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Abstract

Human beings have an exceptional ability to imitate other human behaviours and can comfortably modify their actions to adapt to new situations. To endow a robotic system with such a
remarkable skill is vital but quite challenging because of the immense variation and complexity
of human activities, the highly classified dynamic nature of humans’ environment, and the
variation in the mapping link between a human and the robot embodiment. In this regard, this
thesis addresses the ability of an industrial robotic arm to acquire task skills from the instructor
more efficiently by enhancing the embodiment mapping from a human arm to a robotic arm,
and how to improve a robot’s ability to generalise learned skills across different conditions or
new situations.
Firstly, this thesis proposes a novel human-robotic arm mapping strategy to enable a
collaborative industrial robotic arm such as the Sawyer robot to sufficiently utilise its high
degree of freedom in performing tasks. Furthermore, this approach minimises the disparity in
the corresponding mapping of the human arm taught motion and the that reproduced by the
industrial robotic arm. The experimental result shows that the joint torque generated using
our approach is lesser than those generated using the conventional methods. Furthermore,
comparing the performance of the proposed approach with the benchmark on the path lengths
of the demonstrations. It also shows that the minimum path length the trajectory generated
using the approach proposed is slightly lower than those generated from the other three methods.
Finally, the total time spent in the demonstration is relatively better when using the proposed
approach than the benchmark, individually and as a group.
Secondly, the thesis proposes a multilayer approach to address the challenging issues of
robot learning from demonstration, specifically in an industrial robotic arm operational zones
where there are obstacles that can obfuscate actual intent of the demonstrated trajectory. This
method empowers a robot to learn a model to perform a task from noisy demonstrations. The
method employed a Gaussian mixture model to learn the motion trajectories then project them
into the original feature space to retrieve a smooth generalised trajectory and the associated
variabilities. In order to adapt to unstructured scenes with minimised computational cost, the
retrieved trajectory is decomposed into Gaussian components such that a potential field force
is applied to adjust only components that are under the influence of the obstacle. The Root

viii
Mean Square Error for the task demonstration is computed and then compared with the existing
benchmark methods to check that the method meets expectations. The time to accomplish a set
goal shows that the proposed approach outperforms the benchmark methods. Furthermore, the
proposed approach requires less computational time to construct the desired trajectory around
the obstacle.
Thirdly, given that the robotic arm must cope with the task and environmental constraints,
this thesis further proposed a framework that enables a robot to traverse in a scene filled with
moving obstacles. The proposed model can estimate the speed of a moving obstacle at every
time step and effectively keep a distance from the obstacle to avert a collision. Experimental
results validate the robustness of the ever-changing environmental obstacle avoidance method
presented herein obstacle avoidance cases. Thus, unlike many other approaches, the proposed
approach enables a robotic arm to fulfil the task constraints and avoid collision with moving
obstacles of different shapes and sizes.

This thesis is dedicated to my parents Chief & Mrs P.O.C Ogenyi, parents in-law Chief & Mrs
Okechukwu Unogu, my wife Chinemerem Blessing Ogenyi, my son Kachimsicho Ezesinachi
Ogenyi and my daughter Mmesomachukwu Nwabaku Ogenyi.
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Chapter 1
Introduction
1.1

Background

For decades, conventional industrial robotic arms have been employed to perform one task
or another within the industry. Until the advent of programming by demonstrations (PbD),
also called the learning from demonstrations (LfD), most conventional industrial robotic arms
were programmed via traditional methods to operate as automated systems meant to execute
specific tasks with little or no intelligence. One peculiar thing about developing a novel robotic
task using traditional programming is that it must be programmed for every job it performs.
Furthermore, the traditional programming method is very tedious because it requires users to
explicitly specify all actions a robotic arm must perform to accomplish the needed. It is also
expensive because it requires expertise to code the movements for the robot execution.
Several research methods utilised motion planning approaches to provide solutions to the
problems of the traditional methods of programming a robotic arm which eliminates the need
to for the user explicitly specify all the sequences of the low-level actions like the trajectory
Schulman et al. (2013); Zucker et al. (2013). However, they failed to include cases involving
high-level actions like the sequences of "via points" and goal locations. In addition, these
approaches would not be robust considering the variability of task requirements and the potential
changes in the industrial settings of the robotic operational zones.
Another approach to overcome these challenges encountered by the traditional programming
method is the LfD. The LfD is a paradigm that enables a robot to acquire new skills just by
imitating an expert Argall et al. (2009); Chernova & Thomaz (2014). Put another way, the
LfD provides robot users with the framework to transfer new skills robotic system, hence
making it irrelevant to program the desired behaviour Lee (2017) manually. Further benefits of
using the LfD is that it permits the use of low-cost and straightforward learning frameworks.
Research interest in LfD has readily increased over the past decade due to its advantages
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over the traditional approach. The gained attention has led to researchers proposing diverse
approaches/ terminologies with an overwhelming growth in level of publications in the past
decade, as shown in Fig. 1.1.

Fig. 1.1 The overwhelming increase in published articles in the LfD Ravichandar et al. (2020).
Relevant skill information must be extracted from a human expert to transfer human skills
to a robotic arm using LfD. There are two common distinct approaches to interface and transfer
a human-arm skills to a robotic arm. The first approach provides a means for the robot
programmer to topically move the robot arm (lead-through) through the required tasks to be
performed. It requires the robot arm to be driven through the different motions to accomplish
the given tasks while recording the movements’ sequence into the robot’s PC memory. This
approach has become a practical approach usefully used for most low-level skill transfer from
instructor to an robotics arm Gemeinboeck & Saunders (2018). The second approach is the
visual-based technique which can equally transfer the human task skill to a robotic arm but
does not necessarily require the human teacher to be in the same place with the robotic arm. To
achieve a realisable skill transfer with this approach is exceptionally challenging because the
operator and the robotic arm do not share the same embodiment. Hence, leading to limitations
that can inhibit the generalisability of a demonstrated task to other robotics frameworks.
Generally, learning by demonstration provides users’ friendly way of programming a robot
as it provides easy to use programming interfaces and can easily be extended to permit a robot to

1.2 Problems and Challenges
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adapt its skills to new situations. It also facilitates a robot to mimic a human operator with little
or no variation. This amazing skill is essential in human-centred robot applications but is hard
to achieve. Furthermore, robot learning by demonstration research is constrained by the robots’
inability to generalise task skills in an environment slightly different from the demonstrated
examples just on its own. These underlying challenging issues: the correspondence issues in
the task skill transfer from the human demonstrator arm to a robotics arm and a framework to
improve a robotic arm ability to traverse in an environment with varying states are areas this
research sought to improve.

1.2

Problems and Challenges

The benefits of LfD are enormous; however, it poses many challenges that must be taken care
of before a human and robot can successfully establish reliable cooperation. Developing such
an environment that fosters a gainful collaboration will require that the following challenges
are addressed:
• The human-robot skill transfer using teleoperation is confronted with a correspondence
issue that causes inconsistency in the demonstrated dataset and poor learning outcomes.
Sena & Howard (2020) highlighted that poor teaching is not only due to the teacher’s
inability to share the mental model of what is demonstrated to the robotic arm learner
but also dependent on the kind of mapping strategy used. Hence, the mapping strategy
from the demonstrator’s arm and the industrial robotic manipulator is core for achieving
excellent transfer of a human arm motion skills to an industrial robotic arm. However,
developing a suitable strategy that can map the human hand motion skills to an industrial
robotic arm and also minimise the effect of correspondence is still challenging owing to
the high degree of freedom of the modern industrial robotic arm.
• Robot learning motion trajectory is easy to implement using the Programming by demonstration approach but only in a scene that is free from obstacles. Hence, an environment
with obstacles poses a threat to a successful generalisation of learned low-level tasks.
Moreover, because the industrial setting where the robot operates keeps changing, it is
pretty challenging for a robotic arm to cope in such an environment and timely accomplish
the required task.
• The recent development in robot evolution permits Human-Robot Collaboration (HRC)
which implies that robots and human beings must share a workspace. In such a condition,
a robot must avoid objects either moved intentionally by humans or automatically due to
the task/scene constraints. Because the speed of the movement and the shape and sizes
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of the obstacles are uncontrolled, building a control policy that accommodates task and
scene constraints in such a high-level dynamic environment is still challenging.

1.3

Overview of Approaches and Contributions

To address the aforementioned challenges, this research proposes a robot learning from human
demonstrations framework that improves generalisation capability of an industrial robotic
arm and increases robot adaptation in a constantly changing environment by bridging the gap
between human action understanding and robot imitation learning.
• Firstly, this thesis proposes a novel joint and task-space mapping strategy from a human
arm motion to high degrees of freedom industrial robotic arm. The framework highlights
a visual-based teleoperation LfD technique for human-robot skill transfer. The proposed
framework minimises singularity and enables the utilisation of the redundancy quality of
the newly developed collaborative manipulators such as the Sawyer robot possesses. Also,
it enhanced the smooth movement of the robot manipulator to minimise inconsistency
in the demonstration. Experimental results demonstrated that the mapping framework
proposed in this thesis could be used to provide an enriched dataset for teleoperated
human-robot skill transfer. This is because the path length generated using the approach
proposed in this project is slightly lower than those generated using the benchmark
methods. Again, the total time spent in the demonstration is relatively lower when using
the proposed approach than the benchmark.
• Secondly, a novel approach to tackle a robot’s problem of reproducing learned trajectory
skills in a clustered environment is proposed. The proposed adaptive trajectory framework
can generate a trajectory to satisfy the constraint for avoiding hitting an obstacles in the
operational zone. The method is anchored on the Gaussian Mixture Model principle
for modelling the demonstrations. The other major part of the method is the Artificial
Potential field application which was employed in adjusting the isoline components
of the Gaussian components. The component adjustment model is built based on the
reactive behaviour of the constraints within the scene of the robot operation; thus, it
has advantages over the methods that incorporate the task trajectory model and the
environmental constraints at the learning stage. Such an approach would increase the
computational cost of the task execution process and causes high utilisation of the
memory due to the amount of data left in the memory. The time to complete the task
shows that the proposed approach outperforms the benchmark approaches as it requires
lesser computational time to construct the desired trajectory around the obstacle.

1.4 Thesis Outline
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• Lastly, the approach in Chapter 4 was extended in chapter 5 to enable an industrial robotic
arm to produce the required trajectory that can satisfy the task parameters and also avoid
moving obstacles in a dynamic operational zone. The proposed approach in Chapter 4 is
not a complete loop control strategy because the positions of the obstacles are fixed before
the industrial robotic arm is moved to generate the obstacle collision-free trajectory. In
contrast, this approach hypothesises that an industrial robotic arm can learn a skill in an
ordered static environment and generalise it in unordered or uncontrolled environments.
Thus, the learning is carried out in a stationary scene while the reproduction is performed
in a dynamic scene with moving obstacles. Also, an exponential cost function was
introduced to estimate the cost of avoiding obstacles, which is then used to decide the
direction to drive the robotic arm to evade contact with moving obstacles and still reach
the target point. The experimental result proved that the proposed method could enable
an industrial robotic arm to perform obstacle avoidance on different shapes and sizes of
obstacles in a dynamic environment.

1.4

Thesis Outline

The outline of the thesis as organised in chapters as presented here:
Chapter 2 gave the literature review of the robot learning from demonstrations methods and
the techniques for human arm skill transfer to a robotic arm. The further review covered the
relevant learning interface necessary to accomplish effectively a pHRC and the learning algorithms for the a robotic arm to learn from human arm motion demonstrations. In general, this
chapter reviewed the modern approach for human-robot collaboration, and robotic hardware
and software integration, the influence of a human in the loop, and the existing methods for
robot learning from human demonstrations.
Chapter 3 provides learning from demonstration mapping framework to improve the learning
outcome of the robotic learner in the learning from demonstration pedagogy. This chapter first
introduced a novel visual human-robot arm motion skill transfer to ensure the robot arm smooth
movement. Moreover, it minimises the singularity issue and utilises the redundancy motion
which is common in the modern produced high degree of freedom industrial robotics arms.
Chapter 4 addresses the problem of obstacle avoidance in a clustered environment. It introduces the concept of decomposing robot trajectory into ellipse to minimise the computational
complexity and enhance robot motion. The idea permits adjusting only parts of the trajectory
liable to be influenced by the obstacle and ensure that the robot motion satisfies the task and
environmental constraints.
Chapter 5 addresses the problem of obstacle avoidance in a dynamic environment. Dynamic
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in this context refers to an environment in which the environment’s constraints can change
without prior notification. The framework combines learning from demonstration and cost
function to enable online adaptivity to a new environment and avoid collision with a moving
obstacle.
Chapter 6 provides a conclusion for all the contributions to knowledge in this thesis and proffers areas of directions for future work to suppose further contribution in areas involving robot
acquiring new skills from demonstrations. The future work aims to further improve the current
robot learning from demonstration in stationary and dynamic environments. Furthermore,
limitations and challenging issues which are still unsolved or difficult to handle were discussed
in this section.

Chapter 2
Literature Review
An industrial robotic arm can operate as an autonomous system employed in performing repetitive tasks operations in the industries. When the robotic systems operate in the autonomous
mode, it often needs the human support to redefine and redirect the task operations. This
operational mode certainly limits a robot’s applicability to particular domains of human endeavours since it periodically needs human intervention to support the industrial robotic arm to
achieve an task in an unordered environment which can change at anytime Yang et al. (2017).
Apart from the autonomous mode of operation, the industrial robotics arm can also operate
collaboratively with a human such that the human will physically or remotely support the
industrial robotic arm in performing an assigned task. The collaboration perhaps includes
sharing of the knowledge-base regarding the task or environmental constraints, experience, or
even belief regarding the task required to be accomplished Munzer et al. (2017). Konidaris
et al. (2018) stated that set of skills are easily made available to the industrial robotic arm by
a human supporter such that the industrial robotic arm could learn those skills directly for a
human user.
By learning directly from a human user, human dexterity and flexibility are made available
to boost the ability of the robotic arm to repeatability perform a task in a precised way which in
turn increases productivity and also the applicability of the industrial robotics arms in many
other areas of human needs Grahn et al. (2016), Salvine et al. (2011). Achieving such an
intuitive task operation requires a robot’s ability to gain information about its environment to
continuously update its current state and determine the best actions to perform and perhaps find
an approach to best perform the actions.
In the last decades, the industrial robotic arms operations are mainly taught by employing
different techniques derived from the machine learning principles. This learning approach
somewhat solves the the problem of coding virtually all the required steps and actions for every
task execution but has certain limitations, especially when the task environments continuously
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change during task execution. Considering that the task environment is prone to changes,
proper task planning or effective task control strategies must be provided to accomplish the
desired goal Hernandez et al. (2017).
The commonly used industrial robot for realising this operative requirement is the collaborative robot. In this chapter, the learning from demonstration methods, the techniques for skill
transfer from a human arm skeleton joints to an industrial robotics arm, and the methods to
effectively map a human arm skeleton motion to a Sawyer robot industrial robotic arm are
reviewed.

