrast to joint space controllers that use joint configurations as a desired
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trajectory. The controller’s goal is to use 7 to act on ¢ so that zcpdef fector = Tirajectory- ThIS IS
schematically depicted in Figure 2.4.

Operation space controller schematic

Null space . » B
actuation Joint positions and velocities (q)
i l Y Joint actuator
Desired Operation space torques (1) Robot arm system

operation
space
trajectory (x)

——» controller, with null
space control

Y

Figure 2.4: Schematic overview of the operation space control implementation

In the operation space control laws, redundancy of the manipulator is also handled by the control
law, in contrast to the joint space controller, where it is handled by the inverse kinematics. Re-
dundancy is handled by means of null-space projection. This null-space projection translates
secondary tasks as object avoidance and joint limit avoidance to joint movements. The null-
space projection is typically integrated as an additional reverence next to § or ¢. This means that
it wants to change ¢ without influencing zcpge f fector- More details on the working and implemen-
tation of null-space control is discussed in the 'Null-space projection methods’ and 'Null-space
policies’ paragraphs. For now, all null-space actuations are denoted by -, in all controllers.
Here ~,, acts as a secondary joint reverence.

In this report, three different control laws are discussed: Velocity-Based Control, Acceleration-
Based Control, and Impedance-Based Control. Additionally, the option for direct null space
projection and the incorporation of orientation control are discussed. The first control law eval-
uated is the velocity-based control.

2.4.1 Velocity-Based Control

Velocity-based control is one of the most robust and simple implementations. The velocity-
based control law computes actuator torques and forces using the desired operational space
velocity and position, not acceleration[15]. The control law has a compensating term in both the
operational space and the joint space, making it robust.

The first step of the velocity-based control law is to translate the measured joint space con-
figuration ¢ into the operational space pose of the end effector. This is done via the forward
kinematic function:

z = f(q) (2.6)

Using this end effector pose, an operational space error compensating control law is derived.
This control law uses the error in the desired position (x4 — x) and the desired operational space
velocity i, to derive a reverence operational space velocity (&,. This reverence control law uses
a gain K, in order to reduce the error, and the formulation is as follows:

iy = g+ Kp(za — £(2) (2.7)

Next, the reference joint velocity ¢, is computed from the desired operational space velocity us-
ing the Jacobian pseudo-inverse (J ). The pseudo-inverse is used because the Jacobian is not
necessarily square and therefore invertible. At this stage, null space projection (~,,) is applied
to intergrade secondary objectives. This makes the resulting calculation of the reverence joint
velocities:
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QT = J+j7r + Tn (28)

For the calculation of the torque are the reverence joint position (¢) and acceleration (§) also
required. These are calculated by differentiation and integration of the reverence joint velocity.
In practice, this integration and differentiation is done numerically. However, here they are
denoted as exact solutions:

t
qr :/ qgr dt (29)
0
. dgy
Gr=— (2.10)

These quantities are then used to compute the control torque / forces using the system dynamics
of equation 2.1. The resulting control law is of the form:

7= M(q)4r + C(q,q) + 9(q) + Kgaldr — §) + Kgplar — q) (2.11)

Where M (q,)G-+C(qr, 4r)dr+9(qr)q, calculates the actuator torques and forces of the dynamics
and K, q4(4- — ¢) + Kq,(q, — r) is a compensating term for position error[7]. The disadvantage
of this method is the application of the joint space actuation at the velocity level. In this report,
the velocity-based control approach is compared to the acceleration-based control approach,
where the null-space actuation is applied as a joint acceleration. Therefore, this method requires
different null space actuations. In order to compensate for this and make the comparison fairer.
An alternative velocity approach is suggested where the reverence joint velocity is calculated
without null-space actuation.

Alternative velocity method

An alternative method to the above-mentioned velocity control method uses the same reverence
operational space trajectory but changes the following control laws. First, the reverence joint
velocity ¢, from equation 2.8, can be calculated without null space actuation as:

G = J 1, (2.12)

Then ¢, is only integrated to get ¢ (Equation 2.9). The reverence joint acceleration is not cal-
culated by differentiation, as it is calculated as the result of a joint error compensating control
law. This control law uses the error of the reverence joint velocity and position with respect to
the actual manipulator joint velocity and position. These errors are then multiplied with respec-
tive gains K4, and K, to calculate the reverence acceleration .. Additionally, the null-space
actuation is added resulting in the following formulation:

Gr = Kpq(ar — @) + Kag(dr — @) + 1 (2.13)

Finally, the actuation is calculated using the dynamics of the manipulator using the reverence
acceleration as the actuation on the mass matrix. The Coriolis and potential energy matrices use
the actual manipulator state in order to compensate for these forces. The resulting formulation
for the actuation is as follows:

= M(q)Gr + C(q,4) + 9(q) (2.14)

This method may be preferable, since it uses the null-space actuation on the acceleration level.
This coincides with the acceleration control discussed hereafter.
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The main advantages of velocity-based control are the simplicity in the controller design and the
robustness due to stabilisation in the joint space and operational space [7]. Another advantage
is the use in the potential-field guided approach as discussed later in the ’potential-field guided
operational space control’ paragraph. The reverence operational space velocity can directly
be replaced by the gradient of the potential field, causing the end effector to find a minima by
matching the gradient descent path.

However, there are drawbacks to velocity-based control. one of these drawbacks is the re-
duced tracking performance due to the absence of explicit acceleration input. This makes the
controller less responsive to high acceleration trajectories. [7]. A solution to the lagging tracking
performance due to high accelerations is solved by integrating the acceleration in the control
law, this is done in the acceleration-based controller.

2.4.2 Acceleration based control

In acceleration-based control, the reference operational space acceleration is computed from
the desired trajectory position, velocity, and acceleration[16]. Incorporating acceleration should
improve tracking compared to velocity-based approaches. In contrast to the velocity-based con-
troller, the acceleration-based controller uses a reverence acceleration for the operation space
instead of a velocity. This reverence acceleration is calculated using the desired acceleration
# and two error compensating gains (K, and K)) for the desired velocity and position. The
resulting reverence acceleration is as follows:

Ty = J'E'd—‘rKd(j?d—i') —l—Kp(md—:c) (2.15)

The corresponding joint accelerations ¢, are then obtained using the Jacobian and its time
derivative. Additionally, null space control is incorporated at this stage resulting in the following
equation:

(.].r:JJr(j}r_jq.)"’_fYn (216)

The actuator torques/forces required to achieve these joint accelerations are calculated using
the manipulators’ dynamic model from Equation 2.1 resulting in the control law:

= M(q)dr + C(q,4) + 9(q) (2.17)

Using the desired acceleration, the controller should theoretically converge the position error to
0. However, in practice, this is impossible because of sampling errors, modelling errors, and
other influences. The acceleration-based control law has also drawbacks. A known drawback is
that the null space control term is pre-multiplied by the mass matrix. This can cause instability if
the mass matrix is not accurately modelled [7]. Additionally, since the null space action operates
in the joint acceleration domain, designing a stable and effective null space control law becomes
more challenging.

A disadvantage of both the velocity- and acceleration-based controllers is the unpredictable
stiffness of the end effector. In most applications, this is not important and. However, in cases
where the manipulator needs to interact with a force-sensitive environment, e.g. humans or
fruits, this could be of importance. A type of controller that has a predictable stiffness is the
Impedance or Force controller.

2.4.3 Impedance/Force Control

The impedance control emulates a spring damper system between the desired and actual end
effector trajectory position[17]. Unlike the acceleration-based method, this approach relies only
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on the desired position and velocity of the end effector, not on the acceleration. The desired
operational space force F,; is computed by modelling a spring damper system. This model is
constructed using an error compensating gain (K,) which acts as the spring constant on the
error in position, and a gain on the velocity error (K,), which acts as a damping constant on the
error in velocity. This results in the following desired force equation:

Fy= Kp(:ﬁd—x) + Kq(iq — @) (2.18)

In order to create the desired force in the operation space, the force needs to be transformed
to the joint space. This transformation is done via the transpose of the Jacobian as follows:

r=J Fi 4+, (2.19)

Traditionally, in this step the null space actuation (v,,) is added. This null space actuation is a
direct force/torque on the actuators.

As stated before, the primary advantage of this type of controller is the predictable stiffness of
the manipulator. However, this is not a big consideration for the selected cases to evaluate.
An additional advantage of the force controller is the application in the potential-field guided
approach similar to the velocity-based approach. The gradient vector of the potential field can
be used as a force vector to guide the manipulator to the minimum. More details on the gradi-
ent based approach are given in the 'Potential field operational space control’ paragraph. The
disadvantage of using the force controller in the potential field approach is that the movement is
still influenced by the manipulator dynamics, for example, inertia may cause overshoot or even
collision with obstacles.

This is also the major drawback of this control law. The lack of any dynamic compensation signif-
icantly reduces the tracking performance. Another draw back, similar to the first velocity-based
approach, is that the projection is not done on the acceleration level, making a fair comparison
difficult. However, this method of projection also shows the possibility to use this projection in
other control laws. This will be discussed hereafter.

2.4.4 Direct Null Space Projection at the actuator Level

In the control methods discussed previously, the null space projection (v) is typically integrated
within the control law itself. However, this is not strictly necessary; null space objectives can
also be applied directly at the actuator force/torque level [3]. Embedding null space control into
the control law has the benefit of satisfying certain null space stability requirements. If stability
is not guaranteed in this direct torque approach, it may be compensated by adding damping
terms to the null space joints.

This technique of directly projecting null-space actuation is also used in impedance control. The
total actuator torques/forces are calculated as follows:

Tactuation = Teontroller T 7Y (220)

The main advantage of this projection method can be combined with classical operational space
control techniques. Another advantage is that this method of null space projection can be ap-
plied for all different control types. This would enable the use of the same policies for all im-
plementations, making a fair comparison easy. However, there is a big disadvantage with this
projection method. While the controller may consider the manipulator dynamics, the null-space
does not. Therefore, the behaviour of the manipulator in the null-space can become more un-
predictable.
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2.4.5 Oirientation control

The control of the orientation of the end effector is not specifically named in all of the operational
space control methods stated above. However, it requires some additional attention. All control
schemes discussed above use the vector x to represent the pose of the manipulator in the
operational space. The position component of x corresponds to the Cartesian coordinates of
the end effector, whereas the representation of orientation is more complex. A common method
for representing orientation is through quaternions [18]. A unit quaternion « can represent any
3D rotation and is defined as:

a:[n €1 € 63] (2.21)

where 7 is a scalar part and € = [e1, €2, €3] is a vector part. Any rotation can be represented
by an angle ¢ around a unit axis r. Following this argument, the quaternion components are

constructed by:

n = cos(%)

%)

e=r-sin(%) (2.22)

For orientation control, the error (e) between the desired orientation (ag = [14, €4]) and current
orientation (o = [, €]) must be defined. This error is formulated as follows:

€o = N4€ — NEq + €4 X € (2.23)

where x is the cross product.

For the control schemes, the rotational velocity of the end effector also needs to be defined.
This rotational velocity is chosen as w, representing a vector around which the end effector is
rotating, and the magnitude indicates the velocity. With this definition a velocity reverence for
an orientation controller can be derived as an example as shown as follows:

Gp = Gog — Kaea (2.24)

This is similar to the reverence of the velocity-based controller, as listed before. Combining
them would result in the reference pose velocity i, which can be used in the velocity control

law.
. Dr Da — Kpep
Td = [ Wy ] N [ wqg — Kaeq } (2.25)

Similar for can be done for acceleration reference:

. Dr _ Pd — Kdép _ erp
o |: wr :| a |: (’;‘)d - Kaéa - Kaea (226)

All operational space controllers; listed above act onto the end effectors position by influencing
g. The controllers use a null space projector to accomplish an additional task without influencing
the end effector position. The process of this null space projection is discussed below.

2.5 Null space projection methods

Null space projection in the context of robotic manipulator control is the process of projecting
an action from the entire configuration space onto the null space of the configuration space. In
other words: a desired movement of a redundant manipulator is translated to a closely matching
movement that does not impact the end-effector position. This can be used to act on the joints
to achieve a certain task such as object avoidance without influencing the positions of the end
effectors as shown in Figure 2.1. These additional tasks projected onto the null space are called
null-space policies and are discussed in the like-named paragraph. Null space policies are
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required in this project as the redundancy of the manipulator is used to move around obstacles
and prevent the manipulator to reach joint limits. The null-space projection is implemented in the
controllers as shown in the previous paragraph. In these controllers, the null-space actuation
is denoted as ~,,.

There are multiple techniques to accomplish this null-space projection. The most common
technique uses the Moore-Penrose pseudoinverse, which also forms the basis of the other
projection methods.

