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Abstract

Controlling robots has been a thriving field of research since their emergence. Traditionally,

robots are controlled using joint space to task space transformations based on kinematic and

dynamic models. However, unconventional robots like soft, morphing, malleable, transforming,

and evolving ones pose challenges for accurate modeling and control. Controllers in literature

typically fall into two categories: model-based and model-free.

Kinematic-model-free control offers a promising solution to overcome challenges faced by

conventional controllers. This method doesn’t require prior knowledge of the robot’s kinematic

or dynamic models. Instead, it gathers data through exploratory actuations, building a volatile

local linear model to approximate the robot’s behavior and estimate actuation signals for target

movement. This thesis extends the state-of-the-art kinematic-model-free controller to tackle

various problems such as tip orientation and pose control, robot configuration control, obstacle

avoidance, gravity compensation, and continuous control.

Initially applied to planar rigid robots, the controller was adapted for soft continuum

robots, demonstrating its effectiveness through both simulation and physical experimentation.

Quaternion and dual-quaternion mathematics were employed for position, orientation, and pose

control. A dual-quaternionic kinematic-model-free multi-point controller was introduced to

resolve redundancy in hyper-redundant manipulators, validated through simulation tests.

Integration with model-predictive control enabled path planning and obstacle avoidance,

validated through physical experimentation on a planar rigid robot manipulator with virtual

obstacles. Modifications allowed the controller to run continuously at higher speeds, outper-

forming conventional methods in the face of kinematic or dynamic changes.

The kinematic-model-free controller showcased versatility across different robot types, both

in simulation and physical experiments. This research pushed the boundaries of the kinematic-

model-free controller and validated its effectiveness through rigorous testing.
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Chapter 1

Introduction

Since the emergence of modern robots in the early 1950s, robot control became a thriving field

of research as interest grew [?]. Conventional control of robotic systems, such as manipulators,

is based on the kinematics and dynamics of rigid bodies that use joint-space to task-space trans-

formations to calculate their poses [?]. This approach leaves the controller heavily dependent

on the robot’s configuration, which assumes a static arrangement of joints and links. This

kinematic-model-based approach has remained the prevalent control method for over half a

century [?].

Conventional robot controllers require both the kinematic and dynamic models of the robot

in order to perform accurate control [?]. However, soft robots, morphing robots, malleable

robots, transforming robots, and evolving robots can be challenging to model accurately and

control. Tremendous research has been done in the area controls for soft robots. Most of the

controllers found in literature can be categorized into two main classes: Model-based controllers,

which rely on models describing the system’s motion for controller derivation; and Model-free

controllers, which use data-driven and empirical methods to do the same [?].

Model-based controllers have been the predominant method of control for robot manipulation.

The Jacobian of a robot manipulator that relates the joint velocities to the end-effector velocity

is calculated prior to control [?] and is used to control the robot with forward and inverse kine-
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CHAPTER 1. INTRODUCTION

matics [?]. Using such models imposes many limitations [?] and assumes the Denavit-Hartenberg

parameters, that define the robots kinematics, to be static. An example of model-based control

is visual servoing that uses an external camera to calculate the required end-effector velocity

to reach a desired target [?]. In soft robot control, the Piece-wise Constant Curvature (PCC)

assumption, which discretizes the profile of the manipulator into constant curvature sections,

and the is used in closed-loop controllers [?]. The Geometric Variable Strain Model (GVS), a

strain based discretization of the continuous Cosserat model, is also used to develop a controller

for soft robots [?]. Moreover, quasi-static models are used to control soft robot tip position [?].

This type of control makes geometric simplifications and assumptions which can be inaccurate

in the presence of unmodeled forces, such as gravity. A model-based controller is limited by the

inherent inaccuracies and singularities of the model it follows [?].

On the other hand, model-free approaches for control do not require the robot’s kinematic

or dynamic models a priori for control. Approximating a Jacobian model is one method for

model-free control [?]. Dynamic parameters estimation [?], motor babbling [?], machine learning

[?], and reinforcement learning [?] have all been used for robot control. In soft robot control

neural networks [?] or deep reinforcement learning [?] were used to learn to control a soft robot’s

tip position. In general, data-driven approaches provide a promising method for control learning

for soft robots. However, these control methods require either the development of a model or

the training of one prior to control.

The Kinematic-model-free control detailed in this thesis is an approach that is able to control

a robot’s end-effector position without any prior model data or knowledge [?]. The approach

works by sending pseudorandom actuation signals to robot actuators and sampling end-effector

displacements which are then used to estimate actuation force signals that bring the end-effector

towards a desired target position through generating volatile local linear models [?]. This

controller is explored and studied in detail, pushing the boundaries of model-free control for

robot motion learning. The contributions of this work and the outline of this thesis are below.
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1.1 Contributions

The research detailed in this thesis extends the state-of-the-art kinematic-model-free controller

in many fronts with plentiful tests and experimentation on different robots, both rigid and soft

robots. Table 1.1 summarizes the contributions of this work and where the findings and results

were disseminated.

1.2 Outline

There are six chapters in this thesis with each chapter covering a specific contribution(s) apart

from the first and last chapters that introduce and conclude the thesis:

• Chapter 1 introduces the research domain and focus of this work and highlights the

contributions and outline of the thesis;

• Chapter 2 covers the kinematic-model-free controller for soft continuum robot planar

and spatial tip-position control;

• Chapter 3 presents the quaternionic kinematic-model-free position and orientation

controllers and the dual-quaternionic single-point and multi-point controllers;

• Chapter 4 details kinematic-model-free position control with obstacle avoidance using

model-free predictive-control;

• Chapter 5 presents the continuous kinematic-model-free controller for planar target

reaching with gravity compensation;

• Chapter 6 concludes the thesis by summarizing the research outcomes, results and

findings, and future research directions.
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Table 1.1: Contributions of kinematic-model-free control research.

Contributions Description Dissemination

KMF end-effector planar

orientation control

Orientation control of a planar

serial manipulator using

angular control parameters

-

KMF end-effector planar

position control of soft

continuum robot

Tip-position control of a

growing soft continuum robot

with thread-like actuators in

3D space

[?]

KMF end-effector spatial

position control of soft

continuum robot

Planar tip-position control of a

pneumatically-actuated soft

continuum robot

[?]

KMF quaternionic

end-effector

position/orientation

control

End-effector

position/orientation control

using quaternionic

representation

-

KMF dual-quaternionic

end-effector pose control

End-effector pose control using

dual-quaternions in 3D space

[?]

KMF dual-quaternionic

multi-point pose control

Multi-point control for robot

configuration using

dual-quaternions in 3D space

[?]

KMF obstacle avoidance End-effector position control

and path planning with

obstacle avoidance using

model-free predictive-control

[?]

KMF continuous

end-effector position

control

Planar position control of

robot end-effector with

continuous control for gravity

compensation

-
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Chapter 2

Kinematic-Model-Free Control

2.1 Related Work

Rigid robots are comprised of a set number of joints connected by rigid links. Rigid robots,

although more straighforward to model and control, is not suitable for cluttered environments

or where collisions occur that may damage the robot and control.

Soft robots have grown in popularity in the recent decade as an alternative to rigid robots,

this is primarily due to their light weight, inherent compliance, and fault tolerance [?]. Soft

Robots have highly varying designs and functionalities based on the field of application. Con-

tinuum robots are a class of soft robots with long and highly-deformable bodies, inspired

by octopus tentacles and elephant trunks. These robots can be deployed as alternatives to

traditional robotic arms in applications where delicate objects are being handled, or human-

robot interaction is required. Further research into this class of robots has provided adaptable

designs that are capable of actuator re-routing, or growth to adapt to varying target tip positions.

Re-configurable robots with actuator re-routing capabilities allow for a higher level of adapt-

ability and an increased range of motion. This is explored in [?] where a continuum robot

with actuators routed through disks attached to its backbone is presented. The rotation of the

robot’s disks facilitates the re-routing of actuators to form various helical paths. This results in
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improved motion capabilities and different trajectories. Another case where actuator re-routing

is explored is [?]. This work demonstrates the use of different paths to route parallel actuators

in order to achieve different actuation trajectories.

Growing robots are another highly adaptable class that draws heavily from nature, where

plants such as vines use growth as a means of navigation based on environmental stimuli [?].

In general, growth is the extension of the body through the tip, while maintaining no relative

movement between the remaining body and the environment; i.e. without friction [?]. Growing

robots that are capable of drastic changes in length have been investigated by researchers. One

such robot is the growing robot in [?] which can change in length considerably relative to other

similar robots through tip-extrusion. Researchers in [?, ?] developed a root-like growing robot

that grows using an additive layering technique. These growing robots can be used in search

and rescue as well as inspection applications.

A great deal of research has been done in the area of soft robot controllers, a challenging,

but necessary undertaking that facilitates the practical use of these adaptable systems. Most

of the controllers found in literature can be categorized into two main classes: Model-based

controllers, which rely on the analytical model describing the system’s motion for controller

derivation; and Model-free controllers, which use data-driven and empirical methods to do the

same [?]. These controllers are then further classified into sets that deal with either dynamic or

inverse-kinematic control.

Research done on Model-based approaches for control includes: [?], where a closed-loop con-

troller is introduced for dynamic trajectory tracking and surface following based on a Piece-wise

Constant Curvature (PCC) assumption, which discretizes the profile of the manipulator into

constant curvature sections; [?], where a controller is developed using the Geometric Variable

Strain Model (GVS), a strain based discretization of the continuous Cosserat model; [?], where

researchers calculate control parameters based on a quasi-static model to control the tip-position

of a growing soft robot; or [?], researchers controlled a continuum robot using a variable curva-

24



CHAPTER 2. KINEMATIC-MODEL-FREE CONTROL

ture kinematic modeling approach with parameters identification. This type of control makes

geometric simplifications and assumptions which can be inaccurate in the presence of unmodeled

forces, such as gravity. A model-based controller is limited by the inherent inaccuracies and

singularities of the model it follows, an example of this would be the kinematic singularity of

the PCC kinematics in the straight pose [?].

Alternatively, a model-free approach can be seen in: [?], where researchers performed shape

reconstruction and used neural networks to learn to control the robot’s tip position or in [?] where

a continuum robot’s tip position is controlled using deep reinforcement learning. Data-driven

approaches in general provide a promising method for control learning for soft continuum robots.

However, the control methods mentioned earlier require either the development of a model or

the training of one prior to control.

2.2 KMF Position Control

Earlier KMF controllers, the Encoderless [?] and Kinematic-Free [?] controllers, are discrete

controllers that control a manipulator’s end-effector position using actuation primitive command

signals. A high-level flowchart of the approach is shown in Figure 2.1. This approach assumes

that the locally combined kinematics and dynamics, heron refer to as ”kinodynamics”, of

the robot can be learnt from sending pseudo-randomly generated actuation control signals to

joints and observing their effect on the end effector of the robot. After gathering sufficient

actuation-observation pairs, the local kinodynamics can be approximated and the controller

can estimate the actuation primitive signal required to move the end effector towards a desired

target position. After each actuation, the resulting and desired effects on the end effector are

compared. If the difference is significant, a new exploratory phase is triggered to gather more

information about the local kinodynamics.

The main components of the flowchart are as follows:

• A decision is made whether the end effector has reached the target position and the
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Figure 2.1: Flowchart of simple KMF position control.

controller should stop or further actuation is required.

• If there isn’t sufficient information about the local kinodynamics, more information is

gathered by triggering an exploratory phase.

• Using the available kinodynamics information, the controller predicts/estimates the re-

quired actuation to move the end effector towards a given reference position.

• The calculated actuation is executed on the robot without any encoder feedback.

• After each actuation, the resulting and desired effect on the end effector are compared. If

the difference is significant, more information is gathered about the local kinodynamics by

triggering an exploratory phase.

• In the exploratory phase, pseudo-random actuation primitives that could vary in magnitude

and duration are generated.

• The generator has a short-term memory which helps generate fewer primitives while

optimizing the gained information.
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Figure 2.2: Unlike the conventional controllers in (a) and (b), the kinematic-model-free controller
in (c) does not use encoder feedback or joint angle feedback during control. Instead, the controller
using extroception to track the robot’s end effector. Also, the kinematic-model-free controller
does not have any prior knowledge of the robot’s kinematic or dynamic models [?].

While the controller is running, the actuation primitives and their resulting effects are

recorded in the long-term memory which is used for calculating new predictions. The differences

between kinematic-model-free control and other control methods are shows in Figure 2.2.

Actuation Primitives

Actuation primitives produce control signals τ(t), which could be torques, voltages, currents,

etc. These signals are sent to the actuators to move the robot. An actuation primitive is defined

as a function of time:

τ(t) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩
τp if t ∈ [t0, t0 +

dp
2
)

−τp if t ∈ [dp
2
, t0 + dp)

0 if t ∈ (−∞, t0) ∪ (t0 + dp,∞)

(2.1)

where t0 is the starting time, τp defines the magnitude of the actuation primitive, and

dp defines the duration of the primitive. See Figure 2.3. The controller sends the control

signal generated by the actuation primitives to the actuators of the robot to move the end
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Figure 2.3: Example actuation primitives with different parameters: duration dp and magnitude
τp [?].

effector towards the target reference position. The actuation signals are sent sequentially and

synchronously to the robot.

Exploratory Behaviour

Whenever there is insufficient information about the local kinodynamics, at start and when-

ever the robot behaves unpredictably, an exploratory phase is triggered. The exploratory

phase executes pseudo-random actuation primitives on the robot. A short-term memory, Ds,

helps optimally select actuation primitives to send that maximize information gain. In the

implementations of [?] and [?], the short-term memory was used to insure the orthogonality of

the actuation primitives. After each movement, actuation-observation pairs are stored in the

long-term memory, Dl.

Actuation Prediction

Let p̂ be the desired actuation primitive whose parameters τp(p̂) are to be estimated to actuate
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the end effector towards the target position:

b1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.2)

where τ jp (p̂) is the magnitude of the desired actuation primitive p̂ on actuator j. The principle

notion behind KMF control is to represent the desired primitive as a linear combination of kNN

primitives recorded in Dl. The distance is calculated from the current end-effector position to

the starting point of each primitive. The linear combination is expressed as follows:

A1w = b1 (2.3)

where w = [w1, w2, · · · , wk]
T is the vector of unknown weights and matrix A1 consists of

the kNN actuation primitives:

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τmp (p1) τmp (p2) · · · τmp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.4)

where τ jp (pi) is the magnitude of the actuation primitive i on actuator j.

Locally-Weighted Learning

During exploration, actuation primitives and their corresponding effects on the end effector are

recorded. At any step during reaching, the controller finds the kNN tuples of action primitives

and their corresponding effects. The observation matrix is defined as follows:

A2 =

⎡⎢⎢⎢⎢⎣
∆x(p1) ∆x(p2) ... ∆x(pk)

∆y(p1) ∆y(p2) ... ∆y(pk)

∆z(p1) ∆z(p2) ... ∆z(pk)

⎤⎥⎥⎥⎥⎦ (2.5)
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where ∆i(pj) is the displacement effect on the end effector along the i-axis as a result of

exerting actuation pj. Let the desired effect be expressed as follows:

b2 =

⎡⎢⎢⎢⎢⎣
∆x(p̂)

∆y(p̂)

∆z(p̂)

⎤⎥⎥⎥⎥⎦ (2.6)

The desired effect, b2, can be expressed as a linear combination of the kNN observed effects,

A2, as follows:

A2w = b2 (2.7)

Note that many solutions might exists for w since A2 is might not be full rank. To resolve

this issue, least squares regression is used to find the smallest squared vector b2 that is a solution

to the equation. This calculated value can then be used in equation (2.3) to find the desired

actuation primitive that will actuate the end effector towards the desired target position.

Remarks

Note that the order of actuators does not matter. The controller does not know which

actuators corresponds to which joint. Since the controller does not use any prior model of the

robot and makes no assumption about the actuators and their relationship to the joints, this

makes the controller agnostic to kinematic changes in the robot. This is one major advantage

over conventional controllers. Despite their adaptability, this form of the controller is limited to

position control, completely disregarding orientation.

2.3 KMF Orientation Control

Although orientation control on its own has little-to-no useful applications, the mathematical

framework is presented here for completeness and the concepts in this section will lay the

foundation on top of which simultaneous position and orientation, or pose, control will be

derived in the next section. Figure 2.4 shows a high-level flowchart of the approach.
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Figure 2.4: Flowchart of simple KMF orientation control.

There are several representations for orientation. For example, rotation matrices, Euler

angles, quaternions, etc. In KMF orientation control for planar robots, orientation of the end

effector is simply represented by a single variable θ. The observation matrix, in this case a 1D

vector, would simply be a collection of the kNN rotational displacements:

A2 = [∆θ(p1), ∆θ(p2), · · · , ∆θ(pk)] (2.8)

each of which corresponds to a primitive in the actuation matrix:

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τmp (p1) τmp (p2) · · · τmp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.9)

where τ jp (pi) is the magnitude of the actuation primitive i on actuator j. At any step, the
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controller attempts to estimate an actuation primitive:

b1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.10)

where τ jp (p̂) is the magnitude of the desired actuation primitive p̂ on actuator j to move the

end effector towards the desired goal orientation:

b2 = ∆θ(p̂) (2.11)

The following local linear model is then solved for the unknown weights:

A2w = b2 (2.12)

where the weights, w = [w1, w2, , · · · , wk]
T is used to estimate the actuation primitive

through the following local linear model:

A1w = b1 (2.13)

This controller is capable of adjusting the orientation of a robot’s end effector and performing

simple rotational reaching tasks. However, position control is completely disregarded, limiting

the application of this controller. Moreover, this controller is only applicable to planar motion

since only a single value is used to represent the end effector’s orientation.

