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3. Dr. Yuan, Dr. Suárez-Ruiz and Mr. Lim assisted in performing the

experiments.

4. The manuscript was revised by Dr. Yuan, Dr. Suárez-Ruiz.
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Summary

Industrial robots can be applied to a wide range of feasible applications

through various levels of programming and integration into manufacturing

systems. By the cooperation between various agents, various collaborative

patterns can be introduced to achieve their industrial objectives and improve

many aspects of the task performance, such as time-efficiency, dexterity, and

flexibility. Although this concept has been largely studied, it is too novel

to be systematically defined in recent studies, especially for the use cases of

industrial applications, leading to the difficulties of mature continuous inte-

gration and continuous delivery in manufacturing. To enable the design of

industrial manipulators to be collaborative with other agents, such as other

robotic systems or humans, a promising method is expected to turn such

an abstract concept into a mathematical model so that the existed tech-

nologies of performance assessment can be applied to evaluate the deploy-

ment of systems. In addition, to consider both the precision and flexibility

in human-robot collaboration for the industrial manipulators, to propose a

unified framework to cover the contents of collaborative manipulation would

support a more effective task execution with human-robot collaboration.

To make up for the gaps in research and industrial requirements, this

thesis studies collaborative robotics in the applications of industrial manip-

ulation. Three novel aspects of the problems in the field of collaborative

robotics are studied: “the definitions and classifications”, “task represen-

tation and performance assessment”, and “collaborative manipulation”. In

1



the first aspect, commonly used terminologies are clearly defined to avoid

confusion and a general classification is proposed to group various collabora-

tive patterns and forms. In the second aspect, a task representation method

is developed to conform to the aforementioned classification. Furthermore,

this representation is able to model robotic tasks for performance assess-

ment, which can provide a more scientific manner to develop and deploy a

robotic system in manufacturing. In the third aspect, a collaborative ma-

nipulation framework enables human operators to collaborate with robots

in a more flexible, intuitive, and time-efficient manner. To validate the ef-

fectiveness, a vision-based peg-in-hole task is conducted in a robot-robot

collaborative pattern for the performance assessment. Besides, an aerospace

masking task is improved via the telemanipulation with a human-robot col-

laborative pattern. These two cases effectively demonstrate the applications

of the developed theories and prove the feasibility of the proposed meth-

ods in this thesis, which not only imply the theorizability of collaborative

robotics but also show its potential values in more industrial applications.
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Chapter 1

Introduction

1.1 Motivation

With the productivity demands of our human society, the introduction of

industrial robots has become an indispensable and irreversible trend of in-

dustrial automation for the realization of high productivity. George Devol

first advocated the concept of an industrial robot and subsequently applied

a patent for it. In less than a decade, George and Joseph Engelberger estab-

lished the first industrial robot company, “Unimation”, in the United States

in 1959. This symbolized the evolution of a brand-new era of robots due to

the rapid development of technology from a variety of fields since then.

To integrate industrial robots into the various applications such as pick-

ing, handling, assembly, spraying and welding, a complete robot work cell

could often costs up to four or five times the price of a single robot. For-

tunately, these investments costs could rapidly be recovered through careful

planning and proper deployment of the robots in the production line. To

augment the deployability of the robots, they can be equipped with various

sensors to provide useful feedback in the decision making processes, thereby

improving the robots’ abilities to cope with more elaborate tasks that may

need higher precision and robustness.
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As it is detrimental to the whole society if all human workers are re-

placed with robots, it would be beneficial for all parties if a middle ground

is established, such as an in-depth collaboration between robots and human

workers. Furthermore, this collaboration can enhance the overall capabili-

ties of each agent, while alleviating the workload of the human operator and

reducing the conflict of interests between laborers and stakeholders. Hence-

forth, many industrial paradigms are employed for the various industrial

tasks with the above considerations in mind.

The diversity of industrial paradigms provides multiple choices on the

determination of robotic systems and their corresponding task plans. For

instance, for tasks that require precision or efficiency, a purely-robotic envi-

ronment would be a better choice thanks to the repeatability and speed of the

robots. If these tasks occasionally suffer from unmodelled or unpredictable

factors, a human operator would be able to provide an efficient and flexible

decision making process to close the loop (Human-Robot Collaboration).

Furthermore, multiple robots may coordinate (Robot-Robot Collaboration)

to achieve better time-efficiency and dexterity in manipulation. Hence, the

considerations of different aspects of tasks usually affect the configuration

and deployment of robotic systems, which is also an open research topic in

the field of industrial robotics.

Despite their diversity, researchers (someone who studies robotics) can

categorize the different paradigms under a general classification in order

to establish a mathematical representation for a robotic task plan. This

mathematical representation plays an important role, especially for differ-

ent paradigms that involve the introduction of multiple robots or humans

because practitioners (researchers, engineers, operators) can adopt various

quantitative techniques to assist manufacturers (normally the stakeholders

of plants) in decision making. With such tools, the performance of robotic

configurations under different tasks can be clearly determined and fine-tuned
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in the production lines. In addition, such tools facilitate the manufacturers

to close the loops from the selection of robotic configuration to the task

plan making, which allows the manufacturers to have reference criteria to

optimize the overall solutions under continuous integration and continuous

delivery.

As high-mix low-volume tasks are common, it is necessary to increase

the flexibility of those robotic systems during deployment to avoid cumber-

some and time-consuming calibration processes. Moreover, it is important

to achieve efficient collaborative manipulation (especially when human op-

erators are involved) to enable a better robot-teaching process for tasks

involving precise contact force and trajectory tracing, in the multi-Degree

of Freedom (DoF) manipulation within a constrained environment.

In view of the above, this thesis attempts to represent the robot behaviors

within collaborative robotics in this thesis. Various collaborative methods

are explored to offer a flexible and efficient robotic manipulation in industrial

environments for human operators. Based on these works, the paradigms

are applied onto two typical tasks each of which has different collaborative

patterns: robotic assembly, and robotic taping. The results of this work aims

to further inspire the research study of both collaborative and industrial

robotics in time to come.

1.2 Objectives

In this thesis, collaborative robotics on three aspects are studied:

1. This thesis proposes a clear definitions of cooperation, collaboration,

and coordination and provide a novel classification for researchers to

categorize different collaborative patterns and forms.

2. This thesis develops a mathematical representation that is compatible

with different collaborative patterns. It can assist practitioners to

5



model task plans and connect to traditional system analysis methods

for performance assessment.

3. This thesis provides a collaborative manipulation framework for human

operators to teach robots with flexibility, intuition, and time-efficiency

in different scenarios.

1.3 Organization

The remainder of this thesis is organized as follows:

• Chapter 2 provides the literature review related to this work.

• Chapter 3 discusses the concept of collaborative robotics and proposes

a framework to clear the branches of this field. A representation is

proposed to model the task plans under a robotic system. With the

help of this representation, different collaborative patterns and forms

can be modeled. Besides, a manipulation framework is also devel-

oped to achieve high-precision and flexible collaborative manipulation

in indirect collaboration form. Finally, this representation supports

performance assessment at task-level, indicating that the performance

at robot-level and economic-level can be bridged thanks to this model.

• Chapter 4 develops a two-stage vision-based dual-arm robotic assembly

task under the Robot-Robot Collaboration (RRC) collaborative pat-

tern. Based on this paradigm, the modeling process via the proposed

representation is established. Besides, the performance assessment at

the task-level is also conducted, which provides practitioners a refer-

ence for the use of the proposed method.

• Chapter 5 develops a more efficient and intuitive online programming

method for robotic aerospace masking under the Human-Robot Col-

laboration (HRC) collaborative pattern. Based on this paradigm, the
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operators can set up a robot in a more flexible manner and save much

time on programming robots, which makes HRC pace a step forward

to real industrial applications.

• Chapter 6 highlights the contribution of this work and provides the

guideline upon future works.
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Chapter 2

Literature Review

The concept of collaborative robotics has been widely used in robotics, fa-

cilitating the development of both research and engineering in industrial

automation. Although there has been a vast amount of literature on collab-

orative robotics, to the best knowledge of the author, they have not been

well-categorized. Therefore, this thesis discusses the literature based on the

following categories, where this taxonomy is also related to the theory that

will be illustrated in the later chapters.

1. Collaborative robotics: Collaborative robotics has attracted increasing

attention from researchers and engineers on the deployment of various

scenarios for improving the efficiency and effectiveness in task execu-

tion. The discussion herein focuses on the concept of cobot and the

paradigms and methodologies that have been employed in the tasks

involving multiple robots. Besides, the collaboration between humans

and robots on task execution will also be included in this discussion.

2. Manipulation in industrial scenarios: Robot manipulation plays an im-

portant role in the success of task execution. In industrial scenarios,

there are many programming methods, or so-called teaching methods,

that provide practitioners flexible ways to transfer the expected skills
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to robots. Plus, researchers have proposed many measuring criteria

and methodologies for evaluating the performance of the deployment

of robots. Hence, the discussion herein will focus on the different teach-

ing methods that have been commonly used in research and manufac-

turing, and the performance evaluation for robots and automation.

2.1 Collaborative Robotics

2.1.1 Collaborative Robot - Cobot

Cobot is the abbreviation of the term collaborative robot which indicates

to those robots that are designed to work with human workers friendly.

This concept was first invented in a US patent in 1999 [1]. After that,

International Organization for Standards (ISO) 10218-1 [2] in 2006 provides

four types of collaborative operation:

1. Safety-rated monitored stop: When the entrance intention of opera-

tors is detected by safety devices, the robot motion is forced to be

stopped until the operators leave the workspace. This operation does

not require the removal of robot power for stopping the robot.