2.5.1 Pseudo inverse projection

The optimal method of null-space projection is given by the Pseudo inverse[19]. The Moore-
Penrose inverse (A™), or pseudo-inverse, is an inverse that offers an inverse possibility for
non-square full-rank matrices such that:

Ax =b
x=A"b (2.27)
I1=AAT

In the case of a non-square full rank matrix A, there are an infinite number of matrices for B
that satisfy AB = I, where | is the identity matrix. However, the pseudo-inverse A* is the
solution with minimal norm, which means that it is the closest match. The pseudo-inverse can
be calculated by means of singular value decomposition or by the following expression:

AT = AT(AAT) ! (2.28)

The null space pseudo-inverse projection uses orthogonal projection. Any vector in the opera-
tional space (7) can be split into a vector on the column space of the Jacobian transposed (J7),
this is the part of the operational space vector that acts on the end effector, and an orthogonal
vector (v) that is in the null space of J. This null space vector is the part of the operational
space vector (1) that has no effect on the end effector. This projection is realised with the
pseudo-inverse as follows:

T=—-JtN7 (2.29)
In order to show that this projector does in fact only act on the null-space, two additional prop-
erties of the pseudo-inverse are required:

JItr=1J (2.30)
(Jtnt =JtJ (2.31)

Using these statements, the following steps can be taken to show that any actuation 7 projected
using this method does not influence the primary task:

P=(I-J%J) (2.32)
JP=J(I-Jt))=J—JJ J=J—-J=0 (2.33)
JPT =0 (2.34)

This shows that any projected actuation (P7) has no effect on the end effector as multiplication
with the Jacobian does not result in any actuation.

Optionally, the null space projection can be scaled after projection in order to increase its effect.
The total projection with a scaling « and the desired action » would be as follows:

Yo =a(I — JTJ)h (2.35)
This projection can be directly implemented into the control laws.
Other projection methods are possible; however, these would not be the closest match to the

desired motion. Nevertheless, there are advantages to these projectors. These projectors are
called oblique projectors and are discussed in the following.
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2.5.2 Oblique projection

The orthogonal projection is the norm-minimised projection and therefore results in the closest
matching manipulator behaviour to the input. However, it is not the only null space projection
possible. These other projections are oblique projections and can be used for weighted null
space projections. An example of a weighted projection matrix (P) is as follows [20]:

P=1—-JragwtyhH-tw-! (2.36)

Here, W can be a positive definite matrix. An example of W would be the diagonal matrix with
the weights of each joint. This could be used to avoid the joint limit, where the weight is a function
of the angle of the joint, and joints that reach their limit are prioritised. Another example would
be object avoidance. If a link located halfway into the manipulator needs to move away of an
obstacle, only the joints located between the base and that link can be given a high priority, as
these joints only act on the link position in the operational space. Multiple null space projections
for different tasks can also be combined. One method is the projection of the priority task.

2.5.3 Task priority projection

One form of combining null space operations is by implementing a task priority method of null
space projection. Task priority projection uses null space projectors for lower priority tasks that
project onto the null space of the task in a higher priority and in the null space of the primary
task. With task priority, it is possible to have a lower priority null space task without influencing
a high priority null-space task [21].

In this section some different uses of these different projected tasks are already named, e.g. ob-
ject avoidance and joint limit avoidance. In the next section, these projected tasks(also named
null-space policies) are discussed in greater detail.

2.6 Null space policies

Null-space policies are the secondary objectives that can be incorporated into control laws with-
out interfering with the primary end-effector trajectory. This is done by taking advantage of the
redundant degrees of freedom within the manipulator. For this project, the two most significant
secondary objectives are the avoidance of obstacles, stabilisation of the null space movement,
and the avoidance of joint limits. Other applications that are of lesser relevance for this project
include singularity avoidance achieving more human-like motion, or improving tracking perfor-
mance [1][2]. For obstacle avoidance, a potential field-based approach is preferred as this
potential field can also be incorporated in the potential field guided control approach discussed
later in paragraph 2.8. The avoidance of obstacles is discussed first in the next paragraph.

2.6.1 Potential field obstacle avoidance

The avoidance of obstacles is a significant policy as it ensures that the redundant manipulators
can reach around obstacles without the intermediate links to intersect with them. For each of
the cases considered in this report, there are imaginable cases where the redundancy of the
manipulator can be leveraged to move around obstacles. As stated before, the potential field
approach is the best suited, as it is also used for the potential field guided approach.

Potential fields can be used for obstacle avoidance by generating a virtual potential field function
for each obstacle. The potential fields are defined so that there is a high potential for the space
intersecting the obstacles and a decreasing potential around it. This results in a downward
gradient for the robotic arm to descend in order to move away from obstacles[3][5][4].
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The descent from the potential field (P(x)) is driven by setting a virtual force (F') at the key points
of interest in the manipulator. The virtual forces acting on the points of interest are determined
from the gradient of the potential field. Each point of interest is numbered by the variable j.
This force can then be transformed into joint torques / force using the Jacobian for the points of
interest(.J;(¢)). The formulation of the null-space actuation due to all points of interest can then
be formulated as follows:

=Y J(g)F(x) (2.37)
j=1

The potential field function can be derived from the distance between a point and a simple
geometric surface[3], or from the distance between two geometric surfaces [22]. An example
function for the potential field as a function of the distance between two bodies is as follows:

1 1 1
po (i) F a<d (2.38)
0 d > dy

Where d is the distance between the objects, dj is the minimal distance to act, and ¢ is a scaling
factor for the potential field. The scaling acts as a means to tune the speed with which the
potential field acts.

The force generated by the potential function can be calculated by computing the gradient of the
potential field and multiplying it by -1. The gradient is calculated by taking the partial derivative
for each axis as follows:

T
dP dP dP} (2.39)

Fla) = - [dw’ dy’ dz
As a null space policy, the calculated actuation can not be implemented directly to the con-
trollers. Depending on the type of projection used and the domain it acts on (joint velocity,
acceleration, or actuation), the force needs to be scaled accordingly.
For manipulators with one degree of redundancy (7DOF), an alternative method of obstacle
avoidance is available. In this method, a plane is defined within the manipulator arm that can
move freely [23]. This plane can then be used as an object of interest that needs to move away
from obstacles.

2.6.2 null space damping

Since null-space motions are not inherently stabilised by the primary controller, the system may
exhibit an unbounded motion in the null space. To address this, a damping term can be added
to the control input to reduce joint velocities in the null space.

Taamp = (I — It D)ab, a <0 (2.40)

Here, 6 represents the joint velocity vector, and « is a negative gain determining the damping
strength. This term passively stabilizes null space motion, particularly when no explicit null
space objective is defined [24].

2.6.3 Joint limit avoidance

Joint limit avoidance is critical to ensure safe operation and maintain redundancy. When a joint
reaches its mechanical limits, it effectively removes one degree of freedom from the manipulator,
which can compromise both task execution and safety.

A common strategy is to apply a potential field to each of the joints. The potential increases as
the joint angles/extension approach their limits. Similarly to obstacle avoidance, the gradient of
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this potential field can then be used to describe the actuation that steers the joints away from
the limits [25]. An example of a joint limit potential can be expressed as the following function.

1 1

P(gi) =26 < + > (2.41)
qi — Amin,i 9maz,i — i

The gradient of this potential with respect to ¢; gives the torque/force contribution, which can

then be projected into the null space of the primary task. This technique is conceptually similar

to obstacle avoidance, but is defined in a joint configuration space rather than the operational

space.

After all the actuations of the null-space policies are calculated, they can be added to each
other and projected using one of the methods discussed in the previous paragraph; or the task
priority projection can be used for the projection where the policies are given an order of priority.

2.7 Inverse kinematics

The joint space controllers stated in paragraph 2.3 require the operational space reference
trajectory from each of the cases, to be transformed into a joint space trajectory. This transfor-
mation process is known as inverse kinematics. The inverse kinematics is computed before the
execution of the control loop as shown in Figure 2.3. There are various approaches to solving
the inverse kinematics problem, particularly for redundant manipulators where an infinite num-
ber of joint configurations can result in the same end-effector pose [26]. Each method handles
this redundancy differently. In order to find the most suitable approach, each implementation
is discussed here. First, the inverse Jacobian method is considered as it is one of the simplest
implementations.

2.7.1 Inverse Jacobian

The inverse Jacobian method for the inverse kinematics problem uses the pseudo-inverse of
the Jacobian. This method transforms the desired operational space velocities (i) into joint
space velocities (¢4) using the pseudo-inverse of the Jacobian matrix:

Ga = J " (@)Za+ (2.42)

This method is basically the inverse of the Jacobian transformation of the joint velocity stated
in equation 2.2. However, since the Jacobian is non-square for redundant manipulators and
there is no singular solution, the pseudo-inverse (J*(q)) is used to give the norm-optimal solu-
tion. Additionally, secondary tasks are added here by means of a null-space projection. This
null-space projection is required, as it allows obstacle avoidance and other secondary tasks to
be implemented without influencing the end effector [6]. Taking advantage of the redundancy
of the manipulator.

The joint space velocities can then be integrated and differentiated to obtain the joint positions
and accelerations for the controllers. Note, however, that this method relies on perfect match-
ing of the desired path and the joint followed path (which may not be the case due to numerical
errors and singularities). This brings forth one of the problems with this inverse kinematics ap-
proach. In the case of discrepancy between the desired and realised velocity, e.g. caused by
singularities, the integration would result in a drift from the desired position. Furthermore, the
null-space projection for obstacle avoidance does not guarantee a solution when the manipu-
lator intersects obstacles. The main advantage of the pseudoinverse method is that the use
of the pseudoinverse allows for solutions even in configurations where the system is locally re-
dundant, by returning the closest solution in a least-squares sense.
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A solution to the singularity problem of the inverse Jacobian method in addition to an error
compensation term is offered by the Damped-lest-squares method.

2.7.2 Damped least squares

The Damped Least Squares (DLS) method [27] is an extension of the inverse Jacobian ap-
proach, designed to improve numerical stability near singular configurations. Instead of directly
using the Moore-Penrose pseudoinverse, DLS introduces a damping term ) to the inverse op-
eration, which reduces the effect of small singular values that can cause large joint velocities.

Aqa=JV(JIT + 22D teg+ (I — J(g) )y (2.43)

Here, ¢4 = x4 — x is the pose error in the operational space and X is the damping factor. The
term (I — J*J)g is a null space projector similar to that in the pseudoinverse method, allowing
secondary objectives such as avoidance of obstacles or avoidance of joint limits.

Unlike the inverse Jacobian method, DLS computes a position correction Agy rather than a ve-
locity, helping to reduce drift over time. However, this means that the method may not strictly
adhere to the original trajectory. The main disadvantage of this type of solver, similar to the
inverse Jacobian, is that it does not guarantee that obstacles are avoided, especially if the pri-
mary tracking task does not allow otherwise. Another disadvantage is that it does not guarantee
accuracy in the trajectory.

2.7.3 Optimization based

The optimisation-based approach solves the inverse kinematics problem by iteratively comput-
ing the optimal joint velocity ¢ that minimises a cost function at each time step [28]. The basic
objective is to minimise the following expression, which penalises deviation from the desired
end-effector velocity:
min |[J§ — || (2.44)
q

This is also done by the pseudoinverse Jacobian method. However, in this case, an additional
constraint can be added to the solver. Examples of additional constraints are joint angle limits,
actuation limits, and spatial obstacles [29] as shown in:

Gmin < g+ ¢dt < gmax Joint limits (2.45)
x=f(q), f(qg+qdt)# xopstacle Obstacle avoidance (2.46)
Tonin < M(%) +0(q,4) + g(q) < Tmax  Actuation limits (2.47)

This optimisation can then be solved by any available non-linear multivariable solver, e.g. MAT-
LAB’s fmincon function, which uses the SQP optimization algorithm[29]. The disadvantage of
this approach is that the solver may deviate from the desired trajectory when finding the optimal
solution. A solution is to define the trajectory as a hard constraint and optimise the scaling of the
direction error with a scaling value «. where alpha is between 0 and 1, and is tried to maximise.

Ji = ai (2.48)

This makes the system stop by setting « to zero when no solution exists other than following
the trajectory.

In addition to collision detection in the constraints, the potential field acting on the robot (null
space) could also be minimised in the optimisation problem [30].

A major advantage of the optimisation-based method is its ability to enforce hard constraints,
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such as joint limits, actuation limits, and collision avoidance. Furthermore, with appropriate for-
mulations, it can prioritise either trajectory accuracy or safety by choosing whether to stop or
follow an approximate solution when the desired motion is infeasible. The main drawback is
its computational cost, as solving constrained non-linear optimisation problems at each control
step can be resource intensive. This may limit its use in real-time applications without sufficient
computational resources or solver tuning.

The overall big disadvantage of the inverse kinematics implementations is the compute cost.
The estimated best approach of optimization-based inverse kinematics takes multiple iterations
per trajectory sample and is therefore computationally expensive. The inverse kinematics com-
pute cost can be removed by the operational space controllers, which have their own different
disadvantages. The operation space control still requires the path planning. which can also be
a large part of the overall computational cost. This is especially the case for a more chaotic
environment like in the agriculture or simple obstacle case. In this report, an additional optimi-
sation is proposed for these point-to-point cases using a potential field-guided approach. This
is elaborated on in the next section.