2.4 KMF Pose Control

Most robot manipulation tasks require simultaneous position and orientation, or pose, control.

The simple KMF pose controller is capable of controlling the pose of the end effector of planar

redundant robots. Figure 2.5 shows the high-level flowchart of the controller.

The robot tries to estimate some actuation primitive to move the end effector towards a
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Figure 2.5: Flowchart of simple KMF pose control.

desired goal pose [xt, yt, θt]
T .:

b1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.14)

where τ jp (p̂) is the magnitude of the desired actuation primitive p̂ on actuator j. The required

primitive p̂ is a linear combination of the kNN primitives that have been previously executed

and recorded. The kNN distance is calculated from the end effector’s current position to the

starting position of each primitive pi. The linear combination of the kNN primitives can be

expressed in matrix form as follows:

A1w = b1 (2.15)

where w = [w1, w2, , · · · , wk]
T is a set of unknown weights and the A1 contains the primitives
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of the kNN:

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τmp (p1) τmp (p2) · · · τmp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.16)

where τ jp (pi) is the magnitude of the actuation primitive i on actuator j. To find the unknown

weights w, the information recorded about the outcomes of each of the kNN primitives is used:

A2 =

⎡⎢⎢⎢⎢⎣
∆x(p1) ∆x(p2) · · · ∆x(pk)

∆y(p1) ∆y(p2) · · · ∆y(pk)

∆θ(p1) ∆θ(p2) · · · ∆θ(pk)

⎤⎥⎥⎥⎥⎦ (2.17)

where [∆x(pi), ∆y(pi), ∆θ(pi)]
T is the relative displacement of the end effector corresponding

to primitive pi. Next, the current end-effector and target poses are used to calculate the relative

displacement required. This will actuate the end effector towards the target pose. The relative

displacement of the end-effector is as follows:

b2 =

⎡⎢⎢⎢⎢⎣
∆x(p̂)

∆y(p̂)

∆θ(p̂)

⎤⎥⎥⎥⎥⎦ (2.18)

The weights w are solved for using the following expression:

A2w = b2 (2.19)

which is then used to find the required primitive to move the end effector towards the target.

Orientation wrapping

The key challenge with orientation control is handling the non-linear orientation wrapping that

occurs at ±π. Three solutions were identified: quaternion representation, angle representation

change, and angle range switching.
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Quaternion representation Angles can be represented using quaternions ai+bj+ck+w.

The four numbers a, b, c, and d increases the complexity of the path planning space to 6D,

{x, y, a, b, c, w}. Although it will resolve the orientation wrapping problem, it requires excessive

computation for simple planar control.

Orientation representation change In orientation representation change, orientation

is represented by two numbers, a and b where a = sin(θ) and b = cos(θ) where θ is a 1D

manifold represented in a 2D space as a and b. Thus, making the path planning space 4D

{x, y, a, b}. The KMF controller will attempt to find a straight line in this 4D space to the

target [xt, yt, at, bt]. This approach will also increase the complexity of unnecessarily for a

simple planar control case.

Orientation range switching In orientation range switching, orientation is represented

by a single number θ measured from the positive x-axis. Thus, the controller will find a straight

line path to the target [x, y, θ] in the 3D space {x, y, θ}, shown in Figure 2.6.

Figure 2.6: Pose path planning space

Based on the orientation of the current end effector θ and the target θt, the orientation range

is switched between [−π, +π] and [0, 2π]. The range switching technique follows this algorithm:
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x = argmin[range[−π,+π](θt − θ), range[0, 2π](θt − θ)]

IF x == range[−π,+π](θt − θ) :

switch range to [−π, +π]

ELSE :

switch range to [0, 2π]

This method insures that the discontinuity at ±π is avoided. This approach is most suitable

for the planar robot case because the angle is represented by a single number, keeping the path

planning space 3D.

2.5 KMF Tendon-Driven Continuum Robot Control

The kinematic-model-free controller generates and learns online local linear models that it uses

for actuating the robot’s tip position, on the other hand, other data-driven approaches such

as those discussed in the introduction, either use offline learning or learn global models. The

quasi-static assumption employed by the kinematic-model-free controller allows the control of a

robot manipulator through actuation. Actuation primitives produce control signals that are

used for actuating the robot. The controller initiates a random exploration where samples are

gathered. The random exploration process is achieved by sending randomly-generated control

signals τ(t) to the robot actuators in the following form:

τ(t) = τ(t− 1) + ∆τ(t) (2.20)

where τ(t− 1) is the previous actuation sent, τ(t− 1) = 0 for t = 0. Taking into account

previous actuation primitives, gravity compensation is achieved, as opposed to previous work
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done in kinematic-model-free control where simply τ(t) = ∆τ(t). Note that:

∆τ(t) =

⎧⎪⎨⎪⎩ τp t ∈ [t0, t0 + dp)

0 otherwise
. (2.21)

where τp is the actuation magnitude and dp is the duration of the actuation signal. After

each actuation, the end-effector displacement, ψp = [∆x, ∆y, ∆z], is sampled, forming tuples of

the form {τp, ψp}. Actuations are stored in the actuation matrix:

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τnp (p1) τnp (p2) · · · τnp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.22)

where τ ip(pj) is the j
th actuation signal on actuator i, n is the robot’s degrees of freedom that

are controlled, and k is the k-nearest-neighbor (kNN) samples to the robot’s current end-effector

position. The corresponding end-effector displacements are stored in the observation matrix:

A2 =

⎡⎢⎢⎢⎢⎣
∆x(p1) ∆x(p2) ... ∆x(pk)

∆y(p1) ∆y(p2) ... ∆y(pk)

∆z(p1) ∆z(p2) ... ∆z(pk)

⎤⎥⎥⎥⎥⎦ (2.23)

where ∆i(p̂) is the displacement of the robot’s end-effector along the ith direction in Cartesian

space. After the completion of the exploratory phase, the controller calculates the required

actuation signal to move the robot’s end effector towards via points, [xi, yi, zi], that lead to the

final target position [xt, yt, zt]. The actuation signal is in the form:

b1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τnp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.24)

where p̂ is the actuation primitive desired that will be estimated as a linear combination of
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other actuation primitives previously sampled. This actuation signal will cause the following

displacement to the robot’s end effector:

b2 =

⎡⎢⎢⎢⎢⎣
∆x(p̂)

∆y(p̂)

∆z(p̂)

⎤⎥⎥⎥⎥⎦ (2.25)

which will move the end effector towards the target position; i.e. it is the displacement

between two consecutive via points that leads the robot’s end effector towards the final target

position. Estimating b1 starts by generating a volatile local linear model as follows:

A2w = b2 (2.26)

where w = [w1, w2, · · · , wk]
T is the vector of unknown weights. The weights are solved for

using least squares regression and are then plugged into the following:

A1w = b1 (2.27)

to yield an estimate for b1 which is sent to the robot. Should any discrepancy occur between

the desired end-effector displacement and actual displacement, a new exploratory phase is

triggered. It is important to note that the local linear models are volatile and are regenerated

at every step.

2.6 KMF Pneumatic Continuum Robot Control

Continuum robots can be pneumatically controlled using McKibben muscles, which extend

along their lengths when pressurized. Placing several muscles in parallel can create a section

in the continuum robot. Pressurizing the muscles in a section by the same amount will cause

an extension. Bending, on the other hand, can be achieved deferentially actuating the muscles.

The constant-curvature model can be used to describe the kinematics of each section using 3

values: bending magnitudes u and v and arc length s. The bending values u and v represent
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the bending along the local x-axis and y-axis, respectively. The combined magnitudes gives the

overall section bending magnitude and the direction can be found as follows:

ϕ = tan−1
(︂v
u

)︂
(2.28)

To achieve proper motion in continuum robots, other muscles have to be relaxed in an

amount proportional to the muscle being pressurized. For fixed length continuum robots,

differential actuation must be applied. The pressure value for muscle i in a 3-muscle section of

the continuum robot can be related to the parameters bending parameters and arc-length as

follows:

p1 =

∫︂
τs(t)dt− d

∫︂
τv(t)dt (2.29)

p2 =

∫︂
τs(t)dt+

d

2

∫︂
τv(t)dt+

√
3d

2

∫︂
τu(t)dt (2.30)

p3 =

∫︂
τs(t)dt+

d

2

∫︂
τv(t)dt−

√
3d

2

∫︂
τu(t)dt (2.31)

where τu, τv, and τs are the primitives mapped to the kinematic values u, v, and s, respectively,

and can be used as actuation primitives for the KMF controller. The actuation vector can then

be written as:

b1 =

⎡⎢⎢⎢⎢⎣
τu(p̂)

τv(p̂)

τs(p̂)

⎤⎥⎥⎥⎥⎦ (2.32)

that is calculated using the actuation matrix, A1, observation matrix, A2, and displacement
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vector, b2:

A1 =

⎡⎢⎢⎢⎢⎣
τu(p1) τu(p2) · · · τu(pk)

τv(p1) τv(p2) · · · τv(pk)

τs(p1) τs(p2) · · · τs(pk)

⎤⎥⎥⎥⎥⎦ (2.33)

A2 =

⎡⎢⎢⎢⎢⎣
∆x(p1) ∆x(p2) ... ∆x(pk)

∆y(p1) ∆y(p2) ... ∆y(pk)

∆z(p1) ∆z(p2) ... ∆z(pk)

⎤⎥⎥⎥⎥⎦ (2.34)

and

b2 =

⎡⎢⎢⎢⎢⎣
∆x(p̂)

∆y(p̂)

∆z(p̂)

⎤⎥⎥⎥⎥⎦ (2.35)

The following volatile local linear model is formulated

A2x = b2 (2.36)

and solved for x and plugged into the following volatile local linear model

A1x = b1 (2.37)

which is solved for b1 to find the actuation signal sent to the robot. Any discrepancy between

the expected and observed behavior will trigger an exploratory phase.

2.7 Results

2.7.1 Simulated Rigid Robot Control

The kinematic-model-free controller was tested on a simulated 2-DoF robot manipulator in

2D space and a simulated 3-DoF robot manipulator in 3D space, which were developed using
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MATLAB’s Robotics toolbox [?]. For both robots, the task was to reach a target point. See

Figure 2.7. In both cases, the robot starts with an exploration phase and then calculates

actuation primitives that brings the end effector towards the target point.

Furthermore, simultaneous position and orientation control was demonstrated in simulation

using a 3-DoF planar robot manipulator. See Figure 2.8. The robot first had to reach a target

pose in 2D space. Secondly, the robot had to trace a square path while keeping the robot’s

end effector perpendicular to the path. Once again, the robot starts with an exploration phase

and then begins to move towards the target point(s). Whenever a discrepancy between the

expected and actual end-effector displacement is measured, another exploration phase is triggered.

2.7.2 Simulated Continuum Robot Control

In order to simulate the behavior of soft robots under various loading conditions the SoRoSim

toolbox [?], is used. SoRoSim is a MATLAB toolbox based on the Geometric Variable Strain

(GVS) approach introduced by Renda et al. [?] in statics and Boyer et al.[?] in dynamics. The

GVS approach is based on a variable strain parametrization of soft links represented by Cosserat

rods, 1D, slender rods that can bend, twist, stretch, and shear. SoRoSim directly extends rigid

robot modeling techniques to soft and hybrid systems, while maintaining a high level of accuracy,

by exploiting the high fidelity of the Cosserat Rod approach. The simplifying assumptions of

the GVS approach minimize the number of DoFs required to represent systems and provide a ge-

ometrically exact framework leading to accurate, fast, and computationally less expensive results.

The toolbox enables users to define and manipulate links (rigid or soft) and robotic systems

(linkages). GUIs assist in the definition and assembly of links as well as the definition of DoFs and

constraints. A variety of typical external forces and actuation inputs are handled by GUIs, which

provides a black-box experience, allowing users from all backgrounds to easily use the toolbox

to perform static and dynamic analyses. SoRoSim can be used alongside built-in functions,

add-ons such as the Optimization Toolbox, and other custom codes to further facilitate the
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Figure 2.7: a) A 2-DoF robot manipulator reaching a target point in 2D space; b) A 3-DoF
robot manipulator reaching a target point in 3D space.
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Figure 2.8: a) A 3-DoF robot manipulator reaching a target pose in 2D space; b) a 3-DoF robot
manipulator tracing a square while keeping the end effector perpendicular to the path followed.
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analysis and control of robotic systems.

Four tests were run to validate the merits of deploying the kinematic-model-free controller

on a continuum soft robot: 1) tracing a circle with the robot’s tip; 2) reaching a target point

with sudden actuator failures; 3) target reaching with simultaneous actuator strength and actua-

tor configuration control; and 4) target reaching with actuator strength control and active growth.

The robot used for the simulations is 0.58 m long, with a linearly varying radius that goes

from rbase = 0.015 m to rtip = 0.008 m. The material properties used were E = 50 MPa and

ν = 0.5. Six parallel actuators were routed as detailed in the table shown in Figure 2.9 and

used to actuate the robot. It is important to note that gravity is on in all simulation tests and

that all target positions lie within the robot’s reachable workspace.

Tracing a Circle

In the first test, the controller attempts to trace a circle with its tip. The circle is defined as

follows:

r(t) =

⎡⎢⎢⎢⎢⎣
0.5

0.15cos((2π/5)t)

0.15sin((2π/5)t)

⎤⎥⎥⎥⎥⎦ (2.38)

The robot starts from an extended configuration, which is the static equilibrium solu-

tion to the gravitational load, where actuator strengths are zero and the tip is positioned at

[x, y, z] = [0.580, 0,−0.017]. Gravity is enabled in the simulator with the acceleration due to

gravity defined as [gx, gy, gz] = [0, 0,−9.81].

Target points from the circular trajectory were used to calculate desired actuation signals

for the robot. The controller starts off by going through an exploratory phase to collect samples.

It then uses the closest (kNN = 4) samples to calculate the next desired actuation. In Figure

2.10(a), the simulation result of tracing a circle is shown. The controller managed to trace the
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Figure 2.9: Overview plot of the design of the continuum robot used for the simulation tests
along with a table detailing the actuator locations.
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circle in 3D space in 305 steps.

The robot tracks the circular trajectory similar to [?], which traces a circle with the same

radius as (2.38). However, the slight movements off the circular trajectory are due to exploratory

behavior being re-triggered due to discrepancies measured between the desired and actual

displacements. Furthermore, it is worth noting that in [?], gravitational forces are not considered

but using the kinematic-free controller’s modified actuation signal in equation 5.8 the controller

easily compensates for gravity. In Figure 2.10(b), the delta actuation strengths calculated by

the controller are shown which are accumulated to yield the final actuation sent to the robot as

shown in Figure 2.10(c). We also note the discrete shape of the signal since the controller at

hand is a discrete-time controller that runs in discrete steps. However, relative to all previous

work, the signal is more continuous in the sense that incremental changes are added to the

current signal, as defined by Equation (1), which is a contribution that enabled proper gravity

compensation to be achieved. Furthermore, despite having infinite DoFs, all six actuators in

the robot are independent and alter the end-effector’s tip position equally, as opposed to the

work done in [?] where the actuators were in series and affected one another.

Actuator Failure

In the second test, the controller attempts to reach a point in 3D space where a sudden

failure occurs to a subset of the actuators, reducing the robot’s degrees of actuation. The

target point which the manipulator attempts to move the tip towards is [0.426,−0.177, 0.065].

actuators 1 and 4 are disabled at step 25 of the control to simulate a failure in their actuation

and demonstrate the effectiveness of kinematic-model-free control in overcoming this issue and

guiding the tip to the target position despite the reduced number of actuators.

The controller actuates the tip to within 1 mm from the target. After the initial exploratory

phase, the tip begins to move towards the target in a straight trajectory until the actuators

are disabled in step 25. Point 2 in Figure 2.11(a) shows step 24 prior to actuator failure. We

observe a large dip away from the expected trajectory due to the change in actuators in step

25. This triggers a new exploration phase at point 3, which enables the controller to guide the
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Figure 2.10: (a) Manipulator tracing a circle in 3D space. The controller performs both tip-
position control and gravity compensation. The starting position is marked by 1 and the ending
position is marked by 4. Marks 2 and 3 are almost at the circle top and bottom positions;
(b) Change in actuation strengths, ∆τ(t), added to overall actuation signal for control; (c)
Actuation strengths, τ(t), used to control each actuator.
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Figure 2.11: (a) Manipulator tip moving to the target position denoted as a blue point in 3D
space. The controller performs both tip-position control and gravity compensation in this test
too. The starting and ending positions are marked by 1 and 4 respectively. Point 2 shows the
manipulator configuration prior to the actuator’s failure, point 3 shows the step right after the
actuator’s failure. (b) Change in actuation strengths, ∆τ(t), added to overall actuation signal
for control; (c) Actuation strengths, τ(t), used to control each actuator.
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Figure 2.12: (a) Robot moving to a target position. The starting and ending positions are
marked by 1 and 2 respectively. Point 2 shows that the robot reached the target position by
simultaneous actuator strength and actuator slope control. (b) actuator slopes; (c) Actuation
strengths, τ(t), used to control each actuator.
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robot tip to the target position in a total of 84 steps.