2. Hand-guiding: When the operation of a safety-rated monitored stop

is activated, the robot system allows the operators to manipulate the

robot via enabling devices.

3. Speed and separation monitoring: When the entrance intention of op-

erators is detected by safety devices, the speed of robot motion is

regulated in accordance with its distance from the operators.

4. Power and force limiting: the design of robot systems is required to

have power and force limiting (under 80 Watt/150 N) to avoid human
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injuries in either intentional or unintentional case. Note that the crite-

ria of power and force limiting have been removed in the 2011 version

of ISO 10218-1 [3].

Recently, ISO/Technical Specifications (TS) 15066 [4] rules several new

safety requirements for cobots and their workspace. The core idea of ISO/TS

15066 is that it allows contact between robots and humans. Besides, it also

provides a guide for power and force limits related to a study of injury based

on the threshold to pain, where the study considers quasi-static contact and

transient contact on Physical Human-Robot Interaction (pHRI). Under these

specifications, the safety issue can be guaranteed by meeting the robot design

of force or power limiting while industrial robots and humans are moving in

a shared workspace.

To make this possible, the feature of cobots is the capability of forces/torques

sensing in their joints, enabling them to timely detect abnormal forces ap-

plied to themselves. With this feature, cobots can be programmed to have

braking or reverse motion functions. Besides, this feature also supports these

cobots to be taught through easily human hand guiding, where the cobots

record waypoints while being moved by human operators. Finally, from an

economic point of view, cobots can save the costs on setting up an environ-

ment that supports safe human-robot collaboration in accordance with ISO

10218-1 [3] (first introduced in [2]) and ISO 10218-2 [5]. Without the use of

fencing or other peripheral for safety issues in low-risk applications, imply-

ing that the deployment of a human-robot collaboration cell could be built

in a more efficient and flexible way thanks to the introduction of cobots.

Several well-known cobots have been developed for such low risk applica-

tions(Figure 2.1), such as UR-Series from Universal Robots (UR) [6], Yumi

from ABB Robotics [7], PR2 from Willow Garage [8], etc.
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(a) UR-Series [6]

(b) Yumi [7] (c) PR2 [8]

Figure 2.1: Several models of collaborative robots.

Humanoid robots are also categorized into collaborative robots due to

their anthropomorphism design. There are two implied reasons: firstly, the

manipulation of the robot involves multiple manipulators, of which they

need to collaborate with each other to finish a task [9]; secondly, they are

regarded to be much easier to get into human-populated environments for

HRC as they look like humans [10]. Starting from these two points of view,

this section will be divided into two parts: RRC and HRC.

11



2.1.2 Robot-Robot Collaboration

While the term RRC is not well-defined in robotics research and engineering,

the study of it is not limited to the interaction of multiple manipulators.

Multiple branches of RRC have been widely explored, such as control [11] [12]

[13], motion planning [14] [15], coordination [16] [17], task allocation [18] [19],

exploration [20] [21] etc. In particular, the study of mobile robots dominance

this area due to the trend of the distributed system [22]. Nevertheless, the

introduce of RRC still plays an important role on cost-effectiveness issues,

such as energy efficiency in automotive industries [23], time-efficiency in

welding tasks [24], dexterity in fixture-less assembly tasks [25], etc.

2.1.3 Human-Robot Collaboration

HRC has been an attractive research field that many researchers and practi-

tioners believe to bring potential benefits for industries. In general, HRC is

a narrow term originated from Human-Robot Interaction (HRI) [26], where

Yanco et al. [27] have provided a taxonomy for several HRI as shown in

Figure 2.2. HRC, however, has a deeper meaning which aims to reach a

specific goal. In addition to this meaning, HRC often focuses on a team

composed of several members with complementary skills so that they can

finish a given task collaboratively [28]. Therefore, the design of team mem-

bers and collaboration paradigms are vital for effective and efficient task

execution, especially for HRC in industrial deployment.
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Figure 2.3: Mechanism of collaboration by [10].

The field of HRC has been studied for several decades. In [10], an internal

mechanism of collaboration has been summarized from a cognitive robotics

point of view, as illustrated in Figure 2.3.

In summary, the study of collaborative robotics covers many aspects from

the proposed design of robots to the operation pattern of robots. The border,

however, has not been well clarified within the concept, which motivates the

study of the classification and mathematical modeling for giving a theory

from a new perspective.
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2.2 Manipulation in Industrial Scenarios

Robotic systems are expected to perform changing and complex tasks in

order to release human operators from tedious and hazardous environments.

However, due to their lack of intelligence, robots still require human assis-

tance to cope with the difficult parts of such tasks. Robotic systems can

benefit from the skills of human operators such as dexterous manipulation,

reliable perception and a great sense of kinesthetic coordination. The op-

timal architecture to get the best out of skill transferring is still an open

challenge [29] for existing industrial robotic systems.

2.2.1 Teaching Methods

Traditional Methods

Traditional solutions to cope with robotic manipulation tasks tend to have

high demands of offline-programming-based or teach-pendant-based robot

teaching. Such approaches are difficult to scale due to the high complexity

of robots with multiple Degree of Freedom. Nevertheless, some progress

has been made in various tasks such as pick-and-place [30], robotic as-

sembly [31], in-hand manipulation [32]. Challenges in these tasks include

controlling the contact forces and collision-free motion planning. Classic

teach-pendant-based teaching often relies on recorded poses of the robot’s

end-effector online, then automatically interpolates those poses in the config-

uration spaces of robots for trajectory generation. Though more adaptive to

industrial applications, this method makes operators tiresome to cope with

complex paths or geometries due to the increase of the recorded poses [33].

On the other hand, teleoperation-based teaching enables operators to use

their motions to guide robotic systems online, providing great flexibility

due to the high cognitive and perceptual capabilities of the human-in-the-

loop. With the employment of various light-weight interactive devices that
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can capture human motion, such as Inertial Measurement Unit (IMU) [34],

vision [35] [36] and Virtual Reality (VR) [37], human motion driven Pro-

gramming by Demonstration (PbD) [38] provides a more intuitive paradigm

for users to deploy robots into tasks without spending much of time on

programming. Therefore, people believe that the characteristics of human

motion driven teleoperation methods could bring potential values to tasks

with the nature of high-mix low-volume [39].

Programming by Demonstration

Recently, as a form of HRI, the concept of HRC has become a common

method to transfer skills from human operators to robotic systems [29].

Teaching by Demonstration (TbD) or PbD is proposed to be a more in-

tuitive methodology than traditional online programming. Through TbD,

operators can physically drag a robot around instead of pressing buttons or

touching screens on teach pendants to adjust robots’ poses, often referred to

as waypoints, and conduct robot teaching. The efficiency of this methodol-

ogy has been confirmed to be better than traditional teaching on tasks that

do not require contact interactions with the environment, welding being a

classical example [40]. Moreover, TbD has improved robot skill learning

through different forms of HRI such as vision [41] and tactile [42]. A more

detailed literature review on the methods and algorithms for TbD can be

found in [43]. On the basis of these approaches, TbD is a promising method

to bring robots closer to help humans under multiple scenarios, meeting the

public imagination of a future HRI reality.

2.2.2 Performance Evaluation

Indisputably, the vital problem of employing a robot in manufacturing is

to increase net benefits in the contemporary business community. Many re-

searchers have provided methods or guidelines to study the cost-effectiveness
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of deploying robotic systems [44] [45] [46].

Economy Considerations

From the commercial point of view, cost and payoff are the most common

consideration for practitioners to determine the design of a manufacturing

system. In [44], the cost considerations were classified into one-time expenses

and on-going costs, as depicted in Table 2.1. Besides, the cost considerations

were classified by direct, indirect and non-economic benefits, as depicted in

Table 2.2. In [47], the economics in assembly manufacturing was discussed.

Several mathematics models were proposed to express the cost functions

among manual, fix automation, and flexible automation. J. W. Troxler and

L. T. Blank proposed a system value model for justifying the payoff of flexi-

ble automation [48]. By means of this justification methodology, the relevant

decision factors were identified and the value of the robotic system can be

determined, providing the choice of different working modes in manufactur-

ing. In [49], an approach to the evaluation of the Flexible Manufacturing

System (FMS) was provided, connecting the cost of strategic performances

and the flexibility in the manufacturing system in order to compute the prof-

itability of the FMS. A. M. Dore et al. developed an economic model based

on simulation [50]. The evaluation method in this model was presented as

a top-level data-flow, including input data, rough plan, detail cell, simulate

cell performance, simulate the overall system,
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Table 2.1: List of one-time cost and on-going cost.

Cost Property
Robot price One-time

Plant modification One-time
Accessories One-time

Support On-going
Safety equipment One-time

Planning and support activities On-going
Lost production time during setup One-time

Training time and expense On-going
Reprogramming and retooling On-going

Retraining and early retirement for workers On-going

Table 2.2: List of direct cost and indirect cost.

Cost Property
Reduced labor cost Direct
Higher productivity Direct

Less scrap and rework Direct
Lower inspection cost Direct

Decreased insurance cost Indirect
Reduced management involvement Indirect

Fewer returns from the improvement of quality Indirect
Removal of personnel from hazardous jobs Non-economic benefits

Compliance with OSHA requirement Non-economic benefits
Flexibility and growth potential Non-economic benefits

Technology Considerations

In recent years, much of research about the performance analysis of robotic

tasks were carried out [51] [52]. M. Shneier et al. provided a measuring

and representing a method for the performance of different kinds of robotic

assembly motion [53]. In [47], the equation of cost and flexibility was given

to discuss the different kinds of assembly methods among manual, fixed

automation and flexible automation. A. S. Kondoleon et al. proposed a

comprehensive analysis of the cycle time for robotic assembly systems [54].