2.8 Potential field guided operation space control

The potential field guided operation space control uses the gradient of the potential field to
direct the velocity or force that should be generated in the end effector. This should result in
the end effector following a gradient descent trajectory towards the goal. The potential field is
generated by a goal attractor function in combination with the environment obstacle potential
field. The obstacle potential field is easily available since it is already used for the null-space
obstacle avoidance. This approach has already been shown to work for 2d cases [31][32]. The
challenge of this method is with the formation of local minima. The obstacle field in addition to
the goal attractor field could result in local minima where the manipulator guidance would get
stuck. One solution is to detect these local minima during operation and place virtual obstacles
atthese locations [32]. In this report a novel approach for predicting these local minimais tested.
This approach uses a first-order approximation of the potential field to estimate the local minima
without requiring the computation cost of predicting ahead in the gradient descent.

2.8.1 local minima estimation with first order approximation

The process of finding the local minima in the trajectory of the manipulator can be described in
the following steps.

Given the potential field for the goal attractor V,(z) and the obstacle-potential field V,(z). A
local minimum is defined as a point where the gradient (g(x)) of the sum of the potential fields

is equal to 0.
oV, OV,
= — 2 = 2.4
gla) =2+ =0 (2.49)

Using a first-order Taylor expansion of the system, an estimation can be made for a change in
position (§) where the potential field reaches a equilibrium g(x + §) =0

g(x+0) ~g(z) + 4 (x)6 =0 (2.50)

J'(z) is the derivative of the gradient and in this 3 dimensional case it is the hessian of the
potential field, H(x). Using this information, the equation can be rewritten to solve for ¢, which
can then be used to find the estimation of the (local) minimum.

§=—H z)g(x) (2.51)
Tyin = T + 0 (2.52)
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The calculated position z,,;, is a local minimum when the gradient norm is lower than a set
threshold ¢,. This threshold is required because the estimator is not expected to find the minima
exactly.

lg(zmin)|| < € (2.53)

For the placement of virtual obstacles, the additional check needs to be executed to see if the
minimum found is not the goal position. This is required since the goal position is expected to
be the global minima of the potential field. This is done by evaluating whether the minimum is
further away from the goal than a set threshold e..

|[Zmin — Tgoatl| > €e (2.54)
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3 METHOD

In the Method section, all the methods used to enable testing are elaborated. These methods
enable the evaluation between the joint space-space control and operational space control.
Furthermore, the novel potential field-guided approach will be evaluated for the relevant cases.
The first section is about the modelling of the manipulator. This section discusses the method for
modelling the kinematics and dynamics of the manipulator and the choices for the manipulator
structure. The second section focusses on the construction of the test cases. This includes the
modelling of the obstacles and the accompanying potential field, and the trajectory generation in
each case. The third section discusses the implementation of the controllers. This includes the
implementation of the null-space projection and policies, and all types of controllers evaluated.
The fourth and final section discusses the measurement process used to generate the values
used for comparison.

3.1 Manipulator modelling

All testing in this report is done by means of simulation. In order to simulate each controller
in all environment cases, models of the manipulators are required. These models describe the
dynamics and kinematics of the manipulator for a given actuation and configuration. In addition,
the dynamic model of the manipulators is also required for the controller implementation.

In this section. First, the dynamics of the manipulator is discussed. These are the dynamics
that describe the state evolution and give the information needed in the controllers. Secondly,
the additional dynamics are discussed. These dynamics include properties such as the joint
limit behaviour and friction. Third, the different configurations of the manipulator that are used
in the test cases are discussed. Different configurations are tested to validate the controllers
for different levels of redundancy. Lastly, information is given on the definition of the points of
interest. These points are used to interact with the environment. These interactions include
collision detection and potential field measurements.

3.1.1  model dynamics and kinematics

To be able to simulate the manipulator, a dynamic model is required. It is chosen to model the
manipulator using the Euler-Lagrange method [33]. This modelling method results in a series
of coupled differential equations that describe the evolution of the manipulator state. These
differential equations can then be simulated using one of the ODE solvers in MATLAB [34],
which acts as a variable step integrator. The resulting differential equations can furthermore
be rewritten into mass, Coriolis, and potential energy matrices, which are used in the inverse
dynamics control laws.

In the Euler-Lagrange modelling technique, the change in potential (V' (¢)) and kinetic (7'(q, ¢))
energy with respect to the generalised coordinates is used to describe the dynamics of the
system. Energy is removed or added to the system by toques or forces in the generalised
coordinates by 7. In line with the states used in the controllers and for simplicity, the generalised
coordinates used for the modelling are chosen to be the actuation of the manipulator joints (g).
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These are in radians for the rotational joints and metres for the prismatic joints. Since test cases
are evaluated for manipulators with different number of joints, the modelling is kept general for
n links. The Euler-Lagrange equation that describes the state evolution in the form of energy
exchange is as follows:

L=T(q,4) V() (3.1)
d dL(q,q) dL _
ddr a7 (3.2)

The Euler-Lagrange equation requires equations for potential and kinetic energy. These are
derived using the twist definition of motion. The kinetic energy is then described as the sum
of the energy of each link (i), which are derived using the twist (£) and the inertia matrix (1) as
follows: . .
1 0,0\T 7. ¢0,0
T = T == SO (ET 3.3
Z; QZ;§> (&) (3.3)
Detailed steps on the derivation of the Euler-Lagrange method, including the kinetic and poten-
tial energy derivation, are given in the appendix A. The advantage of using this method is that
one of the intermediate steps results in a kinematic model of the manipulator. This kinematic
model is used to transform the manipulator state to the end-effector position. furthermore, it is
used in order to derive the potential energy function. The only potential energy in the system
is due to gravity. This gravity is modelled using the mass of each link (m;), the position of the
centre of mass on the link (P,,,;), the transformation that describes the pose of the link (H;),
and the gravity vector (g). The potential energy is then calculated as the sum of the potential
energies of each link as follows:

n

V= Zn: Vi= Z(Hipmi)ngi (3.4)
=1

i=1

The equation resulting from the Euler-Lagrange differential equations can be rewritten in a form
with a mass, Coriolis, and potential energy matrix, as shown in 2.1. For simulation purposes,
the equation is rewritten in state-space form describing the evolution of the manipulator state
as follows:
i 1] = [0 - G- o)
dt (4] — [M N a)(T = Cla.4) — 9(q)

This state evolution equation describes the rigid body dynamics of the manipulator without any
restrictions on the joints. Furthermore, this description only describes the change in energy as
7. However, the change in energy encompasses the input of the actuator, friction, collisions,
and other possible external influences. These additional influences are discussed in the next
paragraph on additional dynamics.

(3.5)

3.1.2 Additional dynamics

In real life, the dynamics of the manipulators are more complex, friction acts as a non-linear
actuation on 7 removing energy from the system. Additionally, in real-live the actuators acting
on the system have additional dynamic behaviour. Finally, manipulator joints have limits in real
life. limiting the operation range. It is chosen to only model the joint limits of the joints and
neglect the frictions within the manipulator.

The joint limits are modelled by a collision model. described by the following equations.

Kp : (q - Qmm) + Kd : q : (cos(arctan(50 ' Q) —I—pi) + 1) q < dmin, q <0

m Ky - (¢ — Gmaz) + Ka - ¢ - (cos(arctan(50 - ¢) +pi) +1) ¢ > Gmaz,q > 0
Kp'(q_Qmax) q > Gmaz,q <0
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Four collision domains are identified. In all domains, a spring force is acting on the joint to pull
it out of the collision K, - (¢ — Gmin/maz- Kp iS @ spring constant chosen as 1000 to mimic a solid
material. For domains where the joint is moving into the limit, an additional damping term (K *¢)
is added. The additional damping term removes energy from the system when a collision occurs.
It is chosen to apply damping only when moving into the joint limit to prevent the manipulator
to ’stick’ to the limits. In addition, a smoothing factor ((cos(arctan(50 - ¢) + pi) + 1)) is added on
top of the damping to smooth the transition and make it easier to solve when simulating in an
ode solver. The complete dynamics of the system including the joint limits can be described by
the following state space equation, with = without subscript, reverencing the actuation applied
by the actuators:

i) | ! @7
dt |¢] — [M (@) (T + Timit — C(g: 4) — 9(q) '

The limits for the joints are chosen as follows. For the x and y joints, the limits are set to
+/ — 0.75pi radians. These limits are chosen to prevent self-intersection of the manipulator.
The z-rotation joints have no limit defined, as they can rotate freely without directly causing the
intersection between the link segments. The last joints used are the z-translation joints. These
joints are limited to operate from 0 to 120 cm. It is chosen to limit these joints for the purpose
of realism. The exact configurations chosen for each of these segments are discussed below.

3.1.3 Used Manipulator configurations

Three different configurations of manipulators are chosen. Each configuration is for a different
level of redundancy. The three different levels of redundancy considered are 7-DOF, 8-DOF,
and 9-DOF. The configurations of each of these models are shown in Figure 3.1. These con-
figurations are chosen in an attempt to enable the most dynamic position movement of the null
space. In practice, prismatic joints are not that common. however, in this case they where
considered to show the diverse implementation of the control laws.

Figure 3.1: Schematic overview of the configurations of the robotic model
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For the purpose of getting the inertia matrices for each of the manipulator segments, they are
modelled as cylinders with an additional mass on the bottom representing the actuator mass.
The total mass of each segment is 2.5 kg. All segments with a rotational joint have a length of
15 cm and all segments of the translation joints have segments of 10 cm. All segments have a
width of 10 cm.

3.1.4 Points of interest

In order to evaluate the interaction of the manipulator with the environment and the accompany-
ing potential field, it is chosen to define discrete points of interest. The points are equally spaced
over the length of each segment of the manipulator. In this project, four points of interest are
placed equally spaced in the centre axis of each manipulator segment. With these points, the
distance from obstacles in the environment can be determined. Using this distance information,
the intensity of the potential field can be determined at that location. Additionally, the distance
is used as a collision detection. where if a point of interest is closer to an obstacle than the
width of the manipulator, its considered a collision. The exact method used to determine the
distance to the obstacles is discussed in the next section on case construction, where it is used
to calculate the potential field intensity.

3.2 Case construction

Since controllers are tested by means of simulation, virtual environments need to be constructed
in which manipulator models operate. These virtual environments must mimic the structures
encountered in a real-world example. The structure of these environment models are discussed
in this section’s first paragraph, 'case structure’. The structures of the cases are constructed
from multiple configurations of obstacles. The method by which the trajectory in-between these
obstacles is planned is discussed in the second paragraph 'Trajectory planning’. How these
obstacles are modelled is discussed second in the final paragraph, 'Obstacle and potential field
modelling’. This paragraph also discusses how the potential field of a case is constructed for
obstacle avoidance, used in the controllers.

3.2.1 case structure

As discussed in the theoretical background section 2.1.2, five different scenarios are considered
in this report: Agriculture, Warehouse, Inspection, Welding and Simple obstacle. Each of these
cases are tested multiple times. Therefore, it is chosen to generate the cases automatically
from a set of rules describing each type of case. A general description of each case is given
here.

Agriculture case

In the agriculture case, the manipulator is placed in a fixed starting pose. Surrounding the
manipulator, 3 starting positions are randomly chosen, from which rising and expanding tree
structures are generated. These three structures represent possible branches that the manip-
ulator is required to avoid. The trajectory that the manipulator has to follow is from the starting
position to a randomly placed pose within the branches. Since orientation is only important while
grasping, the orientation control is disabled until close to the obstacle. Because the branches
form a random and chaotic environment, the trajectory is generated using an RRT algorithm
followed by a polynomial fit. Since this case is a point-to-point case, this case is also evaluated
for the gradient guided operational space control. An example of this case is shown in Figure
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3.2A.

Warehouse case

In the warehouse case, the manipulator is placed in the centre of two parallel sets of shelves.
These shelves have two levels and four horizontal segments each. This divides the shelves
into 8 compartments. In each of these compartments, a random set of boxes is placed up to a
amount of 8. These boxes are placed in an orderly order and stacked to a maximum height of
2. The trajectory of the end effector is defined from the starting position up to a position in the
shelves where a box is missing. At this end position, a straight orientation of the end effector is
of importance for the virtual placement of a shelve item. Since the environment is highly ordered
and predictable, the trajectory can be easily generated by moving in straight lines. The first line
positions the end effector in front of the shelf and the position in which it needs to end up. The
second line moves the end effector into the shelve. Similarly to the agriculture case, this is
a point-to-point trajectory. Therefore, it can also be tested for the gradient-guided operational
space controlled scenario. An example of this case is shown in Figure 3.2B.

Inspection case

In the inspection case, the manipulator is placed in front of a confined space which has a random
orientation on the x,y plane. Within this space, an obstacle in the form of a cylinder is randomly
placed, which requires the manipulator to use its redundancy to avoid it. The trajectory that the
manipulator needs to follow is divided into two sections. First, the manipulator moves towards
the scanning pattern start. In this phase orientation control is disabled up to a distance of 20
cm from the scanning pattern. The second phase of the trajectory is a scanning pattern at the
end of the confined space. During scanning, the manipulator is facing the same direction while
following the trajectory. An example of this case is shown in Figure 3.2C.