The δ actuation strength and actuation strength plots show the input of actuators 1 and 4

becoming zero as the controller reaches step 25 to indicate that they do not contribute to the

actual actuation after step 25.

Reconfiguring Robot

To explore the control of a re-configurable robot we use the same robot from tests 1 and 2 but

with a constant radius of 0.015 m. In the third test, the robot performs another single-target

reaching task with gravity compensation. The actuation primitives in this case include 8

parameters, instead of 6. Six parameters are for actuator strengths and two parameters are for

actuator slopes, m1 and m2. actuators 1, 2, and 3 use slope m1 and actuators 4, 5, and 6 use

slope m2. The controller actively controls both the actuator strengths and actuator slopes in

order to reach the desired target position. The actuation matrix has the following form:

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) τ 1p (p3) τ 1p (p4)

...
...

...
...

τ 6p (p1) τ 6p (p2) τ 6p (p3) τ 6p (p4)

m1
p(p1) m1

p(p2) m1
p(p3) m1

p(p4)

m2
p(p1) m2

p(p2) m2
p(p3) m2

p(p4)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(2.39)

for kNN = 4. The desired actuation is then calculated:

b1 = [AT
1K]Tw (2.40)

where K is a diagonal weighting matrix to weigh the two types of parameters in the actua-

tion matrix differently, which was experimentally determined to be diag(1, 1, 1, 1, 1, 1, 10−4, 10−4).

For this test we limit the actuator slope values to the range −0.015 ≤ m ≤ 0.015 which
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ensures that the actuators do not leave the physical boundaries of the manipulator. The target

point set was [0.526,−0.187, 0.065]. The controller varies the slope values along with the actuator

strengths to find the best combination that brings the tip within the specified range of the target

point. The plot in Figure 2.12(b) shows the slope values for each group of actuators. The values

obtained for m1 and m2 when the robot’s tip converged to the target position were −0.0015

and 0.0003, respectively. The plot shown in Figure 2.12(c) shows the various actuator strength

values obtained at each trial in the simulation. The robot tip reaches the target position after

27 trials.

The ability to re-route the actuators according to online data allows the controller to optimize

their location and reach the target point quicker than if the actuator routes were fixed. A

simulation run for the starting actuator routes showed that 49 trials are needed to reach the

target point. Re-routing the actuators also results in different task spaces, which could enable

the manipulator to reach points that were not previously within its range.

Growing Robot

A length-changing robot that grows and shrinks is controlled to perform target reaching. The

length, L, of the robot is altered by l such that L+ l. The controller is not limited to a specific

geometry but for this case we use a constant r to avoid the tip radius going to zero or becoming

negative as it grows at the tip. The actuation matrix is defined as:

A1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) τ 1p (p3) τ 1p (p4)

...
...

...
...

τ 6p (p1) τ 6p (p2) τ 6p (p3) τ 6p (p4)

lp(p1) lp(p2) lp(p3) lp(p4)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(2.41)

where the desired actuation is calculated following Equation (11) with K experimentally

determined to be diag(1, 1, 1, 1, 1, 1, 10−3).
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The robot starts with a tip position of [0.58, 0,−0.017] and a length of 0.58 m. In the first

try, the robot is to reach the target tip position [0.4,−0.1, 0], which requires the robot to shrink

in length. The results are shown in Figure 2.13. The robot manages to reach the target point in

15 steps and reaches a length of 0.413 m.

In the second try, the robot had to reach the target tip position [x, y, z] = [0.7, 0.1, 0],

which required the robot to grow in length. The results are shown in Figure 2.14. The robot

successfully reaches the target point in 23 steps with a length of 0.712 m.

2.7.3 Physical Rigid Robot Control

Physical experimentation of the kinematic-model-free position controller was done using Franka

Emika’s Panda manipulator [?]. The robot’s joints were constrained, leaving only 2 joints moving

freely. The robot’s configuration was constrained in move in a plane to eliminate the effects of

gravity. The Vive tracker is an active tracker used for motion capture of rigid bodies. A Vive

tracker was placed on the robot’s end effector to measure the robot’s end-effector displacement.

Another Vive tracker was used to mark the target position the controller needs to reach.

Two target positions were tested. See Figure 2.15. The robot starts with an exploration

phase. The robot then calculates actuation primitives that will bring the robot’s end-effector

to the target position. Whenever a discrepancy between the desired and actual displacements

is measured, another exploratory phase is triggered. In both tests, the controller managed to

actuate the robot’s end-effector towards the desired target position.

2.7.4 Physical Continuum Robot Control

The OctArm, shown in Figure 2.16, is a pneumatically-actuated continuum robot with 3 sections,

each section having 3 muscles, providing a 9-DoF manipulator. The OctArm has a length

extension range from 1.07 m to 1.38 m. The muscles can also be pressurized together, reducing

52



CHAPTER 2. KINEMATIC-MODEL-FREE CONTROL

Figure 2.13: (a) Manipulator tip moving to a target position. The starting and ending positions
are marked by 1 and 2 respectively. Point 2 shows that the manipulator reaches the target
position by simultaneous actuator strength control and shrinking. (b) Change in robot length,
L, for shrinking; (c) Actuation strengths, τ(t), used to control each actuator.
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Figure 2.14: (a) Manipulator tip moving to a target position. The starting and ending positions
are marked by 1 and 2 respectively. Point 2 shows that the manipulator reaches the target
position through simultaneous actuator strength control and growth. (b) Change in robot length,
L, for growing; (c) Actuation strengths, τ(t), used to control each actuator.
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Figure 2.15: Target reaching using the Panda manipulator constrained to planar motion with
only 2 DoFs enabled.
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the degrees of freedom of the robot.

Two experiments are conducted for different degrees of freedom of the OctArm. In the

first experiment, the robot follows a straight line path that runs parallel to the x-axis in the

taskspace. The path is comprised of 9 points spaced evenly between [−0.2, 0.95, −0.85] and

[0.2, 0.95, 0.85] in the camera’s frame. See Figure 2.17. Initially, the robot starts at x = 0.2,

follows the line, then moves back to the start of the line. In the second experiment, the robot

follows a planar lemniscate path on the xz-plane. The path is comprised of 19 points that are

spaced almost 5 cm apart. See Figure 2.18. For both experiments, the robot’s tip position

must be within 2 cm of a point and is paused for 3 seconds (for the robot to come to rest and

reading clear results) before moving to the next point. Tracking of the robot’s end effector is

done through the use of a Kinect sensor with hue filtering. See Figure 2.19 and 2.20. The KMF

controller is implemented in MATLAB. A Simulink model is responsible for integrating the

actuation primitives into pressure values that actuates the OctArm.

3-DoF Control

In the 3-DoF case, the OctArm is treated as a single section; i.e. muscle i of each section is

pressurized simultaneously for i = 1, 2, 3. The actuation matrix is then:

b1 =

⎡⎢⎢⎢⎢⎣
τu(p̂)

τv(p̂)

τs(p̂)

⎤⎥⎥⎥⎥⎦ (2.42)

The 3-DoF continuum robot completed the line path within 3 mins with minimal error

or stepping outside the 2 cm limit. The time is significant given the 3 second pause in place

between actuations. See Figure 2.21. The robot also completed the lemniscate path, however

with more discrepancies and explorations. The robot manages to converge back to the desired

points to complete the path. See Figure 2.22. This can be improved by having more dense

points in the path to follow or by having more exploration in certain regions.
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Figure 2.16: OctArm pneumatically-actuated manipulator.
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Figure 2.17: Line path trajectory.

Figure 2.18: Lemniscate path trajectory.
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Figure 2.19: Line path followed by robot.

4-DoF Control

In the 4-DoF case, the base and mid sections of the OctArm are treated as a single section.

The robot here is treated as a non-extensible robot with each section initialized to its mid-range

extension and deferentially controlled using the parameters u and v only. The actuation matrix

is then:

b1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τub
(p̂)

τvb(p̂)

τut(p̂)

τvt(p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(2.43)

The addition of another degree of freedom did not hinder the performance of the controller

as can be seen in Figures 2.23 and 2.24. However, more exploratory behaviour was triggered to

gather sufficient many samples to complete the paths. The completion times of both the 3-DoF

and 4-DoF cases are similar.
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Figure 2.20: Lemniscate path followed by robot.

Figure 2.21: (a) End-effector and target positions of 3-DoF robot while following line path. (b)
Measured end-effector position of 3-DoF robot while following line path.
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Figure 2.22: (a) End-effector and target positions of 3-DoF robot while following lemniscate
path. (b) Measured end-effector position of 3-DoF robot while following lemniscate path.

Figure 2.23: (a) End-effector and target positions of 4-DoF robot while following line path. (b)
Measured end-effector position of 4-DoF robot while following line path.
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Figure 2.24: (a) End-effector and target positions of 4-DoF robot while following lemniscate
path. (b) Measured end-effector position of 4-DoF robot while following lemniscate path.

6-DoF Control

In the 6-DoF case, each section is controlled separately with its own parameters, u and v.

Similar to the 4-DoF case, the robot is treated as non-extensible and is controlled deferentially.

The actuation matrix is then:

b1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

τub
(p̂)

τvb(p̂)

τum(p̂)

τvm(p̂)

τut(p̂)

τvt(p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(2.44)

The added degrees of freedom was expected to impact the performance of the controller.

This can be noticed from the trajectory of the robot shown in Figure 2.25. The completion time

took 3-4 times longer than the previous cases, with most of the time being wasted in explorations

and inaccurate actuations. Given the difficulty of completing the line path, attempting the

lemniscate path was forgone.
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Figure 2.25: (a) End-effector and target positions of 6-DoF robot while following line path. (b)
Measured end-effector position of 6-DoF robot while following line path.

2.8 Discussion

The kinematic-model-free controller is capable of controlling the robot’s end-effector position

and orientation without any prior knowledge of the robot’s kinematic or dynamic models. The

controller was tested on a simulated planar 2-DoF rigid robot that performed target reaching

and a 3-DoF robot in 3D space. The controller was also tested on a simulated planar 3-DoF

robot to perform simultaneous position and orientation control of the end effector. Physical

experimentation on a planar robot manipulator was done on a constrained manipulator with only

2-DoFs enabled. The robot successfully performed target reaching using kinematic-model-free

position control of the end effector.

On the other hand, soft continuum robots are widely used and researched due to their advan-

tages over their rigid counterparts. However, the inherent compliance of these systems results

in infinite DoFs which makes controlling them a challenge. Accurate models and controllers are

required that also take into account external forces.

The kinematic-model-free controller was tested on a threadlike actuator-driven soft con-

tinuum robot in 3D space with gravity compensation. The controller was validated through

simulation tests where the robot performed target reaching and followed a desired trajectory.

63



CHAPTER 2. KINEMATIC-MODEL-FREE CONTROL

The controller’s robustness and adaptability were tested by cutting a subset of the actuators

during execution. Furthermore, kinematic-model-free control methods were used to control a

robot with re-configurable actuators and a growing robot, where the robot managed to reach

desired target tip positions via simultaneous control of actuator strengths and actuator slopes

or robot length.

The kinematic-model-free controller was also deployed on a physical continuum robot for

planar tip position control. The 3-section pneumatically-actuated robot traversed two planar

paths, a line and a lemniscate path. When increasing the degrees of freedom of the robot

enabled for control, the performance suffers from excessive exploratory behaviour. The robot,

however, manages to perform the tasks in thr 3-DoF and 4-DoF cases.
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Chapter 3

Quaternionic Kinematic-Model-Free

Control

The encoderless robot controller [?] and kinematic-free controller [?] successfully controlled a

robot manipulator’s end effector in task space without requiring any prior kinematic model of

the robot by learning local linear models. However, these controllers only managed to control

the position of a two-degrees-of-freedom planar robot, leaving orientation control unsolved.

Orientation control imposes challenges due to the discontinuities or singularities that exist

in the orientation spectrum, such as the gimbal lock in Euler angles or angle wrapping that

occurs after a full rotation. Without resolving these issues, the robot will misinterpret move-

ments when crossing the point of discontinuity or can take a longer route to reach the desired

target, causing the robot to behave undesirably and inefficiently. Quaternions, discovered by

Hamilton around 1844 [?], are an extension to the complex number system and are able to

represent rotations without suffering from discontinuities. Furthermore, dual quaternions (DQs),

introduced by Clifford around 1873 [?], provide a unified representation of a rigid link’s pose,

both position and orientation. In the dual-quaternionic KMF controller, linear combinations of

dual quaternions are used to learn a local kinematics and dynamics model of the robot which

allows for simultanous tip position and orientation control in 3D space.
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However, this controller underperforms, taking longer than required to converge to the desired

pose, when higher-degrees-of-freedom serial robots are to be controlled, leaving redundancies

unresolved, as well. The kinematic-model-free multi-point controller presented in this chapter

enables the control of hyper-redundant serial robot manipulators and resolving redundancies in

these manipulators by tracking and controlling multiple points along the kinematic chain of

such robots.

3.1 Related Work

Model-based controllers have been the predominant method of control for robot manipulation.

The Jacobian of a robot, which relates the joint velocities to the end-effector velocity, is cal-

culated prior to control [?], after which it is controlled using forward and inverse kinematics

[?]. Using such models imposes many limitations [?] and assumes the Denavit-Hartenberg

parameters, that define the robots kinematics, to be static. One example of model-based control

is visual servoing that uses an external camera to calculate the required end-effector velocity to

reach a desired target [?]. However, this assumption falls apart in the case of soft robots, when

robots are damaged, or when robots transform or evolve in any way, such as altering the end

effector by changing its gripper. Therefore, model-based conventional controllers are accurate

but not adaptable.

Other researchers performed model-free control by approximating a Jacobian that is later

used to actuate a robot. Researchers in Reference [?] controlled a deformable manipulator and

in Reference [?] controlled a soft manipulator by approximating its Jacobian model. Other

researchers controlled a dynamically-undefined robot by first estimating the robot’s dynamic

parameters and then controlled a robot using conventional methods [?]. Learning methods,

such as motor babbling, that start with no predefined model of a robot’s kinodynamics are used

to approximate a model to control robots [?]. Other researchers use machine learning [?] and

reinforcement learning algorithms [?] to control robots.
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On the other hand, researchers in [?] directly controlled current motors to actuate an un-

manned underwater vehicle by means of deterministic artificial intelligence where uncertainties

are ignored by making use of first principles. Researchers in Reference [?] controlled a SCARA

robot’s position through motor voltages using extended state observer to estimate system

dynamics. Other researchers studied hybrid model-free and model-based approaches to increase

the performance of robot navigation [?]. However, most of these learning approaches require

encoder feedback for estimating the robot’s pose.

The model-learning approach presented in our preliminary work in [?, ?] are KMF controllers

because they start with no prior knowledge about the robot’s configuration and learn a model

without requiring kinematic information about the robot’s joint position during control. The

earlier KMF controllers only addressed position control of a 2-DOF planar robot, leaving

orientation control and control of serial manipulators of higher degrees-of-freedom unsolved.

3.2 Mathematical Background

Quaternions

Quaternions are an extension to the complex number system used to represent rotations, first

described by Hamilton around 1844 [?]. A quaternion q is the sum of a scalar s and a vector

v = (q1, q2, q3):

q = s+ v = s+ q1i+ q2j+ q3k (3.1)

where i, j, k are unit vectors pointing along the x-,y-,z-axes. The addition and subtraction

of quaternions are element-wise:

p± q = (sp ± sq) + (vp ± vq) = (p0 ± q0) + (p1 ± q1)i+ (p2 ± q2)j+ (p3 ± q3)k (3.2)
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The conjugate of a quaternion q is defined as:

q∗ = s− v = s− q1i− q2j− q3k (3.3)

from which the norm of a quaternion can be calculated as ∥ q ∥=
√
q∗q. A quaternion q is

unit when s2 + q21 + q22 + q23 = 1 or simply ∥ q ∥= 1. The vec4 operator maps the elements of a

quaternion q to a 4-dimensional vector (s, q1, q2, q3). A detailed examination of quaternions

can be found in [?].