In [55], the performance evaluations of multiple 3D space manipulation skills

and perception skills for a moving assembly line were discussed. J. Marvel et
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al. proposed a set of performance evaluation metrics for force-based assem-

bly, assisting practitioners to measure the quality of the assembly system

to accomplish certainly various assembly tasks [56]. In [57], the Assembly

Reliability Evaluation Method (AREM) based on the Hitachi Assembleabil-

ity Evaluation Method (AEM) were applied to various production lines to

prevent the fault occurrence. S. Balakirsky et al. developed a performance

evaluation method for industrial kitting systems by a set of metrics, such as

manipulation robustness, transporting ability, contact errors, failures during

planning and execution, recovery ability, etc [58]. In [59], a more efficient As-

sembly Failure Modes and Effects Analysis (FMEA) was proposed to replace

Process FMEA for the identification and alleviation of the defects caused by

assembly. Through the medium of the time penalties of the Design for

Assembly (DFA), the level of defects can be estimated from the assembly

complexity which can be obtained by the calculation method given in the

research.

Evaluation Methods

A manufacturing system always involves massive features that people cannot

certainly draw a conclusion to judge its performance. Therefore, a scientific

evaluation method possessing the capability of dealing with subjective and

objective data is necessary. This kind of evaluation method refers to those

methods which can assist us to analyze a system with quantitative or qual-

itative criteria and then produce a conclusion for our decisions.

Analytic Hierarchy Process (AHP) is a structured approach that is de-

signed to solve complex multi-criteria decision problems [60]. This approach

requires the relative importance value (preference) for each criterion from the

decision-maker, which is suitable for solving complex problems with quanti-

tative criteria. The principles of this approach include hierarchic structure

modeling, priority synthesis, and ranking consistency. In [48], an exam-
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ple of the evaluation of an automation system capability was given, where

the availability, function, and flexibility, were accounted for, as shown in

Table 2.3.

Table 2.3: Structure of AHP analysed in [48].

Goal Criteria Alternatives

Availability

Proven operation in similar applications
Offline programming

Vendor support
Information Quality

New machine
Robot A
Robot B

Function

Speed
Accuracy
Payload

Repeatability
Information quality

New machine
Robot A
Robot B

Flexibility

Part size
Part geometry

Batch size
Information quality

New machine
Robot A
Robot B

In Design of Experiments (DOE), the fractional factorial designs for

Analysis of Variance (ANOVA) can effectively assist practitioners to only

run a fraction experiment instead of a full experiment to draw a conclu-

sion [61]. Through this approach, massive efforts of time and resources can

be saved while doing a comparative study.

Queuing theory is a mature area which has been successfully employed

in many kinds of manufacturing industry [62]. In this theory, a queue is

regarded as a system into which customers arrive and wait for the receiving

service. The features of a queuing model include arrivals, service mechanism

and queuing discipline, which are similar to manufacturing product lines in

factories. The queuing model can statistically simulate manufacturing prod-

uct lines to deal with the stochastic nature, which even can be adaptive to

industrial robots. For instance, the evaluation of the quantity of handling

robot was modeled based on queuing theory [63]. The loading and unload-

ing time of products, traveling time including loaded and empty, and the
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breakdown of the system are considered.

In summary, the traditional teaching method has been widely used in

various industrial applications. With the emergence of HRI technologies, an

increasing number of new paradigms will be inspired, facilitating a more effi-

cient and effective manner to transfer human skills to robots. Besides, recall

the initial expectation of introducing robots in plants, the business value

made by robots is still the most important factor. The lack of performance

assessment at the task-level is also necessary to provide more information

instead of rough estimation from manufacturers.

2.3 Challenges

This chapter provides a literature review on prior works done in the scope of

collaborative robotics and their manipulation in industrial scenarios. From

this review, the field of collaborative robotics and collaborative manipula-

tion in the industrial scenario is still an open research and practice issue.

For example, the framework of collaborative robotics is not specific, and sev-

eral terms such as cooperation, collaboration, and coordination are not well-

defined. Besides, a methodology for performance assessment at task-level is

rare-explored for robot systems and their plans. The way to quantify this

performance under a model that is unified-represented does not exist. Given

this, the establishment of a bridge of performance quantification between

robot-level and economic-level still has a long way to go. Finally, although

the concept of HRC and PbD has been proposed, the related paradigms on

industrial applications with the introduction of robot intelligence are still

rare in real deployment due to time-efficiency. Hence, all these issues are

worthy of being working on in the future.

The following chapter will provide a theoretical study on the developed

framework of collaborative robotics, where the aforementioned terms (coop-
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eration, collaboration, and coordination) will be defined clearly. In addition,

a novel and unified manipulation framework for human-robot collaboration

will be given. Finally, a novel performance quantification method will be

presented for practical use in the cases of industrial manipulation.
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Chapter 3

A Framework of Collaborative

Robotics for Manipulation

In this chapter, a theoretical framework for collaborative robotics is pro-

posed for its deployment in industry. This framework copes with three

issues in collaborative robotics before the deployment is feasible in industry:

representation of collaboration, collaborative behavior, and performance as-

sessment.

First of all, serving as a vertical connection to all the components with

different levels in robotic tasks, a formal representation is developed for clear

definitions of them, where this representation can be generalized to various

kinds of robotic systems, such as non-collaboration, RRC, and HRC. Besides,

this representation models task plans in a graphical form, supporting the

extension of additional robotic systems for representing the collaborative

behavior of multiple agents.

Secondly, as a necessary part of collaborative behaviors, manipulation

plays an important role. Existing manipulation methods and related analysis

for RRC have been widely used in industry. Hence, the proposed framework

focuses on the manipulation of indirect HRC with high precision. Through

the proposed kinematics, human operators can work closely with robots in
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industry applications.

Thirdly, a robot-centered approach for performance evaluation at task-

level, which bridges the gap between the robot-level and economy-level, is

of importance before the robotic systems can be successfully deployed in in-

dustry scenarios with acceptable cost-effectiveness to manufacturers. Based

on our representation models, the developed approach can support the prac-

titioners to quantify the performance of robotic systems at task-level.

The mentioned theoretical contents in this chapter are applied to two

different collaborative patterns (RRC in Chapter 4 and HRC in Chapter 5)

for validation.

3.1 Cooperation, Collaboration, and Coordi-

nation

In our lives, cooperation, collaboration, and coordination are terms that

with a similar implication in language, understood as several participants

engage in a given task together. From the literal point of view, however,

there are some differences between these three terms. Based on the Oxford

English Dictionary, cooperation refers to

”The process of working together to the same end.”

Collaboration refers to

”The action of working with someone to produce or create some-

thing.”

Coordination refers to

”The organization of the different elements of a complex body

or activity so as to enable them to work together effectively.”
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As so far, these three terms are not well-defined in robotics, making re-

searchers and engineers sometimes confused about their meaning. In this

work, this thesis provides a perspective for standardizing their usages.

3.1.1 Cooperation

Putting apart the prefix co- which means together, the target of the word

operation often indicates a task. Combining the explanation from the Oxford

English Dictionary, the nature of a task is emphasized in this term, namely,

the task is executed by some participants together. Therefore, while using

this term, the object of study is expected to be the task, and it does not

care about the relationships of the participants as well as their behaviors.

Given this, this thesis defines the cooperation for robotics as follows:

Definition 3.1.1 (Cooperation). Cooperation in a task means that the

task is executed by multiple agents, where these agents directly or indirectly

interact with each other for a common and expected goal. A task with

cooperation is called a cooperative task.

3.1.2 Collaboration

Collaboration is frequently used in HRC, focusing on the interaction be-

tween human(s) and robot(s). In addition, the term collaborative robot (or

cobot) has a definition with the consensus in HRC, that is, a robot designed

for direct interaction with humans. Another common usage of collaboration

is for multi-robot collaboration, studying the aspects of decisions, percep-

tions, and actions, from multiple robots. These three usages of collaboration

summarize that collaboration in robotics emphasizes the interaction among

studied agents, where the agent can be robot or human. For example, robot-

robot collaboration emphasizes the interaction among multiple manipulators

in a task, while human-robot collaboration emphasizes the interaction be-
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tween human(s) and manipulator(s). Thus, this thesis defines a generalized

concept for collaboration in robotics as follows:

Definition 3.1.2 (Collaboration). Collaboration indicates the interactive

behaviors of an agent/agents in a given task.

The collaboration plays an important role in the modeling of interactions

in robotics. A taxonomy for different collaborative forms is necessary for a

clear understanding of different collaborative behaviors in robotic tasks. In

this section, this thesis focuses on three patterns of collaboration: non-

collaboration, robot-robot collaboration, and human-robot collaboration, as

depicted in Figure 3.1.

Collaboration

Non-
Collaboration

Robot-Robot
Collaboration

Human-Robot
Collaboration

External

Internal

Direct

Indirect

Figure 3.1: Patterns and forms of collaboration.

These three patterns present the different collaborative forms of indus-

trial robots. Firstly, the non-collaboration refers to an agent without col-

laborative behaviors, which normally indicates a robotic system that has

only one manipulator in itself, such as a single-arm robotic system. Sec-

ondly, RRC is more complex than the pattern of non-collaboration. Their

collaborative form is based on the location of collaborative behaviors that

appears. For a robotic system that needs collaboration with other robotic

systems to finish a task, its collaborative form is defined as external collabo-

ration, such as a multi-robot system which is composed of multiple robotic

systems; For a robotic system that allows collaborative behaviors to appear
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within itself, its collaborative form is defined as internal collaboration, such

as a multi-arm robotic system. Thirdly, with the introduction of humans,

the collaboration pattern of HRC can be divided into two forms based on

the effects of the human in a task, the direct collaboration and the indirect

collaboration. Direct collaboration means that the human and the robotic

system execute different parts of a task, respectively, while indirect collab-

oration means that the human finishes a whole task only via the robotic

system.