2.1

Robot Skill Transfer Techniques

Human arm motion skills can be extracted and fitted into an industrial robotic arm by extracting
the human arm actions using the appropriate sensory device. This approach subset of the
human-robot collaboration and its principle has been employed in cutting edge researches for
applications involving using robotics systems, especially in hazardous areas where human
access needs to be minimised Li et al. (2019).
One of the benefactors of this technological advancement is the Programming by Demonstration (PbD). This learning approach has exploited the potentials of the robotic systems,
reduced the high cost of programming a robotic system and enhanced the adaptation of the
control processes Calinon & Lee (2017). Furthermore, the PbD permits the deployment of
robotics systems that enable novice users to teach them useful tasks using a similar approach for
training coworkers. Trajectory imitation is a type of PbD that allows the transfer of low-level
task demonstrations from a demonstrator to a robot manipulator. The human arm motion
trajectory could be transferred to a robot manipulator via Kinaesthetic teaching, teleoperation
or observation methods as depicted in Fig. 2.1. Summary of their features is itemised in Table.
2.1.
Kinesthetic teaching: Kinesthetic teaching enables a user to physically move the robot
through the desired direction Ahmadzadeh et al. (2016); Pervez & Lee (2018) (Fig. 2.1 (a)).
While the user performs the demonstration, the robot’s state, such as joint angle, torques e.t.c
is being recorded through the built-in sensors. The data extracted using this approach can be
employed to train an industrial robotic arm to perform certian actions via machine learning
models Elliott et al. (2017). However, human instructors must be at the same place where the
robot is located. Kinesthetic teaching has several advantages, which include the following:
no additional sensors are required; this implies that this approach only needs the presence
of the robotic hardware framework. Furthermore, little or no training is needed due to the
intuitive nature of the process. Other benefits of this method are that it provides an avenue
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(a) Kinesthetic

(b) Teleoperation

(c) Observation

Fig. 2.1 The Learning from Demonstration methods categorised by on the methods they utilised
Ravichandar et al. (2020)
for the user to directly record the control command within the reaching limit of the industrial
robotic arm which in turn removes the correspondence problem and allows for a precise record
of the robotic arm motions. Despite all the benefits, Kinesthetic teaching has a good number
of limitations. Its applicability is limited to robot manipulators. It cannot be applied in other
robotics platforms such as mobile robots and legged robots, where the demonstrations are more
challenging than robot manipulators.
Teleoperation: Originally, the objective of teleoperation was to enable the control of a
robotic system from a distance in a complex and hazardous environment Bluethmann et al.
(2003). Most teleoperation techniques are performed with interaction interfaces like a haptic Phantom Omni, which provides force-feedback to the human operator for effective control of
the robot. Alternatively, a vision sensor such as the Kinect sensor can pass control motions
to the target robot. Or even through a joystick and other means and devices (Fig. 2.1 (b)).
This form of demonstration input has been widely applied in task learning Peters et al. (2003),
trajectory learning Abbeel et al. (2010), and grasping Whitney et al. (2020). In teleoperation
teaching, additional support might be given to the robot to redefine the task being taught. In
this setting, the robot learner could be halted at any point to redefine the teaching to suit the
desired task Lee & Ott (2011). This approach is easy to use and safer as users do not have to
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be in the same place as the robot before it is used. Another benefit of teleoperation is that it
could be applied in more complex robotics platforms, including mobile robots for underwater
exploration Havoutis & Calinon (2019). This learning approach is also safe for the human
operator; however, it is characterised by the correspondence problem. This problem arises
because it is challenging to directly map joint angles or the link lengths of the demonstrator
to that of the robot due to the variation in joints or link length Mohammad & Nishida (2013).
Other limitations include that additional hardware (e.g., VR, headset, vision sensor) is needed
for the operation, and, sometimes, more training time is required for the user to get familiarised
with.
Observation learning: The observation approach allows the robot to learn from the human
demonstration by passively observing the demonstrator perform the task Borsa et al. (2017);
Lee et al. (2011); Schaal (1999). In this form of demonstration, most of the time, the user
uses his body to perform the demonstration with sensors attached at the locations of interest
as shown in Fig. 2.1 c. The robot does not participate in executing the task at the learning
stage, as it only acts as a passive observer. This kind of demonstration is relatively easy for
users and requires little or no training before the user can use it. It is suitable for complex
platform applications such as high-DOF robotics systems and humanoid robotics systems where
Kinesthetic teaching is not applicable. The peculiar challenge with Kinesthetic teaching is the
difficulties in learning mapping strategy from the human demonstrator to the robot learner. It is
also characterised by occlusion and drips in the sensor, which causes noises to the observed
demonstrations. However, these challenges have not inhibited the broad application of the
approach in various tasks. It has been successfully applied in the autonomous driving cars
Codevilla et al. (2018), in knot tying operation Schulman et al. (2016), and in collaborative
furniture assembling tasks Hayes & Scassellati (2014).
Table 2.1 Features off the learning by demonstration methods categorised based on demonstrations.

Demonstration
Techniques

Correspondence
problem

Kinesthetic Teaching Low
Teleoperation
High
Observations
Very High

Hardware
Requirement

Ease to Map Training
Time

Low
Low
High

Yes
Yes
No

Low
High
High
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Each of these learning interfaces has its weakness and strength. For instance, the teleoperationvisual teaching approach is characterised by variation in a human-robot embodiment and other
challenging issues, as explored here.
However, among all the approaches, teleoperation is the only one that can allow a robot
to learn human skills more naturally in a human-like manner when the embodiment of the
two resembles. It also allows human skill acquisition at trajectory level, which in turn returns
vital information such as the kinematics data – velocity, acceleration; works-cell information –
grasping target position of the object of interaction, the required pose of the gripper, and the
obstacle avoidance parameters Sheridan (2016). Based on these reasons, teleoperation will
remain an indispensable teaching approach in robot learning from human demonstrations.
There are several attempts made in the past to address this challenging issue. One way
to approach it, is to avail the demonstrator the opportunity to modify the demonstration
Argall (2011); Lee (2017); Mueller et al. (2018) in a case that certain joint configurations
cannot be achieved by the robotic arm due to the correspondence issue. This approach can
prevail in simple demonstrations, though it is time-consuming and not feasible where complex
manipulation is required. Another attempt reported in the literature is the use of incremental
inverse kinematics Ijspeert et al. (2002). This idea believes that the correspondence issues can
be minimised by the deviation error in the robot’s controller either at the task or configuration
space. Unfortunately, this approach can only guarantee a linear relationship between the joints
but cannot transverse in the case of singularity.
A further approach that has been proposed is the discrete-time adaptive strategy, where
an impedance controller is constructed to regulate the relation between force and motions.
A discrete-time employs the principle of mapping discrete inputs to discrete outputs of the
associated instrumental devices. Liang et al. (2016) made use of this approach in a proposed
augmented geometric vector human hand stiffness skill transfer to a robot manipulator. A
similar approach was used in Li et al. (2016) for human-robot motion regulation transfer.
Furthermore, due to its simple control nature and suitability for real-time control, this idea
has been employed in a proposed robot object manipulator that aims to be applied for the
rehabilitation of persons with a hand disability Shoupu et al. (1994).
Due to the limited in the previously proposed approaches, as it relates to human-robot arm
motion skill transfer, it is necessary to investigate the issue further. The idea proposed in this
thesis aims to minimise the singularity effect and enforce easy utilisation of the workspace,
which fosters robustness in the visual-teleoperated teaching approach of learning from demonstration. The workspace is better utilised when the robot can use its maximum reaching length
because it is not hunted by singularity. Additionally, it can reduce the effect of correspondence
in the human-robot arm skill manipulation transfer.

12

2.1.1

Literature Review

Human-Robotic Arm Mapping

Because of the similarity between the Kinect extracted human skeleton and the structure of
the humanoid robot’s embodiment, the 3D human model approach has been used to transfer
human skills to a robotic system without further consideration of the correspondence issue Ofli
et al. (2014). Furthermore, the human skeleton allows a human body joint coordinates to be
extracted and utilised for robot imitation learning.
However, that is not the case for a robotic arm because there are variations in the structural
view, kinematic, and even the dynamics of the human arm is different from that of the industrial
robotic arm. This problem is part of the "how to imitate problem" in LfD, which this chapter
contributes. A few methodologies (e.g., kinematic teaching) can bypass this issue by allowing
human hand motion demonstrations in the robotic arm’s joint space Maeda et al. (2017).
However, it is hard and practically unimaginable to directly conduct such demonstrations for a
complex task in a dynamic environment using a robotic arm with a high dimensional degree
of freedom. Thus, the robot can only learn diverse and intricate tasks by mapping the robot’s
embodiment with the observed human demonstrations. The human arm motion can be mapped
to the robotic arm in two ways:
Goal-directed Mapping: This approach employs the inverse kinematics to estimate the variable vectors of the robotic arm joint parameters necessary to effectively guide the robotic arm
end-effector to a desired transformation with reference to the pose of the goal frame. Nunez
et al. (2012) proposed to represent robot trajectory in an end-effector space and applied the
inverse kinematic resolver to map the motion trajectory unto the robot joint. This approach
provides a solution with minimal computational cost; however, it is not suitable for gesture
imitation due to the different restrictions it introduces to the robotic system’s joint locations.
Similarly, Jäkel et al. (2012) proposed a framework to collect motion data from a human arm
motion demonstration and transfer it to an industrial robotic arm with a focus just on how the
human arm motion will relate with the frame of the object of interest rather than the sequences
of actions to achieve the said task. With this approach, the correspondence problem is handled
with a trade-off on the task’s speedy completion. Consequently, these objective coordinated
approaches are simple to implement but fail to constrain any part of the manipulator except the
wrist.
Trajectory-directed Mapping: The trajectory-directed approaches have been proposed to
mimic human gestures. This approach can permit a straightforward process to represent each
joint’s towards having an adequate impersonation performance. Pastor et al. (2009) proposed a
joint position constraint approach to model a robotics arm and directly map human skeleton
movements captured by a Kinect to the robotic arms using the trajectory-directed mapping
approach. Rather than learning an optical model of a motion trajectory, Kingma et al. (2014)
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utilised the IK model of a robotic system to generate the joint angles with regard to a given
location of the robotic arm end-effector in relation to the body centre mass of a humanoid
robot and afterwards modified points coordinates of the human body framework to ensure
stability. The trajectory-direction methodologies promise to learn the most challenging human
arm motions that robots find difficult to approximate. Due to its notable advantages over
counterparts, this thesis adopts the trajectory-direction approach to lay the foundation for the
human arm to robotic arm mapping strategy.

2.2

Motion Trajectory Learning Methods

This subsection presents a review of the human motion learning method adopted in this research.
The human motion trajectory learning method discussed are the Gaussian Mixture Models
(GMM) and the Gaussian Mixture Regression (GMR), Dynamic Movement Primitive, Kalma
filter and Artificial Potential Field.

2.2.1

Gaussian Mixture Model

With the Gaussian Mixture Model (GMM), which can permit subjectively more than one
trajectory demonstration with a few training parameters, the robot’s motion trajectory could be
modelled. Assuming a robot demonstrated trajectory for a collection of time t = (t1 ,t2 , ...,tN )T ,
over a vector distribution of x = (x1 , x2 , ..., xN )T and with the Gaussian of Kth components of a
D-dimensional distribution. This distribution is defined as:
M


p xj θ =

∑ πmN

x j |µm , Σm



(2.1)

m=1


Where p x j k = (x j ; µ m , Σm ) is the set of the model parameters; µm is the mean and Σm is
the covariance matrix of the Gaussian distribution, and (πm ) is the prior of the j-th component,
and exp is the exponential function. Each cluster is assigned a cluster weight (πm ) that accounts
for each class’s relative proportion in the dataset. Each weight must lie between 0 and 1 and,
the sum of the mixture weight across the clusters must be equal to 1 as shown in Eq. 4.2.
M

∑ πm = 1

(2.2)

0 ⩽ πm ⩽ 1

(2.3)

m=1
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N (xm ; µm , Σm ) =
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µ
)
i
m Σ (xi − µm ))
D p
2
(2π) 2 |Σm |

(2.4)

Choosing the optimal value for the K-component is challenging. Nevertheless, the optimal
K value can be estimated by using the model selection process like the information criteria
Akaike (1974). The process of fitting multiple models to a given dataset and selecting one
among others is known as model selection. The information criteria are probabilistic model
selections that provide an analytical technique for scoring and choosing among candidate
models.
There are different statistical models of the information criteria in the literature. Each comes
with its advantages and disadvantages; however, the Bayesian Information Criterion (BIC) and
Akaike Information Criterion (AIC) have fast-fitting features. Each of these criteria was derived
from a different perspective or field of study. The BIC is drived from the Bayesian probability,
while the AIC is named after the frequentist framework developed by Hirotugu Akaike Robert
(2014). While fitting a model, the probability of the model being closely estimated can be
achieved by increasing the statistical parameters, but doing so can lead to overfitting. A way to
resolve this problem for both the AIC and BIC is by adding a penalty term for every parameter
in the model John Lu (2010). The introduced penalty term is often more significant in BIC
than in AIC. In the context of a regression, where the model parameter is not a member of
the chosen dataset, the AIC is asymptotically optimal in selecting "true model" and converges
quicker than the BIC does Yong (2005).