Dual Quaternions

Dual quaternions, introduced by Clifford [?], are an extension to the dual number system

used to represent rigid transformations by unifying rotational and translational information into

a single mathematical object. A dual quaternion q̂ is the sum of two quaternions:

q̂ = p+ ϵq (3.4)

where p = sp + vp is the real part and q = sq + vq is the dual part. The dual element ϵ is

nilpotent, ϵ2 = 0. The addition and subtraction of two dual quaternions is performed separately

on the real and dual parts:

q̂1 ± q̂2 = (p1 ± p2) + ϵ(q1 ± q2) (3.5)

The conjugate of a dual quaternion is q̂∗ = p∗ + ϵq∗. The norm of a dual quaternion

is defined as ∥ q̂ ∥=
√︁

q̂∗q̂. A dual quaternion q̂ is unit when the real part is unit and is

perpendicular to the dual part, s2p + p21 + p22 + p23 = 1 and spsq + p1q1 + p2q2 + p3q3 = 0 or simply

when ∥ q̂ ∥= 1 and ⟨p, q⟩ = 0. The vec8 operator maps the elements of a dual quaternion q̂ to

an 8-dimensional vector (sp, p1, p2, p3, sq, q1, q2, q3).
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Rigid Transformation

A rigid transformation can be represented using a dual quaternion:

q̂ = r+
ϵ

2
tr (3.6)

where r is the rotation quaternion and t is the translation quaternion [?]. From a unit dual

quaternion p+ ϵq, the rotation and translation quaternions are derived as: r = p and t = 2qp∗,

where r is the rotation quaternion and t is the translation quaternion. For the translation

quaternion, the scalar part is always zero, t = 0 + vt = vt. The dual quaternion transformation

represents a pure rotation when the dual part is zero, q = 0.

Interpolation

Interpolation between two 3D rotations represented by two quaternions is achieved using

Spherical Linear Interpolation (SLERP) which was introduced by Shoemake in 1985 [?]. This

method of interpolation is popular because it has the following desirable properties: constant

speed, shortest path, and coordinate system invariant [?]. Let Φ(p,q, t) denote an interpolation

between p and q, where t ∈ [0, 1]. The interpolated quaternion is then

m = Φ(p, q, t) = p(p∗q)t (3.7)

Screw Linear Interpolation (ScLERP) is a generalization of SLERP that extends it to

interpolate between dual quaternions and is defined similarly,

m̂ = Φ(p̂, q̂, t) = p̂(p̂∗q̂)t (3.8)

where t ∈ [0, 1].

Relativity

The relative rotational displacement, brel, between two quaternions, p and q, can be easily
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found as:

Qrel(p, q) = brel = p∗q (3.9)

Finding the relative dual quaternion, b̂rel, between two dual quaternions, p̂ and q̂, is

not as straightforward. The dual quaternions are split into their rotational and translational

quaternions and then recombined after calculating the relative rotation and translation as

follows:

DQrel(p̂, q̂) = b̂rel = r∗1r2 +
ϵ

2
(t∗1 + t2)r

∗
1r2 (3.10)

Note that b̂rel must be a unit dual quaternion and normalized if not.

Distance

Any quaternionic KMF approach requires a distance metrics between two quaternions or dual

quaternions which will provide a measure of how close the end effector is to the target pose that

reduces to zero as the end effector approaches the target. The vec4 and Qrel functions are used

to find the distance between two quaternions as follows:

Qdist(q1, q2) =∥ vec4(0)− vec4(Qrel(q1, q2)) ∥ (3.11)

where 0 is the null quaternion. This measure of quaternionic distance satisfies the following

three properties:

Qdist(p, q) = 0 ⇐⇒ p = q (3.12)

Qdist(p, q) = Qdist(q, p) (3.13)

Qdist(p, q) ≤ Qdist(p, z) +Qdist(z, q) (3.14)

Note that Qdist → 0 as q1 → q2, indicating that the end effector has reached the target
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and to end execution. As for dual quaternions, the vec8 and DQrel functions are used to find

the distance between two dual quaternions as follows:

DQdist(q̂1, q̂2) =∥ vec8(0̂)− vec8(DQrel(q̂1, q̂2)) ∥ (3.15)

where 0̂ is the null dual quaternion. This measure of distance satisfies the following three

properties:

DQdist(p̂, q̂) = 0 ⇐⇒ p̂ = q̂ (3.16)

DQdist(p̂, q̂) = DQdist(q̂, p̂) (3.17)

DQdist(p̂, q̂) ≤ DQdist(p̂, ẑ) +DQdist(ẑ, q̂) (3.18)

Although unifying both translational and rotational distances into a single distance metrics

can be an ambiguous measure of distance between poses, it can be seen that DQdist → 0 as

q̂1 → q̂2, which is suitable for our control purposes; to know when the end effector has reached

the target and to end execution.

Scaling

Vectors are scaled by simply multiplying them by a constant. For scaling quaternions by

some constant c:

Qscale(q, c) = qc (3.19)

However to develop a similar concept of scaling by some constant c for dual quaternions,

dual quaternions must be broken into their translational and rotational quaternions and then

recombined after scaling as follows:

DQscale(q̂, c) = ŝscale = rc +
ϵc

2
trc (3.20)
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where the exponential of some quaternion qc = exp(ln(q)c). The definitions of exp and ln

can be found in [?]. Note that ŝscale must be a unit dual quaternion and normalized if not. For

example, c = 2 would result in a dual quaternion composed of twice the rotation and translation.

Linear Combination

To find a weighted sum of quaternions q1, q2, · · · , qn using weights w1, w2, · · · , wn, the type

of quaternion must first be determined; whether it is a translational or rotational quaternion.

For translational quaternions, t1, t2, · · · , tn, the weighted sum is found as follows:

QLCt(t1, · · · , tn, w1, · · · , wn) = w1t1 + w2t2 + · · ·+ wntn (3.21)

or more compactly:

QLCt(t1, · · · , tn, w1, · · · , wn) =
n∑︂

i=1

witi (3.22)

On the other hand, for rotational quaternions, r1, r2, · · · , rn, the weighted sum is found as

follows:

QLCr(r1, · · · , rn, w1, · · · , wn) = rw1
1 rw2

2 · · · rwn
n (3.23)

which be written more compactly:

QLCr(r1, · · · , rn, w1, · · · , wn) =
n∏︂

i=1

rwi
i (3.24)

As for dual quaternions, to find a weighted sum of q̂1, q̂2, · · · , q̂n using weights w1, w2, · · · , wn,

the dual quaternions are decomposed into their rotational quaternions, r1, r2, · · · , rn, and

translational quaternions, t1, t2, · · · , tn. The weighted sum of the rotational quaternions is as

follows:

r′ = rw1
1 rw2

2 · · · rwn
n (3.25)
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which be written more compactly:

r′ =
n∏︂

i=1

rwi
i (3.26)

The weighted sum of the translational quaternions is calculated as follows:

t′ = w1t1 + w2t2 + · · ·+ wntn (3.27)

or more compactly:

t′ =
n∑︂

i=1

witi (3.28)

As a result, the weighted sum of the dual quaternions is computed as:

DQLC(q̂1, · · · , q̂n, w1, · · · , wn) = r′ +
ϵ

2
t′r′ (3.29)

=
n∏︂

i=1

rwi
i +

ϵ

2

n∑︂
i=1

witi

n∏︂
i=1

rwi
i (3.30)

Regression

Regression can be seen as the inverse problem of calculating the weighted sum. The functions

QLC and Qdist are used to find the regression coefficients, w = [w1, w2, · · · , wn], of the

quaternions ψψψ = [q1, q2, · · · , qn] that yield some desired quaternion qd:

Qreg(qd, ψψψ) = min
w
Qdist(qd, qr) (3.31)

where

qr = QLC(ψψψ, w) (3.32)

Where QLCt or QLCr is used according to the type of quaternion. As for dual quater-

nions, the functions DQLC and DQdist are used to find the regression coefficients, w =

[w1, w2, · · · , wn], of the dual quaternions ψψψ̂ = [q̂1, q̂2, · · · , q̂n] that yield some desired dual
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quaternion q̂d:

DQreg(q̂d, ψψψ̂) = min
w
DQdist(q̂d, q̂r) (3.33)

where

q̂r = DQLC(ψψψ̂, w) (3.34)

Both Qreg and DQreg can be optimized using some optimization algorithm. In our

implementation of the KMF-DQ, MATLAB’s FMINCON optimization algorithm was used.

3.3 KMF Quaternionic Position Control

The position of a robot’s end effector can be represented using a quaternion:

p = 0 + xi+ yj+ zk (3.35)

where x, y, z are the positions of the end effector along the x−, y−, z− axes. The

controller tries to bring the end effector to some target position, pt. The controller performs

the reaching task by reaching intermediate positions, pi, along the way which are found using

LERP interpolation between the end effector’s current position, pc, and the target position,

pt. At each step, the controller estimates an actuation primitive, b, to move the end effector

towards the target position:

b =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.36)

where τ jp (p̂) is the magnitude of the desired actuation primitive p̂ on actuator j. It is
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expressed as a linear combination of the kNN actuation primitives:

Aw = b (3.37)

where w = [w1, w2, , · · · , wk]
T is a set of unknown weights and the A contains the primitives

of the kNN:

A =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τmp (p1) τmp (p2) · · · τmp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.38)

The corresponding effect of each of the kNN actuation primitives forms the observation

matrix:

ψψψ = [p1, p2, · · · , pk] (3.39)

The desired actuation primitive, b, is found by substituting in the weights from solving the

following:

QReg(pi,ψψψ) = min
w
QDist(pi, QLC(ψψψ,w)) (3.40)

After each step, the resulting effect is compared to the expected effect. Should there be any

significant discrepancy, indicating that the local kinodynamics are not well captured within

the local linear model, a new exploratory phase is triggered. The algorithm terminates when

QDist < σ, where σ is the termination accuracy.

3.4 KMF Quaternionic Orientation Control

The orientation of a robot’s end effector can be represented using a quaternion:

q = w + ai+ bj+ ck (3.41)
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The controller attempts to actuate the robot’s end effector towards some desired orientation,

qt. The controller reaches intermediate orientations, qi, along the way which are found using

LERP interpolation between the end effector’s current orientation, qc, and the target orientation,

qt. At each step, the controller estimates an actuation primitive, b, to actuate the robot’s end

effector towards the desired target orientation:

b =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.42)

where τ jp (p̂) is the magnitude of the desired actuation primitive p̂ on actuator j. It is

expressed as a linear combination of the kNN actuation primitives:

Aw = b (3.43)

where w = [w1, w2, , · · · , wk]
T is a set of unknown weights and the A contains the primitives

of the kNN:

A =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τmp (p1) τmp (p2) · · · τmp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.44)

The corresponding effect of each of the kNN actuation primitives forms the observation

matrix:

ψψψ = [q1, q2, · · · , qk] (3.45)

The desired actuation primitive, b, is found by substituting in the weights from solving the
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following:

QReg(qi,ψψψ) = min
w
QDist(qi, QLC(ψψψ,w)) (3.46)

After the completion of each step, the resulting effect on the end effector is compared to

the desired effect. In the case of having significant discrepancy, which indicates that the local

kinodynamics are not well captured within the local linear model, a new exploratory phase is

triggered. The algorithm terminates when QDist < σ, where σ is the termination accuracy.

3.5 KMF Dual-Quaternionic Pose Control

At the core of the idea lies the assumption that it is possible to obtain information about the

local kinodynamics of the robotic manipulator, which is gathered by generating pseudo-random

actuation control signals and observing their effects on the robot’s end effector.

When the end effector reaches the target, the controller ends the execution. Otherwise, the

end effector is to reach a set of intermediate targets qî that lead to the final desired target pose,

qt̂, in discrete steps. These intermediate targets are found using ScLERP interpolation between

the end effector’s current pose, qĉ, and the desired target pose, qt̂. At each step, the controller

tries to estimate an actuation primitive, b, to move the end effector towards the desired goal

pose:

b =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.47)

where τ jp (p̂) is the magnitude of the desired actuation primitive p̂ on actuator j. After each

actuation, the end-effector displacement is recorded as an observation, which is calculated using

the DQrel function. The kNN observation dual quaternions form the observation vector:

ψψψ = [ô1, · · · , ôk] (3.48)
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These dual quaternions contain the rotational and translational displacements caused by the

executed actuation primitives. The actuation primitives corresponding to these observations

form the actuation matrix:

A =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

...
...

. . .
...

τmp (p1) τmp (p2) · · · τmp (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.49)

The desired actuation primitive, b, is assumed to be a linear combination of the kNN

actuation primitives:

Aw = b (3.50)

where w = [w1, w2, , · · · , wk]
T is a set of unknown weights. These weights are found by

solving the local regression of the observation vector:

DQreg(q̂i, ψψψ) = min
w
DQdist(q̂i, DQLC(ψψψ, w)) (3.51)

With the weights, the desired actuation is then computed using Equation (2.1). After the

completion of each finite actuation, the resulting effect on the end effector’s state is compared

with the anticipated effect. If the difference is significant, this means that the local linear model

approximation of the local kinodynamics was not known precisely enough, which will trigger

a new exploratory phase. The controller escapes the exploratory phase once it has done a set

number of explorations. Lastly, the algorithm terminates when DQdist < σ, where σ is the

termination accuracy.

3.6 KMF Multi-Point Pose Control

After specifying the control points that are to be controlled via markers or trackers, the controller

first goes through an actuators discovery phase. Each actuator, j ∈ J, is moved one after another
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but in no particular order, where J is the set of all actuators. For each control point i ∈ I, the

actuators that can contribute to displacing it are assigned to that point, where I is the set of all

control points. Thus, actuators could be assigned to multiple control points. The control point

that can be displaced by all actuators, most probably being the end effector of the robot, is

assigned an index i = n, where n is the cardinality of set I. The discovery phase produces the

following Boolean matrix:

S =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

s1

s2
...

sn

⎤⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

δ11 δ12 · · · δ1m

δ21 δ22 · · · δ2m
...

...
. . .

...

δn1 δn2 · · · δnm

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.52)

where m is the cardinality of set J. The function above is defined as: δij = 1 if actuator j can

displace control point i and δij = 0 otherwise. To find the number of actuators that contribute

to some control point i, the dot product can be used ai = si · si. A vector of the number of such

actuators can be defined as a = [a1, a2, · · · , an].

The KMF Multi-Point controller, just like any other KMF controller, assumes that the local

kinodynamics information of the manipulator is attainable. This information is attained by

generating pseudo-random actuation signals to actuate the robot joints and observing their

result on the robot’s control point(s). A high-level diagram summarizing the KMF Multi-Point

approach is shown in Figure 3.1.

The actuation primitives produce signals τ(t) which are sent to each of the robot’s actuators

and is formulated in (2.1). Note that actuation primitives could be motor torques, motor

currents, joint positions, etc. The controller tracks the poses of the control points, q̂i, using

dual quaternion representation which yield the controlled points vector:

ϕϕϕ̂ = [q̂i, · · · , q̂n] (3.53)

The controller attempts to bring the points q̂i towards desired target poses d̂
f

i , yielding the
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Figure 3.1: Flowchart of KMF Multi-Point control.

desired poses vector as follows:

γγγ̂ = [d̂
f

i , · · · , d̂
f

n] (3.54)

By controlling multiple points, redundancies can be easily resolved by specifying the desired

poses of other points along the robot’s serial chain. The controller terminates when ϕϕϕ̂ = γγγ̂; i.e.

when the poses of the controlled points of interest coincide with their corresponding desired

poses. This condition can be relaxed by allow the controlled points’ poses to reach within some

deviation σ of their respective desired target poses. Otherwise, the controller is to actuate the

control points towards a set of intermediate poses d̂
t

i that lead to the final desired target poses

d̂
f

i in discrete steps. The intermediate poses are found using ScLERP interpolation between the

current poses of the controlled points, q̂i, and desired target poses, d̂
f

i . At each step, the KMF

Multi-Point controller estimates actuation primitives, bi, to move each controlled point i ∈ I
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towards their respective desired poses:

bi =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p̂)

τ 2p (p̂)

...

τmp (p̂)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.55)

where τ jp (p̂) is the magnitude of the actuation primitive of actuator j. After each step where

the robot joints have been actuated, the displacement of the control points are recorded as

observations, which are calculated using the DQrel function. The nearest k observation dual

quaternions to each point i ∈ I form the observation matrix:

ψψψ̂ =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

ψψψ̂1

ψψψ̂2

...

ψψψ̂n

⎤⎥⎥⎥⎥⎥⎥⎥⎦
=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

ô1
1 ô1

2 ... ô1
k

ô2
1 ô2

2 ... ô2
k

...
...

. . .
...

ôn
1 ôn

2 ... ôn
k

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.56)

where ôi
k is the kth closest observation dual quaternion of controlled point i. These dual

quaternions contain the rotational and translational displacements of the control points caused by

the executed actuation primitives. The actuation primitives corresponding to these observations

form the actuation matrix:

Ai =

⎡⎢⎢⎢⎢⎢⎢⎢⎣

τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) ... τ 2p (pk)

...
...

. . .
...

τaip (p1) τaip (p2) · · · τaip (pk)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.57)

The desired actuation primitives, bi, is assumed to be a linear combination of the k nearest

actuation primitives such that:

Aiwi = bi (3.58)

where wi = [wi
1, w

i
2, ..., w

i
k]

T is a set of unknown weights. These weights are found by solving
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the local regression of the observation matrix:

DQreg(d̂
t

i, ψψψ̂i) = min
wi

DQdist(d̂
t

i, DQLC(ψψψ̂i, wi)) (3.59)

With the weights for each control point, the desired actuation is then computed using

Equation (3.58) for each control point. The respective actuation matrix is used in the calculation.