3.1.3 Coordination

The prefix ord- comes from Latin, where it has the meaning ”order.” That

is, coordination can be regarded as a virtual organizer for making things

be done in an orderly way. To achieve this, it must have the capability

to establish communication for observing states and delivering commands

globally. As a result, this term, as an organizing function, is of importance

for not only a successful cooperative task but also an effective collaboration

among multiple agents. Nevertheless, coordination is more than a concept

for the nature of tasks or the interaction among agents. For example, the

coordination of multiple sensors in a system, handling the merging of sensory

information. This form of coordination does not involve in the aspect of

cooperation and collaboration in robotics. Hence, the term coordination

focuses on the aspect of actions, and the coordination for robotics is defined

as follows:

Definition 3.1.3 (Coordination). Coordination refers to communication

among actions in one or more agents. The existence of coordination is for

the effectiveness of the interaction of actions in tasks.

26



3.2 Representation of a Robotic Task

Before starting to develop a representation of a robotic task, let us investigate

a task and its composition from the human’s point of view.

In general, a task is defined by a specific goal. For example, assembly

is a task with a specific goal. To assembly, we can use a hand to grasp a

component or rely on a fixture on the table, depending on the availability of

tools in our surroundings. This indicates that the process to achieve a task

goal is relevant to the environment we stay in. If there is nothing within our

surroundings, then we cannot finish the task. Or if there is a fixture but our

motions are constrained from reaching it, then we cannot achieve the goal no

matter how we put effort to interact with the environment. In other words,

the initial environment we stay directly affects the feasibility of finishing

the task. On the other hand, the finishing state of a goal often implies

termination of the task, implying that there is a certain environment that

proves the success of the goal. Now, assume that we already have a fixture

on the table. The next question is how do we assembly two components

together. We can use our right hand to guide the component for insertion,

or we can use the left hand. These selections are based on the availability of

the human body. Different selections also lead to different performances on

finishing time, success rate, assembly quality, and human feelings, etc. After

determining the guiding manner, we will face almost unlimited sequences of

actions that can achieve the goal. All the actions we selected are therefore

turned into our plan for this task so that we can know how to finish the

given task.

According to this simple example, we can find some interesting common

points which can be used for representing a robotic task.
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3.2.1 Task

As the origin of the developed representation, a task T comes with three

necessary elements: a specific goal, an initial state, and a final state.

1. Goal: A goal indicates the expected results of the task given to a

robotic system.

2. Initial state: Based on the conditions of the robot workspace, an initial

state is pre-determined. In a practical production system in manufac-

turing, this thesis considers a robotic system to serve as a workstation

in a production line. Thus, considering the existence of neighboring

workstations (robotic systems or machines), we often need several as-

sumptions to define the initial state of the studied task T from the

final state of the previous workstation.

3. Final state: Final state indicates the finishing state of the studied task

T, where the goal is achieved. The operation of the robotic system is

considered to start a new episode of task T after this state.

3.2.2 Agents

From Definition 3.1.2, agents can refer to humans or robots. In this work,

this thesis distinguishes robots and humans by using robotic agents and

human agents.

A robotic agent set R is proposed to defined a set of robotic agent Ri

that can perform part or full of a task T, where each robotic agent has

following definitions:

Definition 3.2.1 (Robotic Agent). A robotic agent is composed of at

least one manipulator and sensors, end-effectors, and other peripherals that

are needed for part or full of the executed task.
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This definition implies that any unnecessary device for the executed task

does not belong to the studied agent, even if it is mounted on the agent.

For example, if a task T can be accomplished by using only one RGB-Depth

(RGB-D) camera, one 6 DoF manipulator, and one gripper in a robotic agent

R1, then all the mentioned components belongs to R1. However, if there

is an additional one 6 DoF force-torque sensor mounted on the end of the

manipulator, then the force-torque sensor does not belong to R1 because it

is not effective in task T. Based on this definition, we can classify the type

of robotic system for a robotic agent:

1. Single-arm robotic system: a robotic agent with only one manipulator

performs actions in a given task.

2. Multi-arm robotic system: a robotic agent with more than one manip-

ulators performs actions in a given task.

While classifying the type of robotic system for a robotic agent, the num-

ber of manipulators that a robotic agent has is not in the priority of the

consideration. Instead, the criteria are the number of manipulators that

perform actions in a given task. The concept of the type of robotic system

is important because it effectively names the robotic agents based on their

capabilities, rather than based on their configurations. For example, while

deploying a dual-arm robot in a robotic agent, where one of the manipula-

tors is disabled, this robotic system can only be regarded as a single-arm

robotic system, where the disable manipulator plays a role of obstacle in the

robot workspace.

On the other hand, a human agent is composed of a human and given

tool in a task T. This thesis uses H and Hi to denote a human agent set and

a human agent for the task T, respectively.

For performing a task, a set of the feasible agent(s) that can finish full

of the task is called a feasible agent set F, defined as follows:
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Definition 3.2.2 (Feasible Agent Set). Given a task T, assume a set of

robotic agent set R or a set of human agent set H exists, of which elements

can perform part or full of T. A feasible agent set F ∈ ℘(R ∪ H)\∅ is a set

of agents that can finish the task T, where the ℘(•) refers to the power set

of •.

3.2.3 Action

From the aforementioned example, we know that robotic actions are like

human behaviors, such as perception and movement. In this work, an action

set A indicates a set of behavior that a robotic agent or a human agent can

perform. In each action Ai ∈ A, an information Ii = (ti, ri) is carried, where

ti refers to the execution time and ri refers to the success rate of the action.

Sometimes, it is hard to observe the success rate of every action. Thus, this

thesis poses three assumptions:

1. If the success rate of an action Ai is observable, then this action is

called detection action, denoted Ai ∈ Ad, where Ad is the detection

action set.

2. If the success rate of an action Ai ∈ A\Ad is unobservable, then its

success rate is given to be 100%.

3. The last action in a plan (definition can refer to Chapter 3.2.5) must

not be a detection action. This assumption exists because no matter

what the result of the last action performs, it will not affect the per-

formance (the execution time of the overall task) in the new episode.

Thus, turning this action to a detection action is meaningless.

In each robotic agent, there is always a set of actions that it can per-

form. Noteworthy, the action sets, from different agents belonging to the

same robotic agent set, can be overlapped (fully or partially) or disjoint. In

general, the action set can be categorized into three disjointed subsets:
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1. Setup SA: The actions in this set are put in charge of the initialization

of a robotic agent, including loading of programs, movement of robot

initial pose, etc. This action serves as a necessary preparation before

starting manipulation.

2. Manipulation MA: This set is the most important subset among the

three subsets of the action set, where practitioners make more efforts

for successful task implementation. The actions in this set include

robot perception and robot movement, which is designed to obtain

feedback from the environment and interact with the robot workspace.

3. Troubleshooting RA: The actions in this set are actions appearing

after a robotic system fails to achieve expected results of detection

actions before the final state. The actions exist to ensure the safety

of both the robotic system as well as the workspace while waiting for

the resetting of the task to the initial state of another new episode by

some mechanisms.

3.2.4 Strategy

For an action Ai, many factors may affect the performance of the action,

such as different parameters, algorithms, and additional functions. This

thesis calls these factors strategies, which are possible to change the carried

information Ii of the action. From practitioners’ point of view, an ideal

result of an adopted strategy should be able to increase the robustness (i.e.

improve the success rate ri) or improve the efficiency (decrease the execution

time ti) of the action it affects.

3.2.5 Plan and Sub-Plan

In general, under a given robotic system, the solutions composed by different

sequences of actions in MA (as well as the combinations of the adopted
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strategies) are various for a given task. Thus, these feasible solutions can

constitute a plan set. The definition of a plan set is depicted as follows:

Definition 3.2.3 (Plan Set). Given a graph G = (V , E), where V ⊆M A
and E ⊆M A2 with | E |≤ C(|M A |, 2), a plan set is constructed by

P = p(G) =
⋃
i

Pi, (3.1)

where p : G 7→ P is a function that maps a graph to a plan set. Note that

the | • | is the cardinality.

The elements in the plan set are known as plans. Each plan is composed

of limited number of the actions in MA and has the following definition:

Definition 3.2.4 (Plan). Given a plan set P, a plan Pi ∈ P satisfies:

Gi = g(Pi) = (Vi, Ei) ⊆ g(P), (3.2)

where g : P 7→ G is a function that constructs a plan to a graph, Vi ⊆ V,

and Ei ⊆ E.

As an important component for the proposed representation, another

concept, sub-plan, is also introduced. A sub-plan is capable to acquire the

overall information it carries. Through the functions of detection actions,

the success rate of each sub-plan can be acquired. The definition of sub-plan

and its graphical sufficiency are provided as follows:

Definition 3.2.5 (Sub-Plan). Given a plan Pi, each of its sub-plan SP ijk ⊆
Pi constructs a weakly connected subgraph SGijk = g(SP ijk) = (SV ijk,SE ijk) ⊆
g(Pi), where j and k implies the order and the selection of sub-plan, respec-

tively. In addition, there must be a detection action Al ∈ Adi ⊆ Ad, or an

action with zero outdegree δ+(Al ∈ Vi) = 0, as a sink vertex in the consti-

tuting subgraph SGijk.
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Theorem 3.2.1 (Sufficiency of Sub-Plans). Let a plan Pi construct a

graph Gi = g(Pi), the graph constructed by any sub-plan of Pi must be the

subgraph of Gi. However, not every sub-graph of Gi have their corresponding

sub-plans in the plan Pi.