2.2.2

Gaussian Mixture Regression

Gaussian Mixture Regression (GMR) utilises Gaussian condition theorem in estimating the
conditional expectation of the outcome given the observed dataset Cohn et al. (1996). For the
GMR to fit the regression function, the GMM must be estimated by encoding the demonstrated
instructions of the expectation and the result of the demonstration using the Expectation
Maximisation (EM) algorithm. Therefore, the GMR relies on the learned joint distribution to
fit the regression function. After the Mean and Covariance matrix of the estimated Gaussians
are retrieved from EM algorithm, the conditional expectation Y ∈ Rq given the input data
X∈ R p is inferred by the GMR. It is well adapted for real-life application because of its low
computational complexity, as it relies solely on the Mean of the trajectory and the Covariance to
estimate the expected values. Because a small number of parameters is required to compute the
GMR, it is easy to combine the algorithm with other methods to improve their application area.
In addition, other regressional methods like the Gaussian process regression Schneider & Ertel
(2010), and Probabilistic Movement Primitives Paraschos et al. (2013), which as discriminative
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in nature and cannot model a sample like p(x, y). However, GMR is a generative model which
can model a sample like p(x | y) instead. Hence, a generative model is an excellent method to
generate a sample like (xi , yi ).
In this thesis, the GMR was used to retrieve from the GMG smooth trajectory which has
generalised over a set of observed trajectories because of its low computational complexity.
Thus, the conditional expectation of xs given xt is computed as presented here:
"

#
µt,m
µk =
,
µs,m


Σtt,m
Σm =
Σst,m

Σts,m
Σss,m


(2.5)

Due to the unique combination property of the Gaussian conditioning theorem, the conditional expectation of xs,m given xt , can be computed as follow:

2.2.3

xs,m = µs,m + Σst,m (Σt,m )−1 (xt − µt,m ),

(2.6)

Σs,m = Σs,m − Σst,m (Σt,m )−1 Σts,m

(2.7)

The Dynamic Movement Primitives

DMPs are a set of dynamic systems (DS) that can encode various trajectories artefact Schaal
(2006); Wensing & Slotine (2017). It can allow the encoding of joint positions, joint force, or
Cartesians positions. The DMPs is classified into discrete and rhythmic movements primitives.
In discrete DMPs, the DS acts as a point attractor that decays from 1 to 0. In contrast, in
rhythmic DMPs, the system repeats indefinitely, thus demanding a limit cycle such as the cosine
function that can lay out a function ranging from 0 to 2π. The work in this project focuses on
discrete movements, as it can integrate a linear differential equation perturbed by an external
forcing term, which is synonymous with the problem this project is dealing with. The core of
the discrete DMPs is shown in Eq. 2.8 as a typical PD controller which drives a system from
its current state which is represented with x to a goal state, represented as g Schaal (2006).
τ v̇ = K(g − x) − Dv + (g − x0 ) f

(2.8)

τ ẋ = v

(2.9)

From the equation, the variable x denotes the current location of the DS, and v denotes
the velocity of the DS. Again, the variables x0 is the DS prior starting point, and g is the
target positions of the DS. The variable τ is used as scaling factor, and the spring constant is
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represented with a variable K. Furthermore, the damping term for ensuring a critically damped
DS is represented in the equation with the variable D. As it is not only important for the robot
to successfully get to the goal position but also necessary to generalise to arbitrarily complex
movements, hence, the reason a non-linear function f is introduced in the dynamic system
equation as fomulated in Eq. 2.10. This non-linear function must be learned to sustain the
system when perturbed Pastor et al. (2009):
f (s) =

∑i wi ψi (s)s
∑i ψi (s)

(2.10)

Fig. 2.2 The activation bar is displayed at the upper part of the figure. The summation weights
are displayed at the lower part of the figure with the bar plot DeWolf (2014).
The non-linear force is actually a function of weighted Gaussian function ψi (s) = exp(hi (sci )2).
Here ci , hi , and wi are the centre, width and adjustable weights respectively. The phase variable
s has a huge influence in determining the outcome of the function f . The values of the function
s varies from 1 to 0 when on motion and it can be derived from the canonical system (DS)
equation as presented in Eq. 2.11 below. Here the value of α is chosen analytically and stated
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at the start of the system operation.
τ ṡ = −αs

(2.11)

The general steps involved in using the DMPs to learning a motion from demonstrated
instructions involve: take the derivative of the motion x(t) and compute the velocity v(t) and
˙ Next, compute the CS for a suitably improved transient scaling factor τ.
acceleration v(t).
Then estimate the arrays of the target function ftarget(s) as shown in Eq. 2.12.
ftarget (s) =

−K(g − x) + Dv + τ v̇
g − x0

(2.12)

The problem of the DS can be reduced to linear regression problem once the variables x is
reset to x(0) and g is reset to x(T ), too. Then to minise the error criterion given by the equation
(J=Σ s( ftarget(s) − f (s)) ) the learning weight is resolved.

Fig. 2.3 A presentation of one-dimensional canonical framework that can move the non-linear
function that perturbs the transformation framework DeWolf (2014).
Then, when the weights wi is reused a motion plan which can move the DS from a give
position x to a desired target state g is generated, provided CS setting is at the value of s=1.
When all these condition is through, the phase variable can then drive f to compute the desired
attractor as illustrated in Fig. 2.3.
The DMPs have successfully been employed for behaviour cloning motion primitives for
linear DS. Pastor et al. (2009) used the second-order derivative for describing the dynamics of
a robotic arm to enable it perform hand imitation motions. The primary benefit of the DMPs is
that it is robust to disturbance, as it allows a system to automatically correct its operations when
faced with a difficult situation such as object manipulation in a spaced constraint environment.
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Kalman Filter

Kalman filter is a set of computational algorithms that uses a series of noisy or inaccurate
data observed over time to estimates unknown variables ( state of a process) with more
certainty Welch et al. (1995). Due to its numerous computational capabilities, it has widely and
successfully been employed in computer vision for object tracking. In addition, its application
is generally evident in other fields, including robotic for object detection and tracking for
motion manipulations.
The Kalman filter can be represented with the status and observation equations. The status
equation is a linear representation of the system noise wk and the control uk−1 vectors with
respect to the status vector xk as presented in Eq. 2.13. The observation equation is a linear
representation of status and observation noise vectors in connection with the observation matrix
as presented in Eq. 2.14. A dynamic model of a system can be represented with a reliable
correlation of observation and status equations. The observation equation is defined as shown
in Eq. 2.14.
xk = Axk−1 + Buk−1 + wk

(2.13)

zk = Hxk + vk

(2.14)

From equations 2.14 and 2.13, xk is the status vector of the system being observed, the
other variable zk is the observation vector. Both the staus and the observation vectors have
corresponding matrices, represented with variables A and H. The other variables account for
the system and observation noise, respectively, while the control vector is represented with
uk−1 .
Basically, the Kalman filter comprises two processing stages. The process is like a feedback
control that iterates over time and the ’measurement’, also known as the sensor’s actual
measurement. These two steps processes are also known as prediction and correction updates.
The predictions model dares to predict the system’s state in the future, whereas the correction
model updates the estimated value with the observed noise. The Kalman filter is exceptionally
unique in a few cases; it can support the estimation of the past state of a system, and even the
present and the future states of a dynamic system. Moreover, the Kalman filter can achieve all
these activities even when the object’s actual state is unknown.
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Artificial Potential Field

As the industrial robotic arm needs to manoeuvre some manipulations from an original point
location to the desired goal point, it sometimes faces static, pop-up and dynamics obstacles.
Because of that, the robot needs re-plan a new path. Many motion planning algorithms that have
been used to compute collision-free path include Dynamic roadmaps (DRM) Kunz et al. (2010);
Leven & Hutchinson (2002), Rapidly Exploring Random Trees (RRT) Bircher et al. (2017);
Zamani et al. (2019), and elastic Brock & Khatib (2002); Yang & Brock (2010) and the artificial
potential field (APF) Khatib (1985), to name a few. There have been improvements made using
these approaches; but, apart from the APF, the rest are computationally complex. APF is simple
to implement and also suitable for real-time applications owing to its fast computational time.
In APF, the repulsive field (RF) is generated by the obstacle, and the goal point or position
target generates the attractive field (AF). The RF pulls the robotic system away from the
obstacle’s identified contact or closest point, and the AF pulls the robot towards the goal
position. Let us elaborate on these two components of the APF principle. Assuming a robot
needs to be guided from its current position "A" to another position "B" in an environment
with and an obstacle "O". Then the APF is tasked to cause the target point to generate an AF
that moves the robotic arm towards the goal position "B". Conversely, the APF causes the
obstacle to generate an RF to push the robotic arm away from itself whenever the threshold
distance between the robotic arm contact point and the obstacle’s contact point "O" is less than
the defined distance threshold. In other words, AF Eq. 2.15 pulls the robot to the target point
while the RP Eq. 2.18 is applied to enable the robot to avoid obstacles. The AF is presented as:
1
UAT (q) = ηρ 2
(2.15)
2
Here, η is a positive scaling factor. The robot position is represented with q while the
distance from the robot wrist to the target is represented with ρ. If the operation is performed
on a 2-D plane, then the Cartesian coordinates of the wrist and the target can be represented as
vectors of [xr1 , xr2 ]T and [xg1 , xg2 ]T respectively. Then the difference between the two can be
presented as shown in Eq. 2.20 Weerakoon (2016).
q
ρ = (xr1 − xg1 )2 + (yr2 − yg2 )2

(2.16)

When the distance between them is known, the attractive force could then be computed as
the negative differential of the attractive force AF as shown in Eq. 2.17.
F(AT)(q) = −∇UAT (q) = ηρ

(2.17)
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The other part of the AFP is the repulsive force which is represented in Eq. 2.18.

Urep (q) =


 1 k(
2

1
1 2
d(x) ) − d0 )

: d(x) ≤ d0

(2.18)

: d(x) > d0

0,

The RF equation comes with a few parameters that influence the robot’s response to the
obstacle. The first of these parameters is k, known as the gain coefficient of the RF. Others
are the minimum distance the robot must maintain from the obstacle d(x) and the threshold
distance d0 which must be less than d(x) before the action of the APF can switch to repulsive
mode Eq. 2.19.

k( 1 ) − 1 ) 1 ▽d(x) : d(x) ≤ d0
d0 d 2 (x)
d(x)
Frep (q) = −∇Urep (q) =
0
: d(x) > d0

(2.19)

q
dx = (xr − xo )2 + (yr − yo )2

(2.20)

Because each of the obstacles within the robot’s workspace generates a certain amount
of RF to continually keep the robot away from colliding with objects within the scene, the
resultant RF is the sum of the RF caused by all the obstacles that are within the robotic arm
reaching points and operational space. Therefore, the total RF is presented in Eq. 2.21.
N

Urept (q) = ∑ Urepi (q)

(2.21)

i=1

Then, for the robotic arm to successfully be guided from its originating point to the target
point while avoiding obstacles, it must follow the direction of the resultant forces, which is
the sum of RP and AF. In other words, the PF will cause the robot to comfortably maintain a
distance from the obstacle and get to the target point because its motion is perfectly influenced
by the resultant gradients of the AF and RF. Equation 2.22 represents the resultant field force.
Fnet = FAT + Frep

(2.22)

2.3 Learning Method Classification

2.3
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Learning Method Classification

Despite the unique features of different learning processes in LfD as presented in this chapter,
they can be categorised based on their learning outcomes. The learning outcome classification
depends on the kind of problem at hand, the associated constraints, and the approaches to tackle
such a problem. For instance, while some tasks will need learning low-level behaviour of the
robot, others might need to learn interdependent behaviours or high-level behaviour of the
robot operation to carry out basic operations. In some cases, a hybrid of learning behaviours
is required to accomplish a task. Generally, the three main categories for sub diving learning
methods with varying outcomes are policy, cost/ reward and plan as depicted in Fig 2.4.

Fig. 2.4 Classification of leaning methods based on what is learned.

2.3.1

Policy-based Learning

Policy-based learning believes in the existence of a direct mapping function that defines a
system’s desired behaviour. In other words, policy-based learning defines a domain that maps
its information into the associated variable with an action space. Scientifically, policy-based
learning can be expressed as π: X1 → Y1 , where the variable X denotes the variable from the
input space, Y is the variable from the action space, and π is the policy that must be learned in
order to generate states trajectories x(t) that imitate the sampled trajectories. The most crucial
decision in choosing a policy learning method is identifying the correct policy input. The
chosen method must be enough to cover the necessary information that will produce the ideal
action. The learning policy input variables can be grouped into time, state and raw observation.
Each of these input dependent policies has its pros and cons.
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The time-based policy input method provides a function that maps time into appropriate
actions in the action space. This kind of policy learning underpins the relevant information
in time-space and its correlation with the action space; hence, the process’s operation is
entirely independent of the feedback from the policy output or state Reiner et al. (2014).
With references to several applications, the time-based policy input has shown its strength
in recognising significant features with time relations Ahmadzadeh et al. (2016); Paxton
et al. (2015). Furthermore, this policy-based input has been used to identify critical temporal
constraints for a robot to generalise trajectory to a new task involving different start and goal
points Paraschos et al. (2013). Time-driving policies have several advantages, but they are
characterised by one notable limitation: the lack of robustness to perturbations. This limitation
is because they are primarily time-dependent inputs and cannot detect object state change which
is the crucial factor that generates perturbation in an environment. Therefore, applying the
method is optimal only in cases where they system is driven by time, and will not be exposed
to unexpected disturbance or changes in the environment.
Policy-based learning can also be classified based on the relation of the state of the process.
This type of policy belief is that the state of the observing process can reveal the underlying
features to explain the operational process of the said system. Hence, the state is enough to be
used as the input policy of the understudied system. Different states variables could be seen
and employed in the field of robot learning and automation. Examples of such states are the
end-effector position Rana et al. (2018a), force Kober et al. (2015), velocity Khansari-Zadeh &
Billard (2011), joint angles Amor et al. (2014), torques Deniša et al. (2015) and orientation
chaandar Ravichandar & Dani (2019). This approach has several advantages: it allows direct
mapping of a system’s state to the appropriate action, allowing the robot operation to be reactive
to disturbances within the robot operational space. Despite its numerous advantages, this
approach can be computationally expensive due to the high dimensionality of the workspace.
Raw observation: This class of policy-input learning works by mapping directly raw
observation to actions in a manner of end-to-end operation. The approach is the type that
determines the appropriate actions from a pool of data gathered from high-dimensional input
devices such as vision camera Cosgun et al. (2019). Due to the complexity of input dataset,
this policy, requires processing information of high computational resources and complex
relationships. With the recent advancement in deep learning, this policy input class is gaining
recognition in the robotics and automation research fields. However, this approach’s limitation
is akin to deep learning limitations as it does require a vast amount of dataset which perhaps
increase computational cost of the training process.

2.4 Other Related Work
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Primitives/Plan-based Learning

Primitive-based learning is the type that learns at the highest level of task abstraction. It
assumes that task operations are composed of several sub-task primitive actions Konidaris et al.
(2012). This kind of policy learning encodes demonstrations into a particular pattern to enable
the robot to go through the sub-tasks one by one until the finite task is executed. Segmentation
is the key in primitive based learning as such demonstrations always contain several sub-task
which exhibits similar orders Kroemer et al. (2015). In this kind of planning policy, sometimes
the task plan is usually either in pre-condition state or post-condition state. The pre-condition
stipulates conditions that must be satisfied before attending to the sub-tasks.