After the primitive for each control point has been obtained, the following averaging is done

to dampen and stir the actuation of joints that contribute to the displacement of the control

points:

b′i =

∑︁r=i
r=1 η

i
rZ(br)∑︁r=i

r=1 η
i
r

(3.60)

where the operator Z adds zero padding to a vector to keep the length equal to m and the

averaging weights matrix is a lower triangular matrix:

H =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

η11 0 0 0 · · · 0

η21 η22 0 0 · · · 0

η31 η32 η33 0 · · · 0

...
...

...
...

. . .
...

ηn1 ηn2 ηn3 ηn4
. . . ηnn

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(3.61)

In the case that the averaging weights for each control point is normalized, Equation (3.60)

would simply be:

b′i =
r=i∑︂
r=1

ηriZ(br) (3.62)

After each discrete actuation, the resulting displacement on the pose of each control point

is compared to the anticipated effect. If the difference is significant, a new exploratory phase

will be triggered to collect more data about the robot’s local kinodynamics as shown in Figure

3.1. The controller leaves the exploratory phase once it has completed a predefined number of

explorations. The controller terminates once all control point poses have reached the desired

poses or close enough to them, DQdist(q̂, d̂) < σ.
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3.7 Results

3.7.1 Single-Point Pose Control

A dynamic simulation of a 3-DOF robot was performed using MATLAB’s Robotics Toolbox [?]

and DQ Robotics Toolbox [?]. The kinematic and dynamic specifications of the robot used for

the experiments are shown in Table 3.1.

Table 3.1: Robot specifications.

Link Length (m) Mass (kg)

L1 0.50 1.00

L2 0.50 1.00

L3 0.50 1.00

The information in Table 3.1 is not given to the KMF-DQ controller. The controller was

implemented as described previously using k = 4 nearest neighbours comprising of actuation

primitives and their corresponding observations. Since this experiment was conducted in simula-

tion, there was no need to use a camera to obtain the end-effector’s state. Instead, this was

achieved internally from the simulator. We note that gravity is neglected in the simulation to

keep the focus on simultaneous position and orientation control, deferring gravity compensation

until future research.

The experiment involves a set of reaching tasks. The controller must move the robot’s end

effector to four target poses, drawing a polygon in 3D space. The position and orientation of

the four target poses are listed in Table 3.2. The starting position of the robot was (−0.85059,

1.2148, −0.12941) and orientation was (−1.5708, 0.9599, 2.8798).
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Table 3.2: Target poses.

Target Position Orientation

1 (−0.6827, 0.9525, 0.3565) (−1.5710, 1.3350, −2.3476)

2 (−0.1410, 1.1470, 0.3830) (1.5706, 1.3089, 0.8729)

3 (0.1216, 1.4198, 0.1710) (1.5709, 1.3090, 0.3489)

4 (−0.8506, 1.2148, −0.1294) (−1.5709, 0.9599, 2.8797)

The orientations are specified here in Euler XYZ angles for simplicity. The poses were

selected to be within the robot’s reachable workspace. The results are shown in Figure 3.2 in all

three orthogonal views. The KMF-DQ controller generates intermediate targets to follow the

yellow trajectory. The robot successfully reaches all four target poses, drawing the polygon in

3D space. These results prove that the local kinodynamic information of the robot is sufficient

to create a local model that can be used to actuate the end effector towards a given target.

Note that the specified target poses must lie within the robot’s reachable workspace, otherwise

a higher termination tolerance, σ, must be set.
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Figure 3.2: The KMF-DQ controller actuates the robot’s joints to perform a set of reaching
tasks to draw out a polygon in 3D space with each vertex having a pre-specified pose within
the robot’s reachable workspace. The bottom left three plots show the orthogonal views of
the robot performing the experiment. The bottom right three plots show the final resulting
trajectory of the end effector. The robot moves towards the next target only after reaching the
current target.
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To demonstrate the actuation primitives generated by the controller, Figure 3.3 shows the

sequence of actuated primitives of the first reaching task (moving towards target 1). Since the

KMF-DQ is a discrete controller, the figure shows the discrete primitives sent to the actuators.

We note that as the end effector reaches the target, lower torques are sent to the actuators.

The joint position of the three joints corresponding to the first reaching task is shown in

Figure 3.4 to demonstrate the resulting displacements in the joints.

Figure 3.3: The control signals sent to the actuators generated by the controller. These actuation
signals correspond to the first reaching task where the end effector moves towards target 1.
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Figure 3.4: The joint positions of the three joints. These data correspond to the first reaching
task where the end effector moves towards target 1.

We can see that the joint angles of the three joints vary smoothly with no sudden jerks.

Furthermore, Figure 3.5 shows the pose distance of the end effector to the targets using the

DQdist function. We note that the pose distance approaches zero as the end effector approaches

the targets.
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Figure 3.5: Distance of the end-effector pose to the target pose for each reaching task. The pose
distance approaches zero as the end effector reaches the targets.

The simulation demonstrated convergence to the desired targets. The controller’s robustness

was measured by running the simulation 100 times, each with a random starting robot configura-

tion and a randomly placed target pose within the robot’s reachable workspace that is achievable

within 100 steps. The target poses lie within the robot’s achievable configuration space. It was

found that 87% of the time, the controller successfully performed the reaching task. In the

remaining 13%, the controller did not converge to solutions that actuate the robot towards the

targets. These failures can occur because the optimizer gets stuck in a local minimum, which

will yield inaccurate results for the weights and thus the calculated actuation primitives.

3.7.2 Multi-Point Pose Control

The controller is tested on a simulated redundant 9-degrees-of-freedom continuum robot, shown

in Figure 3.6.
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Figure 3.6: The simulated 9-degrees-of-freedom continuum robot.

The robot was simulated using Matlab’s Robotics Toolbox [?] and DQ Robotics Toolbox [?].

The actuation primitives used were joint position command signals to drive the control points

towards the target poses. The Denavit–Hartenberg parameters of the robot is listed in Table

3.3.

Table 3.3: Denavit–Hartenberg parameters of redundant robot.

Link di θi ai αi

1 0 0 0.05 1.5708

2 0 0 0.05 1.5708

3 0 0 0.05 −1.5708

4 0 0 0.05 1.5708

5 0 0 0.05 −1.5708

6 0 0 0.05 1.5708

7 0 0 0.05 −1.5708

8 0 0 0.05 1.5708

9 0 0 0.05 0

The controller was programmed as described previously using k = 4 nearest neighbors that

comprise of actuation primitive and observation pairs. Since the experiments were conducted

in simulation, a tracking camera was not needed to determine the poses of the control points.
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In addition, actuators discovery was also omitted in the simulation. Instead, the simulator

provided these information directly. Furthermore, gravity was omitted in the simulation to keep

the focus on multi-point pose control, deferring gravity compensation to future work.

Three experiments were performed to study the capabilities of the proposed kinematic-

model-free multi-point controller. The first experiment involved end-effector pose control for the

continuum robot with increasing number of degrees of freedom enabled. This experiment shows

the degrading performance of the controller when increasing the number of degrees of freedom

using a single control point. In the second experiment, the 9-degrees-of-freedom continuum robot

was controlled using 1, 2, and 3 control point(s). This experiment highlights the capability of

the kinematic-model-free multi-point controller to control robots of high degrees of freedom and

resolve redundancies. Lastly, the robustness of the kinematic-model-free multi-point controller

was measured by executing the simulation experiment 100 times with randomly-generated

configurations.

Redundant Robot Single-Point Pose Control

In the first experiment, a single control point situated at the end effector of the continuum

robot was used to actuate the robot towards a desired target pose. Initially, only the last 2

joints of the robot were enabled. Gradually, an extra joint was enabled, increasing the robot’s

degrees of freedom. The robot began from the home pose where the control-point’s task-space

position was (0, 0, 0.4500), and orientation was (0, 0, 3.1416). Orientations in this paper are

specified in ZYX Euler angle representation for simplicity. The target position was (0.4218,

0.0240, 0.0605) and orientation was (0.6202, -0.6009, 2.7578). The results are shown in Figure

3.7 and tabulated in Table 3.4.
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Figure 3.7: The controller performed the task of reaching, bringing a single control point at
the end effector to a desired target pose. As more joints were enabled, the performance was
degraded. In particular, in the 2-degrees-of-freedom case, the robot reaches the target in 21
steps, while, in the 9-degrees-of-freedom case, the robot reaches the target in 150 steps.
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Table 3.4: Reaching steps for different degrees of freedom enabled.

Degrees of Freedom Steps to Reach

2 21 steps

3 40 steps

4 42 steps

5 35 steps

6 41 steps

7 76 steps

8 127 steps

9 150 steps

In the simple 2-degrees-of-freedom case, the control point converged to the target pose within

25 steps. When increasing the degrees of freedom, it is noted that the controller takes longer to

converge. Although it is evidently possible to reach the target pose within 25 steps, the added

redundancies introduced additional nonlinearities that require excessive exploratory behavior.

In the case where all 9 joints of the robot were enabled, the control point reached the target pose

in 150 steps, a significant decrease in performance. With the stopping condition (DQdist < σ)

applied, it can be seen that the controller can terminate before fully reaching the target pose.

Redundant Robot Multi-Point Pose Control

In this experiment, multiple control points were added to the continuum robot. In the first

arrangement, only a single control point was added that was situated at the end effector. In the

second arrangement, 2 control points were added, one at the end effector and one at the end

of link 5. Finally, in the third arrangement, the 3 control points were added that were evenly

distributed throughout the robot’s kinematic chain. The placements of the control point for

each arrangement are summarized in Table 3.5.
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Table 3.5: Control points placement.

ArrangementControl Point 1 Control Point 2 Control Point 3

1 end effector - -

2 end of link 5 end effector -

3 end of link 3 end of link 6 end effector

These arrangements are depicted in Figure 3.8. Three reaching tasks were preformed with

each arrangement. All desired poses were within the robot’s configuration space. See Figure

3.9. The reaching tasks increased in complexity in terms of dexterity required. We note that

arrangement 1 corresponds to kinematic-model-free control of the end-effector pose. Thus, this

experiment also serves as a comparison with the kinematic-model-free orientation controller in

Reference [?]. The results are shown in Figure 3.10 and tabulated in Table 3.6.

Figure 3.8: The three arrangements of the control points (CP’s) along the robot’s kinematic
chain. In the first arrangement, only one control point was used which was placed at the end
effector. In the second and third arrangements, two and three equally spaced control points
were used, respectively.
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Figure 3.9: The three reaching tasks to be performed. The translucent pose is the initial
configuration from which the robot is to actuate towards the opaque pose.

Figure 3.10: The controller performed three reaching tasks. In all 3 tasks, the controller
converged faster when using more control points (CPs).

Only the pose distance of the control point situated at the end effector is shown. It can be

seen that the controller converges faster to the desired pose when using more control points

situated along the robot’s kinematic chain. In task 1, we note that a 66% improvement in

convergence speed when using 3 control points. In task 2 and 3, there was a 38% and 50%

improvement was measured, respectively. These results indicate that adding more control points

97



CHAPTER 3. QUATERNIONIC KINEMATIC-MODEL-FREE CONTROL

Table 3.6: Steps required to complete three reaching tasks using three arrangements of control
points.

Task
Arrangement

1 2 3
1 70 steps 64 steps 46 steps
2 93 steps 59 steps 35 steps
3 185 steps 147 steps 92 steps

will improve convergence and resolve redundancies in hyper-redundant systems. As for accuracy,

the termination criteria was set to DQdist ¡ 0.03, achieving a close enough reaching accuracy.

Furthermore, to demonstrate the joints’ position during an execution, the joint position are

shown in Figure 3.11. The larger jitters in joint positions correspond to exploratory behavior,

which is triggered whenever there is deficiency in local kinodynamic information.

Figure 3.11: These joint positions correspond to reaching task 1. The larger jitters are due to
exploratory behavior, which is triggered to collect more information about the robot’s local
kinodynamics.

The robustness of the algorithm was measured by executing the simulation 100 times.

Each time, the robot must reach a randomly-generated pose that is within its configura-
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tion space and it reachable within 150 steps. If the controller takes longer, the simulation

is restarted. Three control points were used. One interesting configuration is shown in

Figure 3.12. The controller managed to achieve this bent arch configuration within 150 steps.

Figure 3.12: In this simulation run, the controller attempted to actuate the robot to a back
arching configuration. It achieved to reach this configuration within 150 steps.

It was observed that 82% of the runs, the controller manages to reach to the target pose.

However, in 18% of the runs, the controller did not successfully converge to the solutions that

brought the robot’s end effector to the desired poses. This can occur when the optimization

is stuck in a local minimum, which results in an inaccurate actuation signal that does not

optimally move the control points towards the target poses.

3.8 Discussion

This chapter presents a model-free controller for robot manipulation using locally weighted

combinations of dual quaternions. A kinematic-model-free control for controlling the pose

of multiple points along the kinematic chain of a continuum robot which is able to resolve
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redundancies and converge faster to a desired configuration is also presented. The proposed

controller is able to resolve redundancies and converge faster to a desired configuration.The

approach does not require any joint angle information or prior knowledge about the robot’s

kinematics and dynamics. The controller works by executing random actuation primitives and

perceiving their resulting effects on the end effector. These pieces of information are then used

to build a local kinodynamic model. An actuation primitive is calculated using dual quaternion

regression, which is executed on the robot to move the end effector towards a given target.

This chapter also presents the dual quaternion distance, relative dual quaternion, and dual

quaternion regression functions used for building a local kinodynamic model.

Simulation experiments were conducted in which a manipulator performed a set of reaching

tasks. The simulation results show that the robot can reach a set of reference poses, successfully

performing simultaneous position and orientation control. For the multi-point KMF controller,

it was noted that when more control points were used, the controller performed better and

converged faster to the desired target robot pose. Controlling multiple points along a robot did

not only resolves redundancies, but proved to converge faster to the desired pose.

For the single-point KMF controller, the robustness of the approach was tested by running the

simulation 100 times with random target poses that lie within the robot’s reachable workspace,

which are achievable by some configuration of the robot. The controller managed to success-

fully reach the target poses 87% of the time within 100 steps. While for the multi-point KMF

controller, the controller succeeded in reaching the target poses within 150 steps 82% of the times.

The proposed approach looks promising and can be used in applications where simultaneous

translational and rotational reaching is required. This approach can be used for new robot

designs where a model is not present and where flexibility is favoured over precision and

speed. With regards to future work, scalability to higher-degrees-of-freedom robot manipulators,

continuous control, and practical real-world implementation issues such as joint limits and

friction remain open problems that will be investigated in future research. Also, key issues that
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hindered the immediate experimentation of the proposed controller to physical experiments,

such as gravity compensation and friction compensation, must be tackled before the experiments

are performed since the current controller does not take into account these physical phenomena.
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Chapter 4

Kinematic-Model-Free Obstacle

Avoidance

Researchers over the past few decades studied optimal control, especially for applications where

systems dynamics and constraints require proper handling [?]. Model Predictive Control (MPC)

is an advance control method widely used in academia and industry [?]. MPCs are widely

used in robotics due to their ability to handle constraints and run in real-time [?]. In general,

MPCs require a system model prior to control in order to optimize the controller over a finite

horizon [?] which can be challenging to obtain or maintain for certain types of robots (e.g. soft

robots, continuum robots, transforming robots, etc.) [?]. The kinematic-model-free (KMF)

controller is capable of controlling robot manipulators without any previous knowledge of the

robot’s kinematic structure or dynamic properties. The controller works by building local linear

models that are used to perform reaching tasks [?]. However, the KMF controller previously

have not been applied to high-level tasks such as trajectory planning and obstacle avoidance as

they are concerned with low-level control. Along with the merits of MPCs, integrated together,

they can perform high-level tasks. In this chapter, a kinematic-model-free predictive controller

(KMF-PC), that is capable of performing end-effector reaching and obstacle avoidance for robot

manipulators, is presented.
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4.1 Related Work

MPC is a control method that uses a system model to predict future behavior which can

be sensitive to prediction errors, especially in the case of nonlinear plants. To mitigate such

sensitivities, adaptive model predictive control, where the plant model and nominal conditions

are continuously adapted, is used [?]. MPCs gained popularity due to its ability to handle

constraints and its capacity to run in real-time, which allowed it to be widely used in robotics

[?]. MPCs have been used for path planning and collision avoidance of road vehicles [?] and

multiple micro aerial vehicles [?]. [?] controlled a manipulator to perform reaching tasks while

avoiding a dynamic obstacle. [?] used a nonlinear-MPC to control N robots for cooperative

manipulation of objects whilst avoiding obstacles. [?] performed obstacle avoidance of mobile

manipulators using an MPC.

Researchers in [?] used MPC for trajectory tracking and obstacle avoidance of mobile robots.

In [?], an MPC was used for controlling a robot manipulator that avoids fixed and human

obstacles. In [?], researchers used MPC for dynamic target tracking and obstacle avoidance for

a person-following robot. Researchers in [?] used MPC for continuous mobile manipulation and

collision avoidance. Other researchers used MPC for controlling an autonomous vehicle and

performing obstacle avoidance [?, ?].Researchers in [?] used a MPC for controlling a dog robot

for helping vision-impaired people to navigate around obstacles.