An illustration of Theorem 3.2.1 can refer to the Chapter 3.2.7.

Although the decomposition manners of a plan are flexible, the upper

bounds for the number and the number of selection manners for sub-plans

exist:

Theorem 3.2.2 (Number of Sub-Plans). Let | Adi |> 0 in a plan Pi, the

number of its sub-plans is no more than | Adi | +1.

Theorem 3.2.3 (Selection for Sub-Plans). Let | Adi |> 0 in a plan Pi,
the number of the selection manners for its sub-plans is no more than∑|Ad

i |
n=0C(| Adi |, n).

For convenience and standardization, a manner for proper decomposition

is developed:

Theorem 3.2.4 (Proper Decomposition for Sub-Plans). Given a plan

Pi, let its possible sub-plans be SP ijk. A proper decomposition exists if the

selected sub-plans SP ijk satisfy two properties:

1. Completeness of plan:

g(Pi) =
⋃
j

g(SP ijk). (3.3)

2. Maximization of the number of sub-plans:

SP ij = argmax
SPi

jk

| SP ijk | . (3.4)

where the SP ij is the expected selection of each sub-plan.
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Through Theorem 3.2.4, the number of sub-plans is strictly limited to be

| Adi | +1, and these sub-plans SP ij are disjoint with each others in a given

plan Pi.
Finally, the information ISP i

j
for a sub-plan SP ij can be obtained:

ISP i
j

=

( ∑
Ak∈SVi

j

tk,
∏

Ak∈SVi
j

rk

)
. (3.5)

3.2.6 Coordination in a Task Plan

With communication, the interaction among actions, within an agent or

cross multiple agents, can work effectively in a task plan. In this section,

this thesis defines the concept of coordination over the sub-plans, called

coordination product in an n-ary Cartesian product form:

Definition 3.2.6 (Coordination Product). Given a set of sub-plans SP ,

where | SP |> 1 and every elements of SP are obtained via proper decom-

position. If there are n actions (n > 1) that need to be coordinated in a

period, then a coordination product Oi ∈ O exists, where O is a set that

satisfies | O |= n and O ∈ ℘(SP).

Next, with the introduction of coordination product(s), the calculation of

information for each sub-plan changes. Herein, two operations over SP are

defined for obtaining the equivalent sub-plans. Without losing the generality,

both the operations take two sub-plans, SP i and SPj, as examples, and the

equivalent sub-plan is denoted as SPeq:
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SPi SPj

(a) Series operation

SPi

SPj
(b) Parallel operation

Figure 3.2: Illustration of the operation over SP .

Series Sub-plan

For a series sub-plan (Figure 3.2 (a)), where there is no coordination product.

The operation for obtaining the local information ISPeq can be calculated

by:

ISPeq =

( ∑
Ak∈SVi

tk +
∑
Ak∈SVj

tk,
∏
Ak∈SVi

rk
∏

Ak∈SVj

rk

)
. (3.6)

Parallel Sub-Plan For a parallel sub-plan (Figure 3.2 (b)), where there

is a coordination product. The operation for obtaining the local information

ISPeq can be calculated by:

ISPeq =

(
max

( ∑
Ak∈SVi

tk,
∑
Ak∈SVj

tk

)
,
∏
Ak∈SVi

rk
∏

Ak∈SVj

rk

)
. (3.7)

These two operations can be generalized to more complicated diagrams

of task plans, providing a convenient manner for obtaining the equivalent

sub-plans.
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3.2.7 Graphical Models for Collaborative Patterns

In this section, we start from the pattern of non-collaboration, a single-arm

robotic system, through the developed representation.

Non-Collaboration

Given a task T and a robotic configuration set R = {R1,R2,R3} where

the single-arm robotic system R1 is the object of study. Assume that this

robotic system can perform ten actions MA = {A1, . . . ,A10} ⊂ A, where a

detection action A5 ∈ Ad exists. In addition, two feasible plans are provided

P = {P1,P2}, as depicted in Figure 3.3.

MA

R1 R2 R3

A1start

A2 A3

A4 A5

A6 A7

A8 A9

A10

T

P1

P2

Ad

Figure 3.3: Topological model of a single-arm robotic system in non-
collaboration.
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From Figure 3.3, the plan set P is modeled by a graph G = (V , E), where

V =M A and E = {(A1,A3), (A2,A5), (A4,A5), (A5,A3), (A3,A6), (A5,A8),

(A6,A9), (A8,A9), (A9,A10)}. The graph G is composed by two sub-graph,

G1 and G2:

1. For G1, we have a digraph G1 = g(P1) = (V1, E1), where

V1 = {A2,A5,A3,A6,A9,A10} and

E1 = {(A1,A2), (A2,A5), (A5,A3), (A3,A6), (A6,A9), (A9,A10)}.

2. For G2, we have another digraph G2 = g(P2) = (V2, E2), where

V2 = {A1,A4,A5,A8,A9,A10} and

E2 = {(A1,A4), (A4,A5), (A5,A8), (A8,A9), (A9,A10)}

These two graphs, G1 and G2, also correspond the plans P1 and P2 in the

plan set P , respectively. For the sub-graph of G1, assume we have three

selections (k = 1, 2, 3):

1. Selection A (k = 1): SG111 = (SV1
11,SE111), where SV1

11 = {A1,A2}
and SE111 = {(A1,A2)}. The subscript of SG111 refer to the first sub-

graph of the first selection.

2. Selection B (k = 2): SG112 = (SV1
12,SE112), where SV1

12 = {A1,A2,A5}
and SE112 = {(A1,A2), (A2,A5)}. The subscript of SG112 refer to the

first sub-graph of the second selection.

3. Selection C (k = 3): SG113 = (SV1
13,SE112), where SV1

13 = V1 and

SE113 = E1. The subscript of SG113 refer to the first sub-graph of the

third selection.

Based on the Definition 3.2.5, only the selection B and C have correspond-

ing sub-plans in P1 because there is either a detection action (A5 ∈ Ad1)
or an action satisfying zero outdegree (δ+(A10) = 0). For selection A, al-

though it is a subgraph of G1, it is not a sub-plan of plan P1 as it does not
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satisfy the condition prescribed in the Definition 3.2.5, which also verifies

the Theorem 3.2.1. Furthermore, based on Definition 3.2.4, we can know

that the selection B (k = 2 in this case) meets the requirement of proper

decomposition. From (3.2) and (3.3), we have

g(P1) =

|Ad
1|+1⋃
j=1

g(SP1
jk) =

|Ad
1|+1⋃
j=1

SG1jk. (3.8)

Because | Ad1 |= 1, we can obtain another subgraph SG122 for the sub-plan

SP1
2 by

SG122 = g(P1)\SG112 = G1\SG112. (3.9)

Thus, SG122 = (SV1
22,SE122) satisfies V1

22 = V1\SV1
12 and E122 = E1\SE112.

Therefore, the proper decomposition for plan P1 has SP1
1 = p(SG112) and

SP1
2 = p(SG122). Similarly, with a selection k, the proper decomposition of

plan P2 satisfies (3.3):

g(P2) =

|Ad
2|+1⋃
j=1

g(SP2
jk) =

|Ad
2|+1⋃
j=1

SG2jk, (3.10)

where SG21k = (SV2
1k,SE21k) has SV2

1k = {A1,A4,A5} and SE21k = {(A1,A4),

(A4,A5)}, and since | Ad2 |= 1 in plan P2, SG22 = (V2
2 , E22 ) has SV2

2k = V2\V2
1k

and SE22k = E2\E21k. Finally, the proper decomposition for plan P2 has

SP2
1 = p(SG21k) and SP2

2 = p(SG22k).
As so far, given a task T and a single-arm robotic system R1 ∈ R,

each plan Pi of the plan set P , as well as each of its sub-plan SP ij, can be

successfully represented in a graphical form based on the action set A that

R1 can achieve.
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Robot-Robot Collaboration (RRC)

Normally, the RRC is often designed for a task that needs higher efficiency

or dexterity. Extended from the developed representation for the pattern of

non-collaboration, this thesis divides the pattern of RRC into two forms: in-

ternal (multi-arm robotic system) and external (multi-robot system). From

a practical point of view, the coordination of a multi-robot system needs an

external setup for the deployed robotic systems, while a multi-arm robotic

system does not need to due to the built-in coordination function in its

driver. Nevertheless, their kinematics design by their factory makes the

multi-robot system more flexible on deployment. For a multi-robot sys-

tem, a practitioner can determine the deployment of robot bases for every

robotic system. For a multi-arm robotic system, however, its manipula-

tors share the same base link in the factory setting, leading to the change

of its workspace impossible. Without losing generality, this thesis uses a

dual-arm robotic system and two single-arm robotic systems for modeling

the multi-arm robotic system and the multi-robot system, respectively. The

provided derivations will focus on the information of coordination products.

For the further derivation of each sub-plan, readers can refer to the case of

non-collaboration.