2.3.3

Cost/Reward-based Learning

The techniques believe that the ideal behaviour of a system depends on the qualitative optimisation of hidden functions. Hence, the system’s underlying features can be understudied by
extracting unknown functions from the existing demonstrations and, after that, allow the robot
to repeat the acquired behaviour by optimising identified functions. This technique comprises
two distinct parts, trajectory optimisation and inverse reinforcement. Trajectory optimisation
can be applied in learning robot trajectories to enhance smooth and efficient motion Schulman
et al. (2013). The conventional optimisation method only permits predefined cost functions
for the desired trajectory to be achieved; however, the learning by demonstrations enhances
this approach by considering the hidden cost functions as parameters to be learned during
demonstration Bajcsy et al. (2017); Ravichandar et al. (2019). Another popular method to learn
cost in robot learning from demonstration is inverse reinforcement learning. Despite all the
benefits, the cost-based policy function has its unique challenges: being sensitive to sub-optimal
demonstrations; hence, a little disturbance in the system can cause a significant influence on the
system’s performance. When comparing the reward function used in reinforcement learning, it
faces the challenge of needing a large number of episodes to converge, which is always hard to
drive.

2.4

Other Related Work

The reaching skill is a common action human being employ in every day-to-day activities.
As human, it is easy to move the hand to reach a point of target without pushing down any
obstacle on their path. As vital as it might be, it is not easy for a robotics systems to perform
such operation.However, this adaptive skill is of great necessity for a collaborative robotic
arm to work with a human operator in accomplishing tasks like assembling parts in a factory
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and other similar activities. Again, the current rising demand for collaborative robotic arms
in the industries is another indication that the need to develop control policies to improve the
robot’s ability to work in static and dynamic environments while effectively collaborating with
human users is essential. However, despite this increase in demand, most recent robot LfD
approaches (e.g. Rai et al. (2017); Sangiovanni et al. (2018)) have only strived to make a
robotic arm learn control policies to avoid stationary objects/obstacles for high-level trajectory
tasks. Consequently, how a robot should react on getting in touch with a new case or incident,
or untaught tasks or states is still a challenging problem yet to be addressed.
Another proposed method for this situation in the past is to use a corrective method, which
is a type of method that allows the human teacher to provide additional task examples to the
robot at the reproduction stage Karlsson et al. (2017); Niekum et al. (2015). This approach
is actually fit for the purpose; however, it comes with trade-off because it is time-consuming
and increases the model complexity. Another approach towards providing a solution to this
challenging problem is to explicitly consider all possible scenarios during the training session
Calinon et al. (2014); Tanwani & Calinon (2016). A work by Tanwani & Calinon (2016)
proposed a movement encoding imitation framework that extracts essential features of motion
trajectories to enable a robot to autonomously repeat a task and adapt to variations in the target
objects start and goal positions. This approach can extract important patterns from a task
process and generalise them to different scenarios even in the dynamic environment in the
presence of obstacles. Nevertheless, the obstacle must be considered during the model learning
stage. Therefore, the applicability of the method is limited because it entirely depends on the
availability of similar the trained dataset.
Different proposed methods have employed motion planning principles which of course can
compute the collision-free path that can guide a robotic arm through a task Kang Shin & McKay
(1986) successfully. Additional research works proposed and employed other motion planning
algorithms, like the Dynamic roadmaps (DRM) Kunz et al. (2010); Leven & Hutchinson (2002),
Rapidly Exploring Random Trees (RRT) Bircher et al. (2017); Zamani et al. (2019), and elastic
Brock & Khatib (2002); Yang & Brock (2010) to bring about flexibility and render succour to
this problem. Although these approaches have made measurable improvements, however, they
are computationally complex due to the complexity of the input configuration.
In another approach, the Dynamic Movement Primitives (DMPs) has been used to compute
the feasibility motion planning in a complex environment Ijspeert et al. (2013). DMPs allow
a robotic arm generated a trajectory from demonstrations and have it represented as a single
damped linear string disturbed by the presence of an external force. DMPs allow a learned skill
to be generalised to a new goal state, but it is sensitive to temporal perturbation because it is
implicitly time-dependent. This technique was used in Kober et al. (2015) to create a planner
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which applies non-linear differential equations to create a control function that permits a robotic
arm to generate trajectory generalisation to an entirely new goal position in a robotic arm object
pick and place experiment. However, the approach proposed here can only be suitable when
the start and goal positions of the reaching points are defined with a specific obstacle control
policy. Hence making it difficult for a novice user to use as it will need redesigning the entire
control policies for a different set of task. Another significant downside of the DMPs is that
it limits the ability of the robot to learn variations of the task as DMPs permits only single
demonstration input. In contrast, this thesis proposes, in addition to the mean of the distribution
of a task sample, to fuse in how much the distribution variation into the control policy such that
it can express the skills demonstrated more efficiently.
In contrast, the GMM/GMR, which are statistical models unlike the DMPs allows multiple
demonstrations of the same task, encouraging the inclusion of variations in the input demonstration, which increases the robot’s ability to learn from more comprehensive demonstrations.
This combination of probabilistic models is famous because they require a few parameters
for the learning to converge Wiest et al. (2012). Several authors have used this approach in
teaching a robot how to perform a task. The work by Billard et al. (2008) encodes the robot
trajectory demonstrations with the GMM and retrieved the optimal averaging trajectory using
the GMR. Also, in Rana et al. (2018b), the authors added the environmental constraints into the
model at the demonstration stage. This aims to empower the robotic arm gain understanding of
all the factors influencing the robot behaviour at the demonstration stage. However, this method
is time-consuming as it is challenging to learn all the task constraints at the demonstration stage.
To solve this problem, this thesis proposes an approach that will estimate the task constraints at
the demonstration stage and employ a reactive approach at the reproduction stage to support
the robot to accomplish the task.
Recently, many researchers have strived to merge more than one learning approach to
exploit their unique learning strengths to overcome complex demonstrations. For example,
Calinon et al. (2012) used the GMM to encode a set of demonstrations for a virtual spring
damper and employed the Gaussian Mixture Regression to generate the desired direction. Then
the DMP was employed in finding a control function that pulled the robot manipulator to the
position of the new goal point at the reproduction state. Similarly, in Ghalamzan E. et al. (2015),
the authors explored GMM/GMR’s strength to learn the optimal control for a demonstrated
trajectory motion and employed the inverse reinforcement learning (IRL) in reshaping the
motion trajectory to satisfy both tasks and environment constraints.
A stream of research (Ragaglia et al. (2018), Calinon et al. (2010) proposed a similar way
that uses DMP to acquire coupling terms of an obstacle avoidance control policy derived from
GMM/GMR and then add acceleration term (AT) to the DMP to enable the robot to avoid
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collision with obstacles. However, the approach would be more challenging to interpret and
use for different tasks; hence a non-expert user would not be able to teach a robot the desired
policy using this method. Some other authors (Gams et al. (2015); Rai et al. (2017)) method
learns the forward and backward feedback of a human arm demonstration using an artificial
neural network (ANN) and DMP. Although such a unified framework can solve the problem
presented in this chapter, however, it would be time-consuming, as it would require general
modification of the entire trajectory even though a local deviation from the obstacle position
would be sufficient to solve the problem.
Although the LfD models and and several approaches for robotic arm obstacle avoidance
have been widely studied in the literature, the state-of-the-art methods barely considered
situations where the robotic arm must generalise a task in a static and dynamic environment,
such as where objects move around uncontrollably. Thus, this thesis makes another contribution
to knowledge an approach that combines a probabilistic method (GMM/GMR) and the reactive
real-time cost functions of the environmental constraint to provide a control policy that satisfies
the task and environmental constraints in a static and dynamic environments.

Chapter 3
Human to Robotic Arms Mapping
Strategy
The human-arm motion skills can be captured with a sensory device and transferred to a
robotic arm for the robotic arm to imitate the human arm motions. This approach forms a
part of the human-robot collaboration, which has been used in cutting edge researches for
the implementation of robotics systems employed especially in hazardous areas where human
access needs to be minimised Li et al. (2019). There are several methods by which this kind of
skill transfer could be handled. One of them is the trajectory imitation method which permits
low-level task policies to be transferred to a robot manipulator. The trajectory imitation could
come in the form of teleoperation, which allows a robot to learn human skills more naturally in
a human-like manner due to the resemblance of the two in most cases. The robot’s resemblance
to the human physical structure makes mapping human motion to that of the robotic framework
easier to achieve. However, this is a challenging problem in a robotic arm because of the
variations in the structural view and embodiment between the two.
A few methodologies (e.g., kinematic teaching) can bypass this issue by allowing human hand motion demonstrations to be infused into the robot joint coordinates. However, the
approach is hard to implement and practically unimaginable to directly conduct such demonstrations for a complex task in a dynamic environment using a robotic arm with a high dimensional
degree of freedom. Thus, the robot can only learn diverse and intricate tasks by mapping the
robot’s embodiment with the observed human demonstrations. This problem is part of the "how
to imitate problem" in LfD, which this chapter contributes.
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Human Arm Motion Estimation

This section presents the strategy for trajectory generation and a human arm motion skill
transfer to an industrial robotic manipulator.

3.1.1

Trajectory Generation

With the help of the Kinect sensor, the human arm Cartesian configurations can be captured
and retrieved. The Kinect sensor provides 25 joints 3D-positions of human joints relative to the
camera coordinate. In Fig. 3.1 the geometric representation of the human arm, the Kinect sensor
and the robot manipulator are represented with frames to show their coordinates information
and relations. Building the human arm’s geometric model with the Kinect sensor and the
robot makes it easier to transform the human arm information to the Kinect sensor and then to
the robot manipulator. Then, to acquire relevant information for the end-effector, human arm
Cartesian coordinates retrieved from the Kinect sensor are first mapped to the industrial robotic
arm, and then transformed to obtain the robotic arm end-effector pose. The Cartesian position
is represented as (Xo , Yo , Zo ), and the orientation is represented as (Rollo , Pitcho , Yawo ).
Whereas the joint angles qo of the coordinates space is represented as (qo = (θi )o ) where i = 1 7.

Fig. 3.1 A geometric model representation of the human arm to Kinect transformation and the
strategy for mapping the Cartesian coordinates into the robot space Jha & Chiddarwar (2017).
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To perform the transformation, the pose of the human demonstrator shoulders, elbows and
hands are required and should be normalised. The idea of a normalised vector is applied on the
links between shoulder-elbow, and the elbow-hand as shown in Eq. 3.1 and 3.2 respectively
Jha & Chiddarwar (2017):
NSE =

SC − EC
|SC − EC|

(3.1)

NEH =

EC − HC
|EC − HC|

(3.2)

The variables SC, EC and HC from Eq. 3.1 and 3.2 represent the Cartesian coordinates of
the human arm’s shoulder-elbow, and hands, respectively. Using those information from Eq.
3.3 and Eq. 3.4, the actual position of the forearm and the upper arm can now be computed and
termed the "correct version" of the two positions. So, the correct versions of the elbow and
hand Cartesian coordinates are obtained by exploring these relations and associating them with
the length of the demonstrator’s actual upper (LU ) arm and the demonstrator’s forearm (LF ) as
shown in Eq. 3.3.
ECCr = SC + NSE LU
(3.3)

HCCr = EC + NEH LF

(3.4)

Given the values in Eq. 3.3, the correct pose of the robotic arm is represented as PH =
(HC)Cr = (Xh ,Yh , Zh ) and the original coordinate orientation of the hand can now be represented as [HO = (Rollo , Pitcho , Yawo )]. This information describes the starting (home)
pose of the hand relative to the Kinect Coordinate. Hence, this information is utilised for the
forward Kinematics to obtain a human hand’s transformation matrix relative to the shoulder.
This process is simplified with the help of the Denavit-Hartenberg method. According to the
Denavit-Hartenberg (D-H) method presented in Liang et al. (2016); a frame i can be transformed to another frame i-1 using the equation described in Eq. 3.5:
i−1 T
i

=


cosθi −cosαi sinθi sinαi sinθi li cosθi
 sinθ
cosαi sinθi −sinαi sinθi li sinθi 


i


 0
sinαi
cosαi
di 
0
0
0
1

(3.5)

Using this matrix, a point from a human should, which is equivalent to a frame, could
be transformed from the demonstrator’s shoulder to the hand of the demonstrator S TH . This
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transformation can be expressed as the Kinect coordinate frame’s homogeneous transformation
matrix in relation to the demonstrator’s shoulder. At this point, the frame is ready to be
transformed into the Kinect sensor’s coordinate using this approach K TH = K TS . S TH .
Now, the transformed coordinates of the Kinect sensor to the hand can be represented in a
pose, as a prime value of the original home configuration and the difference is the pose error.
′
′
′
′
Therefore, PH = (Xh ,Yh , Zh ), on the same vein, the original orientation of the hand can now
′
′
′
′
be represented as [HO = (Rollo , Pitcho , Yawo )] where ∆ ε is the pose error which is estimated
′
′
as ∆ ε = PH − PH , [HO - HO ]T . Hence, for the first case where i is assigned to i 1, ∆ ε =
′
′
[PH − PH ], [(HO - HO )i − 1 ]T .