Welding case

In the welding case, a situation is modelled where a cylinder needs to be welded to a square
plate. The plate and cylinder are randomly orientated and positioned close to the manipulator.
The trajectory of the manipulator in this case first moves in a straight path towards the weld-
ing seem and orients the end effector so that it points into the seem. The second part of the
trajectory is the end effector following the seem around the cylinder. For the entire trajectory,
orientation control is enabled as it is important for the welding process. An example of the
welding case is shown in Figure 3.2D.

Simple obstacle case

The simple obstacle case is a point-to-point case designed to specifically challenge the potential
field-guided operational space control method. This is achieved by creating at least one local
minima in the trajectory while keeping other disturbances to a minimum. In the simple obstacle
case, 4 spherical obstacles are placed between the manipulator starting position and a randomly
chosen end position. Three of these obstacles are placed in triangular configuration in front of
the manipulator, creating the local minima. The position of this triangle is exactly in-between
the starting and goal positions. The trajectory planning in these cases is handled by the same
RRT approach as in the agriculture case, due to the random nature of the environment. One of
the simple obstacle cases is shown in Figure 3.2 E.
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The exact method of trajectory planning for each of the cases is discussed next as it has a
significant influence on the compute time of each of the cases.

C

Figure 3.2: Examples of all cases with their respective trajectories plotted and A 9DOF manip-
ulator in the centre.(A:agriculture,B:warehouse,C:inspection,D:welding,E:simple obstacle)

3.2.2 Trajectory planning

Trajectory planning is the process by which a path is generated in the operational space that
the manipulator needs to follow. Trajectory planning is a significant part of the computation
requirement of the total case execution, and it is desired to remove its need using the potential
field-guided approach technique. Therefore, the exact implementation is relevant for discussion.
In this paragraph, the two different approaches to trajectory planning are discussed. Geometric
trajectory, for the warehouse, welding, and inspection case; and RRT, for the agriculture and
the simple obstacle case.

3.2.3 Geometric trajectory

The geometric trajectory is implemented for cases where the environment is known or struc-
tured. In these cases, the trajectory is constructed from geometrically described line segments
that are designed based on the environment. For the warehouse case, this trajectory is made
up of two straight-line segments. One segment moves the trajectory in front of the shelf, and
one segment moves the manipulator into the shelf.

The inspection case is also constructed from straight-line segments. In this case the trajectory is
planned from the end effector starting location towards a position in front of the confined space
where the space between the obstacles in the space and the walls is the biggest. From there
a line segment moves straight past the obstacles along the wall. If the obstacles are passed,
the trajectory moves in a straight line towards the start of the scanning pattern. This scanning
pattern is a ’zig-zag’ pattern, mimicking the scanning of a surface.

All straight line segments are sampled so that the trajectory has a smooth velocity curve with
at the start and end a velocity of 0. The acceleration and velocity over the line segments are
limited to 1m/s and 2m/s? to reduce excessive actuation.
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For the welding case a straight line segment is used to move towards the cylinder that needs
to be welded. The second section of the trajectory is a circle that moves around the cylinder at
a fixed distance. The velocity around the cylinder is kept constant with only small sections of
acceleration at the start and end.

As the environment is known, no exploration of the operational space for obstacle-free paths is
required. This makes trajectory planning computationally efficient compared to the RRT method
discussed next. This fact makes these cases less suitable for the potential field-guided control
approach, as this approach removes the cost of path planning.

RRT trajectory planning

For cases where the location of obstacles is chaotic with several obstacles, such as in the agri-
culture case, a more complex algorithm is required. The chosen algorithm is the Recursive
Random Tree (RRT) algorithm [35]. This algorithm constructs a point-to-point trajectory that
does not intersect with environmental obstacles by randomly exploring a space. It can be im-
plemented to randomly explore the joint space, resulting in a joint trajectory, or to randomly
explore the operational space, resulting in an operational space trajectory. Since the compari-
son of the different control techniques includes the testing of the inverse kinematics, itis chosen
to implement the RRT algorithm in the operational space.

The algorithm works as follows. It adds the starting position to a list of branch locations. After
that, it randomly chooses a position in the operational space. The closest branch to this posi-
tion is determined and a step with fixed distance is taken from that branch towards the random
position. This step forms a new branch. If this branch intersects an obstacle, a new random
position is chosen and the steps are repeated. If the branch does not intersect an obstacle, it
is added to the list of branches. This is then repeated until a branch is close enough to the end
position.

In this project a adapted version of the RRT algorithm is used (RRT*[36]). This adaptation adds
a bias towards the goal position by setting a percentage of the randomly chosen coordinates to
the goal position. In addition, a safety radius was implemented around obstacles. This ensures
that the manipulator has some room for error around obstacles.

The RRT algorithm results in a set of operational space coordinates that describe the path
towards the goal position. However, because the path being randomly chosen, it has large fluc-
tuations that cause high accelerations. To combat this, the path coordinates are filtered with a
moving average filter. Additionally, the trajectory needs to be sub-sampled in order to have step
sizes matching desired acceleration and velocity limits. This is done by first sampling the path
to reduce the number of trajectory samples. Between the remaining samples, 4th-order polyno-
mials are fitted. These polynomials have the conditions that the acceleration and velocity at the
end of a polynomial are matched with the start of the next polynomial. All resulting polynomials
are then solved for time steps that match the sample time of the controllers implemented later.
A flow chart for the entire RRT trajectory planning process is shown in Figure 3.3.

Both types of trajectory planning are implemented discrete in time. However, the controllers
that are discussed in the theoretical background and the actual controllers implemented are
time continuos. Therefore it was chosen to zero order hold the trajectories at each time sam-
ple. This is discussed in more detail in the 'Simulation implementation’ section of the controller
implementation 3.3.1.

3.2.4 Obstacle and potential field modelling

As shown in 3.2, all obstacles are modelled using simple geometric shapes. These shapes
are boxes, cylinders, and spheres. These shapes are chosen because they can be combined
to roughly envelop any 3D structure, while keeping it simple to determine the distance to the
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Figure 3.3: Flowchart showing the steps from starting position to trajectory using RRT

object surface anywhere in the operational space. The distance from a point to an obstacle is
determined as follows. Each obstacle is placed in the operation space with a transform H. By
applying the inverse of the transform H~! to the point of interest, the location of the point is
transformed to the coordinate frame of the obstacle. From here, the distance can be calculated
by taking the normal distance to the closest surface. If the closest point of the obstacle is an
edge or curve, the Euclidean distance is taken. This distance can then be used to calculate the
potential and the gradient at that location. However, the calculated gradient must be transformed
back into the coordinates of the operating space by applying the transform H. As stated above,
the potential field is modelled as a function of the distance to objects. The potential (V,(z)) as
a function of the Euclidean distance (z,) from the surface of an object is defined as:
1 1.1

Vo(z) = a(;d + E);?t (3.8)
In this equation, «a is a scaling factor, and d is the distance in which the potential field is active.
These values are chosen according to the use case of the potential field, which is explained in
the controller design section. The gradient g,(z) of the potential field as a function of distance is
derived by taking the derivative with respect to each axis. This results in the following gradient
expression.

d 2 3
9o(z) = —a | ya <d4+5> (3.9)
24 Tg  Td

For cases with multiple obstacles, the potential and gradient of all obstacles are added to each
other. An example image of the gradient around the warehouse case is shown in Figure 3.4,
where red indicates high potential, and blue indicates low potential.
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Figure 3.4: A slice of the warehouse case showing the potential field generated by the obstacles

3.3 Controller implementation

From the controller types discussed in the theoretical background, it was chosen to evaluate
four different types of controller. Of the operational space controllers, the velocity-based and
acceleration-based controllers are tested. Of the joint space controllers it is chosen to evaluate
the inverse dynamics controller. For the gradient-guided approach, it is chosen to use an adap-
tation of the velocity-based controller.

In this section, the simulation implementation of the controllers is discussed first. In the simu-
lation implementation, the realisation of continuous control is explained, as well as how these
controllers interact with the time-discrete trajectories generated from the cases. The second
paragraph expands on the exact implementation of the control law and the adaptations made
from the theoretical background (paragraphs 2.4,2.3). The third paragraph expands on what
null-space policies where implemented and how they where implemented. In the final para-
graph, the novel implementation of the potential field-guided approach is discussed.

3.3.1  Simulation implementation

The simulation of the manipulator model is performed using an ode solver for each time step. For
all types of controller, it was chosen to directly make the control law a part of the state evolution
function. This essentially means that each type of controller is implemented continuously. In
the real world this would not be possible since controllers and sensors work sample-based
and are therefore discrete time. Nevertheless, it was chosen to implement the controllers in
real time to ensure the stability of the system without tuning the parameters. Furthermore,
this report focusses on comparing the overall control methods. Since both joint space and
operational space are implemented equally, it is considered a valid comparison. Note that the
trajectory is still sample-based. It is chosen to make the trajectory continuous by applying a
zero-order hold which holds the set point fixed for one time sample from ¢ + ¢ts. A schematic
overview showing the controller implementations is shown in Figure 3.5. For the potential field,
the gradient is computed in real time, while the local minima estimate is handled in discrete
time. An explanation for this is given in the paragraph 'Gradient guided approach’3.3.3.
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Figure 3.5: Overview of the timing implementation of each section of the control laws

3.3.2 Joint space and operational space based controllers

In this paragraph, the choices for the different control laws and their adaptations are discussed.
First, the chosen joint space controller is discussed followed by the two different operational
space controllers.

Joint space controller

The joint space controller chosen to evaluate is the inverse dynamics-based approach as dis-
cussed in the theoretical background 'inverse dynamics controller’2.3.2. The inverse dynamics
control scheme was chosen since it should offer superior performance in comparison to the al-
ternative discussed PID based controller. In addition, since the testing is executed by means of
simulation, an exact model is available for the controller design. Therefore, this method of joint
space control can be implemented without the risk of instability associated with mismatch in the
model used for the controller and the actual system. The control scheme was tuned so that, in
combination with the error compensation of the inverse kinematics scheme, the actuator settles
at the same time from the input of an impulse for all control techniques. The inverse kinematics
required for this controller is discussed in detail in the section 'Inverse kinematics’3.3.6. A com-
parison between the settling times for all the tracking controllers is shown in Figure 3.6. For the
joint space controller, these values were set as K; = 100&K,, = 1000.
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Velocity-based operational space controller

The velocity-based operational space controller was chosen to test because it is one of the most
robust options of the operational-space controllers. From the two discussed velocity-based ap-
proaches, the implementation with the reverence velocity and position error used as the desired
acceleration is chosen. The description of the control law is given in the theoretical background
as the ’alternative velocity method’2.4.1. This choice is made for two reasons. First, as stated in
the theoretical background, the alternative method enables the use of the same null-space pro-
jector and policies as the acceleration-based controller. Secondly, the alternative method does
not require differentiation of the reverence joint velocity. This is a benefit due to the controllers
being implemented as part of the manipulator models time-continuous state evolution function.
This function is then simulated using an ode solver, which acts as a variable step integrator.
The ode-solver can only integrate and not differentiate, making the continuous implementation
difficult. The alternative method, in contrast, only uses integration of the reverence joint velocity
(dres) to get the reverence joint position. This integration is realised by adding the reverence
joint velocity as an additional state to the state-space equation used in the ode solver (shown
in equation 3.7). The resulting state-space equation including the additional state becomes:

d |T @
e q (3.10)
' M~Yq)(T — 7iim — C(q,4) — 9(q))

In real-world implementation, both integration and differentiation would have been implemented
through a sample-based numeric approximation, which is not possible to use in the variable-
time-step ODE solver.

Some changes were made to the velocity controller with respect to the theoretical background.
One of these changes is to the error compensation in the reverence joint velocity as follows:

Gret = J 7V (a + Ke) +7n (3.11)

This equation uses the term Ke, which is used to denote the operation space rotation- and
orientation error multiplied by a gain. This differs from the theoretical background description
shown in Equation 2.7, where the position of the operation space and the orientation error
multiplied by a gain are simply denoted as Kp(z; — z). Here, they are described separately,
since both use different errors and gains. The error for position stays the same, whereas the
rotation error is the quaternion error as described in the paragraph orientation control in the
theoretical background.