In general, MPCs require a system model for predicting the state of the system over a finite

horizon [?]. This imposes that the system to be controlled and its dynamic model must be

known prior to control. Furthermore, nonlinear models can burden the controller with heavy

computational requirements [?]. This can be challenging in robotics as some robots, such as

soft and continuum robots, are not straightforward to model accurately, while others might

change, adapt, morph, transform, or evolve, such as robots that change their kinematic struc-

ture or dynamic properties during movement or robots that get accidentally damaged or bent [?].
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On the other hand, KMF control methods can overcome these challenges as these control

methods do not require any prior knowledge of the robot’s kinematic or dynamic models.

Kinematic-model-free controllers work by gathering information through short exploratory actu-

ations, building a local linear model that approximates the robot’s local kinematic and dynamic

behaviour, and estimating an actuation signal that moves the robot towards a given reference

target. Previously, KMF was demonstrated to perform position control of a robot manipulator

capable of performing target-reaching tasks [?, ?]. The controller was then experimented on a

pneumatically-actuated soft continuum robot [?] for space applications. Then, a pose (position

and orientation) controller was presented that controls a robot’s end-effector pose using locally

weighed dual quaternions [?]. Finally, the degrees-of-freedom was scaled up to be controlled by

tracking and controlling multiple points along the robot’s kinematic chain [?].

Although model-free predictive control methods were previously studied [?, ?, ?], online

kinematic-model-free predictive control for robot manipulators is an unexplored area of research

up to our knowledge.

4.2 KMF-PC Control

This section formulates the KMF-PC controller. The nonlinear model of a rigid-body robot

manipulator can be obtained using the following general dynamic equation:

M(q(t)q̈ + c(q, q̇) + g(q(t)) + τf (t) = τ(t) (4.1)

where q are the joint angles, q̇ are the joint velocities, q̈ are the joint accelerations, M is the

inertia matrix, c is the Coriolis vector, g is the gravity vector, τf is the friction torque, and τ is

the applied torque.

For a 2-DOF robot manipulator, let p̂ be the desired actuation primitive whose parameters
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τp(p̂) are to be estimated to actuate the end effector towards the target position:

b1 =

⎡⎢⎣τ 1p (p̂)
τ 2p (p̂)

⎤⎥⎦ (4.2)

Following the kinematic-model-free approach, b1 can be approximated as a linear combination

of actuation primitives as follows:

A1w = b1 (4.3)

where w = [w1, w2, · · · , wk]
T is the vector of unknown weights and A1, the actuation matrix,

is defined as follows:

A1 =

⎡⎢⎣τ 1p (p1) τ 1p (p2) · · · τ 1p (pk)

τ 2p (p1) τ 2p (p2) · · · τ 2p (pk)

⎤⎥⎦ (4.4)

During exploration, the controller applies pseudo-random actuation primitives with the

following curve:

τ(t) =

⎧⎪⎨⎪⎩ τp t ∈ [t0, t0 +
dp
2
)

0 otherwise
. (4.5)

The resulting end-effector displacements are recorded into the observation matrix:

A2 =

⎡⎢⎢⎢⎢⎣
∆x(p1) ∆x(p2) ... ∆x(pk)

∆y(p1) ∆y(p2) ... ∆y(pk)

∆z(p1) ∆z(p2) ... ∆z(pk)

⎤⎥⎥⎥⎥⎦ (4.6)

where ∆i(pj) is the displacement effect on the end effector along the i-axis as a result of

exerting actuation pj. In the planar case, ∆z(pj) = 0. Let the desired effect be expressed as
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follows:

b2 =

⎡⎢⎢⎢⎢⎣
∆x(p̂)

∆y(p̂)

∆z(p̂)

⎤⎥⎥⎥⎥⎦ (4.7)

The desired effect, b2, can be expressed as a linear combination of the kNN observed effects,

A2, as follows:

A2w = b2 (4.8)

Note that many solutions might exists for w since A2 is might not be full rank. To resolve

this issue, least squares regression is used to find the smallest squared vector b2 that is a solution

to the equation. This calculated value can then be used in equation (4.3) to find the desired

actuation primitive that will actuate the end effector towards the desired target position. After

every actuation, the actual and desired end-effector positions are compared. In the case of

significant discrepancy, another exploratory phase is triggered.

The system model of linear MPC in state space form is as follows:

x(k + 1) = Ax(k) +Bu(k) (4.9)

y(k) = Cx(k) +Du(k) (4.10)

where matrices A, B, C, and D can vary with time and:

• k: current control time index

• x: system state variables

• u: manipulable inputs

• y: system outputs
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In general, a system model is used to predict the future states of a dynamic system by the

MPC to generates a control signal that minimizes some cost function over a predefined prediction

horizon [?]. The cost function optimizes the control variables to achieve some desirable reference

which results in a sequence of N optimal actuations, of which the MPC only applies the first

[?]. This process is then repeated after shifting the horizon forward. If the system model is

linear, analytical solutions to the MPC can be used for extremely fast computation. In the case

of rigid-body robots, the dynamic model shown in (A.18) is integrated in time, and becomes

extremely non-linear as more joints are added, making MPC challenging. The problem is often

simplified by linearizing the system dynamics, however this requires an accurate model of the

system; something that is not possible for unknown robots.

To make use of linear MPCs, a state space formulation for KMF control is required. The

actuation equation in KMF control can be premultiplied by the pseudoinverse of A1, the

actuation matrix:

w = A†
1b1. (4.11)

This can then be substituted into the observation equation to yield the following:

b2 = A2A
†
1b1 (4.12)

Since ∆x(k + 1) = b2 and u(k) = b1, we can easily notice that:

∆x(k + 1) = Bu(k) (4.13)

where

B = A2A
†
1 (4.14)
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The cost function is defined as follows:

l(x, u) =∥ xdes − xu ∥ + ∥ u ∥ (4.15)

where xdes is the desired state of the system. Formally, the optimization problem is expressed

as follows:

min
u

JN(x0, u) =
∑︁N−1

k=0 l(x(k), u(k)) (4.16)

s.t. ∆x(k + 1) = Bu(k) (4.17)

x(0) = x0 (4.18)

∥ u ∥≤ umax (4.19)

(x1(k)− a)2 + (x2(k)− b)2 ≥ r2 (4.20)

where x0 is the initial state of the system, umax is the maximum torque to be applied, xi(k)

is the ith system state variable, and {a, b, r} are the circular constraint parameters of the

obstacle. Since the local linear model built is volatile and is only used for the next actuation, a

linear MPC sufficies. As with all KMF controllers, stability and convergence are not guaranteed

due to their exploratory nature.

4.3 Results

In this section, simulation and physical experimentation results are presented and discussed.

In the first experiment, a simple reaching task on a simulated 2-DOF robot and a physical

2-DOF robot was performed using classical KMF controller and the proposed KMF-PC. In the

second experiment, reaching tasks on a 2-DOF, 3-DOF, and 4-DOF simulated robot as well

as the 2-DOF physical robot was performed with one and two circular obstacles. In the third

experiment, the adaptability of the KMF-PC is demonstrated by modifying the 2-DOF robot’s

kinematic structure midway. All the robots are planar, restricting the motion to the horizontal

plane, to neglect the effects of gravity.
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The simulation robots are simulated on MATLAB using Peter Corke’s Robotics Toolbox

[?]. The KMF-PC makes use of CasADi [?]. End-effector position was easily obtained using

toolbox functions. On the other hand, the physical robot is comprised of aluminium links and

Hebi X-Series actuators, (X5-9) capable of delivering 9 Nm of continuous torque, which are

controlled using torque signals [?]. The end effector of the robot is tracked using a calibrated

webcam and a green marker. Direct pixel coordinates is used for determining the end-effector

position for physical experiments. Virtual obstacles are used to emulate a circular obstacle that

is to be avoided.

4.3.1 Reaching Using KMF and KMF-PC

In this experiment, regular KMF and the proposed KMF-PC are used to perform a simple

reaching task on a simulated and a physical 2-DOF robot in the absence of any obstacle. Fig-

ure 4.1 shows both the simulated and physical experimentation results of running both controllers.

It the evident that, in the absence of any obstacle, both controllers performed similarly and

were able to reach the target position in less than 30 steps.

4.3.2 Obstacle Avoidance Using KMF-PC

In the second experiment, obstacle avoidance is performed on a 2-DOF, 3-DOF, and 4-DOF

simulated robot and the 2-DOF physical robot. The results of simulations are summarized in

Figure 4.2. The KMF-PC is capable of avoiding obstacles along the reaching path. Despite the

increase in complexity when an extra DOF is added, the controller successfully performs the

reaching task whilst avoiding the obstacles (2-DOF and 3-DOF). It also also noted, due to the

exploratory nature of the KMF approach, should the controller trigger an exploratory phases

near any obstacle, this might cause collision with the obstacle (evident in the 4-DOF case).

As such, it is recommended to inflate the obstacles to avoid any collision due to exploratory

behaviour.
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Figure 4.1: Simulated and physical experimentation of KMF control and the proposed KMF-PC
in the absence of any obstacle. Comparing simulation results (a) and (b), both controllers
performed similar, reaching the target in a semi-straight line. As for the physical experiments,
we notice that the KMF-PC took a slightly more curved path to reach the target position.
Nonetheless, both KMF and KMF-PC performed similarly well, achieving the reaching task
within 30 steps.
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Figure 4.2: Simulation results of simultaneous reaching and obstacle avoidance using KMF-PC
on simulated 2-DOF, 3-DOF, and 4-DOF manipulator robots. It is noted in the 4-DOF case,
where the complexity is relatively higher, more exploratory motion is triggered which caused
the end effector to penetrate the virtual obstacle.
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Figure 4.3: Physical experiment results of KMF-PC reaching and obstacle avoidance. In both
cases, the end effector reached close to the obstacle. As such, obstacle inflation is recommended.
In the single obstacle scenario, the robot reached the target in 21 steps. In the two obstacles
scenario, it reached the target in 30 steps.

As for the physical experiments, the results are shown in Figure 4.3. The KMF-PC controller

successfully performed the reaching task whilst avoiding the obstacles. In both cases, single and

two obstacles, the KMF-PC controller brought the instances where the robot came close to the

obstacle(s). As such, inflating the obstacles is recommended.

When one obstacle was presented, the controller took 21 steps to reach the target end-effector

position. When two obstacles were in the way, the controller took 30 steps to reach the target.

4.3.3 Adaptability of KMF-PC

In the third experiment, the adaptability of the proposed controller is demonstrated through

a series of tests in which the kinematic structure of the physical robot is modified midway
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the reaching task. The results are summarized in Figure 4.4. First, the robot’s second link is

shortened by moving the marker down the link. Second, the link is extended by adding a rigid

cardboard to the last link. Third, the end effector is extended using a soft link. Fourth, the end

effector is offset.

The end effector is altered by pausing the execution temporarily and manually modifying the

end effector. After the modification, the execution is resumed. In all cases, when the execution is

resumed, the controller goes into an exploratory phase which is triggered due to the discrepancy

measured between the predicted and actual state of the end effector. The controller, then after,

resumes moving toward the target position. In all cases, the robot managed to reach the target

within 50 steps.

4.4 Discussion

In this chapter, a KMF controller is presented that is capable of obstacle avoidance, using an

MPC approach, without any prior knowledge of the robot’s model. KMF controllers make no

assumption about the robot’s structure nor the environment. The formulation of the KMF-PC

was derived in this paper, showing how obstacle avoidance can be achieved without prior

knowledge of the robot’s dynamics or kinematics. Using this approach to allow MPC to be

applied to unknown robots enables a greater level of control to be achieved, with minimal

computational complexity. Both simulated and physical experiments were conducted. Running

the KMF-PC controller in the absence of any obstacle behaved similar to the classical KMF

controller. Single and double obstacle avoidance was tested in simulation using 2-DOF, 3-DOF,

and 4-DOF robots and on a physical 2-DOF robot. It is found that due to the exploratory

nature of KMF control, any exploratory actuations trigger near any obstacle might cause the

robot’s end effector to penetrate or collide with the obstacle. As such, obstacle inflation is

recommended. Furthermore, the adaptability of the KMF-PC was demonstrated through a

series of tests where the end effector was modified halfway during execution. In all experiments,

the robot managed to perform simultaneous reaching and obstacle avoidance, reaching the target
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Figure 4.4: Physical experiment results of reaching and obstacle avoidance whilst modifying
the end effector during execution. When the end effector is altered, the controller triggers an
exploration phase and resumes reaching and obstacle avoidance right after. The modifications
include shortening the end effector, rigid and soft extensions, and offsetting the end effector.
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position in less than 50 steps. At the current state, KMF should be applied to robot control

problems where flexibility and adaptability is favoured over accuracy and speed. Future work

includes obstacle-aware exploratory actuations that take into account the obstacles to avoid

collisions.
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Chapter 5

Continuous Kinematic-Model-Free

Control

Conventional controllers require kinematic and dynamic (heron referred to as kinodynamic)

models of robots to perform position control, velocity control, gravity compensation, etc. [?].

Robots’ kinematic structures and dynamic properties must be static for these models to re-

main relevant. In situations and environments where the robot is soft, morphable, malleable,

transformable, or damaged, conventional controllers cannot control the robot directly [?]. In

addition, should the robot’s tilt with respect to the ground change, these controllers might

not be able to compensate for gravity directly, causing the robot to behave unexpectedly [?].

Throughout the robotics research history, these model-based approaches have remained the

prevalent control method for over half a century [?] due to their effectiveness in addressing very

specific application domains where the aforementioned models remain static.

Over the past decade, several control approaches that are based on model learning and

model approximation have emerged. Nevertheless, true model-free control remains a challeng-

ing problem. Previously, the encoderless controller [?] and kinematic-free controller [?] have

successfully controlled a robot manipulator’s end effector in task space without requiring any

prior kinematic model of the robot. The controller also controlled a soft continuum robot’s

end effector position [?]. These controllers only managed to control the position of a robot’s
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end effector. On the other hand, the kinematic-model-free orientation controller extended the

state-of-the-art and successfully performed simultaneous position and orientation control of a

manipulator’s end effector in task space [?]. This kinematic-model-free multi-point controller

improved the controller’s performance when applied to hyper-redundant robots by tracking and

controlling multiple points along the robot’s kinematic chain [?]. Despite the success of these

controllers in controlling a robot without any prior model, they are discrete controllers and

actuate the robot in discrete steps. They also do not take into account the effects of gravity.

Whereas practical applications for robot manipulation require smoother and continuous motion.

Continuous control and gravity compensation are challenging to implement using model-free

approaches. Up to our knowledge, no model-free approach exists in the literature that can

perform gravity compensation with an adaptive model-learning controller. This chapter presents

a velocity-based continuous kinematic-model-free controller that is capable of controlling a robot

manipulator’s end-effector position while performing gravity compensation without requiring

any prior model of the robot.

The controller presented in this chapter extends the state-of-the-art discrete model-free

controllers to perform continuous control which performs kinematic-model-free gravity compen-

sation during control. Furthermore, the control is robust to kinematic or dynamic changes in

the robot or environment which was validated through experiments.

5.1 Related Work

Since the emergence of the very first robots until the more recent collaborative robots, robots

have been controlled using conventional methods that rely on prior knowledge of the robot’s

kinematic and dynamic models [?]. Such controllers impose strict limitations on the robot’s

structure and environment, assuming static robot configuration and dynamic parameters [?].

Recently, model-learning controllers have received increasing interest from researchers. Some

researchers attempted to approximate a model for robots prior to manipulation [?, ?] while
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others tried to identify the parameters of dynamically undefined robots prior to control [?].

Machine learning [?] and reinforcement learning, in particular, [?] were used by some researchers

to control robots. However, all of these control methods require joint position feedback during

control.

Kinematic-model-free controllers can control a robot without prior knowledge of the robot’s

kinematic or dynamic models. These controllers work by generating local linear models that

capture the local kino dynamics of the robot, which are then used to actuate the robot towards

the target configuration. Since these controllers require no joint angle information, no assump-

tions are made about the robot’s kinematic structure or dynamic parameters; i.e. the robot is

treated as a black box. In particular, the Encoderless controller [?] and the Kinematic-Free [?]

controller were used to control the position of a 2-DOF planar robot’s end effector, performing

simple reaching tasks. The kinematic-model-free controller was also applied to a continuum soft

robot to manipulate the end-effector position in [?] and [?]. The kinematic-model-free position

controller was then extended to control the position and orientation of a 3-DOF robot in 3D space

simultaneously using locally weighted dual quaternions [?]. All of these kinematic-model-free

controllers are, however, discrete.

Robots have been controlled using both discrete [?] and continuous control [?] methods.

Robot dynamics generally require continuous control for critical tasks such as gravity compensa-

tion [?]. However, high-level controllers that are less critical could be implemented in discrete

time [?]. Researchers also used hybrid discrete-continuous control methods to control robots

[?, ?]. Discrete controllers have also been converted to equivalent continuous controllers, and

vice versa [?].