3.1.2

Jacobian Pseudo Inverse

Now, if the difference between the human hand original pose with the reference frame of the
Kinect sensor is given as ∆ ε, and that by minimising the error will ensure a smooth, incremental
motion trajectory in the task space Flash et al. (2013). Then, the same principle can then be
introduced in the joint space to bring about a corresponding incremental motion Buss (2004).
The Jacobian pseudo inverse concept is exploited as ∆ τ = J † ∆ ε. The ∆ τ symbol denotes
the continuous increment in the joint angles, J † is the Jacobian inverse which is calculated by
taking the derivative of the kinematic equation of the robotic arm linear and angular velocities
Jha & Chiddarwar (2017). The ∆ ε is the pose error for the joint angles of the human arm.
Haven obtained an updated value of the human arm joint angles, which is represented as τi+1
= τi + ∆ τ, then substituting it into the forward Kinematics of the human arm as an updated
human arm trajectory will transform the human hand from the shoulder. This transformed
version of the human arm trajectory is ready to be mapped into the robot workspace but needs
smoothing. Thus, the generated trajectory is fitted into the Non-uniform rational B-spline
(NURBS) to provide flexibility and noise-free approximation of the modelled trajectory. The
NURBS curve equation with all the variables is given as follow Gan et al. (2018):
κζ =

∑ni=0 Ni,ρ (ζ )ωi ρi
∑ni=0 Ni,ρ (ζ )ωi

α ≤ζ ≤β

(3.6)

From the Eq. 3.6, ρi denotes the control point, ωi denotes the weight, and Ni,ρ (ζ ) represents
the ρt h degree basis functions. This is described by knot vector, which is neither periodic nor
uniform. The knots are considered as the division points that sub-divides the interval, such as
[ζ0 , ζm ] into the B-spline basis function domain.
ζ = α, ..., α, ζ p+1 , ..., ζm−p−1 , β ...β

3.1 Human Arm Motion Estimation
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For the basis function to be defined, the degree of the basis functions parameter ρ is needed
and the i − th is expressed as ξ , ρ(ζ ). The basis function is expressed as recursive operation as
presented here:

1 i f ζ ≤ ζ < ζ
i
i+i
ξi,0 (ζ ) =
0, Otherwise
ξi,p (ζ ) =

(3.7)

ζi+ρ+1 − ζ
ζ − ζi
ξi,ρ−1 (ζ ) +
ξi+1,ρ−1 (ζ )
ζi+ρ − ζi
ζi+ρ+1 − ζi+1

Equation 3.7 indicates that the value of ξ i, 0(ζ ) is 1 when ζ is less than ζi and greater than
ζi+i . Consequently, the transformed trajectory formed using the relation PR = PHA RHR obtains
an optimised trajectory that is fit to move the robotic arm smoothly. The variable PR refers to
the pose of the robot reference frame; PHA represents the optimised matrix that expresses the
human hand pose, PHR denotes the homogeneous transformation that relates the human arm
pose with that of the robotic arm.

3.1.3

Singularity Check

When a manipulator in operation loses one or more ranks from its degrees of freedom Chiaverini
et al. (1994) singularity occurs. Put in another way; singularity results in one of the robotic
joints forming a collinear alignment with one or more joints. The more axes a robot has, the
more the possibility of singularity occurrence. When singularity occurs, it results in loss of
mobility of the robot manipulator and instability in the robot motion, including the end-effector
Di Vito et al. (2017). It also leads to an unpredicted robot motion, and the maximum speed of
each joint would not be utilised. There have been several approaches proposed to minimise
the occurrence of singularity in robot manipulators; however, the most popular is the Damped
Least-Square Baerlocher (2001) because it requires a few variables to compute; hence having
minimal computational complexity. The Damped Least-Square is defined as:
†
JDLS
= J T (JJ T + λ 2 Im )−1

(3.8)

The Eq. 3.8 depicts that turning the variable λ can minimise the undesirable effect of the
Kinematics singularity on the robot motion. In this project, the damping method proposed in
Baerlocher (2001) was chosen because of its numerous advantages over other methods.
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i f ηmin ⩾ η ∗

1‘0
p
λ=
ηmin (η ∗ − ηmin ) i f η ∗ /2 < η ∗



η ∗ /2
i f ηmin < η ∗ /2
Given that:
η∗ =

(3.9)

||η̂||
||τ̇|| max

From the Eq. 3.9 ||η̂|| is used to represent the task error norm and ||τ̇|| is used to represent
the maximum velocity the robotic arm will reach. Then, to ensure that each of the joints’ angles
does not clock to zero, the author proposed the inclusion of a small angle on each of the joints.
This is expressed in Eq. 3.1.3
η∗ = (

3.2

||η̂||
)max − (η ∗ min )/2
||τ̇||

Experimental Setup

The experimental setup comprises the human teacher, the Kinect motion capturing sensor and
the Sawyer robot manipulator as presented in Fig. 3.2. For clarity seek, the framework was
categorised into the demonstrator, software and hardware, as discussed in the next section.

Fig. 3.2 A block diagram to describe the motion interaction
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3.2.1

Human User

To allow the human hand-arm motion to be captured by the Kinect sensor, the human demonstrator stands within the Kinect sensor’s view, placed not more than 2m apart in front of the
demonstrator. The Skeleton data is segmented so that only the region of interest (that is, the
human-arm) is collected. Figure. 3.3 starting from (a) to (d) show the demonstrator standing in
front of the Kinect sensor and the human skeleton where the red part of the skeleton shows the
area of interest. For the purpose of maintaining consistency, the position of the Kinect sensor
is fixed, while the human demonstrator needs to keep moving and adjusting until the proper
starting position and posture are achieved. It is this segmented human arm that is captured and
processed.

(a)

(b)

(c)

(d)

Fig. 3.3 Snapshots showing an online Human-arm joint position extraction using the Kinect
sensor. The red skeleton links indicate region of interest.
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The Software Part of the Framework

Processing Software: This application software is an open-source version that is readily
available for both Linux and Windows users to use. Processing has loads of libraries and already
built-in functions that making using it for devices like Kinect sensors so easy Urquijo-Brito
et al. (2019). The processing software makes it possible for the human skeleton information
to be captured at a transmitting rate of 30s per frame. Figure 3.3 illustrates how the human
arm joint information is captured. The proposed optimisation technique is used to process the
extracted data regarding the human-arm position and generate the desired human-arm trajectory.
The generated trajectory was then sent via serial communication to a second server to generate
the robot trajectory sent to the robot controller for task execution.
Transmission Protocol: In this experiment, the channel that links the Kinect sensor and the
industrial robotic arm as shown in the framework, helps ensure instant data transmission
between the devices. The two servers (Processing and Linux) must communicate to send
messages to each other faster. The mainstream messaging systems are the Transmission Control
Protocol (TCP) and the User Datagram Protocol (UDP). TCP communication channel must be
synchronised such that there is no data loss during transmission; however, this has a trade-off
which is slowing down the speed of the transmission Masirap et al. (2016). Conversely, the
UDP provides faster means to transmit data, which is what is required in this project. A time
lag average of 0.4 (s) was noticed during the experiment between when the human-arm motion
was executed and when the robot manipulator imitates the action. This time variation is due to
the computational time used for optimising the trajectory and the data communication lag. For
robot LfD exercises, this lag is insignificant at the demonstration stage as it has no effect on the
robot at the reproduction stage.
Robot Operating System and ROSPY: The controller of the Sawyer industrial robotic arm
has the operational base the Robot Operating System (ROS). ROS comes with many software
libraries and other necessary tools that permit the user to develop of several unique robotic
works, be it in simulation or using a real-life physical robot. It supports various application
software and allows users to combine applications written in MATLAB with Python or C++,
with the help of the robot API. With these applications, programmers can connect to the ROS
tools, including the ROS parameters to perform operations such as publishing and subscribing
to topics.
The robotic model is interfaced with the Rviz-Gazebo applications via ROS. This interface
makes access to robot information such as the robot joint limits, kinematics, motion planning,
perception and other relevant information possible. Furthermore, in a simulation environment,
the move_group can also be used to communicate to the robot through the ROS topics and
other channels (see Fig 3.4).

3.2 Experimental Setup

35

Fig. 3.4 The ROS integration package for the integration of the joint trajectory action server
with the Sawyer robot Fernandez et al. (2015).

3.2.3

Hardware Part of the Framework

The industrial robotic arm used for this experiment is the Sawyer industrial research robotic arm.
Sawyer is an industrial research manipulator which is equipped with eight degrees-of-freedom
(8-DOF). The 7-DOF consists of joints from joint0-joint6 and another on at the arm and head
respectively. The joint on the head is just for the movement of the built-in camera display.
Among all the joints in the arm, only j6 has a different and higher number of DOF (540-degree)
enabling smooth manoeuvring of that joint around an object in its operational space. The other
joints can rotate up to 350-degree. In order to enable Sawyer operate as a collaborative and
research robotic arm, the joints are equipped with sensors and actuators. The robot has an
inbuilt motor encoder in all the joints, except for the head actuator. The presence of those
encoders allows for the joint angles information to be retrieved from the robot when it moved
around. The joints have force/torque sensors that help the robot detect collision and record
torque information. Also attached to the robot is a Cognex camera that helps provide a broader
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view of the robot reaching zone. Lastly, it has a 2-DOF end-effector wrist, enabling it to grasp
objects within its workspace and release them at the desired position.

3.3

Experimental Results

The proposed visual teleoperated system was evaluated by a proof of consent cube stacking task.
A total number of 10 participants participated in the experiment; each participant was tasked to
stack four of the blocks of cubes numbered 1-4 together as represented in Fig. 3.5. The idea of
choosing 10 participants was born from the T-test for sample size validation which shows that
ten persons are enough for a confidence level of 95% to be achieved with a margin error of 0.1.
In this experiment, the positions of the cubes were predefined. The robot gripper’s width was
adjusted to accommodate the 32mm cubes, and all the cubes were situated to ensure they are
within reach of the robot workspace. Each participant was tasked to repeat the task five times
during the demonstration, and the average was taken as the final value. The variability of the
performed demonstrations as the demonstrations primarily depend on the user’s skill. Hence,
each participant is given enough time to familiarise himself with the experimental procedure
before the demonstration. By doing so, the variation margin in the task demonstrated by the
participant is minimised. A similar task procedure was adopted and implemented with the
benchmark related works. During the experiment, the mean joint torque, time of completion
and path length were recorded.
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(a) Assembly blocks

(c) Aligning

(b) Approaching

(d) Assembly

Fig. 3.5 The screenshots of the experiment where the user is tasked to grasp and stack blocks in
order of the numbering.

3.3.1

Model Validation

The three most desirable properties for any teleoperation PbD system are quick task demonstration, reduced torque, and minimal tunning of task parameters. Based on these parameters, the
mapping strategy proposed was evaluated against the benchmarks. The experiment was conducted based on the mean joint torque, path length and time to complete the task as presented
in Table. 3.1. The variable τi is the torque on each joint; i = 1,2,3,...7 presenting the 7-DOF.
For simplicity sake, the proposed method in this chapter and the benchmark methods are
represented with acronyms. So, PL is an acronym for path length; ToC stands for time to
complete, while M1-M3 are acronyms for benchmarks 1-3. These benchmarks are discussed in
the literature review as the demonstration modification method, discrete-time adaptive strategy
and the incremental inverse kinematics methods. From the experiment’s outcome, it is evident
that the approach proposed in this chapter offers multiple advantages over the state-of-art
counterparts. The result in Fig. 3.6 shows that the resources required for the proposed approach
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Table 3.1 The shows details of the outcome of the experiment

Exp
(No.)

Path
τ1
Length (cm.10) (Nm)

1
2
3
4
5
6
7
8
9
10

7.03
7.43
9.04
9.26
8.72
9.53
6.4
8.36
9.32
10.24

τ2
(Nm)

13.035 13.58
22.52 19.86
32.39 13.87
16.985 15.21
9.085 14.33
12.28 17.33
25.83 18.22
16.99 14.33
18.14 15.8
27.44 12.3

τ3
(Nm)

τ4
(Nm)

τ5
(Nm)

τ6
(Nm)

23.45 18.42 11.03 20.45
22.33 17.03 10.23 23.52
18.88 19.09 10.99 26.08
16.35 22.97 12.57 29.83
8.93 24.31 12.93 26.56
20.93 20.23 13.39 20.48
17.58 20.23 19.34 14.16
18.43 21.43 18.23 22.08
17.8 22.12 11.53 13.44
24.6 24.08 14.43 17.12

τ7
(Nm)

Execution
Time (s)

28.08 22.23
41.8 18.43
21.14 17.72
33.44 19.2
21.14 15.82
20.35 14.21
25.31 13.03
30.94 9.01
29.01 9.31
30.1 12.42

Fig. 3.6 The general torque result of the demonstrations
(PL_Me) is lower than those generated using the benchmark methods. This indicates that the
system’s energy efficiency is excellent when using the proposed strategy as it reduced the stress
on the human arm and enabled easy and smooth movement of the robot arm. The general
stability in PL_Me is due to the added slight angle on the robotic arm joints, which suppresses
the tendency of singularity occurrence when the robotic arm is in use. It was noticed that the
PL_M2 performs better than the rest but with a trade-off of longer time to complete a task as
evidenced in Fig 3.7.
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Fig. 3.7 Comparing the proposed approach with the existing approaches in literature based on
the Path length.
Figure 3.7 shows the result that compares the approach propose in this chapter with the
benchmark based on the path lengths of the reproduction of the demonstration. The figure
shows that the PL_Me outperformed the other methods with up to a 5% difference in its
generated path length than the rest of the benchmark methods. This reduction in the path
length is a piece of evidence that the singularity is minimised. This is because robotic arms are
limited to reaching their desirable paths when there are occurrences of singularity during task
execution.
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Fig. 3.8 Time to complete the task compared with the state of the art benchmarks
Another benefit of the approach presented in this chapter over the benchmark is the magic
the inclusion of a trajectory optimisation process that minimises singularity and allows full
utilisation of the robot redundancy. When a user can utilise the full potential of the robotic arm
DOF, it increases the chances of improving the takes completion time. This is evident from
the experimental result as shown in Fig. 3.8. The figure reveals that the total time spent in the
demonstration is relatively lower when using the ToC_Me method than the benchmark.

3.3 Experimental Results
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Summary

This chapter presented a human arm to robotic arm mapping strategy to enable smooth skill
transfer and minimise correspondence issues. Furthermore, the proposed framework minimises
singularity to enable adequate utilisation of redundancy which is readily available in the newly
developed collaborative manipulators such as the Sawyer robot. In addition, the proposed
allows for small angles to be mounted on each robotic joint to minimise the chance of clocking
to zero degrees because singularity occurrence is higher when the joints inclination reaches
zero degrees. Experimental results demonstrated that the proposed framework could minimise
the torque on the robotic arm’s joints during task execution. The experimental result further
shows that the path length of the task execution of a robotic arm could be minimised up to 5%
when the approach proposed in this chapter is applied.