Ke= | Kolthosa =) (3.12)

Kpr(nae — neq + €a X €)

Another deviation from the velocity-based controller described in the theoretical background
chapter is the implementation of the end effector Jacobian J. During implementation a strong
difference was observed between the actuation of prismatic joints and rotary joints. This differ-
ence was caused by the difference of scale in units used (metres and radians), for the available
operation range. This mismatch in scaling was solved by adding a scaling, Sians and Sy, t0
the translation and rotation parts of the Jacobian. S was chosen to be 1 for translation and 0.2
for rotation gain.
Another adaptation to the Jacobian is implemented due to the choice to switch the orientation
control on and off for sections of the desired trajectory. This switching was realised in the con-
trol law by adapting the reverence and Jacobian to include or not include the ignore the rotation
part. The resulting equations of the Jacobian and reverence are as follows:

Strans : Jtrans
Srot : Jrot
Strans . Jtrans, |f dO rOtatlon - 0

J =

, if do rotation =1,
(3.13)

35



(3.14)

, [xr tra”s] . if do rotation = 1
Ty — Wr

i:rtrans, |f dO rOtatlon — 0

Another adaptation that was made was to limit the rotation error. The orientation control loop was
found to operate the best with high gain, while having a small orientation error. The orientation
error is not expected to be large due to the system having a smooth trajectory from the initial
configuration up to the final configuration. However, by implementing a switching orientation
control, the orientation error can become relatively high before enabling the controller. To reduce
this "shock” of switching the orientation control, the maximum orientation error (e,.;) is limited to
a maximum magnitude. In this case, this maximum value was chosen to be a norm quaternion
error of 0.075. The error limiting is implemented according to the following equation:

TOly 70 <= 0075
rot — {e ' He tH (315)

0.0757%2t ||epor|| > 0.075

llerot]|”

The velocity-based controller has four parameters that require tuning. K, and K, are used to
compensate for the position and orientation error in the operational space. These values are
tuned to 10 and 40. The parameters K,,, and K, are used to compensate for the joint space
error and are tuned to 10 and 100. Similarly to the joint space controller, these values are tuned
to equal settling time between all controllers as shown in Figure 3.6.

Acceleration base operational space controller

The acceleration based control is chosen as it theoretically should have better performance
than velocity-based control in tracking tasks with larger accelerations in the trajectory. Another
advantage compared to the velocity-based approach is that no reverence state needs to be
differentiated as only the acceleration reverence is implemented. The basis of the implementa-
tion is according to the description in the theoretical background paragraph 'Acceleration based
control’ 2.4.2.

However, some changes are made to the implementation. One of these changes is the dis-
abling and enabling of the orientation control. Similarly to the velocity-based approach, the
switching of the orientation control is handled by enabling/disabling the rotation part of the Ja-
cobian and the reverence operational space trajectory. The reverence also includes different
error compensating gains for rotation and position. This results in the following expression for
the reverence operational space pose:

K,(a —a K _
Iq+ (d pos = Fpos) + p(0,p05 100 . if do rotation = 1
Ky (wg — w) Ky (nge — neq + €4 X €) (3.16)

'/i'd,pOS + Kd(j)d:pos - i’pos) + Kp(xd,pos—a,’pos)7 |f do I’Otatlon = 0

The Jacobian and Jacobian derivatives are handled the same as in the velocity control shown
in Equation 3.13. This means that for the acceleration control, a scaling factor was also used to
promote equal use for the rotation joints and the translation joints. The use of the Jacobian time
derivative .J is unique to the acceleration-based controller. This Jacobian is derived analytically
by taking the derivative of the Jacobian with respect to all joint angles individually and multiplying
it with the same joints velocity. Each result is summed to achieve the Jacobian time derivative.

e = 0~y LD 3.17)

=1

Similarly to the velocity-based controller, the acceleration-based controller benefits from a high
gain (K,,,) for the rotation error. However, like the velocity-based controller, the large gain does
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not work with larger rotation errors induced by the switching of the orientation control. There-
fore, the same limiting is applied to the orientation error. The rotation error that is limited as
described in Equation 3.15, is used in Equation 3.16.

Like the velocity-based controller and the joint space controller, the acceleration-based con-
troller is tuned for an equal settling time, as shown in Figure 3.6. The acceleration based has
four parameters that require tuning. K, and K, which are the gains to compensate for the
error in position and rotation. These values are tuned to be 250 and 2000, respectively. The
other two parameters to tune are K; and K, which are gains to compensate for errors in the
tracking velocity. The final tuned values are 31 and 100.
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Figure 3.6: This Figure shows a comparison between the settling time from a step input for the
different control techniques for a 9-DOF manipulator model

3.3.3 Gradient guided approach

The potential field-guided approach is an alternative to a trajectory-guided approach for point-
to-point cases. The benefit of this approach is that it removes the need for path planning, at
the cost of requiring a potential field calculation at each time step. The potential field approach
works by using the downward gradient as a direction vector for the desired velocity. Since
this downwards slope chances magnitude close to saddle points, local minima, and the goal
position, the desired velocity magnitude was decoupled from the gradient vector. That is, the
gradient g(x) describes the direction of the desired velocity i; and the magnitude is given by a
separate function M (z).

g()
Fa =M (5.18)
tanh (lz=zall
M(z) = a(x — z4) ( ) (3.19)

M (x) is defined so that a describes the constant velocity magnitude at "larger” distances, and b
describes a slowdown rate close to the goal position g,.. For smaller b the magnitude is reduced
slower and if b approaches 0 the function approaches M (x) = a - sign (z). The slowdown was
added to prevent oscillations at the goal positions. After testing, these parameters were set to
a=0.5m/sand b=0.1.

The potential function used for the goal attractor V, was set to an exponential function.

Vy(z) = [|(z — 2g)|” (3.20)
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with the accompanying gradient function.

9g(x) = 2(z — 2g) (3.21)

This exponential gradient function was chosen because it is exactly matched by the first-order
approximation used in the local minima estimator described later.

The potential function of the environment (V,(x)) is used as described in 'Obstacle and potential
field modelling’ with equation 3.8, and the accompanying gradient (g, (z)) with equation 3.9. This
potential function is adapted to have a lower gain of « = 0.0005 and a range of d = 0.5. This
potential function is used because it approaches infinity close to the obstacle. Therefore, the
obstacle potential will always be higher than the goal attractor or virtual obstacles.

The total potential field is a summation of the goal attractor, the obstacle potentials, and the
virtual obstacles (V,,(x)) as follows:

V(z)= V(@) + ) Volx) + > V() (3.22)
9(x) = gg(@) + Y go(z) + Y gu(x) (3.23)

The virtual obstacle is placed in the operational space by the local minima estimator which is
explained below.

Local minima estimator

The local minima estimator is required to prevent the gradient descent from getting stuck in
the local minima that can be formed by the interaction of the obstacle and goal potential fields.
A slightly modified technique was used from the implementation described in the theoretical
background. In the theoretical background, virtual obstacles are placed when a local minima
was found and confirmed. However, the final implemented method placed virtual obstacles in
all estimated positions. This is done as follows.

At each time step, the location of a virtual obstacle is determined using a first-order approxima-
tion described in the paragraph ’local minima estimation with first-order approximation’ 2.8.1.

Toin = — H(2)g(z) (3.24)

In this equation H is the Hessian of the total potential field. This Hessian is computed as the
sum of the Hessian of the obstacle field, the goal field, and the virtual obstacle field.
The virtual obstacle is then placed at this minimum estimation location. By placing the virtual
obstacle directly, its potential field acts on the trajectory faster than when it is only placed exactly
at the local minimum. This faster placement results in a smoother and faster trajectory than the
technique discussed in the theoretical background.
Initially, it was planned to place only one virtual obstacle at the current estimated local minimum.
However, after implementation oscillations were noticed where the potential field of the virtual
obstacle placed the next estimation in front of the trajectory. This next virtual obstacle then
caused the next estimation to be at the previous location. In order to fix these oscillations, a
buffer was implemented where the last 20 local minima estimations are used for the placement
of 20 virtual obstacles.
These virtual obstacles have their own potential field description. The chosen potential field
function of a virtual obstacle is given by the following equation. This equation describes the
potential at x for a virtual obstacle placed at z,:

a a

V, = -
(||l — x| +1) d+1

(3.25)

With the accompanying gradient:

z)=a G
. |z — z|| - (|7 — mo|| +1)2 (3.26)
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This potential field function was chosen for its reducing gradient and non-infinite value at the
placement location. In these functions, d describes the distance in which the potential field acts
and is chosen as 0.25 m. If the distance is greater than the acting distance d, the potential
is set to 0. « is the amplitude of the potential field, and is chosen to be adaptive depending
on the euclidean distance (||x4,||) from the goal. This is required because some of the virtual
obstacles are placed at the goal position. By making 'a’ an adaptive function that reduces the
virtual obstacle potential to zero at the goal position. The end effector is able to reach the goal.
The chosen function describing « is as follows:

a=0.1||zg> (3.27)

chosen because it scales exponentially like the goal attractor.
A gradient descent trajectory with the local minima estimator implemented is shown in Figure
3.7. This example shows the algorithm working for the simple obstacle case. In this case a local
minima is located in front of the red obstacle spheres. As the trajectory approaches this local
minimum, the estimation does as well. These local minima estimations generate an artificial
potential field that pushes the trajectory around the obstacles.
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Figure 3.7: Figures showing the gradient descent trajectory (black line) through a potential
field, with the cyan dots representing stored active local minima estimations, and gray dots
representing previous active local minima estimations

Gradient guided controller

The figure above shows the trajectory if the gradient is directly followed. In order for the ma-
nipulator to follow the gradient, a control law is required. The control law used for the potential
field guided approach is similar to the acceleration based controller shown in paragraph 3.3.2.
However, an adaptation was made to the reverence acceleration #,.. The acceleration of rever-
ence is determined only by the velocity error (2, — ) and not by the position error or the desired
acceleration. Furthermore, the orientation control error is only guided by a damping and a goal
orientation error compensator.

Kol .

. (Zdpos — Fpos) + 0 , if dorotation =1

A — K (w) Ky (nge — neq + €4 X €) (3.28)
K4(q pos — Tpos)s if do rotation = 0

The orientation is not considered for the gradient trajectory as it is only used for point-to-point
trajectories. This orientation control is enabled when close to the goal position to give it time to
settle to the final orientation. The chosen distance was 0.5 metres.
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In the gradient-guided, velocity-based and acceleration-based operational space controllers,
null space actuation is denoted by the conventional projection method using the Jacobian pseu-
doinverse. However, this is a simplification on the actual implementation, which is described in
the next paragraph describing the implemented projection methods.

3.3.4 null-space projection and policies

In this paragraph, the projection method of the null-space policies and the null-space policies
themselves are discussed.

projection method

The implemented projection method is a variant on the damped pseudo-inverse method. This
method uses a damped version of the pseudo-inverse definition (Equation 3.29). The damped
pseudo-inverse has the benefit that it reduces the effects of operating close to singular configu-
ration. When the manipulator is close to singular, the values of the undamped pseudo-inverse
tend to blow up to infinity. However, damped implementation comes with the disadvantage that
it is not an exact inverse (does not result in a unit matrix when multiplied with the non-inverse
JJt # I). The result of this is that the null space projector has an effect on the operational
space of the manipulator.

JT=J0(JJT 4 221)~! (3.29)

Gr null-space = (I — J+J)h (3.30)

This problem is minimised by tuning the damping factor A of the pseudo-inverse. With a smaller
A, the resulting acceleration in the null-space (G nui-space) Will have less effect on the operation
space z. However, a smaller A will result in larger accelerations close to the singular configura-
tion of the manipulator. With damping A = 0, the damped pseudoinverse is equal to the general
pseudoinverse.

It is chosen to make A\ adaptive based on how close the manipulator is to a singular configu-
ration. The closeness of the manipulator to the singular configuration is determined by means
of singular value decomposition of the Jacobian. In singular value decomposition, a matrix is
described as the product of three matrices U, ¥, and V*.

J=UXV* (3.31)

3] is a diagonal matrix with singular values. The smallest singular value (3,,;,) indicates how
close the system is to a singular configuration. The Jacobian is used because its singular values
describe how close the manipulator is to a singular configuration.

Using this description of the distance between the manipulators and a singular configuration, an
adaptive function for lambda is set up [37]. The chosen adaptive function uses a base damping
factor of 0.01 and is described below.

A = maz([0.1 % Xyyin, 0.01]) (3.32)

The implemented null-space projection has another term that is tuned next to the damping. This
is the null-space gain «. The null space gain multiplies the computed actuation. It is desired
that this gain be relatively small, as it also multiplies the operational space effects induced by
the damping. However, making it too small could result in the null-space policies acting too late.
After experimentation, it was found that a o of 0.1 resulted in the best operation.
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3.3.5 Null-space policies

The policies implemented for the null-space projections are as follows: Obstacle avoidance,
Joint limit avoidance, and null-space damping. Each of these policies results in a desired joint
acceleration, which is projected onto the reverence acceleration null-space as described in
Equation 3.30. The policies are projected as the sum of all actuations as shown in the following
equation:

h = {obstacles + Gjoint limits + Gdamping (3.33)

It was chosen not to implement a task priority projector as described in the theoretical back-
ground 2.5.3. This was chosen with the considerations of keeping the projection simple and
that the priority in projection is scaled with the exponential nature of the potential fields.