Applying precise actuator power to balance out the joint torques caused by the weights of

the links can be challenging [?]. Robot gravity compensation can also be performed passively

using counterweights and springs [?]. Robotic systems such as unmanned aerial vehicles (UAVs)

and autonomous underwater vehicles (AUVs) cannot compensate for gravity mechanically and,
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thus, require active compensation [?, ?]. Gravity compensation requires an accurate robot model

for control [?] where some researchers used PD control to achieve gravity compensation [?, ?, ?].

Researchers in [?] developed a force-based control framework with virtual gravity compensation.

Other researchers have looked into gravity compensation learning and set-point regulation using

iterative learning [?] and model learning [?]. All these methods require joint angle information

during control, limiting their application to rigid robots with accurate joint position feedback.

5.2 Continuous KMF Control

A rigid-body robotic system can be obtained using the following general dynamic equation:

M(q(t)q̈ + c(q, q̇) + g(q(t)) + τext = τ(t) (5.1)

where q are the joint angles, q̇ are the joint velocities, q̈ are the joint accelerations, M is the

inertia matrix, c is the Coriolis vector, g is the gravity vector, τext is the external torque, and

τ is the applied torque. The fundamental assumption made behind the kinematic-model-free

control approach is that measured end-effector observation is directly proportional to the control

signal sent to the robot actuators within the local region around the end effector. The equation

above can be written more simply as:

τ =Mq̈ + cq̇ + g + τext (5.2)

Rearranging the terms and assuming negligible Coriolis and centrifugal torques and no

external forces:

τ − g =Mq̈ (5.3)

Since q̇ = J−1ẋ, we have:

ẍ = JM−1(τ − g) (5.4)
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Let δp be one control step where τ = k1τp with a rectangular pulse and g = k2τ
′
p with

τ ′p = τp(t− δp) and both k1 and k2 are constants:

∆v = JM−1k∆τp (5.5)

where k = k1 = k2. Combining all the constant terms into C:

∆v = C∆τp (5.6)

It is shown that during a small quasi-static movement, the change in the robot’s end-effector

velocity is directly proportional to the change in the robot’s joint torques:

∆v ∝ ∆τp (5.7)

A high-level flowchart of the continuous kinematic-model-free controller is shown in Figure

5.1. The controller performs both exploration and exploitation. At the core of the idea lies

the assumption that it is possible to obtain the local kinodynamic information of the robot by

generating pseudo-random actuation control signals and observing their corresponding effects

on the end effector.

Exploration is triggered whenever the robot behaves differently from what is expected or

when there is no sufficient data, which is the case at time t = 0. During exploration, pseudo-

random actuation control signals are sent to robot actuators and their corresponding effects on

the end effector are observed. The actuation primitives signal sent to each joint actuator in the

robot is defined as follows:

τ(t) = τ(t− δp) + ∆τ(t) (5.8)

where τ(t− δp) is the previous actuation sent, τ(t− δp) = 0 for t = 0. Considering previous

actuation primitives, gravity compensation is achieved, unlike the previous work performed in
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Figure 5.1: Flowchart of continuous kinematic-model-free control.

kinematic-model-free control where simply τ(t) = ∆τ(t) [?, ?]. Note that:

∆τ(t) =

⎧⎪⎨⎪⎩ τp t ∈ [t0, t0 + δp)

0 otherwise
. (5.9)

The end-effector velocity is used to calculate the relative end-effector velocity as follows:

∆v(t) = v(t)− v(t− δp) (5.10)

The corresponding change in actuation primitives causing this change in the velocity of the

end-effector is ∆τ(t) and is defined similarly:

∆τ(t) = τ(t)− τ(t− δp) (5.11)

After each control cycle, the relative actuation primitives and their corresponding observed
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relative end-effector velocities are stored in matrices:

A1 =

⎡⎢⎣ ∆τ 1p (p1) ∆τ 1p (p2) · · · ∆τ 1p (pk)

∆τ 2p (p1) ∆τ 2p (p2) · · · ∆τ 2p (pk)

⎤⎥⎦ (5.12)

A2 =

⎡⎢⎣ ∆vx(p1) ∆vx(p2) · · · ∆vx(pk)

∆vy(p1) ∆vy(p2) · · · ∆vy(pk)

⎤⎥⎦ (5.13)

where ∆τ jp (p̂) is the magnitude of the relative actuation primitive of actuator j, ∆vx(p1) is

the relative end-effector velocity in the x direction, ∆vy(p1) is the relative end-effector velocity

in the y direction, and k is the k-nearest neighbour (k-NN) primitives and observations recorded

relative to the end effector’s current position. At the start of each control cycle, the desired

relative end-effector velocity is calculated as follows:

b2 = ∆vd = vt − vc =
pt − pc
δt

− vc (5.14)

where vt is the target end-effector velocity, vc is current end-effector velocity, pt is the target

end-effector position, pc is the current end-effector position, and δt is the desired trajectory time.

In vector form:

b2 =

⎡⎢⎣ ∆vdx(p̂)

∆vdy(p̂)

⎤⎥⎦ (5.15)

Alternatively, intermediate targets along the path can be selected. To actuate the end

effector with the desired velocity, ∆vd, the corresponding actuation primitive must be calculated:

b1 =

⎡⎢⎣ ∆τ 1p (p̂)

∆τ 2p (p̂)

⎤⎥⎦ (5.16)

The fundamental idea is to represent p̂ as a linear combination of k-NN actuation primitives.

By using a set of unknown weights, w = [w1, w2, · · · , wk]
T , a linear combination of the k-NN
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primitives can be expressed as:

A1w = b1 (5.17)

The coefficients, w, can be obtained by solving:

A2w = b2 (5.18)

Since A2 might not be full-rank, multiple solutions for w might exist. To resolve this issue,

least squares regression is used to find the smallest vector w with a valid solution. The calculated

value of w is then used to find the desired relative actuation primitives, b1, to cause the effect,

b2, to the robot’s end effector.

5.3 Results

The continuous kinematic-model-free controller was tested on a simulated and a physical robot

manipulator. Both the simulated robot and physical robot were planar 2-DoF rigid manipulators.

5.3.1 Simulated Results

The kinematic-model-free controller was tested on a simulated 2-DoF robot manipulator using

MATLAB’s Robotics toolbox [?]. The robot’s motion was purely planar in the xy-plane, with

gravity acting in the negative y-direction. Two experiments were conducted: in the first

experiment, the robot had to follow a circular path while compensating for gravity; in the

second test, the robot had to reach a target point while compensating for sudden changes in the

direction of gravity.

Tracing a Circle

In the first test, the robot followed a circular path discretized into waypoints and passed to

the continuous kinematic-model-free controller, as depicted in Figure 5.2. The robot started

with an exploratory phase and followed the path by calculating actuation primitives. Another
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Figure 5.2: A planar 2-DoF robot manipulator following a circular path using continuous
kinematic-model-free control.

exploration phase was triggered whenever a discrepancy was measured between the desired and

actual end-effector velocities. It is important to note that the simulation was quasi-static and

paused during controller computations that do not consider the full dynamics of a physical

system (such as joint limits, joint frictions, etc.). The simulated robot managed to trace the

circle and compensate for the effects of gravity during motion.
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Robustness Against Environment Dynamics Change

The robustness of the controller was tested against changes in the direction of gravity. The

changes tested were exaggerated; 90/180-degree changes during execution. The robot had to

reach a target point in 2D space. See Figure 5.3. During execution, the direction of gravity

was changed randomly for every set number of steps in a direction aligned with any of the

axes, causing perpendicular shifts or complete 180-degree changes in the direction of gravity

(marked by blue circles whenever a change in gravity direction occurs). The controller started

with an exploration phase with gravity pointing in the negative y-direction. The controller

then calculated the required actuation primitives to bring the robot’s end-effector towards the

target point. Whenever a discrepancy between the desired and actual end-effector velocities is

measured, another exploration phase is triggered. A new exploration phase was usually triggered

right after a change in gravity’s direction occurred. The robot managed to reach the final target

point. Once again, it is important to note that the simulation was quasi-static and paused

during controller computations and did not consider physical limitations and phenomena (joint

limits, joint frictions, etc.).

5.3.2 Real-world Experimentation Results

Real-world experimentation of the continuous kinematic-model-free controller was performed on

a physical 2-DOF robot. The physical robot comprised of aluminium links and Hebi X-Series

actuators, (X5-9) capable of delivering 9 Nm of continuous torque, which were controlled using

torque signals [?]. The experimental setup is shown in Figure 5.4. Reflective markers on the

robot’s end effector were tracked using OptiTrack to measure the tip position in space [?].

Six experiments were conducted: 1) the robot manipulator had to reach a target point in

task space while compensating for the effects of gravity; 2) the controller’s adaptability was

tested by altering the kinematics of the robot, which was achieved by extending the robot’s end

effector; 3) the controller’s adaptability was tested again by altering the kinematics of the robot

by offsetting the end effector; 4) the controller’s robustness was tested by changing the order of
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Figure 5.3: A planar 2-DoF robot manipulator that reaches a target point while compensating
for gravity. The direction of gravity is changed as indicated on top of each plot every few steps.
The beginning of the change is marked by a blue circle in the path taken by the robot. Despite
the changes in the direction of the force of gravity, the controller manages to reach the target
position marked by a red circle.
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the actuators; 5) the robustness of the controller was tested by changing the robot’s dynamics

by adding weight to the robot; 6) the robustness of the controller was tested by changing the

environment dynamics by altering the directing of gravity which was achieved by tilting the

robot. The controller’s performance was tested against a pre-tuned conventional PID controller

that utilized the robot’s kinematic model and dynamic model to compensate for gravity and

robot dynamics in all the experiments. The control loop frequencies tested were 10 Hz, 20 Hz,

30 Hz, 40 Hz, and 50 Hz.

Target Reaching

In the first experiment, the robot manipulator started from an initial position of [xi, yi] =

[2530, 395] and had to reach a target position of [xt, yt] = [1905, 820], which was obtained by

moving the arm manually to the desired position and measuring the position using the motion

capture system. The results of the continuous kinematic-model-free controller are shown in

Figure 5.5. It was observed that the kinematic model-free controller managed to reach the target

positions when the control loop frequency was 20 Hz or higher. Moreover, it can be seen that

the robot reached the target position faster as the frequency was increased, shown in Figure 5.6.

The same experiment was also performed using a conventional controller. The results of the

conventional controller are shown in Figure 5.7. The controller brought the robot’s end effector

to the target position for all frequencies tested. The robot also reached the position faster for

higher frequencies, shown in Figure 5.8.

Figure 5.9 compares both controllers at 40 Hz. Both controllers managed to reach the target

position. The continuous kinematic-model-free controller took 1.7 seconds to reach the desired

target, while the conventional controller took 5.125 seconds. The kinematic-model-free controller

terminated once it reached the target within 50 mm, which was preset as the termination

condition, to avoid unnecessary exploratory behaviour near the target.
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Figure 5.4: A planar 2-DoF physical robot manipulator using Hebi X5-9 actuators.
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Figure 5.5: Target reaching using continuous kinematic-model-free control. The controller
reached the target position with a 20 Hz or higher control loop frequency.
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Figure 5.6: End-effector distance to target over time for various control loop frequencies of the
continuous kinematic-model-free controller tested.
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Figure 5.7: Target reaching using conventional control. The controller reached the target
position with all control loop frequencies tested.
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Figure 5.8: End-effector distance to target over time for various control loop frequencies of the
conventional controller tested.
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Figure 5.9: A comparison between continuous kinematic-model-free control and conventional
control for target reaching with a control loop frequency of 40 Hz.
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End-Effector Extension

In the second experiment, the adaptability of the continuous kinematic-model-free controller was

tested against a change in the robot’s kinematic structure. This was performed by extending the

robot’s end effector. See Figure 5.10. The end effector was extended by 250 mm in the negative

y direction. The robot started from an initial position of [xi, yi] = [2520, 257] and had to reach

a target position of [xt, yt] = [1905, 820]. The results of the continuous kinematic-model-free

controller are shown in Figure 5.11. The kinematic model-free controller was observed to reach

the target positions when the control loop frequency was 20 Hz or higher. The same experiment

was also performed using the conventional controller. The results of the conventional controller

are shown in Figure 5.12. The controller failed to bring the robot’s end effector to the target

position for all frequencies tested since the extension was not taken into account by the kinematic

model of the robot nor was the controller able to adapt to such changes. The robot’s model

must be updated manually for having this controller to work with the extension.

Figure 5.13 compares both controllers for 40 Hz. The continuous kinematic-model-free

controller brought the robot’s end effector to the target position. On the other hand, the

conventional controller did not adapt to the end effector extension and was not able to reach

the target position. The positional error for the continuous kinematic-model-free controller was

calculated to be 5.82%, and for the conventional controller was calculated to be 8.31%. The

continuous kinematic-model-free controller took 9.925 seconds to reach the desired target, while

the conventional controller took 1.7 seconds. Since the kinematic-model-free controller does not

depend on prior knowledge of the robot’s kinematic or dynamic models, it successfully reached

the target position despite the change in the robot’s kinematics, demonstrating its adaptability

to such changes.

End-Effector Offset

In the third experiment, once again, the adaptability of the continuous kinematic-model-free

controller was tested against a change in the robot’s kinematic structure. This was performed

by offsetting the robot’s end effector. See Figure 5.14. The end effector was offset by 225 mm
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Figure 5.10: Robot manipulator with end-effector extension.
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Figure 5.11: Target reaching with end-effector extension using continuous kinematic-model-free
control. The controller reached the target position with a 20 Hz or higher control loop frequency.
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Figure 5.12: Target reaching with end-effector extension using conventional control. The
controller did not reach the target position for all control loop frequencies tested.
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Figure 5.13: A comparison between continuous kinematic-model-free control and conventional
control for target reaching with end-effector extension and a control loop frequency of 40 Hz.
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and 160 mm in the x and y directions, respectively. The robot started from an initial position of

[xi, yi] = [2739, 537] and had to reach a target position of [xt, yt] = [1905, 820]. The results of the

continuous kinematic-model-free controller are shown in Figure 5.15. The kinematic model-free

controller was observed to reach the target positions when the control loop frequency was 30 Hz or

higher. The same experiment was also performed using the conventional controller. The results

of the conventional controller are shown in Figure 5.16. The controller failed to bring the robot’s

end effector to the target position for all frequencies tested since the offset was not taken into

account by the kinematic model of the robot nor was the controller able to adapt to such changes.

Figure 5.17 compares both controllers for 40 Hz. The continuous kinematic-model-free

controller brought the robot’s end effector to the target position. On the other hand, the

conventional controller did not adapt to the end effector offset and was not able to reach the

target position. The positional error for the continuous kinematic-model-free controller was

calculated to be 2.57%, and for the conventional controller was calculated to be 19.46%. The

continuous kinematic-model-free controller took 6.85 seconds to reach the desired target, while

the conventional controller took 1.7 seconds. The kinematic-model-free controller successfully

reached the target position despite the change in the robot’s kinematics, demonstrating its

adaptability to such changes.

Switching Actuators

In the fourth experiment, the adaptability of the continuous kinematic-model-free controller was

tested against a change in the actuators’ order. This was performed by switching the order of

the motors. See Figure 5.18. The robot started from an initial position of [xi, yi] = [2530, 395]

and had to reach a target position of [xt, yt] = [1905, 820]. The results of the continuous

kinematic-model-free controller are shown in Figure 5.19. The kinematic model-free controller

was observed to reach the target positions when the control loop frequency was 20 Hz or higher.

The same experiment was also performed using the conventional controller. The results of the

conventional controller are shown in Figure 5.20. The controller failed to bring the robot’s end

effector to the target position for all frequencies tested since the actuator order shift was not
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Figure 5.14: Robot manipulator with end-effector offset.
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Figure 5.15: Target reaching with end-effector offset using continuous kinematic-model-free
control. The controller reached the target position with a 30 Hz or higher control loop frequency.
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Figure 5.16: Target reaching with end-effector offset using conventional control. The controller
did not reach the target position for all control loop frequencies tested.
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Figure 5.17: A comparison between continuous kinematic-model-free control and conventional
control for target reaching with end-effector offset and a control loop frequency of 40 Hz.
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taken into account by the robot’s kinematic model, nor was the controller able to adapt to such

a change. In all trials for the conventional controller, the controller was manually terminated to

avoid a full rotation that would damage the wires.

Figure 5.21 compares both controllers for 40 Hz. The continuous kinematic-model-free

controller brought the robot’s end effector to the target position. On the other hand, the

conventional controller did not adapt to the end effector offset and was not able to reach the

target position. The positional error for the continuous kinematic-model-free controller was

calculated to be 5.32%, and for the conventional controller was calculated to be 45.32%. The

continuous kinematic-model-free controller took 3.7 seconds to reach the desired target, while the

conventional controller was terminated after 1.5 seconds. The kinematic-model-free controller

successfully reached the target position despite the change in the order of the robot’s actuators,

demonstrating its adaptability to such changes.