A dual-arm robot can be regarded as the variance of a single-arm robot,

where two single-arm robots sharing the same robot base. Based on the

difference of their kinematics, a dual-arm robot can perform single-arm and

dual-arm manipulations. Except to consider another manipulator as a static

or dynamic obstacle, the single-arm manipulation of a dual-arm robot is the

same as a single-arm robot in the execution of the assigned action. While

doing dual-arm manipulation, the two manipulators perform synchronized

motions in each action, implying that these two actions share the same exe-

cution time. As a result, part of detection actions serving the coordination

between these two actions is necessary.
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Extended from the structure of non-collaboration, assuming that R2

is the dual-arm robotic system, and it can perform ten actions MA =

{A1, . . . ,A10}, where two detection action A3,A5 ∈ Ad exist. As depicted

in Figure 3.4, two feasible plans, P1 and P2, are executed by the two manip-

ulators, respectively. For example, the detection action A5, which exist in

both P1 and P2, constructs a coordination product O1 ∈ O, which describes

the coordination of dual-arm manipulation in task execution. Based on the

Theorem 3.2.4, we can have the following sub-graphs for each manipulator:

1. For the manipulator executing P1:

(a) SG11 = (SV1
1,SE11): SV1

1 = {A1,A2,A3} and SE11 = {(A1,A2),

(A2,A3)}.

(b) SG12 = (SV1
2,SE12): SV1

2 = {A3,A5} and SE12 = {(A3,A5)}.

(c) SG13 = (SV1
3,SE13): SV1

3 = {A5,A6,A7,A10} and

SE13 = {(A5,A6), (A6,A7), (A7,A10)}.

2. For the manipulator executing P2:

(a) SG21 = (SV2
1,SE21): SV2

1 = {A1,A4,A5} and SE21 = {(A1,A4),

(A4,A5)}.

(b) SG22 = (SV2
2,SE22): SV2

2 = {A5,A8,A9,A10} and

SE22 = {(A5,A8), (A8,A9), (A9,A10)}.

For obtaining the information ISPeq at the coordinate product O1, we can

use the (3.6) and (3.7) over SG11,SG12 and SG21, as depicted in Figure 3.5:

ISPeq =

(
max

( ∑
Ak∈SV1

1

tk +
∑
Ak∈SV1

2

tk,
∑
Ak∈SV2

1

tk

)
,

∏
Ak∈SV1

1

rk
∏

Ak∈SV1
2

rk
∏

Ak∈SV2
1

rk

)
. (3.11)
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R1 R2 R3

A1start

A2 A3

A4 A5

A6 A7

A8 A9

A10

T

P1

P2

Ad

O1

Figure 3.4: Topological model of a dual-arm robotic system in RRC.

SP1
1 SP1

2

SP2
1

Figure 3.5: The operations over SP1
1,SP1

2 and SP2
1.

According to the proposed concepts for RRC, another collaborative form

is external collaboration, which needs an external setup for coordination

among agents. This fact indicates that the coordination appears among

the task plans executed by multiple agents, rather than a single agent like

a multi-arm robotic system. Therefore, a coordination product normally
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serves as the bond connect multiple detection actions, where these actions

are executed by different agents in a task.

For the case of two single-arm robotic systems, their task plans are re-

garded to be executed by each agent independently. With the addition of

coordination among the two agents, some actions are bonded. As an ex-

ample, assume that there are two single-arm robotic systems, says R1 and

R3, their task plans and sub-plans after proper decomposition are directly

depicted in Figure 3.6. In this example, we can set up one coordination

product O1 = (SP1,SP ′1) between A3 and A′4. The information for this

coordination can be easily obtained by (3.7):

ISPeq =

(
max

( ∑
Ak∈SV1

tk,
∑
Ak∈SV ′1

tk

)
,
∏

Ak∈SV1

rk
∏

Ak∈SV ′1

rk

)
, (3.12)

where (SV1,SE1) = g(SP1) and (SV ′1,SE ′1) = g(SP ′1).

MA

MA′

R1 R2 R3

A1start

A2 A5

A3 A6 A7

A10

A′
1start

A′
4

A′
5

A′
8

A′
9

T

SP1

SP2

SP ′
1 SP ′

2

Ad

Ad

O1 O2

Figure 3.6: Topological model of two single-arm robotic systems in RRC.

Human-Robot Collaboration (HRC)

Comparing to RRC, the situations become more indeterminable under the

introduction of human performance. This is because the behaviors of hu-
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mans are more complex to be analyzed than robots. For example, their ca-

pabilities, experiences, physical and mental status, etc. These factors have

significant effects on their task performance. Besides, human performance

in tasks is generally difficult to be measurable and predictable in repetitive

experiments. Therefore, this thesis proposed a robot-centered representa-

tion for HRC. These graphical representations leave the extendable space

for human performance. Once there is an acceptable manner to measure

human performance in robotic tasks, then researchers or practitioners can

combine the proposed representation for further analysis.

According to the proposed HRC collaborative pattern, it can be further

divided into direct collaboration and indirect collaboration. For direct col-

laboration, both human and robot agents are considered to contribute their

manipulation to a task, which is similar to the multi-robot collaboration.

Hence, with the measurement of human agents, we can regard humans as

another robotic agent. An example of direct collaboration is depicted in

Figure 3.7.

MA

MA

R1 H1

A1start

A2 A5

A3 A6 A7

A10

A′
1start

A′
4

A′
5

A′
8

A′
9

T

SP1

SP2

SP ′
1 SP ′

2

Ad

Ad

O1 O2

Figure 3.7: Topological model of direct collaboration in HRC.

For indirect collaboration, only the robotic agent contributes the manip-
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ulation to a task. This contribution, however, is under the interference of a

human agent. In other words, without human interference, the robotic agent

is not able to finish the task by itself. As a result, the actions executed by

the robotic agent are partially or fully bonded to the actions of the human

agent. An example of indirect collaboration is depicted in Figure 3.8, where

this thesis uses O to indicate multiple robotic actions that bonded with hu-

man actions. Under this collaborative form, the execution time and success

rate of the bonded robotic actions depend on the human agent.

MA

R1 H1

A1start

A2 A3

A4 A5

A6 A7

A8 A9

A10

T

O

P1

P2

Ad

Figure 3.8: Topological model of indirect collaboration in HRC.
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3.3 Collaborative Manipulation

For effective collaboration in tasks, the spatial configuration of the robot(s) is

an essential consideration for practitioners. Due to the reachability of robots,

the positions of robot bases have a significant effect on task executions. This

section provides techniques for effective collaboration on the manipulation

of RRC and HRC.

3.3.1 Spatial Configuration

The effectiveness of task manipulation considerably depends on the robot

configurations and the given workspaces. In general, the setup of a robot,

such as the position of the robot base, has a direct impact on the effec-

tiveness of task execution. A bad setup often leads to the infeasibility of

planned motion due to singularities and joint limits. With only an intuitive

manner to determine the robot setup may cause the infeasibility for the

robot to reach a planned configuration. Even though the configuration can

be achieved, the efficiency of manipulation is still an unavoidable issue. In

the pattern of RRC, how to optimize the setup of robot base(s) to enable all

the manipulators to reach the assigned waypoints in task space should be

considered before the planning of collaborative manipulation. Researches

upon this problem have proposed some methods based on manipulability

ellipsoids [64], dexterity [65], reachability map [66], and capability [67]. The

latest and most popular method is based on an inverse reachability map [68],

which uses the voxelization method to create a workspace and discretize the

workspace by octree [69]. This method provides an efficient way for prac-

titioners to optimize the position of robot bases. With this technique, the

setup of robot bases in RRC can be easier to be analyzed. For example, the

setup of a dual-arm robot can be regarded as the optimization of the base

position of the dual-arm robot and its workspace, of which the planned way-
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points of both manipulators should be considered. As for the multi-robot

system, the optimization can be achieved through this method by fixing one

of the robots.

With frequently direct interaction between humans and robots in di-

rect collaboration, the issue of human safety is always a spotlight in HRI.

Especially for the applications in manufacturing, not only labor safety is im-

portant, but the efficiency of collaboration is considered by manufacturers.

As a result, the regulation of the workspaces of both humans and robots has

potential research value for improving both safety and efficiency. For more

details on this researches, readers can refer to [70].

3.3.2 Indirect Collaboration

In indirect collaboration, dexterous robot manipulation in the unstructured

environment becomes a very important technology to make robots behave

smartly and interact with people intelligently. To deal with the challenge in

efficient task teaching of a robot with multiple DoF for dexterous manipu-

lation, this section focuses on two motion retargeting methods, for enabling

a human operator to teach robots directly in a normal mapping manner, or

face-to-face in a mirrored mapping manner, by direct human motion through

motion capture devices. The proposed methods enable an operator to vi-

sualize the on-site conditions and understand the robot’s actions nicely in

telemanipulation. Such methods are very useful to support robot teaching

on various kinds of robotic setup and enhance the capabilities of dual-arm

robots on more dexterous manipulation skills shortly.

Fast Calibration and Adjustable Motion Mapping (FCAM)

According to Chapter 2.3, the limitations of Offline Programming (OLP)

includes:

46



1. The workpiece, the robotic system, and the physical environment need

to be modeled in advance.

2. A tedious calibration process is required to determine the relative po-

sitions between the robot and the workpiece.

3. The generation of robotic manipulation using off-line motion planning

but depending on the workpiece complexity, the algorithm often fails

and does not provide a feasible solution.

4. The generated motion of the robot in the off-line environment may

fail to work directly due to the differences between the physical and

the off-line environment. Therefore, further adjustment of the motions

can be troublesome and time-consuming.

Encountering these difficulties in the off-line programming system, this

thesis started to work on solutions for dexterous manipulation, trying to

arrive at a more efficient and user-friendly solution.