Obstacle avoidance

Obstacle avoidance is the main policy of interest. This policy is tasked with preventing collisions
of the manipulator with obstacles in the environment. The obstacle avoidance policy uses the
definition of the environment potential field as described in the Obstacle and Potential Field
Modelling paragraph. This potential field acts on the manipulator arm at the points of interest
as described in the Point of interest paragraph in Manipulator modelling. The gradient vector
(g9(z)) of the potential field is used to describe the force that acts on each point of interest.
To be able to use these forces as joint acceleration reverence, they need to be transformed
from the operational space to the joint space. This is done by using the respective Jacobian
of the link where the point of interest is located. The same Jacobian can be used for each
point of interest on the same link, since these links are ridged bodies, and therefore a force
can be translated freely over the body. Note however, that this disregards moments induced
in the links by offsetting the forces. Therefore, only the Jacobian position is used and not the
Jacobian rotation. The point of interest number on the link is n, the manipulator link number
is 4, and the points of interest are described as zy;i,. The transformation of the gradient into
angular acceleration is described as follows:

Gobstacle = Z Ji Z —a- g(xpoi,i,n> (3.34)
i=1 n=1

The gradient vector g(zpiin) is multiplied by —~ as the force should act "downhill” of the poten-
tial field and a scaling v is applied to effect the speed by which it should act. ~ is tuned to be
1000; this is required to be higher than the joint limit gain as it should act faster. A depiction of
these forces induced by an obstacle is shown in Figure 3.8. Since the gradient is used directly
as the force that should act on the manipulator, the magnitude and region of effect need to be
defined in the potential field. This is done by setting the values of a and d in Equation 3.9. After
experimenting, these values were chosen as a = 0.05 and d = 0.75m.

The joint accelerations generated are added on top of all other null-space accelerations. To
guarantee that obstacle avoidance takes priority, a potential field function is used that explodes
to infinity when reaching the obstacle wall. Therefore, it takes priority if other null-space actu-
ations force the manipulator close to the obstacle. Note however, that the joint limit avoidance
function as described in the following paragraph also explodes up to infinity. meaning that they
both may conflict.
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Figure 3.8: Depiction showing a manipulator being pushed away from a obstacle with lines
representing the force vectors and a skeleton view showing the points of interest

Joint limit avoidance

Joint limit avoidance is the second important null-space policy used for the manipulator. The
joint limit avoidance policy generates reverence accelerations (joint imit) that move the joints
away from the limit. This actuation should only act close to the limit to prevent influence in
normal operation, in addition, it should explode to infinity as it approaches the limit to ensure
that priority is taken. This can be in conflict with obstacle avoidance as both a joint limit and an
obstacle are reached. However, this is accepted, as reaching a joint limit would result in loss
of a degree of freedom braking. This would likely result in a loss of tracking performance. A
function for the joint limit actuation is constructed that reaches infinity for the negative joint limit
(gmin) @and negative infinity for the positive joint limit (¢.....) while being close to 0 elsewhere.

This function is as follows:
o+ (=) o) oo

Gioint limit = —@ 3

(gt~ (o () - )}

In this function « is the parameter that determines how fast to act on the limit and is tuned
to be 100. This gain is chosen lower than the gain of the obstacle avoidance to give it lower
priority/tolerate closer limit approach. The function with the limits used for an x / y rotation joint
is shown in 3.9. If the joint limit limits are exceeded, which is possible due to the implemented
collision model), the actuation is set to 5000 as the function has no solution in that domain.
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Figure 3.9: Function plot depicting the joint limit actuation function

Null-space damping

Null space damping is an additional null-space actuation term used to remove undesired null
space motion. If the null space is not actuated, e.g. no joint limits are reached or no obstacles
are close, the null-space of the actuator is free to move. This can result in a build-up of oscil-
lations that can become unstable or build-up significantly so that it influences the operational
space. The damping is implemented as a negative gain G4 that penalises joint motion (g).

ddamping =-Gy- q (3-36)

The gain G is tuned to 800 for this implementation.

3.3.6 Inverse kinematics

For the Joint space controller, the operational space trajectory needs to be transformed into
a joint space trajectory. This is completed by the inverse kinematics scheme. The chosen
inverse kinematics scheme is the optimisation-based approach, as it offers the most accurate
performance with the freedom to set boundary conditions.

Minimisation function

The optimisation-based approach optimises for ¢, so that it minimises the error between a rev-
erence velocity z,.r and the transformed joint velocity J¢. This minimisation is executed for
each step on the trajectory.

min(||Jds = e |2+ w - 1] (3.37)

In addition to the primary minimisation task, a penalty is added to the large joint velocity (Tikhonov
regularisation [38]) which reduces the velocity spikes.

The reverence velocity e f is a combination between the desired velocity of the trajectory i,
and an error compensation term. The error compensating term is required since the minimisa-
tion assumes that the Jacobian is constant for the time step. This is not the case, as during the
time step ¢ varies and the Jacobian is dependent on ¢. This discrepancy results in a small drift
over time if not compensated for. The error is defined as the difference in position for transla-
tion and the quaternion error for orientation between the desired previous pose x4 prey and the
current pose x.
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Another influence on the reverence velocity, is the switching of orientation control. If the orien-
tation control is disabled. both the Jacobian as the reverence velocity only consider translation.

T —x)/ts
' x.d + ( d prev )/
Epef = K, (nge — neqg + €4 X €)
¥ pos + (%d pos prev — Tpos)/ts,  if do rotation =0

if do rotation = 1
! ' (3.38)

The ts in the position error compensation is the sample time of the trajectory. This is used to
translate the error into a desired velocity to compensate for the error.

Similarly to the velocity-based controller, it was found that the switching of the orientation con-
trol caused big spikes in actuation, and for the inverse kinematics even unstable behaviour.
Therefore, a similar upper bound was set for the orientation error as described in 3.15. Another
similarity to the operational space controllers was the choice to use a scaled Jacobian as shown
in 3.13. This was implemented for the same reason as in the operational space control to bal-
ance the mismatch in rotation units and translation units.

In this project, the minimisation was done using Matlab’s Fmincon function. Using Fmincon,
additional constraints can be used to prevent obstacle or joint limit collisions.

optimisation constraints

The minimiser was given both linear constraints for the acceleration and joint limits, as well
as non-linear constraints for obstacle collision. The acceleration limit on the joints was set to
a fixed value of 40rad/s%. The joint limit is defined as an upper and lower bound on the joint
position. Both of these linear constraints are implemented as bounds on the joint velocity by
means of numeric integration and differentiation.

Gup = maz([40 * ts + ¢, (¢maz — q)/tS]) (3.39)

G = min([—40 * ts — ¢, (gmin — q)/ts]) (3.40)

Obstacle avoidance is added as a non-linear constraint on the position of the points of interest.
Given a function P.(q) that returns 1 if there is a collision with the environment and 0 if there is
no collision, the collision check function can be defined as the function P.(q + ¢4 - ts). in this
function ¢ + ¢4 - ts gives the next estimated q for a given ¢, (which is optimised).

However, during the testing, it was found that these conditions were not sufficient to make a
successful inverse kinematic scheme. As these boundary conditions only act when reached,
the manipulator was often in an optimal solution in a boundary condition or next to an obstacle.
This resulted in having no valid solution in the next time step. A common technique used to
solve this problem is the null space projection [6].

Inverse kinematics null-space projection

Similarly to operational space control, null-space projection can be used as a method of obstacle
avoidance next to the minimiser constraints. This allows the minimiser to act on obstacles and
limits before reaching them. The projection of null space is implemented as an additional velocity
next to the resulting velocity from the minimiser ¢,,:. Like the operational space controllers, a
damped pseudo-inverse null space projector is used.

dd = Gopt + (I — JTJ)h (3.41)

The damping of the Jacobian pseudoinverse is made adaptive following equations 3.29 and
3.32. This is done to make the behaviour handle singular configurations, while keeping influ-
ence on the end effector to a minimum elsewhere.
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The big difference between this null space projection and the operational space projection is the
domain of projection. As the operational space controllers project onto the joint acceleration,
the inverse kinematics implementation projects onto the joint velocity. This requires some adap-
tations to the null-space policies. The two null-space policies that are implemented are obstacle
avoidance and joint limit avoidance. Null-space damping is not implemented as reducing the
null-space motion is already handled by the Tikhonov regularisation in the optimisation function.
The operation principles of the policies are kept the same as described in the paragraph Null-
space policies. The policies are made compatible with the velocity projection by modifying the
tuning parameters. For joint limit avoidance, the gain «a in the function describing the actuation
due to joint limits 3.35 is changed to 1. For the obstacle avoidance policy, the gain was also
adapted. The gain a in the obstacle gradient function (equation 3.34) was changed to 10.

The final velocity trajectory ¢4 including the projection of the null-space is numerically integrated
and differentiated to obtain the desired acceleration §; and position ¢g.

3.4 Simulation process

In this section, details are given on how the models are simulated. All simulation and modelling
of the test cases is conducted using MATLAB code. There are multiple steps to the process
of simulating the cases. The first step is the generation of the manipulator model based on a
structure description. This structure description includes the positions of the links, the inertia
matrices of the links, and what type of actuator connects this link. The resulting model gives
access to the kinematics, dynamic matrices, and configuration of the manipulator.

The second step is to prepare the manipulator for simulation. This includes setting the initial
state of the manipulator to zero (¢ = 0&¢ = 0). With the exception of linear actuators, which
start with an extension of 0.2 metre to prevent starting at the joint limit.

The third step is the generation of the environment. The initial configuration of the manipulator
is used in combination with a randomizer seed and a case number to generate a test scenario
with trajectory. The starting configuration of the manipulator is required as it determines the
starting position of the trajectory. The randomiser seed is used to randomise the case as de-
scribed in paragraph 3.2.1. This seed is set to 1 for the first simulation of all different cases.
For the following iterations, the seed is incremented by 1 to generate different scenarios. The
case number used in the generation signals what case to execute. For each iteration, all case
numbers are simulated.

The fourth step is to implement the inverse kinematics scheme on the generated trajectory.
This inverse kinematics trajectory is also used as a validation test in the scenario. This test is
required because it is unknown whether the generated trajectory is realisable by the manipu-
lator. In addition, no easy test is available to test whether the generated trajectory has a valid
manipulator joint trajectory with no collisions. By testing if the inverse kinematics is possible,
an assurance can be given for at least one valid joint trajectory. If no valid joint trajectory is
found, the seed is incremented with 1000, (way above the expected number of tests to prevent
duplicates), and a new scenario of the same type is tested. There is one disadvantage using
the inverse kinematics as a validation test. By using the inverse kinematics as a validation, a
bias is formed towards the inverse kinematics approach.

The fifth step is the simulation of the relevant controllers. All controllers are tested in sequence
on the same scenario. An exception is the potential-field guided controller, which is only simu-
lated for the point-to-point cases (agriculture, warehouse, and simple obstacle). The trajectory
resulting from case generation is sampled at the intervals of time ts. The entire system is sim-
ulated from the current time step t to the next time step t + ts. At each time step, the simulation
uses the corresponding sample of the trajectory. The simulation is executed using Matlab’s
ode113 solver. To evaluate the system model (Equation 2.1) using an ode solver, the system
dynamics needs to be rewritten in state space form, with the state vector [¢, ]”. The ode solver
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uses this states derivative to compute the next state using numeric variable step integration.
The state evolution equation is shown in equation 3.7. The simulation ends when the trajectory
is completed. After that, the results are stored for later evaluation. The potential field guided
approach is simulated until the goal is reached with signifiant accuracy and the manipulator
has held that position for 1 second. In case the controller does not reach the end position, the
simulation is terminated after 6 seconds. Which is considered more time than available for the
controller.

A flow chart showing the execution of the test is shown in Figure 3.10. For each test case,
20 different scenarios are generated. Each of these scenarios is simulated using each type of
controller.

The complete process is then repeated for the three different manipulator models discussed in
paragraph 3.1.3

Generate Set manipulator Generate Apply
manipulator > initial > ; F» inverse
. . A “lenvironment . .

model configuration kinematics

Increment Increment
case number seed by 1000

Simulate all Reset case
All cases
A —>»| relevant number &
executed? .
controllers incremtent seed

Figure 3.10: A flowchart showing the steps taken during simulation

For rapid testing of the gradient guided control and the local minima estimator, the test cases
were evaluated using a gradient descent ode. The state of the system is the position in the
operational space, the evolution of which is described by the desired velocity equation 3.18. By
solving this ode, a simulated gradient decent for a perfect controller can be tested without sim-
ulating the system dynamics. This is used to tune the parameters of the local minima estimator
and to rapidly evaluate the performance.

3.5 Evaluation process

In order to get the validation criteria from the simulation data, some processing is required. This
section discusses how this processing is conducted. The validation criteria to be evaluated are
tracking performance, computational cost, obstacle collisions, and joint collisions. The mea-
sures that need to be processed into the validation criteria are in the form of an array describing
the state of the manipulator at each time step and a description of all obstacles in the environ-
ment.

The tracking error of the manipulator is evaluated by comparing the norm position error of the
manipulator end effector with the trajectory at each time step. The position of the end effector
can be reconstructed using the manipulator kinematics model and the state at each time step.
The orientation error is derived using the norm of the quaternion error described in the theoret-
ical background equation 2.23.