Chapter 4
Adaptive Collision-Free Reaching in
Learning from Demonstration
Most industrial settings are unstructured and sometimes require rearranging the production
line to suit processing needs. In addition, the production line sometimes witnesses unexpected
interferences, like the introduction of a foreign object in the operational space what will cause
obstruction on the path the robotic arm takes. Hence, collaborative industrial robotic arms must
swiftly adapt to changes in the industrial settings where they operate. However, it is rather
challenging to encode such flexibility to an industrial robotic arm, considering how often the
environment changes. While motion planning has offered attractive methods to program robot
motions to adjust its behaviour based on the changes in a dynamic environment like the this
is witnessed industrial settings, its requirements are complicated and expensive to achieve.
Learning from demonstration (LfD) methods, which rely on a human teacher, can guarantee
a platform to handle such a situation effectively. Following the efficacy of the LfD methods,
this chapter proposes a novel LfD method to enable an industrial robotic arm to generalise
trajectory skill in a scene cluttered with obstacles.
In LfD, the robot motion can be generalised by using the probabilistic method (GMM/GMR)
to compute the covariant matrices of the distribution and have the predicted trajectory encoded
with focus on the encode the variability Jaquier et al. (2020). The disparity of the demonstrated
data result to variability in the of each demonstrated task; it also reveals vital information
concerning the task executed. At the reproduction stage, the variability is employed to design a
control policy that manages the robot’s operation in the task scene. However, this variability
cannot attune any action which was not previously captured at the training stage. Therefore,
further demonstrations of the unexplored region of the input space are required to ensure compliances at different phases of the reproduction stage. Another flaw of the previously proposed
approach is that it is computationally complex and unsuitable for real-time applications.
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Therefore, in this chapter, an approach that aims to predict the uncertainty and variation in
the robot trajectory at different reproduction phases simultaneously is proposed. In particular,
the trajectories are predicted using the combination of GMM/GMR and the modified APF
(MAPF) was introduced mainly to adjust the target components affected by the obstacles.
Furthermore, the GMM/GMR defines the prior mean of the trajectory by considering only
the constraints of the observed data, and then the MAPF uses the size of the distribution of
each Gaussian component as a function of the variability to account for the uncertainty at the
reproduction stage. Following these steps, the proposed approach ignores the need for extra
training data required to modulate the robot’s behaviour when reproducing the taught trajectory
in an unexplored region. Fig. 4.1 shows a general framework of the proposed method.

Fig. 4.1 A framework of the proposed adaptive obstacle avoidance method

4.0.1

Learning GMM Parameters

With the Gaussian Mixture Model (GMM), which can permit a subjectively more than one
trajectory demonstrations with a few training parameter, the robot’s motion trajectory could be
modelled. Assuming a robot demonstrated trajectory for a collection of time t = (t1 ,t2 , ...,tN )T ,
over a vector distribution of x = (x1 , x2 , ..., xN )T and with the Gaussian of Kth components of a
D-dimensional distribution. This distribution is defined as:
M


p xj θ =

∑ πmN

x j |µm , Σm



(4.1)

m=1


The variable p x j k is the demonstration from the robot teacher, which is modelled with
the Gaussian model parameters. The model parameters are the mean of the trajectory and
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the covariance matrix represented with µm and Σm respectively. The prior information is
represented with (πm ), and it is for every j − th component of the distribution.

(a)

(c)

(b)

(d)

Fig. 4.2 (a)-(d) show the GMM component modelled from the set of demonstrated trajectories.
Using the GMR, a smooth trajectory that can generalise over a set of observed trajectories
is obtained. However, due to its inability to generalise to unobserved trajectories, this approach
would not fit a situation where the environment is changing continually. Hence a different
approach is required to accomplish such tasks. This limitation is improved in the next two
sections.

4.1

Desired Direction Estimation

The GMR produces an averaging trajectory of the distribution, which cannot provide desirable
precision for an unexplored demonstration due to the variation in the task process or the
environmental scene. This limitation has motivated the interest in proposing that a smooth
GMR produced trajectory could be segmented with fitted elliptical components for easy
motion adjustment of the trajectory when need be. In addition, any fitted ellipses that will be
adjusted must be the ones that closest to the obstacle in the scene. The idea will minimise the
computational complexity of the operation since only sections of the trajectory affected by the
obstacles will be adjusted.

4.1.1

Trajectory Segmentation with Fitted Ellipse

The Gaussian mixture model is made of individually linked components which the number
of the components for a given trajectory is determined empirically. Each component of the
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trajectory represents an ellipse being that probability density function of an isoline is also an
ellipse Lin et al. (2019). With this understanding, the author proposed to fit ellipses to the
GMR generalised trajectory such that Potential field force will be used to adjust any of the
components closer to the obstacle during task reproduction. The first approach to form the
ellipse is to compute the pose and evaluate the eigenvalues and eigenvectors. The equation of
an ellipse, which is centred at (0,0) and aligned to the axes by γx and γy is represented in Eq.
4.2:
 2  2
x
y
+
=1
γx
γy

(4.2)

The GMM shows that the centre of a Gaussian component is the distribution mean; similarly,
it is deduced therefore that the centre of the ellipse is also a mean, and the covariance matrix
could be expressed in the form of the eigenvector [⃗Vi , Di ] = Eig(Σi ). Here, ⃗Vi is the eigenvector
and Σi is the covariance matrix. The pose of the ellipse is modelled as the tan inverse of the
eigenvectors as represented here 4.3.
φ = arctan

⃗V x2
⃗V x1

(4.3)

The variables ⃗V x2 and ⃗V x1 from the Eq. 4.3, are the eigenvectors of the covariance matrix
that corresponds to the largest values of the eigenvalues. The equation also discloses that by
finetuning the ellipse’s eigenvalues, the ellipse alignment is also affected.

4.1.2

Trajectory Component Adjustment

Haven segmented the trajectory into several components as depicted in Fig. 4.3. The black
dotted line that runs across the centre of the components is the retrieved GMR, the average
distribution of the demonstration as modelled by the GMM. Thus, the black-dotted line is the
ideal path for the robot to reach the desired target point, assuming the absence of obstacle in
the scene. Nevertheless, figure 4.3 (a) illustrates that an obstacle is within the robot operational
zone, and the robot must avoid that obstacle to accomplish the task. Therefore, the first action
is to identify how many components of the trajectory require adjustment. From the same Fig.
4.3 (a), it reveals that 3 out of the six components must be adjusted for the robot to accomplish
the task—the process to identify which component must be adjusted if illustrated in Fig. 4.4.
Now that the components have been identified, the modified APF presented in subsection 4.1.3
is applied on the 3-components to adjust them as illustrated in Fig. 4.3 (b) until there is enough
space for the robot to move towards the target point free from colliding with the obstacle.
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(a)

(b)

Fig. 4.3 Figure showing (a) shows the trajectory as the obstacle approaches the robotics arm (b)
shows the component being adjusted by the APF to enable the robot avoid the obstacle.
There are lots of methods proposed in the past to estimate the distance threshold and the
shortest point from the robot’s contact point to the surface of the obstacle Certad et al. (2012).
However, most of the proposed approaches to estimate the distance threshold for component
adjustment are unsuitable for real-time applications because their threshold terms are fixed.
This also implies that the control policy would need reconfiguration when different obstacles
with different shapes are introduced in the scene. Hence, there is a need for a method that is
not fixed and can sample different points locations from the obstacle without minding their
shapes. One of such methods is the analytical method proposed in Weerakoon et al. (2015) and
summarised inhere. It considers an ellipse Fig. 4.4 which has its centre align to x and y axes,
and the surface is (xe , ye ). Having the radii been represented with variables a and b. These
variables a and b are akin to the semi-major and semi-minor axes of the ellipse inclined at an
angle φ . If the coordinates points on the surface of the ellipse are denoted by Pp (x p , y p ) and
point Pe (xe , ye ), then the distance D(Pp , φ ) between the two points is computed as in Eq. 4.4.
q
(D(Pp , φ )) = (x p − xe )2 + (y p − ye )2

(4.4)

From Eq. 4.4, it can be deduced that the distance D(Pp , φ ), is a function of φ , and any value
of φ which drive the differential of D(Pp , φ ) to zero will form the minimum distance which is
Dmin .
D(Pp , φ )
= 0
dφ

(4.5)
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Fig. 4.4 Analytical approach to finding the shortest distance threshold from the segmented
component to the obstacle Weerakoon et al. (2015)
By substituting the values of xe = a.cosφ and ye = a.sinφ , into the equation 4.4, the minimum
distance can be computed as shown in Eq. 4.6.
Dmin

4.1.3

q
= (x p − a.cosφ )2 + (y p − b.sinφ )2

(4.6)

Modified APF

The traditional APF was modified such that it only adjusts those components of the trajectory
affected by the obstacle. Since the concern is on avoiding obstacles, only the repulsive part
of the APF was looked into. The first step to finding parts of the trajectory to be segmented
is locating the areas influenced by the obstacle. These areas are estimated by applying the
closet distance equation as presented in Eq. 4.6. Once components are identified, the repulsive
modified potential field force is applied to each of the affected components of the demonstration.
The repulsiveness is dependent on how much deviation the obstacle has caused the optimal
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trajectory. One improvement this approach brings is the reduction in computational complexity
of the reproduction stage. This is because it only samples a few points (parts affected by the
obstacles) from the full demonstration. In addition, unlike the APF traditional method that
makes uses d(x) as the shortest distance (which, of course, is not the shortest distance), the
approach here makes use of the closet point from the surface of the obstacle to the robot dmin
as described in Eq. 4.7. With this approach, a robot can estimate an accurate distance from
different shapes of objects.

Ûrep (q) =


 1 k(
2

1
(dmin )

− d1th )2 − eσi 2

0,

: dmin ≤ dth

(4.7)

: dmin > dth

From the Eq. 4.7, σi represents the width of the distribution for each of the given Kcomponent of the Gaussian.
F̂net = F̂a (q) + F̂r (q)

4.2

(4.8)

Experimental Setup

The performance was evaluated on two folds 1.) In a simulation to evaluate the reaching skill,
and 2.) the reaching skill in a real-life environment. For both experiments, a human teacher
was tasked with demonstrating the required task skills with the Sawyer industrial robotic arm
via kinesthetic teaching. The experiment demonstrates the how useful the method proposed in
this chapter could be in solving day-to-day problems.
For the first experiment, the robot operator demonstrated a realistic kinesthetic operation by
using the robotic arm to sweep an object placed on a table into a dustpan as depicted in Fig.
4.5. This experiment mimics a scenario where a robotic arm intends to sweep a speck of dirt
out of a dining table. This experiment focuses on enabling an industrial robotic arm to learn a
sweeping task from human demonstrations and apply the learned strategy to sweep out a speck
of dirt on a dining table without having a contact with obstacles within the operational space of
the robotic arm. The robotic arm’s ability to successfully sweep a dirty into the dustpan in a
scene entirely different from the demonstrated scene, demonstrates the generability of the skill
the robot has learned from the demonstrated skill.
To demonstrate the sweeping task, the operator places the end-effector at a specific point
and then moves it in the dirt’s direction (denoted by T ). At reaching the dirt position, the
robot with the dirt is pushed in a particular direction to the collection point (denoted by G)
as depicted in Fig. 4.5. The task is performed on a 14cm x 14cm table and repeated three
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times, to get enough demonstrations that constitute training dataset is collected. A particular
place was marked on the table to ensure that the experiment start from the same place. The
experiment involved 10 participants, and they were given enough time to practice before starting
the experiment. During the experiment, the positions of the objects and the target point are
predefined. Each participant was tasked to repeat the task eight times, and the average was
taken and represented with T1 - T8. The hypothesis of choosing multiple demonstrations from
different people is because learning from a single person has limitations. For example, a single
teacher can make mistakes while demonstrating a task, so being that the demonstration is from
a single person, the robot will be exposed to those mistakes at the learning stage. Moreover, the
T-test for sample size validation shows that ten persons are enough for a confidence level of
95% to be achieved with a margin error of 0.1.

Fig. 4.5 The task model used for data collection for a simple sweeping task.
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4.2.1
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Data Acquisition and Preproccessing

The widely used Sawyer industrial robotic arm via kinesthetic teaching was used to acquire the
experimental for teaching the robot how to perform object reaching tasks. Rethink Robotics
produced sawyer, and it was originally designed to perform operational tasks that require high
precision. The Sawyer robotic arm has a research version that is lightweight and comes with
many kinds of sensors necessary for research work. In the course of the experiment, the robot
manipulator adapted to avoid obstacles while performing a sweeping task which entails parking
rubbish from a table into a dustpan. This work adapted the kinaesthetic teaching method, which
allows the human demonstrator to move the robot manipulator through the desired motion
while the robot records the trajectory. Kinaesthetic teaching can reduce the occurrence of
correspondence problems prevalent in teleoperation. In addition, it permits for direct recording
of the control instruction and has several other benefits over other teaching approaches, as
discussed in the literature review.
The experiment hypothesised that the relevant information required to perform this kind of
task could be extracted from (i) the robotic wrist state, and can be expressed as xd = xd , ..., xN T ,
d = 1,...,N, where xd is the demonstrated trajectory, and N is the number of demonstrations.
(ii) the shortest distance threshold from the wrist of the robot to the target, and (iii) the
shortest from the wrist of the robot to the obstacles. With the help of the Kinect sensor, the
distance information is retrieved. This is possible because the Kinect sensor can return distance
information between 0.5 m to 5.0 m range. The shortest distance the robot must maintain
from the obstacle in other to ensure it gets to the target point and does not hit the obstacle is
computed represented in illustrated in Eq. 4.6.
In order to generate a smooth trajectory, the GMM/GMR was employed to compute a
nominal path ξn = {x1 , ..., xN }T , from the demonstrated trajectories. The nominal path is a
mere averaging path of all the demonstrated trajectories. Since the nominal path can only satisfy
a situation where there is no presence of obstacles, it is not fit for a scene where obstacles in
the scene obstruct the underlying path. Hence, the nominal path is used as a reference model
to the artificial potential field that encodes (shown in Eq. 4.7) the responses of the robot to
the scene obstacles and generate a path ξr = {x1 , ..., xN }T which permits the robot to perform
object manipulation within the operational space of the robot while avoiding collision with
obstacles.

4.2.2

Experimental Results

The method presented in this chapter needs to be evaluated to check if it meets the need. In order
to do that, experiments that demand that the robot must meet the tasks and scene constraints
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were conducted. The first experiment is a task that aims to enable the robotic arm to push s dirt
from the table into a dustpan. This experiment mimics a person sweeping the table in order to
pack all the rubbish away from the table. The task, as illustrates in Fig. 4.5 shows a piece of
rubbish denoted by T on a 14cm x 14cm table that must be bushed into a dustpan (G). This
task is easy to accomplish; however, it becomes challenging when the environment changes
such that obstacles appear on the path the robot could follow to reach the target point. In this
case, the robot must systematically move along the desired path while avoiding static obstacles
in the scene Fig. 4.6. Figure 4.6 (a) shows that the robot could successfully push the rubbish
to the dustpan without hitting the obstacles in the scene. The experiment was repeated with
varying positions, pose and size of the obstacles, and the outcome was successful as described
in Fig. 4.6(b) - (d).