Robot teaching via indirect collaboration with simple motion mapping

functions might not work for complex tasks such as following surface cur-

vatures with contact interactions and collision-free motions. Therefore, this

thesis develops a Fast Calibration and Adjustable Mapping (FCAM) frame-

work to cope with the aforementioned issues in indirect collaboration. This

framework provides an efficient method for an operator to calibrate the robot

pose in the teleoperation system, an adjustable motion mapping method for

the operator to guide the robot movements using different scale factors, and

a clutching mechanism supports motion remapping while the operators reach

the limits of their workspace due to the human body structure. FCAM pro-

vides an operator with a more flexible way to set up and telemanipulate the

robot. Instead of mapping human motion to the robot motion through a

fixed mapping function, the developed adjustable motion mapping method
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allows an operator to use two different telemanipulation modes, large-scale

motion guidance, and fine motion tuning:

1. The operator can drive the robot efficiently in a large-scale motion

while constraint conditions are loose;

2. When the constraints of robot workspace become tougher and require

more precise control, the motion remapping can provide a fine motion

mode. For example, approaching a contact surface, or inserting the

tape into a groove, the fine motion mode is more useful.

The operation flow of FCAM is depicted in Figure 3.9.
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Fine-motion
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y
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Figure 3.9: The operation flow of FCAM, where B1 and B2 are the signals
automatically/manually sent from the operator.

Kinematics of FCAM

In this work, the theoretical foundation of FCAM is based on the Lie theory

[71].

Starting from a Three-Dimensional (3D) smooth manifold M (a topo-

logical space with a C∞ structure), where there is an atlas {(Ui, ϕi)|i ∈ I}
defined on M. That is, for each i in a index set I, there is a homeomor-

phism mapping ϕi : Ui → R3, where Ui is an open set that covers M, i.e.

48



⋃
i∈I Ui = M. In addition, at each point p ∈ M, there is a tangent space

TpM for describing the velocity of p, says p ∈ TpM. Let the manifold M
be a matrix Lie group and there is an identity element I ∈ M, then the

tangent space TIM contains the Lie algebra of M. Furthermore, the expo-

nential map expI(·) : TIM→M as well as its inverse, the logarithmic map

lnI(·) : M → TIM, are defined to preserve the distance between M and

TIM. For convenience, this thesis sets the point I as the origin such that

exp(·) = expI(·) and ln(·) = lnI(·).
In this paper, this thesis uses F with a corresponding subscript to repre-

sent the frame. Given two frames onM, says Fε and Fϑ. The rotation matrix

and translation from Fε to Fϑ are denoted εRϑ ∈ SO(3) and εpϑ ∈ R3, re-

spectively. Based on εRϑ and εpϑ, a Homogeneous Transformation Matrix

(HTM) (or a pose) is defined as

εTϑ =

εRϑ
εpϑ

01×3 1

 ∈ SE(3). (3.13)

From the Lie algebras point of view, the rotation εRϑ and the pose εTϑ

can be obtained via the exponential map as follows:

εRϑ = exp(εΦϑ ∈ so(3))

εTϑ = exp(εΞϑ ∈ se(3))
. (3.14)

The lie algebra, so(3) and se(3), are calculated based on the skew-symmetric

operator (·)∧:

εΦϑ = εφϑ
∧

εΞϑ = εξϑ
∧
, (3.15)
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where εφϑ ∈ R3 and εξϑ ∈ R6. Besides, we have

εξϑ =

ερϑ
εφϑ

 . (3.16)

In contrast, the logarithmic map can provide an inverse method to get SO(3)

and SE(3) from so(3) and se(3), respectively. With the inverse of the skew-

symmetric operator (·)∨, defined as

εφϑ = εΦϑ
∨

εξϑ = εΞϑ
∨
, (3.17)

we have

εφϑ = ln(εRϑ)∨

εξϑ = ln(εTϑ)∨
. (3.18)

Human Motion Capture

Given a robot in an unstructured environment where the world frame FW

and the robot base frame FR is commonly not identical, an HTM WTR exists

between FW and FR. A common robot setup for HRI is a direct installation

on the floor. In this case, the parameters that affect WTR are the translations

on the X, Y and Z direction of FW , and a yaw angle rotates along the Z-axis of

FW . To have the information of these four parameters, a tedious process for

accurate calibration is required. Otherwise, the subsequent implementation

of OLP will fail due to the calibration errors. Besides, even though the

calibration has been done, unexpected robot motion, such as collision, may

cause the robot base to drift from the previous calibration.

Unlike the strict requirement that OLP needs, the introduction of human-

in-the-loop can alleviate the traditional calibration issues thanks to the hu-

man capability of decision making. In online programming via telemanip-
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ulation, human operators can manipulate the robot from any initial robot

configuration to a target through the observation. Also, if the manipulation

is about to fail, human operators can use their perception to efficiently adjust

the robot motion for correction. Given these, the requirement of accurate

information on the translations becomes trivial. On the other hand, under

the indirect HRC, the used sensor FS plays an important role in describing

the human motion, instead of FW . Hence, this work proposes a method for

human motion capture in two different manners. This thesis considers two

cases of human motion: the model-less motion and the model-based motion.

Simply speaking, the model-less motion indicates that the human model is

not required, while the model-based motion needs a human model for human

motion capture. Therefore, the reference frame for describing the model-less

motion is generally in FR (or FS), while the model-based motion is in FB.

For the methods of the two cases, this thesis depicted them separately below:

Theorem 3.3.1 (Model-Less Motion Capture). Assume that there is a sen-

sor FS that can capture human motion STH . By recording the STH while

aligning the X-axis of FS with the X-axis of FR, then RTH can be obtained.

Proof. While aligning the X-axis of FS with the X-axis of FR, the sensor

generates a sensory HTM STcalib of which the rotation matrix is equal to

SRR. Therefore, we can describe human motion as

RTH = RTS
STH = ST−1calib

STH . (3.19)

However, only the rotation of STcalib is required, and we want to eliminate

the errors along other axes of FS, i.e. along X- and Y-axis. Hence, this

thesis computes the yaw angle ψ of STcalib through [72], and then replace
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the STcalib with a corrected HTM ST ′calib, where

ST ′calib = exp

05×1

ψ

∧ (3.20)

.

Theorem 3.3.2 (Model-Based Motion Capture). Assume that there is a

set of sensors FSi
that can capture part of human’s arm motion SRLi

. By

recording the WRSi
while aligning the X-axis of FB with an orientation in

FW , says ψ, then BTH can be obtained when the human model and ψ are

available.

Proof. Let each component of a human model be Li ∈ L. The relative pose

of sensor FSi
fixed on a FLi

can be calculated by

LiRSi
= LiRW

WRSi
, (3.21)

where

LiRW = LiRB
BRW . (3.22)

With the availability of the human model and a corresponding human pose

used in the registration process, we have LiRB = 13×3. Besides, having the

information of ψ, we can easily know that

WRB = exp

02×1

ψ

∧. (3.23)

For capturing the motion of each part of human motion, we can calculate

the motion relative to the registered data LiRSi
:

BRLi
= BRW

WRSi

LiR−1Si
. (3.24)
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Finally, based on the human model again, the hand motion relative to FB

can be obtained:

BTH =

BRL3
BRL1p1 + BRL2p2

01×3 1

 , (3.25)

where p1 ∈ R3 and p2 ∈ R3 are the dimensions of the human’s upper arm

and forearm. Note that FL1 denotes the human’s upper arm, FL2 denotes

the human’s forearm, and FL3 denotes the human’s hand.

In spite of the slight error in the manual process of the two methods, the

operator can use their space cognition to guide the robot and unconsciously

compensate for this error in their manipulation.
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(a) Model-less motion retargeting
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(b) Model-based motion retargeting

Figure 3.10: Illustration of motion mapping.

Normal Motion Retargeting

Due to the introduction of timestamps to differentiate when the motion

is generated, this thesis adds the timestamps in the subscript of all the

kinematics symbols. In order to establish the mapping from the human

motion to the robot motion, as illustrated in Figure 3.10, a mapping function

for motion retargeting, represented as fM : SE(3)×SE(3)×SE(3)→ SE(3),
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is required to figure out the desired target pose of the robot end-effector:

RTE,t =

fM(RTH,t,
RTH,0,

RTE,0), for model-less case

fM(BTH,t,
BTH,0,

RTE,0), for model-based case

(3.26)

To determine the difference of pose, this thesis discusses a case first. Let

an object frame FO on M and let its initial pose be defined as WTO,0. The

pose that object moves to at time t is denoted WTO,0. To ensure the closure

of matrix Lie group, the difference of poses which is represented by

δWTO,0:t = WTO,t − WTO,0 (3.27)

cannot be employed. Nevertheless, the nature of lie group gives the difference

of poses as follows:

δWTO,0:t = WT−1O,t
WTO,0, (3.28)

where the distance between the two poses can be calculated by

∥∥δWξO∥∥ =
√
〈ln
(
WT−1O,t

WTO,0
)
, ln
(
WT−1O,t

WTO,0
)
〉. (3.29)

Based on this case, the mechanism of fM in model-less motion can be

summarized as

δRΞE,0:t = ksδ
RΞH,0:t, ks ∈ R+. (3.30)

Hence, we can get the scheme of fM in model-less motion mapping:

RTE,t = exp
(
RξE,t

∧)
= exp

(
(ksδ

RξH,0:t + RξE,0)
∧). (3.31)

For fM in model-based motion, this thesis uses a similar method based

on the following mechanism:

δRΞE,0:t = ksδ
BΞH,0:t, ks ∈ R+. (3.32)
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Although the reference frames for describing the human motion FB and the

robot motion FR are different, Lie group equipped with a left-invariant Rie-

mannian metric 〈·, ·〉 can ensure that under the distant preserving condition

(ks = 1),

〈RΞE,t,
RΞE,0〉R = 〈λBRBΞH,t, λBR

BΞH,0〉R = 〈BΞH,t,
BΞH,0〉S, (3.33)

where λBR : TBM → TRM. Therefore, we can get the scheme of fM in

model-based motion mapping:

RTE,t = exp
(
RξE,t

∧)
= exp

(
(ksδ

SξH,0:t + RξE,0)
∧). (3.34)

Both (3.31) and (3.34) provides a continuous motion mapping from the

human motion to the robot motion and ensures the closure of the resultant

SE(3) group. However, these methods are based on the interpolation of the

Lie group, on which a Riemannian structure is defined. This indicates that

the resultant interpolation of the translation of SE(3) follows the geodesic

on the Riemannian manifold, which leads to an unexpected trajectory on

the Euclidean space where the operators exist in. With the increase of the

distance of the relative poses, the increasing curvature of the geodesic makes

the interpolation infeasible due to the physical safety issue in the Euclidean

space. Hence, the interpolation of translation motion should follow the short-

est path on the Euclidean manifold. That is, the traditional interpolation

scheme is expected to be recovered:δ
RpE,0:t = ksδ

RpH,0:t, for model-less case

δRpE,0:t = ksδ
BpH,0:t, for model-based case

ks ∈ R+ (3.35)

For increasing the flexibility of fM , this thesis uses kp ∈ R+ as the scaling

factor for translation mapping and kr ∈ R+ as the scaling factor for rotation
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mapping, instead of using previous ks.