The computational cost is measured differently per section of the test case. The trajectory plan-
ning and the inverse kinematics costs are evaluated as the average compute time per time
sample. This is the chosen evaluation method as it removes the dependency on the length of
the trajectory. The compute time of the controllers is measured with separate tests. This is
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done because it is difficult to extract exact information other than the systems state as a func-
tion of the change in state from the ode solver, it was chosen to evaluate the compute time of
the controllers as an average over a limited number of control cycles. Furthermore, the con-
trol computation timing was evaluated as if the controller were implemented sample-based, as
would be the case in the real world. The compute time for the estimation of the local minima
was also calculated as an average over multiple samples.

Obstacle and joint limit collisions are evaluated by adding two flag states to the model that is
simulated. This is possible since it is not required to extract accurate values, but only a true
false statement. If a collision occurs during simulation, the state derivative associated with that
collision is set to non-zero. The collision information can then be extracted by evaluating if there
is a change in the collision states.
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4 RESULTS

In the results section of the report, all important findings are discussed. The main interests
are as follows. First, the position tracking of the different controller types is evaluated. This is
one of the main evaluation parameters, as it gives a measure to evaluate the main goal of the
controllers. The second parameter for evaluation is orientation tracking performance. Similarly
to the position tracking parameter, it gives a measure of one of the main functionalities of the
controllers. However, this measure is only active for smaller sections of the trajectory. Third,
the computational costs of the controllers are evaluated. The computational cost is relevant,
as it is the main parameter where it is expected that the operational space and gradient-guided
approaches have the advantage. The fourth evaluation parameter discussed is the successful
run analysis. In the successfully run analysis, key failures are assessed. These key failures are
caused by not reaching the end position or by collisions with obstacles. The last parameter for
evaluation is overall the performance of the potential-field guided approach. This includes the
efficiency of the trajectory and an assessment of the success rate of the local minima estimator.

4.1 Position tracking

For evaluation, the tracking error is defined as the average Euclidean distance between the
actual position x and the desired position x4. The average error is taken for each sample. The
position tracking error is evaluated for all successful scenarios, with the exception of gradient-
guided scenarios. Gradient guided scenarios are not evaluated for tracking error as they do
not have a predetermined trajectory. A successful scenario is defined as a scenario in which
no obstacle collision has taken place and the goal position is reached with an accuracy of less
than 10 cm. The average position tracking error of the manipulator for each case is shown in
Figure 4.1. In this figure, the average tracking error is represented as the average per sample
over all runs of a test case.
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Figure 4.1: The average tracking error per sample for all test cases and manipulator models
As expected, for the 8DOF and 9DOf manipulator models, the operational space has the best

tracking performance in the majority of the cases. However, in the 7DOF case, the joint space
controller performs the worst and is only the best. In the agriculture and the simple obstacle

48



cases. Another observation in the 7DOF case is the general increase in the tracking error. This
increase in tracking error can be attributed to lower degree of freedom. The lower degree of
freedom reduces the ability to move away from obstacles. It is observed that the manipulator
therefore operates closer to obstacles. Operation close to obstacles increases the null-space
actuation. Since a damped null space projector is used, a higher null space actuation also in-
creases error in the operational space.

The reason why the joint space controller is being outperformed by the operational space con-
trollers in the lower degree-of-freedom cases is not exactly known. One of the theories is that
both use different null-space policies. The operational space controllers have an acceleration-
based null-space actuation and the joint space controller has a velocity-based actuation in the
inverse kinematics scheme. Since null-space actuation is the main source of error, differences
in the null-space actuation intensity could cause different errors. This could be tested by eval-
uating the relative intensities of the null-space actuations and controller actuations, for each
controller.

A counter argument could be made for the null-space actuation induced error by looking at the
velocity-based control. If the error was induced by the null-space controller, an equal scaling
in error would be expected in the acceleration and velocity operational space controllers. This
would be the case, as they both use the same projector and policies. However, the tracking
performance of the velocity-based controller stays relatively constant for all manipulator mod-
els.

Notable is that the velocity-based controller outperforms the acceleration-based controller in
almost all cases and models. The acceleration-based controller takes into account the accel-
eration of the trajectory, which is not done by the velocity-based controller. Another difference
between the velocity-based controller and the acceleration-based controller is that the velocity-
based controller has an error compensating term in both the joint space and operational space,
while the acceleration-based controller only has compensation in the operational space. It is
therefore expected that this additional error compensation term in the joint space offers a sig-
nificant improvement in tracking performance and outperforms the error caused by neglecting
acceleration in the trajectory. However, this is only for the current cases considered where the
acceleration is kept relatively low (max ~ 2m/s?). In cases with higher acceleration, the error
due to acceleration could outweigh the error due to missing compensation in the joint space.
Another observation is the increase in the error of the position of the acceleration-based con-
troller when orientation is enabled. This does not occur for the velocity-based with the same
magnitude. This transition is shown in Figure 4.2. This could be one of the contributing factors
to the reason why the velocity controller outperforms the acceleration-based controller.
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Figure 4.2: Plot showing the destabilisation of position control when orientation control is en-
abled, (example for warehouse case)
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The evaluation of the tracking error shown in Figures 4.2 and 4.1 is based on samples. Since the
controller is implemented continuously and the trajectory is zero order held for the continuous
time in-between samples, it may be of use to evaluate the influence of the steps in the trajectory
and their influence on the tracking error. This error between samples is shown in Figure 4.3 for
an agriculture case with a velocity operational space controller. The figure shows an increased
error at the start of a sample and a lower error at the end of the sample. This would be expected
as the controller receives a new set-point at the start of the sample, which it was not allowed to
control for. However, it is important to note that the measurement of the error is done using the
end of the time sample using the current set-point. And therefore, the lower error is represented
in the sample-based plots. The same process is done for the evaluation of the orientation
tracking error.
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Figure 4.3: The tracking error shown between samples, where the controller still operates

4.2 Orientation tracking error

The orientation tracking error of the manipulator is measured by the norm of the quaternion
error per sample. Similarly to the operation space evaluation, the average error per sample was
considered per case. This allows us to see in what scenarios the orientation control worked the
best. The orientation control error is evaluated only for samples in which the orientation control
was enabled. The results are shown in figure 4.4. For reverence, a single-axis 45 degree
rotation from the goal orientation would result in a norm quaternion error of 0.7071.
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Figure 4.4: Average orientation error of the control types for all scenarios

The first observation is that the joint space controller is not the best performing controller. It
would be expected to be the best performing controller due to the inverse kinematics trying to
exactly match the given orientation trajectory. One of the theories why the orientation controller
is outperformed is that the inverse kinematics compensates the error per step by only a gain
in the position error. In contrast, the operational space controllers compensate for position and
velocity error. This does not show up in the equal tuning of all the controllers shown in Figure
3.6, as the tuning considers a static desired position. Re-tuning the controllers for a dynamic
set point could give a fairer comparison. Alternately, the controllers could be tuned to have
bounded actuations, which would be more realistic.

The second observation is that in the best performing controller is the velocity operational space
controller. This is unexpected because, as explained in the position tracking error evaluation, the
velocity-based controller does not compensate for acceleration. The same argument as used
in the position tracking can be used here. That the error compensation in both the operational
space and joint space result in a more robust performance.

The one case in which the joint space controller outperforms the operational space controllers
most of the time is the weld case. This case is unique in that orientation control is enabled
for the entire trajectory. Therefore, the optimiser in the inverse kinematics scheme is capable
of closely matching the orientation trajectory, and no large errors need to be compensated for.
However, when enabling orientation control from a large orientation error, the optimiser cannot
match the trajectory as it needs to first match the trajectory. This large error compensation is
theorised to be the part where the velocity control outperforms the joint space controller.

4.3 Computational cost

The computational cost of each of the controllers is evaluated on the basis of the compute
time per sample for each of the cases. The compute time is evaluated separately for different
sections of the execution. These sections are the Controller computation, Inverse kinematics
computations, and path planning computation. The sections are evaluated separately, as they
impact some cases more than others. For example, operational space controllers do not require
inverse kinematics, and the velocity-gradient approach does not require path planning. An
example of all timings is shown in Figure 4.5, displaying the timing for each aspect of control
for the 9-DOF model. The timing is given as the computation time per sample in seconds. By
evaluating the timing per sample, the distance is removed as an aspect. The timing per sample
can then be multiplied by the average number of samples for each test case to get an overall
computational cost of an approach per test case.
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Figure 4.5: The average computational per sample for each test case, measured as the com-
putation time (9DOF model)

The compute time for each controller is really similar. Acceleration-based operation space
controller, velocity-based controller, joint space controller, and gradient guided controller have
computation times of 0.0026, 0.0022, 0.0017, and 0.0023 seconds, respectively. The differ-
ence between the controller compute cost for each model was found to be insignificant. These
are small computation costs with respect to the inverse kinematics cost and the path-planning
costs for some cases. The timing costs for the inverse kinematics and path planning cases are
case-dependent, as can be seen in Figure 4.5.

As can be seen, there is a big difference between the computation time of the cases. This is
because the Agriculture and Simple Obstacle cases use a complex RRT path planning algo-
rithm, while the Welding, Inspection, and Warehouse cases use a simple geometric trajectory.
One observation is that path planning takes more time in the Simple obstacle case than in the
Agriculture case, in contrast the inverse kinematics cost more for the agriculture case than for
the simple obstacle case. This is because the inverse kinematics scales linearly with the length
of the trajectory, and the RRT path planning scales exponentially with the length of the trajec-
tory. So, whilst the Agriculture case is shorter, it has more obstacles making inverse kinematics
expensive. The Simple obstacle case has a longer trajectory, and the inverse kinematics is
cheaper due to the reduced number of obstacles. The length of the trajectories is shown in
Figure 4.6, as the number of samples.
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Figure 4.6: Bar graph showing the average number of samples per test case for the 9-DOF
model

All controllers except the gradient-guided approach are restricted to the planned trajectory of
the path and therefore have the same number of samples. The total computation cost is then
computed as the product of the average number of samples and the average compute time per
sample. The resulting compute times are shown in Figure 4.7. This figure also shows that there
are no significant differences in the computation time for the different models.
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Figure 4.7: The average controller computation time per test case

As can be seen, the joint space controller has the worst performance for the compute time.
This is followed by acceleration bases, velocity-based, and velocity gradient. The velocity and
acceleration-based operational space controllers are a close match due to the difference being
only the small controller compute time difference. The gradient-based approach is the best
when considering computation time. However, it lacks significantly in successful runs.

4.4 Successful run analysis

For each test case, controller, and model combination, the number of failed runs is recorded.
A run fails if the manipulator collides with an obstacle or if the manipulator does not reach the
goal position. These cases are considered failed runs as the primary and secondary tasks
are not completed. The failed runs are noted as a percentage of the total number of runs. A
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complete overview of the failed runs is shown in Figure 4.8. The main observation is that only the
operational space controllers have failed. All failed runs of the velocity- and acceleration-based
controller are due to collisions with obstacles. This collision then resulted in some of these
cases not reaching the end goal. For many applications, these collisions cannot be tolerated.
Showing one of the main reasons why operational space controllers are not often implemented.
All the failed runs for the gradient guided approach are due to the end effector not reaching the
goal position. For the agriculture case, this is due to an offset in global minimum in potential, and
for the warehouse case, this is due to the global minima being obstructed by many obstacles.
This is discussed in detail in the Local minima estimation performance paragraph below.
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Figure 4.8: Bar graphs showing the Failure rate of each type of controller per case, for all models

4.5 Local minima estimation performance

The gradient decent approach in combination with the novel local minima estimator is accessed
by evaluating in how many of the cases the manipulator was capable in reaching the goal posi-
tion. For the agriculture case, the gradient-based approach only reached the goal position on
average for 82% of the time. In the other 18% cases, the end effector did not reach the goal.
After evaluation of the potential field, it was found that the obstacle potential field close to the
goal position had significant overlap with the goal position. This overlap caused the global min-
imum to shift. This is shown for an agriculture scenario in Figure 4.9. In some scenarios, this
shift was larger than the 10 cm. This distance is used as a measure to detect if a manipulator
has reached the goal. As the manipulator stops at this minimum, the scenario fails. A possible
solution that could solve this problem is to apply scaling to the different potential fields depend-
ing on the distance of the end effector to the goal position. By reducing the obstacle field or
increasing the goal attractor, the global minimum can be shifted back to the goal position.
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Figure 4.9: An example of a agriculture case with potential field guidance failing due to the
obstacle field intersecting with the goal position

For the warehouse case, almost none of the cases were successful in reaching the goal position.
Only for the 8-DOF model, 2 of the 20 scenarios were completed without failing. There is no
direct reason found why the 8-DOF model is the only one with successful runs, and this could be
due to randomly favourable generated cases with fewer obstacles. All other models had 100%
failure rate. After evaluating the potential field around the goal position, it becomes clear why.
As shown in Figure 4.10, the goal position is completely obscured by the potential fields of the
nearby obstacles. Therefore, the local minima estimator places virtual obstacles in front of the
shelve. However, there is no lower potential path towards the goal so the virtual obstacle does
not help. This is the case for all warehouse cases. This shows that the potential-field guided
approach would not be a valid guiding method without significant adaptation in such obstructed
environments. Similarly to the agriculture case, the implementation of dynamic scaling of the
potential fields could counteract this problem. Furthermore, virtual attractors could be added in
the desired directions [32].
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Figure 4.10: Figure showing the potential field close to the goal position (red circle)

The simple obstacle case, in contrast to the agriculture and warehouse case, works as intended.
The local minima estimator correctly places obstacles that approach the local minimum. The
case is designed so that it is guaranteed that the manipulator moves to a local minimum if it is
not counteracted. The early placement of the obstacle causes the manipulator to move around
the obstacles towards the goal. An example path taken by the manipulator is shown in Figure
4.11.

time=0 time=0.66 time=1.1 time=2.48

Figure 4.11: Figure showing the gradient guided approach operating in a the simple case sce-
nario
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5 DISCUSSION

There are several aspects of the project that need to be taken into consideration. The first is the
choice of the environment cases used. The tests are performed in five different cases that are
slightly randomised. However, these randomisations are not fundamental to the case descrip-
tion. For example, all warehouse scenarios have two parallel shelves and only a randomised
box and a placement of the goal position. The test cases should therefore be considered for the
implementation they would represent and not for the general warehouse implementation. For
the warehouse case, the idea would be the operation in a structured environment with easily
planed geometric trajectories. This brings forth the second point of attention.