(a)

(c)

(b)

(d)

Fig. 4.6 Figure (a)-(d) show simulations of the robot avoiding different sizes of obstacles in the
operational scene.
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Similar experiments were performed in a real-life scene to check the efficacy of the method
when employed in a real-time task scenarios. The experiment in Fig. 4.7 has blue and
black/red boxes representing obstacles in the robot’s operational scene. These two boxes were
strategically placed such that they will cause obstruction capable of restricting the robot from
getting to the goal point at some points. Nevertheless, the robot could move within minimal
space and accomplish the task without colliding with the obstacles. In the next experiment
Fig. 4.8 another obstacle - a cone is added into the scene, making the total number of obstacles
in the scene three. Adding another obstacle minimised the free operational space and would
ordinarily require a different approach to manage since the shape is different from the rest of
the obstacles. Figure 4.7 a and b shows a picture of the scenario when the robotic manipulator
moves from its current point with the help of the APF to the goal point while avoiding obstacles
within the scene. The success was recorded in Fig. 4.8 a and b. Overall, the experiment proves
that the approach proposed can permit a robotic arm to successful reach an object in a clustered
environment both in simulation and real-life operations.

(a)

(b)

Fig. 4.7 The reproduced trajectories in the presences of obstacles. Figure (a) shown the starting
point and how it progresses to the goal point is presented in figure (b).
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(a)

(b)

Fig. 4.8 The reproduced trajectories in the presences of more obstacles in the scene. Figure (a)
shown the starting point and how it progresses to the goal point is represented in figure (b).
The effectiveness of the adaptive Collision-free reaching approach (ACFRA) can be evaluated with the help of the Root Mean Square Error (RMSE) computation of the trajectories at
each task, and the comparison of the existent benchmark and the proposed techniques. The
RMSE is computed using the following equation:
e

RMS =

1 N
∑ (xd − xn)2
N i=1

(4.9)

From Eq. 4.9, N represents the sample points of the demonstrations, xd is the model of
the observed trajectory, whereas xn is the reproduced trajectory model. Hence, the predicted
model sequence associated with the sequence of the demonstrated model is xn1 , xn2 , ..., xT . To
measure the error difference between the demonstrated trajectory and the trajectory obtained
using existing models and the proposed model in the same environment as the demonstrated
trajectory.
Table 4.1 presents a comparison of ACFRA with the state-of-the-art methods using the
same setup and parameters. From the experiment, the performance of ACFRA was compared
with other methods in terms of the accuracy factor. It can be observed that the performance
of ACFRA was, in most cases, more accurate than the other methods. It should be noted that
DMP+AT and DMP+ANN outperformed ACFRA on a few occasions when the number of
the obstacle in the scene was just two, but when more obstacles are added into the scene, the
ACFRA outperformed all. The notable outperformance of the ACFRA over other trajectory
skill learning for obstacle avoidance methods is attributed to its processing approaches. The
proposed method adjusts the robot manipulator significantly only at the points where the
trajectory components are affected by the obstacle; hence, it becomes easier for the robot to
manage many obstacles than the benchmark methods, which considers the entire trajectory.
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Table 4.1 The RMSE of the benchmark methods compared with the ACFRA

Task

DMP+AT DMP+ANN

T1
0.0121
T2
0.0230
T3
0.0223
T4
0.0130
T5
0.0316
T6
0.0321
T7
0.0270
T8
0.0169
Average RMSE 0.0223

0.0107
0.0258
0.0212
0.0110
0.0310
0.0312
0.0283
0.0200
0.224

GMM+DMP

GMM+IRL

ACFRA

0.0125
0.0250
0.0225
0.0130
0.0332
0.0311
0.0280
0.0172
0.0228

0.0123
0.0242
0.0226
0.0180
0.0318
0.0312
0.0265
0.017
0.0230

0.0128
0.0215
0.0210
0.0100
0.0330
0.0286
0.0262
0.0200
0.0216

Fig. 4.9 The running time for 8 different sweeping operations
Besides evaluating the approach’s accuracy on the benchmark methods, the work also
studies another metric by qualitatively measuring the proposed method’s computational cost.
The computational cost is a metric to measure the robot performance in terms of how quickly
it can complete a given task. The time of completion is considered one of the metrics as it is
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one thing to complete a task successfully without colliding with any object in the scene, and
another is how much time is requires to accomplish a task. To make that a fair comparison of
the approach from this work and the benchmark methods as it relates to the computational cost,
both the ACFRA and the benchmark have been implemented in an Ubuntu machine (2.4GHz
intel core TM i5 CPU).
The outcome of the time to complete the task as presented in Fig. 4.9 shows that the
proposed approach outperforms the benchmark approaches in most cases. ACFRA outperforms
the other four because it applies component adjustment in areas affected by obstacles. This
approach requires less computational time to construct the desired trajectory around the obstacle
in ACFRA than others, where computational run-time is more because the entire trajectory is
considered.

4.3

Summary

This chapter investigated to improve an industrial robotic arm ability to learn low-level trajectory
in a static scene and successfully employ it in a novel clustered constraint environment. The
approach proposed (ACFRA ) aims to generate the necessary trajectory path based on the task
policy and the environmental constraints and satisfy the constraints of avoiding obstacles in the
robot operational scene. The approach is anchored on the statistical Gaussian mixture model,
used to model the demonstrated trajectories and decomposed the smooth retrieved trajectory
into Gaussian components of ellipses. The decomposition of the trajectory into segments of
elliptical components allows for segmented adjustment of the trajectory instead of adjusting the
entire trajectory in the face of encountering a new scenario. The isoline function permits a robot
to acquire new skills in a static environment and generalise it in a new scenario. Moreover,
the artificial potential field principle was employed to guide the direction of the trajectory of
the robotic arm in the presence of obstacles. In contrast to previous related work, Ragaglia
et al. (2018), the ACFRA differs by: since the reproduction part of the approach is highly
dependent on the reactive behaviours of the object in the reproducing scene, it avoided the
limitations other approaches faces because they assume that those behaviours must be learned
at the demonstration stage. Their approach increases the computational complexity and results
in high memory utilisation due to the amount of data it leaves in the memory. This is because
it would require general modification of the entire trajectory even though a local deviation
method from the obstacle position would be sufficient to solve the problem. Secondly, the
system was implemented on a complex robot manipulator with 7-DOF, rather than a 3-DOF
robotics arm Neto et al. (2009, 2010). The experimental result proves that ACFRA can be
applied to industrial robotics collaborative arms with large numbers of DOF. Although obstacle
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avoidance is studied in this chapter, there still exist other challenging problems to be invested.
While ACFRA can successfully be applied for obstacle avoidance in a scene clustered with
stationary objects and obstacles, there is no guarantee that it performs substantially well for
cases where there are moving obstacles or an uncontrolled scene. Based on the importance of
that part, it is investigated in the next chapter.

Chapter 5
Real-time Industrial Robotic Arm
Collision Avoidance for Moving Obstacles
The previous chapter proposed learning from demonstration control policy that permits generalisation in an unstructured and stationary environment. However, the method cannot generalise
well in a dynamically changing industrial setting due to the limitation in adding online modulation of desired robot behaviour. In such a condition, the robot needs to rebuild its control
policy to sufficiently enable it to simultaneously achieve the task constraint and the dynamic
motion constraints ( such as the robotic arm avoiding moving obstacles within the environment
while approaching the target). To address this challenging problem, this chapter presents a
novel dynamic learning approach that combines a probabilistic model with a reactive approach
that learns the cost function of an unknown state of the environmental constraints; and employs
it in determining the behaviour of an industrial robotic arm at the point of executing a task.
Said in another way, the approach redefines the redundant manipulator’s behaviour in finding a
trajectory that satisfies simultaneously the task and the operational space constraints, facilitating enhanced human-robot coexistence. Figure 5.1 depicts a framework of the method. The
diagram shows both the demonstration and reproduction stages. The demonstrated dataset is
collected via Kineasthetic teaching and processed using the GMM/GMR. Once the generalised
trajectory is received, it is passed to the DMP to provide the optimal trajectory. An optimal
trajectory is a kind of control policy that can support an industrial robotic arm to effectively
guide the robotic arm from a given location to another point marked as the goal point when
there is no presence of an obstacle in its path. Afterwards, it is passed to the robot controller
while being regulated by the cost function feedback obtained from the Kalman filter algorithm.
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Fig. 5.1 A framework of the proposed Real-time Industrial Robotic Arm Collision Avoidance
for Moving Obstacles

5.1

Methods

This section presents the proposed approach for learning robot trajectory and generalising
trajectory in a perturbed environment. Firstly, it is presumed that the dataset is provided using
demonstrations from Kinethestic teaching, as demonstrated in the experimental result at Section
4.2 in Chapter 4. Once the demonstration has been recorded, the task parameter is learned
using the GMM/GMR and DMP. The Cartesian space is chosen because most manipulation
tasks can be defined in Cartesian space. In the sweeping task, the model is simplified by using
some prior knowledge of the experimental setup, e.g. the brush must be touching or close to
touching the table. Hence the brush is fastened on the tip of the robot wrist, and the distance
between the tip and the base of the brush is taken into consideration by raising the height z to
0.23[m] above the level of the table. Further details of the processes involved in the method are
as explained in the subsection.

5.1.1

Learning Dynamic Movement Primitives

With regards to the RCAMO approach, GMM/GMR was firstly employed to compute a generalised trajectory across demonstrated trajectories x = (x1 , x2 , ..., xN )T for every K-components
of D-dimensional distribution. For simplicity sake, demonstrated trajectories were sampled
in time-space T = 100[s]. The parameters of the model for the trajectory demonstration is
defined by several variables πm (µm , Σm )| m = 1, . . ., K. The variable πm represents the mixing
coefficients of the distribution whereas (µm , Σm ) are the model mean, which is the sum average
of the demonstration and the covariance, which is a matrix of the Gaussian distribution. The
GMM model allowed the extraction of relevant values of multiple-demonstrations from similar
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environments and task procedures. Once the GMM is encoded, the GMR is employed to
retrieve the nominal trajectory.
Using the GMR algorithm, the expected end-effector’s position x of the demonstration was
recovered from GMM at every time step. The recovered trajectory is used as input for the
DMPs model. The yellow line depicts the DMPs trajectory denoted by ξ dm which is good
enough to accomplish the task of sweeping successfully, should the scene remain the same
throughout the operation as shown in 5.2. For the robotic arm to have a desirable trajectory, the
minimum value that will prevent oscillation is of paramount importance. Obviously, increasing
the damping factor implies energy dissipation, and having it too low introduces more oscillation
in the system; hence, finding a state when the system will be critically damped is significant.
Based on that, the damping factor c, which was empirically chosen, is given as 28 N s/m, and
the spring constant k = 139.26 and τ = 1 to ensure that the E.q. 2.8 formed a critically damped
system. The outcome is a learned model that is used to generate a smooth path from the start
position Ps (−5.2, −0.6) to the goal position Pg (5.2, 0.6) in the absence of obstacles 5.3 a.
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Fig. 5.2 A sample of the DMP trajectory generated from the performed sweeping task.

5.1.2

Cost Function Formulation

The trajectory optimisation in this context consists of all the possible costs of moving the
robotic arm from the original position and pose to the desired point or position. Hence, the
total cost of moving the robotic arm from its original point to the desired point is the sum of the
environmental and the task constraint. The approach presented in the previous chapter involves
a loop strategy where the model includes the position of the object before hands. In contrast,
the RCAMO method hypothesises that a skill learned in a static environment without the
inclusion of the position of the objects can be reactively generalised in a constantly changing
environment.
Let us denote the smooth trajectory from DMPs as represented in Fig. 5.3 b as ξ dm . If
the cost of enabling the robotic arm to move along the path ξ dm is given as J dm . The cost
function satisfies the task constraints, enabling the robotic arm end-effector to successfully

63

5.1 Methods

(a)

(b)

Fig. 5.3 The reproduced trajectories in the presences of obstacles. Figure (a) shows the optimal
path generated from the trained DMP. (b) showing that the thick red region which has the
highest cost function.
move from a given starting point location without obstacles in the path until reaching the
target point. However, it does not satisfy the scene constraint introduced by the presence of a
moving obstacle. Hence to compute the optimal solution, it is postulated that a function J G that
can generate a trajectory capable of satisfying the task and the scene constraints by adding a
Gaussian cost is added to the task cost function J dm .
The DMPs control generates the trajectory in the thick blue line, which runs from P(-0.9,
-0.63) through P(5.6, 0.63). The cost function formed around the optimal path is illustrated
with colour regions. The dark-blue region is an indication of where the utility is low-cost, and
it increases towards the thick red region, which has the highest cost function.
N

J obst (χk : ξ dm , J obst ) = ξ dm +

2

∑ α obst e(℘ )θ − ι obst

(5.1)

i=1

Where α obst ι obst are constant values defined by the height and width of the ith obstacle
respectively. Also, ℘ = ( χk - ρk ) where χk is a subset of ξ dm and ρo denotes obstacle position
detected by the vision sensor. When an obstacle is detected within the robot vision sensor’s
range, the exponential function will have a value, otherwise, the value is zero.The variable θ is
the covariance matrix of the utility function which must be learned from the demonstration.