Adding Weight

In the fifth experiment, the robustness of the continuous kinematic-model-free controller was

tested against changes in the robot dynamics. This was performed by adding weight to the robot

manipulator. See Figure 5.22. The weight added was a rectangular metal bar that weighed 0.45

kg. The robot started from an initial position of [xi, yi] = [2530, 395] and had to reach a target

position of [xt, yt] = [1905, 820]. The results of the continuous kinematic-model-free controller

are shown in Figure 5.23. The kinematic model-free controller was observed to reach the target

positions when the control loop frequency was 40 Hz or higher. The results of the conventional

controller are shown in Figure 5.24. The controller failed to bring the robot’s end effector to the

target position for all frequencies tested. However, it brought the robot’s end effector close to

the target position. This ”sagging” was observed for all frequencies tested primarily due to the

added weight not accounted for in the robot’s dynamic model.

Figure 5.25 compares both controllers for 40 Hz. The continuous kinematic-model-free

controller brought the robot’s end effector to the target position. On the other hand, the
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Figure 5.18: Robot manipulator with actuators order switched.
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Figure 5.19: Target reaching with switched actuators using continuous kinematic-model-free
control. The controller reached the target position with a 20 Hz or higher control loop frequency.
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Figure 5.20: Target reaching with switched actuators using conventional control. The controller
did not reach the target position for all control loop frequencies tested.
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Figure 5.21: A comparison between continuous kinematic-model-free control and conventional
control for target reaching with added weight and a control loop frequency of 40 Hz.
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conventional controller sagged below the target position due to the added weight that was

not accounted for in the robot’s dynamic model. The positional error for the continuous

kinematic-model-free controller was calculated to be 5.12%, and for the conventional controller

was calculated to be 7.35%. The continuous kinematic-model-free controller took 6.7 seconds

to reach the desired target, while the conventional controller took 1.7 seconds. The kinematic-

model-free controller successfully reached the target position despite the change in the robot’s

dynamics, demonstrating its robustness against such changes.

Tilting Robot

In the sixth experiment, the robustness of the continuous kinematic-model-free controller was

tested against changes in environmental dynamics. This was performed by changing the direction

of gravity, which was achieved by tilting the robot 30 degrees. See Figure 5.26. The robot’s end

effector started from an initial position of [2849, 437] and had to reach a target of [2260, 970].

The results of the continuous kinematic-model-free controller are shown in Figure 5.27. The

kinematic model-free controller was observed to reach the target positions when the control loop

frequency was 20 Hz or higher. The results of the conventional controller are shown in Figure

5.28. Once again, the controller failed to bring the robot’s end effector to the target position

for all frequencies tested, primarily due to the change in the direction of gravity that was not

accounted for in the robot’s dynamic model.

Figure 5.29 shows a comparison between both controllers for 40 Hz. The continuous

kinematic-model-free controller brought the robot’s end effector to the target position. On the

other hand, the conventional controller did not manage to bring the robot’s end effector to

the target position due to the change in the direction of gravity that was not accounted for

in the robot’s dynamic model. The positional error for the continuous kinematic-model-free

controller was calculated to be 5.05%, and for the conventional controller was calculated to be

19.68%. The continuous kinematic-model-free controller took 4.675 seconds to reach the desired

target, while the conventional controller took 4.775 seconds. Since the kinematic-model-free

controller does not depend on prior knowledge of the robot’s kinematic or dynamic models, it
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Figure 5.22: Robot manipulator with added weight.
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Figure 5.23: Target reaching with added weight using continuous kinematic-model-free control.
The controller reached the target position with a 40 Hz or higher control loop frequency.
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Figure 5.24: Target reaching with added weight using conventional control. The controller
sagged below the target position for all control loop frequencies tested.
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Figure 5.25: A comparison between continuous kinematic-model-free control and conventional
control for target reaching with added weight and a control loop frequency of 40 Hz.
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successfully reached the target position despite the change in the direction of gravity in the

robot’s environment, demonstrating its robustness against changes in the direction of gravity.

5.4 Discussion

The continuous kinematic-model-free controller was introduced in this chapter that can run

continuously at higher speeds by sampling end-effector velocities and using that data to build

volatile local linear models that are used for calculating actuation primitives that can bring

the robot’s end effector to a desired target position. The controller was tested on a simulated

2-DoF and a physical 2-DoF rigid robot manipulator. The simulated robot had to trace a circle

while compensating for gravity. The robustness of the controller was also tested by varying

the direction of gravity during execution. As for the physical experimentation, six experiments

were performed with varying control loop frequencies. In the first experiment, the robot has to

reach a target position. It was observed that the continuous kinematic-model-free controller

managed to reach the target with a control loop frequency of 20 Hz or higher. Kinematic-model-

free controllers are advantageous over traditional controllers for adapting to kinematic and

dynamic changes in both the robot and the environment. The adaptability of the controller was

demonstrated by altering the kinematics of the robot in the second and third experiments, where

the robot’s end effector was extended and offset, respectively. In the fourth experiment, the

order of the actuators was swapped to further test the controller’s adaptability to such changes.

In the fifth and sixth experiments, the robustness of the controller against dynamic changes was

tested by adding weight to the robot and changing the direction of gravity. It was observed that

the controller managed to reach the target position with added weight at 40 Hz and with gravity

direction change at 20 Hz. The continuous kinematic-model-free controller was compared to

a conventional controller in all the experiments. In the presence of any kinematic or dynamic

change, the continuous kinematic-model-free controller outperformed the conventional controller

by reaching the target position. At the same time, its counterpart did not manage to reach the

target. The random exploratory behaviour of the velocity-based continuous kinematic-model-free

end-effector position controller does not allow for a smooth transition from one target point
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Figure 5.26: Robot manipulator with tilting ramp.
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Figure 5.27: Target reaching with tilting ramp using continuous kinematic-model-free control.
The controller reached the target position with a 20 Hz or higher control loop frequency.
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Figure 5.28: Target reaching with tilting ramp using conventional control. The controller failed
to reach the target position for all control loop frequencies tested.
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Figure 5.29: A comparison between continuous kinematic-model-free control and conventional
control for target reaching with tilting ramp and a control loop frequency of 40 Hz.
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to another in physical experimentation, causing the robot to behave unexpectedly. Future

research will focus on the development of a more informed exploratory behaviour that will allow

for continuous kinematic-model-free multi-point reaching, path following, or even developing

a kinematic-model-free end-effector velocity controller that will pave the path to more useful

practical applications of continuous kinematic-model-free control.
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[22] Serdar Küçük. Serial and Parallel Robot Manipulators: Kinematics, Dynamics, Control

and Optimization. BoD–Books on Demand, 2012.

[23] Gaofeng Li, Dezhen Song, Shan Xu, Lei Sun, and Jingtai Liu. Kinematic-free orientation

control for a deformable manipulator based on the geodesic in rotation group so (3). IEEE

Robotics and Automation Letters, 3(3):2432–2438, 2018.

[24] Gaofeng Li, Lei Sun, Shan Xu, Dezhen Song, and Jingtai Liu. A hybrid model and

kinematic-free control framework for a low-cost deformable manipulator using in home

service. In 2016 IEEE International Conference on Automation Science and Engineering

(CASE), pages 1002–1007. IEEE, 2016.

[25] Giulio Milighetti and H-B Kuntze. On the discrete-continuous control of basic skills for

humanoid robots. In 2006 IEEE/RSJ International Conference on Intelligent Robots and

Systems, pages 3474–3479. IEEE, 2006.

[26] Koena Mukherjee, Indra Narayan Kar, and Rajendra Kumar Purushottam Bhatt. Adaptive

gravity compensation and region tracking control of an auv without velocity measurement.

International Journal of Modelling, Identification and Control, 25(2):154–154, 2016.

[27] NaturalPoint. Motion capture systems - optitrack, 2023.
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Chapter 6

Conclusion

Robot control has been a thriving field of research since the emergence of robots. Robots

have been predominantly controlled using conventional methods that rely on the kinematics

and dynamics of rigid bodies for calculating joint-space to task-space transformations. These

traditional controllers rely heavily on the robot’s kinematics and dynamics to remain static.

However, soft robots, morphing robots, malleable robots, transforming robots, and evolving

robots can be challenging to model accurately and control. Tremendous research has been done

in the area controls for soft robots. Most of the controllers found in literature can be categorized

into two main classes: Model-based controllers, which rely on models describing the system’s

motion for controller derivation; and Model-free controllers, which use data-driven and empirical

methods instead.

Kinematic-model-free control methods can overcome these challenges as these control methods

do not require any prior knowledge of the robot’s kinematic or dynamic models. Kinematic-

model-free controllers work by gathering information through short exploratory actuations,

building volatile local linear models that approximate the robot’s local kinematic and dynamic

behaviour, and estimating an actuation signal that moves the robot towards a given reference

target. The research presented in this thesis details and extends the state-of-the-art kinematic-

model-free controller in many fronts to tackle several open problems.
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The kinematic-model-free controller was first extended to perform simultaneous position and

orientation control of a planar rigid robot’s end effector by incorporating end-effector orientation

as part of the control parameters. The controller was tested on a simulated rigid robot to

perform kinematic-model-free target position reaching and planar target pose reaching. The

kinematic-model-free controller was also deployed on a physical manipulator constrained to

move in the horizontal axis with 2-DoFs to perform end-effector target position reaching. The

controller was then adapted to control soft continuum robots. Simulation tests were conducted

using MATLAB’s SoRoSim toolbox where the tip-position of a soft continuum robot with

thread-like actuators was controlled. The controller was tested with growing/shrinking soft

continuum robots too. The robustness of the controller was demonstrated by the cooping of the

controller in the presence of actuator failures. The controller was also validated by deploying it

on a physical continuum soft robot that was pneumatically-actuated to perform tip-position

control. The robot successfully traced a line and a lemniscate path.

Quaternion mathematics were used to represent the robot’s end-effector position and orien-

tation for kinematic-model-free position and orientation control. Dual-quaternion mathematics

was then used to develop a kinematic-model-free robot end-effector pose controller. The con-

troller was tested on a simulated rigid robot. Controlling a single point, the end-effector, on

serial hyper-redundant manipulators with the dual-quaternionic kinematic-model-free pose

controller underperformed. To resole redundancy in hyper-redundant robot manipulators, the

dual-quaternionic kinematic-model-free multi-point controller was introduce that can control the

pose of several points along the kinematic chain. This controller was tested on a hyper-redundant

simulated robot manipulator to achieve specific robot configurations.

The kinematic-model-free controller was combined with model-predictive-control theory to

develop kinematic-model-free predictive-control that was used for path planning and obstacle

avoidance. Both simulated and physical experimentation was conducted to verify the controller.

The controller was experimented on a 2-DoF planar rigid robot that performed target reaching

while avoiding virtual obstacles. In one experiment, one large virtual obstacle was present
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and in another experiment, two smaller virtual obstacles were present. It was observed that

when exploratory behaviour was triggered near obstacles, collisions may occur. More informed

exploratory behaviour could help resolve this issue.

Finally, the kinematic-model-free controller was updated to run continuously at higher

speeds by sampling end-effector velocities and using that data for building volatile local linear

models for calculating actuation primitives to actuate the robot’s end effector towards a desired

target point in task space. The controller was tested on both a simulated and a physical 2-DoF

rigid robot manipulator. The simulated robot had to trace a circle while compensating for the

effects of gravity. The robustness of the controller was also tested by varying the direction of

gravity during execution. As for the physical experimentation, the robot had to reach a target

point in task space. The control loop frequency was varied to inspect how the performance of

controller was improved. The robustness of the controller was tested by changing the direction

of the gravity vector and by adding weight to the robot. The continuous kinematic-model-free

controller was compared to a conventional controller in all the experiments. In the presence of

any kinematic or dynamic change, the continuous kinematic-model-free controller outperformed

the conventional controller.

The kinematic-model-free controller requires no prior knowledge of the robot’s kinematics or

dynamics for control. The controller works by sampling end-effector state during pseudo-random

exploratory behaviour and building volatile local linear models that are used for calculating

actuation primitives that will bring the robot to the target position, orientation, or configuration.

The controller is capable of controlling end-effector position, orientation, or pose. The controller

was demonstrated to work on different robots, both simulated and physical robots and both rigid

and soft robots. The research covered in this thesis pushed the kinematic-model-free controller

to new fronts and supported it with tests and experiments that verified the approach. Along the

way, many other interesting research problems surfaced that could be further explored in future

research: optimization of actuation signal waveform for motion, learning local kinodynamics

using higher order models, dual-quaternion based optimization for local linear learning, obstacle
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avoidance without prior path planning, environment-aware intelligent exploration, velocity

control of robot end effector, continuous control of physical robot tip position for multi-point

reaching or tracing, control of morphing or evolving robots, and kinematic-model-free control

for robot grasping or locomotion.
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Mathematics

The underlying assumption behind the kinematic-model-free controller is that the end-effector

displacement is proportional to the robot’s joint torques locally. A rigid-body robotic system

can be obtained using the following general dynamic equation:

M(q(t)q̈ + c(q, q̇) + g(q(t)) + τf (t) = τ(t) (A.1)

where q are the joint angles, q̇ are the joint velocities, q̈ are the joint accelerations, M is the

inertia matrix, c is the Coriolis vector, g is the gravity vector, τf is the friction torque, and τ is

the applied torque. More simply:

τ =Mq̈ + cq̇ + g + τext (A.2)

Rearranging terms and assuming zero gravity and negligible Coriolis and no external forces:

q̈ =M−1τ (A.3)

Since q̇ = J−1ẋ, we have:

ẍ = JM−1τ (A.4)
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Integrating twice:

x =

∫︂ ∫︂
JM−1τdt (A.5)

Over some duration dp:

∆x =

∫︂ ∫︂ t0+dp

t0

JM−1τdt (A.6)

Assuming J and M are constant:

∆x = JM−1

∫︂ ∫︂ t0+dp

t0

τdt (A.7)

Let dp be one control step where τ = kτp(t) with a rectangular pulse:

∆x = JM−1

∫︂ ∫︂ t0+dp

t0

kτpdt (A.8)

Since the torque is constant over the duration:

∆x = JM−1kτp

∫︂ ∫︂ t0+dp

t0

dt (A.9)

∆x = JM−1kτp

[︃
t2

2
+ bt+ c

]︃t0+dp

t0

(A.10)

Combining all the constant terms into C:

∆x = Cτp (A.11)

As such, we note that the end-effector displacement is directly proportional to the joint

torques within the local region:

∆x ∝ τp (A.12)

In the case of a planar 2-DoF manipulator, 4 exploratory torques are applied in series
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{τp(p1), τp(p2), τp(p3), τp(p4)} where τp(p1) = −τp(p2), τp(p3) = −τp(p4), and τp(p1) ⊥ τp(p3). It

follows from the direct proportionality of the end-effector displacement and the joint torques

that ∆x(p1) = −∆x(p2), ∆x(p3) = −∆x(p4), and ∆x(p1) ⊥ ∆x(p3) within the local region.

Since the matrix A2 is a rectangular matrix of size m× k with rank r, where m is the spacial

dimensions and k is the kNN samples used for building the local linear model, the matrix A2

can be factored using QR factoring with column pivoting:

A2 = QRP (A.13)

where Q is an m× r matrix of orthonormal columns, R is an r× r matrix, and P is an n×n

permutation matrix. It is noted that:

A2P
T = [A1

2 A
2
2] = QR = Q[R1 R2] (A.14)

where A1
2 is an m × r matrix with linearly independent columns and QR factorization

A1
2 = QR1 and A2

2 is an m× (n− r) with columns that are linear combinations of A1
2. As such,

the columns of A1
2, which is denoted as Â2, are a basis selected from A2. Using this basis, the

linear combination is expressed as follows:

Â2w = b2 (A.15)

where w = [w1, w2, · · · , wk]
T is the vector of weights that are calculated as follows:

w = Â
−1

2 b2 (A.16)

where the Moore–Penrose inverse is used. The calculated weights are then used to calculate

the actuation required to move the end effector towards the desired target:

b1 = Â1w (A.17)

where Â1 = A1
1 from A1P

T = [A1
1 A

1
2].
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As for the continuous kinematic-model-free controller, the end-effector velocity change is

proportional to the robot’s joint torques change locally. Once again, starting from the robot

dynamics equation is as follows:

M(q(t)q̈ + c(q, q̇) + g(q(t)) + τf (t) = τ(t) (A.18)

More simply:

τ =Mq̈ + cq̇ + g + τext (A.19)

Rearranging terms and assuming zero gravity and negligible Coriolis and centrifugal torques

and no external forces:

q̈ =M−1τ (A.20)

Since q̇ = J−1ẋ, we have:

ẍ = JM−1τ (A.21)

Let dp be one control step where τ = kτp(t) with a rectangular pulse::

ẋ =

∫︂ t0+dp

t0

JM−1kτpdt (A.22)

Since the torque is constant over the duration:

kẋ = JM−1τp
[︁
bt+ c

]︁t0+dp

t0
(A.23)

Combining all the constant terms into C:

ẋ = Cτp (A.24)
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which can be rewritten as:

v = Cτp (A.25)

where v is the end-effector linear velocity. The equation can then be written as:

∆v = C∆τp (A.26)

The change in the robot’s end-effector velocity is directly proportional to the change in robot

joint torques within the local region.
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