The obstacles are all modelled by simple shapes. Therefore, They do not accurately represent
obstacles that would be encountered in real-world scenarios. The choice of simple obstacles is
made to make the distance calculation efficient. Further simplifications are made in the mod-
elling of the manipulator.

Each link of the manipulator is considered to have the same inertia matrix for simplicity. In addi-
tion, the inertia matrix is not changed with the actuation, this would especially be expected from
the prismatic joints. This simplification is made to save time on the modelling of the manipulator.
This simplification is not considered critical as the operation would not differ significantly as the
controllers use the same simplified inertia matrices to cancel out the dynamics.

The trajectory generation for the cases is not guaranteed to succeed in generating a viable
trajectory. The method chosen to evaluate the validity of a trajectory is applying the inverse
kinematics. If the inverse kinematics is able to find a valid trajectory, the trajectory can be
recreated by the manipulator. The problem with this type of evaluation is the introduction of a
bias towards the inverse kinematics approach. By only using trajectories validated by inverse
kinematics, the joint space controller already has an obstacle-avoiding trajectory, and collision
with the obstacles depends only on the performance of the joint controller. In comparison to the
operational space controllers, which do not have a guaranteed obstacle collision free path.
The implementation of the controllers that follow these trajectories is also open for discussion.
To reduce the time spent on tuning for instability due to time sampling, it was chosen to imple-
ment the controllers as time-continuous in the ode solver. By doing this the controllers where
easy to theoretically prove to be stable. However, this did remove the time-sampling aspect,
making the evaluation more theoretical and less realistic. The continuous implementation of the
controller in combination with the sampled trajectory resulted in an additional evaluation compli-
cation. The error fluctuated a lot between the start and end of the sample due to the zero-order
hold on the trajectory between samples. The choice was made to evaluate the error only at the
sample time, as this would give a constant timing to the samples, and the timing is consistent
with the start of a trajectory step.

Another problem with the controllers is with how the controllers were made to be comparable.
In order to give each controller an equal opportunity of tracking, the controllers were all tuned
to have an equal settling time from a step input. However, this is not a real-world limitation that
constrains the different controllers. An example of a better method would be the implementation
of torque limits on the actuators. This is chosen not to implement as it would require additional
null-space actuation to prevent the actuators from stalling, and this would shift the focus from
obstacle avoidance. Another problem with the tuning was using a static reverence as step in-
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put. This only showed the position error compensation capability of the controllers. A dynamic
reverence could be used to tune the velocity error compensation.

One of the main evaluation parameters of the controllers is the computation time. This is
measured by evaluating the execution time of the control algorithms. However, there are two
problems with this evaluation method. The first is the dependency on how efficient each con-
troller/approach is programmed. Each controller implementation may not have been optimal,
and therefore one implementation could have an advantage over the others. However, as the
influences are largely dominated by path planning and inverse kinematics with a great margin,
some conclusions can safely be drawn. The second problem with execution time is that mea-
surements depend on other tasks running on the computer, which could influence performance.
To mitigate this, each test was conducted in order, with no other programmes running.

The last remarks are about the results of the potential-field-guided approach. This approach
showed limited success in reaching the goal position. This was due to the implementation of
the local minima predictor not being sufficient to solve complex scenarios. This made it look like
that the potential field guided approach is not a suitable implementation in any slightly complex
case. However, the large computation benefit of not requiring path planning in addition to not
needing inverse kinematics, makes this approach well suited to the agriculture case if additions
are made.
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6 CONCLUSION

The hypothesis that operational space controllers outperform the joint space controller in com-
putation is found to be true. The operational space controllers take more time to execute per
sample due to the more complex controller. However, the pre-calculation of the inverse kine-
matics of the joint space controller is so expensive that the operational space controllers have
a overall better performance. The second highest compute cost is due to the the path planning
for the cases requiring the RRT algorithm. In these cases (agriculture and simple obstacles),
the potential field-guided gradient approach significantly outperforms the other methods.

The hypothesis that the tracking performance of the joint space controller outperforms the op-
erational space controllers was found to be only valid for position tracking for the 9- and 8-DOF
manipulator models. For the 7-DOF manipulator model, position tracking was found to be the
worst for the joint space controller. This is expected to be caused by the null-space actuation.
The null-space actuation for the inverse kinematics may not be equally scaled compared to the
operational null-space policies. The lower degree of freedom could force the manipulator closer
to obstacles, increasing the null-space actuation and its small influence on the error.

For orientation tracking. The hypothesis that the joint space controller outperforms all other
models is false for all manipulator models. It seems that the operational space controllers ben-
efit from the error compensation in the velocity domain, which the inverse kinematics scheme
does not apply. This theory is supported by the fact that the joint space control works well for
the weld case, where an orientation control is enabled for long sections. This causes inverse
kinematics to track small orientation errors in comparison to when the orientation is switched.
The velocity-based operational space controller showed the best orientation control, in addition
to being able to handle the lower degree of freedom better. This shows that in the tested cases
acceleration compensation in the controller is not more important than the robustness offered
by the dual operational space and joint space error compensation. This additionally shows
that against predictions, operational space controllers can match the tracking performance of
inverse-kinematics driven joint space controllers.

However, operational space controllers come at the cost of reliability. Testing showed that all
cases had some failure of one of the control types, except for the joint space controller. The
failure rate increased for manipulators with lower degree of freedom, since there is less adap-
tivity of the manipulator to avoid obstacles. The joint space controller handled this by testing for
working trajectories in the inverse kinematics. Therefore, if a valid joint trajectory is found, the
joint space controller only needs to closely match the joint trajectory, and a guarantee is given
that the manipulator does not collide with obstacles. The advantage of taking the risk of hitting
an obstacle is the computational requirements.

The hypothesis that operational space controllers could offer better performance over joint
space controllers with respect to computational requirements was found to be true. By not
requiring the expensive pre-calculation of the trajectory, the operational space controllers were
significantly cheaper to execute on average for all cases.

For cases with a complex path finding algorithm, such as agriculture and the simple obstacle
case, it was found that the computational cost could also be reduced by using the potential field
guided approach. However, this is combated by the high failure rate of this control method.
The best case in which this control method succeeded 100% of the time was the simple ob-
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stacle case. In this case, the local minima predictor correctly placed virtual obstacles so that
the manipulator would not get stuck and the trajectory would move around the obstacles. For
the warehouse case (which would receive minimal benefit from removal of the path finding),
it was found that the highly obscured goal position moved the global minimum outside of the
shelves. This caused the local minima estimator to place virtual obstacles there, moving the
global minima even further from the goal. The result was that only two of the 60 scenarios tested
succeeded; this includes all different types of manipulator model. In the agriculture case, which
would benefit from the removal of the trajectory planning, there was some failure. These fail-
ures were induced by obstacles that were close to the goal position. The potential field of these
obstacles interacted with the goal attractor potential field to move the global minima slightly, re-
sulting in the manipulator not reaching the goal position. There are some recommendations on
how the guidance could be improved. One of these methods is the implementation of dynamic
scaling. Dynamic scaling would adapt the potential field intensities based on how close the
manipulator is to the goal position. by reducing the potential field, the manipulator is allowed to
move closer to the goal position. Another improvement could be the implementation of virtual
goal attractors. By placing virtual goals in front of the manipulator, the trajectory can be forced
in a direction. Implementing a compute-efficient solution of these methods could result in the
potential field approach being up to =~ 10 times more efficient than joint space controllers, and
~ 3 times more efficient than the other operational space control methods (assuming that these
solutions do not add significant computation time and timings are consistent with Figure 4.5).
There are additional recommendations to improve the overall findings in this report. One of
the recommendations is to re-tune the controllers and the null-space actuation. Currently, it
is unclear whether the null-space policies used in inverse kinematics are equally tuned to the
null-space policies used in the operational-space controllers. This could have some effect on
the tracking accuracy for the 7-DOF model. Additionally, the controllers could be re-tuned to
have a matching performance on velocity tracking next to position. Alternatively, the controllers
could be tuned to operate within a maximum given operational performance of the manipulator.
This would offer a more realistic comparison between the control approaches. Other recom-
mendations would include solving some of the realism compromises made in the report, as
discussed in the discussion. This includes testing on a more accurate manipulator model, in-
cluding frictions, torque limits, sensor noise, and variable inertia matrices. In addition a more
detailed investigation could be done into what takes the highest toll on compute time for the
inverse kinematics and path planning. This would give more insight into how efficient the code
is implemented.
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A TWIST MANIPULATOR MODELLING

The dynamics of the manipulator is modelled using the Euler-Lagrange method. However, the
Euler-Lagrange equations require a formulation of the kinetic and potential energy as a function
of the generalised coordinates (shown in equation 3.2). These kinetic energy and potential
energy functions are derived using the twist method as described in this appendix.

Kinetic energy

The kinetic energy of the system can be analysed for each element i of the number of elements
n, using the twist motion (5?’0) (with respect to the inertia frame expressed in the inertia frame)
and the inertia matrix (equation A.1). Here, a twist is a six-dimensional vector that describes the
complete motion of a body in a 3D coordinate frame with respect to a other coordinate frame.
The robot arm modelling by the twist method is performed as described in Modern Robotics [39].
The notation of twist used in this report follows the following convention: §Z’c describes the twist
of the coordinate frame a with respect to the coordinate frame ¢, expressed in the coordinate
frame b. The inertial frame is denoted as 0 and forms the basis of the first link.

= 1~ 0,007 7 (20,0
T = T, == OOV L(ET A1
; 5 ;@z )TE) (A1)
The above-mentioned twist motion of each element can be computed using the geometric Ja-
cobean (J(q)) of each element and the joint velocities ().

& = Jr(q)d (A.2)

Here, the geometric Jacobean exists out of the unit twists of each joint with respect to the
previous joint expressed in the inertia frame.

Jz*(q> - [5(1)707 53’17 ) é:?’i_l] (A3)

Unit twists can be computed by an algorithm using the initial pose of the system H(0), the gen-
eralised coordinates ¢, and the unit twist describing the axis of motion in each body with respect
to the previous body £/~ ! expressed in the frame of the previous body.
The algorithm iterates through each of the ridged moving bodies as follows: The first step is
to calculate the homogeneous transformation matrix of the first body using the unit twist, the
angles, and the initial system pose.

H ™ () = 5 17H(0) (A4)
Note that this transformation is from the previous body to the current body, and not the inertial
frame, if the current body is not the first body. If the current body is not the first body, the pre-
viously calculated transformations can be used to transform the homogeneous transformation
matrix from the current body to the inertial frame.

HY(q) = H)(q1) - Hy(q2) - ... - HI ;) (A.5)
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These homogeneous transformations describe the kinematics of each of the manipulator joints.
In addition, these transformations in combination with the unit twist describing the possible mo-
tion between the current body and the previous body expressed in the previous body frame,
can be used to calculate the twist describing the motion of the current body in the inertial frame.
This can be done as follows where Ady is the adjoint of the transformation H.

01 = Adppo | @b (A.6)

These twists can then be used in equation 3.3 to calculate the kinetic energy.

Potential energy

The potential energy in the system V' is divined by mass and gravity. The potential energy of
each segment can therefore be calculated by multiplying the position vector of the centre of
mass (P,,;)transformed by the robot configuration H?, the gravity vector transposedg’, and the
mass of the segment m;.

V=Y Vi=> (H Pun)g"m (A7)
=1 =1
Where:
P, gz
P=| P las=|a #8)
P, gz

The resulting differential equations 3.2 can be rewritten in a form with a mass, Coriolis, and
potential energy matrix.

™= M(q)i+ C(q,q) + 9(q) (A.9)
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