5.1.3

Obstacle Position Estimation

Knowing that the method aims to move the robotic arm end-effector at lowest cost, from the
starting point along all the trajectory paths and then to the target point without having physical
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contact with any obstacles in the operational space. It becomes pertinent that the future position
of the moving obstacle is included in the control policy. Also, since the problem involves
dealing with a continuous and dynamic process, the process would require a multidimensional
working space. To maintain a relative visual, a 2-dimensional workspace that permits working
with vectors and matrices and ensures proper conceptualisation of the system was employed.
Hence a model of the state evolution from the time k − 1 to k can be represented here:
x̂k = Fxk1 + Buk 1 + wk−1

(5.2)

The state transition describes the transition of the state variables from one point in time
to the next. The function performs the estimation of the new systems dynamic matrix by
using the state (position and speed) from the transition matrix F and the current mean vector
x. Each element of the transition matrix shows which input is affected and how they affect
the output state. Hence, if the input does not affect the output state, there will be a zero in the
corresponding matrix element.
KF = ŷi1 (k), ..., ŷit p (k)

(5.3)

ỹit p (k) = N (ŷit p (k))

(5.4)

Now the sensory information about the object position has relevant information that can help
ensure that the control of the robotic arm is managed in the continuously changing environment.
Hence, it is employed in building a real-time feedback feed to the robotic arm such that it
can safely perform object manipulation in the dynamic environment. The Kalman Filter is
employed to minimise the noise acquired from the tracking system as it goes following the
moving objects, hence giving more accurate information about the position of the obstacles
at every time step. The predicted state of the obstacle, which is a Gaussian, is incorporated
into the control policy. There is no doubt that the Kalman filter and extended Kalman filter are
ideal for continually changing systems. In addition, the extended Kilman filter can recursively
modify the centre point of the Taylor expansion equation to reduce linearisation error in the
system. However, the reduction of linearisation error is at the cost of increased computational
requirements. Therefore, the extended Kilman filter is not ideal for real-time problems.
J G (χk + 1 : ξ dm , J obst ∗ ) = ξ dm +

N

1 n obst (℘2 )θ
∑ n ∑ α e − ι obst
i=1 s=1

(5.5)

From the E.q. 5.5, ρobst denotes the obstacle position detected by the robot’s sensor and
incorporated as shown here y = χk −ρobst
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5.2

Experimental Setup

The performance of the RCAMO method is evaluated by conducting an experimen: picking of
an object from a table and reaching to a place to keep the object; practical skills were conducted.
To setup the experiment, a human provides multiple demonstrations of moving the robotic
arm from the start position, which is fixed to the goal position as depicted in Fig 5.4. As the
experiment is being performed, the end-effector’s point is recorded, and the corresponding
velocity is computed by taking the time derivative of the cubic spline of the demonstrated
trajectory.

(a)

(b)

(c)

Fig. 5.4 Experimental setup for the reaching skill. All the demonstrations start from the same
place to the open box in the midst of the obstacles.
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Experimental Results

A PANDA collaborative industrial robotic arm is used in this experiment. It is a 7-DOF robotics
arm with a maximum reaching length of 855mm and supports integration with ROS, C++.

(a)

(b)

(c)

Fig. 5.5 The screenshots demonstrate ability to avoid the moving cube (obstacle) which is
deliberately introduced in the scene.
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Configuring Panda is straightforward, and it has excellent features for interfacing external
devices. It comes with moderate Cartesian velocity and torque sensors fitted at its joints to
minimise any collision impact. The SDK is readily available for adequate use of the research
version for research projects in the universities.
The experiment’s goal is for the robot to control the end-effector through an obstacle-free
pathway to a target spot in order to imitate the task of sweeping a crumb of rubbish on a table
into a dustpan while avoiding a moving obstacle in its operational space. At the experiment’s
reproduction stage, a vision sensor was employed to track the goal object and obstacles and
extract their real-time positions.
After the DMPs is learned, a test was conducted to test the success rate of RCAMO
generalising in a dynamic scene with many obstacles moving around the scene. A case of
a robot avoiding moving obstacles has been experimented in a simulation environment as
presented in Fig. 5.5. Figure 5.5 (a)-(c) show the screenshots of PANDA performing trajectory
motions to prevent collision of the robotic arm end-effector with a moving obstacle. The test
consists of a robot avoiding moving obstacles where the square-cube is randomly moved to
obfuscate the robotic arm. The robot starts position is the robotic arm’s home configuration.
Figure 5.5 (a) shows the blue dotted lines represent the DMPs that satisfies the task constraints;
Fig. 5.5 (b) shows the robot following the DMPs path until it encountered a moving obstacle,
and Fig. 5.5 (c) represents the robot when it switched to avoiding obstacle mode while still
moving towards the goal position. The position of the stationary and moving obstacle can
change from one execution to another. The experiment verifies the efficacy of the proposed
method in satisfying task and environmental-oriented robot control strategies for avoiding
moving obstacles.
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The second experiment consists of a robot avoiding moving objects in a real-life scenario.
This experiment aims to enable the robotic arm to pick a box from the table, track the box
as it moves to the target point such that it imitates a person picking and packaging items in a
manufacturing facility while avoiding obstacles, as presented in Fig. 5.6.

(a)

(c)

(b)

(d)

Fig. 5.6 (a) and (b) show the robot picking and tracking the position of the box package. (c)
shows the robotic arm avoiding the moving obstacle (water bottle). (d) shows the Sawyer
robotic arm reaching the placing point of the location.
With a vision sensor, both the target and the obstacle positions information were known and
constantly updated in real-time as the robotic arm performed operates in the operational space.
The task of picking and placing objects from one point to another can be broken down into three
parts: the part that focuses on picking the cube box object with the robot end-effector, tracking
the packing box’s position and avoiding collision with the moving object (the cylindrical
bottle). The cylindrical bottle is moved randomly to obstruct the path of the end-effector. This
experiment was repeated five times while the user randomly moves the obstacle into the robotic
arm operational space with the intention to cause a collision with robotic arm end-effector.
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Nevertheless, the robot kept repelling the obstacle as it comes closer. This experiment illustrates
the ability of the robot to manoeuvre across the table surrounded by moving obstacles with
different velocity profiles.
The experimental results were compared against the benchmark as presented in Fig. 5.7.
From the graph in Fig. 5.7, it could be seen that the DMP+AT outperformed others, including
the Real-time Industrial Robotic Arm Collision Avoidance for a Moving Obstacle (RCAMO)
method presented in this chapter. However, the outperformance of this method comes with a
cost. Firstly, it requires adding the acceleration term of every obstacle to the DMP algorithm,
which is okay but hard to achieve for a case where the number of obstacles in the scene
increases with time. Hence, it cannot generalise in a real-time environment with varying
obstacles. Secondly, it is hard for a non-expert user to train a robotic arm with the desired
motion policies using this approach since it requires further reconfiguration for every slight
change in the operational scene.

Fig. 5.7 The Root mean squared error for the proposed approach compared with the benchmarks
A further experiment was conducted, in this case, the target is to evaluate the ability of the
RCAMO to enable an industrial robotic arm to perform multiple obstacle avoidance operations
successfully.
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(a)

(b)

(c)

(d)

(e)

(f)

Fig. 5.8 These screenshots show Sawyer robot avoiding multiple obstacle at the same time.
This time, another object was deliberately moved closer to the robot end-effector such that
it obstructs the path the end-effector is touring. However, as depicted in 5.8, it could be seen
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that the robot manipulator was able to effectively perform a pick and place operation depict its
path being obstructed by the obstacles. This is made possible by adjusting the robotic arm’s
end-effector position on realising that the obstacle is very close to its position.
Kalman filter was used in all the experiments to track the position state information of
the object in motion. The vision sensor tracked the cube object in motion, and the noisy
measurement is fed into the Kalman filter to estimate the object’s location and speed. The
state vector of the object is a random variable with a prior belief corresponding to the prior
belief of the mean average and the covariance. For this work, the prior belief is initialised as
the first detected position of the object within the workspace, then as the new measurement is
received, the previously estimated Mean and the covariance are used as the prior belief. Since
the likelihood and prior are both Gaussian distributed, the product of the distributions was
computed and then estimate the posterior belief as a weighted average of the prior belief mean
and covariance. Consequently, the probability density function with regards to the standard
deviation becomes smaller, resulting in estimating a more precise value of the object position.
To graphically visualise the performance of the Kalman filter in estimating the object’s
position, the graph as presented in Fig 5.9 were plotted. Figure 5.9 (a) compared the raw
sensor data and the filtered signal. The y-axis indicates the object position as published by the
position state topic from the ROS from the graph. The value starts from 0 and moves to 10 as
the obstacle moves in a specified direction. The pink zig-zag line shows the sensor reading
from the camera. The line’s fluctuation was due to the sensor noise, which was minimised
by introducing the Kalman filter. It could be visualised from the graph that the Kalman filter,
which is represented with the green line, is more stable than the pink line (camera reading).
This sensor signal’s stability is because the Kalman filter estimates and outputs of the signal
with the lowest uncertainty percentage. Furthermore, a graph of the Kalman filter and the
camera readings were plotted and then compared with the ground truth. Figure 5.9 (b) depicts
that the filtered motion object position by the Kalman filter is much near to the value of the
ground-truth than the camera readings is from the ground truth.
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(a)

(b)

Fig. 5.9 (a) A snapshot of the filtered position and the position from a camera sensor (b) The
filtered position and the sensor data compared with the ground truth
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Figure 5.10 represents the relation associating the trajectory of the robotic arm wrist position,
and the correspondence with the obstruction object points as the robotic arm operates in the
environment. The black lines represent the reactive responses of the robotic arm wrist to the
obstacle when it reaches the threshold distance from the robot’s wrist. Furthermore, Fig. 5.10
illustrates the robot’s responses with an allowable range of obstacle avoidance motion. This
result indicates that the model enhanced the robot’s ability to adapt to the obstacle’s varying
positions and speed without colliding with them.

Fig. 5.10 The figure depicts the mapping trajectory of the end-effector (represented with a
blue-line) to that of a dynamic obstacle which is represented with a red line.
The estimation performance for RCAMO was also compared with the benchmark as shown
in Fig. 5.11. From the figure, it could be seen that the RMSE for the RCAMO is the lowest,
followed by the DMP+ANN. The error is relatively minimal because the RCAMO estimates
the cost of every action it takes from the feedback control and manages the controller using the
cost function with minimal risk. This experiment has proven that RCAMO can perform better
than DMP+AT in a case involving multiple moving obstacles in the operational space of the
robotic arm.
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Fig. 5.11 RMSE for the proposed approach compared with the benchmarks
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Summary

This chapter presents an extended framework of the obstacle avoidance method introduced
in the previous chapter to allows a robot to perform object manipulation in a dynamic scene.
Unlike various other approaches, this method is based on a combined policy of the GMM/GMR
model and the concept of a cost-function to enable the industrial robotic arm to quickly and
smoothly achieve obstacle avoidance for cases that involve a moving obstacle and multiple
moving obstacles within the robotics arm operation zones. From the experimental results,
it turns out that the RCAMO is robust for obstacle avoidance operations. Furthermore, the
proposed approach (RCAMO) has also remained robust when there is a single moving obstacle
and multiple moving obstacles in the scene. Furthermore, it remains significantly excellent
when it encountered variable sizes and shapes of objects. Hence, RCAMO is ideal for robot
operation in a real-time environment.

Chapter 6
Conclusion and Future Direction
This chapter summarises key contributions and provides several interesting future research
directions. The thesis focuses on the research problem of a robot learning from human
demonstrations, a human-robot skill transfer, and especially a skill adaptation in a complex and
dynamic environment. In addition, it addresses the problems of inconsistency in skill transfer
from human-robot arms and a robot’s ability to autonomously learn new skills to adapt both in
a stationary and dynamic environment.

6.1

Contributions

• Human to Robotic Arms Mapping Strategy
In response to the challenging problem of transferring human skill to a robotics arm, this
chapter proposed a framework to improve the modern robotics arm such as Sawyer robot
to effectively utilises its redundancy aptitude while performing manipulative operations.
The framework is a vision-based system powered by a Kinect camera to directly extract
human arm motion, which is processed and made available to the robotic arm for
manipulative operation. The approach minimises the chances of singularity occurrence
to foster robustness and broader utilisation of the robotic arm within its workspace. The
results indicate that the proposed approach offers minimal joint torque requirement for
trajectory motion manipulation compared to the baseline frameworks. Other matrices
measured are the path length and the time to complete a task. In these two matrices, the
proposed approach also achieved remarkable performance.
• Adaptive Collision-Free Reaching in Learning from Demonstration
When a robot has gained specific skills, it is critical to extrapolate them to new circumstances significantly different from the original demonstrations. However, learning
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such an adaptive variation in a self-sufficient manner is challenging due to the high
dimensional search space of the dynamic environment. This chapter introduces trajectory
learning from a demonstration framework using both a statistical and artificial potential
field force. The work applied GMM/GMR to model and recover a smooth path from the
demonstrated trajectory. Since the retrieved trajectory is only attracted towards providing
an aggregated distribution of the motion trajectories, which cannot adjust with respect
to change in the environment or generalise to new situations, the modified artificial
potential field force was introduced to improve the generalisation capability. As a result,
the approach generalises better to new situations and requires a few parameters in the
computation. This is because the GMR’s generalised trajectory was decomposed into
Gaussian components such that only zones with the potential of being obfuscated by an
obstacle are adjusted. In addition, ACFRA requires less computational time to construct
the desired trajectory around the obstacle than others, where computational run-time is
more because the entire trajectory is considered.
• Real-time Industrial Robotic Arm Collision Avoidance for a Moving Obstacle
Motivated by the need to empower a robot to cope with moving obstacles that ordinarily
limit the robot’s effective performance, this chapter presents a framework that infuses
the environmental effect’s cost-function into the previously proposed framework. In
other words, the approach combined the probabilistic algorithm and cost-function of
the moving obstacle to enabling the robot to perform object manipulation for moving
obstacles scene. In that regard, the manipulator’s operation is based on both the task’s
effect and environmental factors. Moreover, the proposed approach (RCADR) has
remained robust for performing motion trajectories for single and many moving obstacles.
The RCADR is suitable for robotic arm operation in a real-time environment filled with
multiple moving obstacles and obstacles with varying shapes and sizes.

6.2

Future Work

• Concerning the robot’s ability to cope in a dynamic environment, future work will combine reinforcement learning with Dynamic Movement Primitives and improved but simplified component segmentation strategy to further equip a robot with self-improvement
for obstacles avoidance in an unvarying and constantly changing environment. For
example, in an object manipulation scenario where a robot could not be able to grasp
the desired object in the scene due to a slight variation in the region of operation, the
reinforcement learning method could enhance the robot’s ability to adjust the required
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motion when reproducing the trajectory. Furthermore, this approach will also increase
the industrial robotic arm’s ability to discover new control strategies to accomplish a task
effectively.
• For a complex task to be learned, it is imperative for both low and high levels behaviours
to be learned simultaneously and effectively. These cooperative learning behaviours will
enhance a robot’s ability to learn multiple behaviours at once and eventually reduce the
time and resources required for the learning processes. So far, the proposed methods for
learning these two levels of behaviours have assumed that the low-level behaviours are
already learned in prior or even fixed; hence, the focus will be only on the high-level
skills Ramakrishnan (2015). However, this approach is not practical since the assumed
fixed or prior low-level techniques might be incompatible and would require changes
at some point. Therefore, further research is required to develop combined learning
techniques that are efficient and capable of generalising to a wide range of tasks.
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