Mirrored Motion Retargeting

Under some circumstances, normal motion retargeting may become infea-

sible due to the limitations of the environment. For example, the telema-

nipulation of a dual-arm robot without telepresence requires an operator

to manipulate the robot face-to-face. If the operating position is on the

sides of the robot, the operator will feel uncomfortable with the observa-

tion of the robot’s workspace. Besides, to avoid the reachable space of the

robot manipulator, the operating position may be more distant from the

robot base, causing the operator to feel hard to transfer the robot dual-arm

manipulation because of the unclear observation.

Given these, this work proposes an on-site teaching method based on mir-

rored motion retargeting for operators to telemanipulate a dual-arm robot

more efficiently. Mirrored motion is defined as follows:

Definition 3.3.1 (Mirrored Motion). Given two frames FO and FO′ , if an

HTM Trf with det(Trf ) = −1 exists such that OTO′ = Trf , then FO′ gener-

ates a mirrored motion corresponding to FO.

There are many forms of mirrored motion based on the selection of the

reference planes for reflection. Without losing generality, this work considers

the setup of using the Y-Z plane for generating the mirrored motion so

that the X-axis of the robot base frame can be utilized again, where the

underlying principle will be further discussed through afterward derivation:

Trf =


−1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

 . (3.36)
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Nevertheless, the matrix Trf is not a SE(3) group as its determinant does

not equal to 1, making the defined operation on SE(3) cannot be employed

under the existence of Trf . Therefore, this work provides another solutions

to cope with the kinematics issue of mirrored motion.

Similar to the normal motion retargeting, the two cases of human motion

capture are studied again.

Theorem 3.3.3 (Model-Less Mirrored Motion Capture). Assume that there

is a sensor FS that can capture human motion STH while aligning the X-

axis of FS with the reversed X-axis of FR, then a mirrored motion RTE

corresponding to the BTH can be obtained.

Proof. While aligning the X-axis of FS with the reversed X-axis of FR, the

sensor generates a sensory HTM STcalib of which the rotation matrix is equal

to

exp

02×1

π

∧SRR, (3.37)

implying that a virtual human body frame FB is established in front of the

robot. Thus, the captured human motion can be described in FB:

BTH = STcalib
STH . (3.38)

To make the rotation movements in a mirrored manner, a mirrored human

body frame FB′ is created, where the captured rotation motion can be trans-

formed by

B′RH = exp




0

π

0


∧BRH

BRH . (3.39)

The relationship between the aforementioned frames is illustrated in Fig-

ure 3.11, where we can see the rotations in FR and FB′ are mirrored (cor-

responding to Definition 3.3.1). In addition, the mirrored translation in FR
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can be achieved by the movement with a reversed direction along each axis

of FB′ .

FRFB′

X

Y

Z

X

Y

Z

Figure 3.11: Illustration of model-less mirror mapping.

Theorem 3.3.4 (Model-Based Mirrored Motion Capture). Assume that

there is a set of sensors FSi
that can capture part of human’s arm motion

SRLi
. By recording the WRSi

while aligning the X-axis of FB with an

orientation in FW , says ψ, then a mirrored motion RTE corresponding to

the BTH can be obtained when the human model and ψ are available.

Proof. With a similar manner to Theorem 3.3.3, the model-based mirrored

motion capture is achieved through the mirrored frame of each sensor FS′i :

WRS′i = exp




0

π

0


∧WRSi

. (3.40)

To reconstruct the human motion, a mirrored human model is used, where

the dimensions of the human’s upper arm and forearm are negative. Al-

though the human motion is described in FB under this manner, it is re-

constructed based on the mirrored motion that captured by sensors. In this
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manner, the procedure of Theorem 3.3.2 can be followed for obtaining the

mirrored motion of BTH .

3.4 Performance Evaluation

In manufacturing, the common problem of identifying suitable robotic con-

figuration (the type of robot, actuators, sensors, etc.) for a given task is a

difficult issue for manufacturers. Different robotic configurations and corre-

sponding task plans lead to huge differences in performance. Furthermore,

these differences are further magnified due to repetition. Performance study

of one or multiple robotic configurations in handling a task has been an

important but not well-addressed issue in the community. A quantitative

assessment allows robot manufacturers or potential operators to make an

objective decision based on the results of the assessment, such as deciding

on the choice of a robotic system to purchase and possible return on in-

vestment. This would lead to improved efficiency and effectiveness in the

deployment of robotic systems in the industry.

Research in performance assessment at the economy-level and robot-

level has been well explored in recent years, as listed in Table 3.1. In gen-

eral, performance study at robot-level tends to focus on the design of the

robotic mechanism, repeatability and resolution [44] [73] while analysis at

economy-level tends to focus on the investment-driven considerations such

as cash flow, risk, and capital recovery factor [47]. To connect economy-level

and robot-level, assessment at task-level is necessary. Criteria at task-level

bridges the gap by looking at factors that cover the perspectives of both

sides. For example, improving productivity at task-level through selecting

a more suitable type of robot at the robot-level for a given task may bring

manufacturers higher capital recovery factors at the economy-level.
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Table 3.1: Performance criteria at robot-level and economy-level.

Robot-Level Economy-Level
Type of structure

Payload
Joint speed and range

Repeatability
Resolution
Lifetime

etc.

Cost
Value

Interest rate
Risk

Capital recovery factor
Payback period

etc.

To evaluate the task-level performance in collaborative robotics, this the-

sis develops a robot-centered performance assessment approach to quantify

the performance of a set of robotic configurations and their corresponding

task plans proposed by manufacturers. This approach is not only compatible

with the aforementioned three collaborative patterns but also can utilizable

in further cross-analysis for providing manufacturers quantitative criteria

on system deployment. The proposed steps for performance assessment at

task-level are shown in Figure 3.12.

Robotic
configuration

Task plans

Assessment
model

APR

1 Selection of robotic configuration

- Analyze the requirements of a given task.

- Select a suitable robot, sensors, end-
effectors and peripherals.

2 Consideration of task plans and strategies

- Make task plans and strategies based on
the selected robotic configuration.

- Provide several alternatives for study.

3 Establishment of assessment model

- Decompose task plans based on the pro-
posed task representation.

- Establish performance assessment model.

4 Performance quantification

- Use the assessment model to
calculate the Average Product
Rate (APR).

5 Cross-Analysis

- Verify the experimental data.

- Identify the strategy with larger effect.

- Estimate the performance of new strategy.

- Identify the strategy with larger effect.

Figure 3.12: Steps of performance assessment at task-level.
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3.4.1 Robot-Centered Performance Assessment

Continuous Time Markov Chain The model for performance assess-

ment is established based on Markov Chains [74]. The most remarkable

characteristics of Markov Chains is its memoryless property, defined as fol-

lows [75]:

Definition 3.4.1 (Markov Chain). Given a temporally homogeneous stochas-

tic process X = (Xt, t ∈ T ) in a probability space (Ω,H,Pr), for a totally

ordered index set T , Markov Chains is a stochastic process on a measurable

finite state space S ∈ Ω satisfying

Pr(Xt = j ∈ S | Hs ∈ H) = Pr(Xt ∈ S | Xs ∈ S), (3.41)

where s, t ∈ T with s < t, and Hs = σ(Xo, · · ·Xs) is a collection of known

events.

Definition 3.4.1 indicates that the future can be predicted by the avail-

ability of the present event without past events. The transition probability

of a Markov Chains from state i to state j, between index s and index t, can

be formulated by [75]:

Pr(Xt = j ∈ S | Xs = i ∈ S) = pij(s, t). (3.42)

Under the circumstance of continuous-time, the probabilistic graph of

Markov Chains is generally expressed by a transition rate derived by Kol-

mogorov differential equations [76]:

P (s, t) = [pij(s, t)] = exp
(∫ t

s
Q(ζ)dζ

)
Q(t) = [qij(t)] = limh→0

P (t,t+h)−I
h

, (3.43)

where P is so-called transition probability matrix and Q is transition rate
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matrix. The relationship between the elements of P and Q is determined

through the infinitesimal property formulated by little-o notation asqii(t) = pii(t, t+ h)− 1 + o(h)

qij(t) = pij(t, t+ h) + o(h), i 6= j

, (3.44)

where h is an infinitesimal time increment. The relationship indicates the

following property in a transition probability matrix P (t) and Q(t)


∑

j pij(s, t) = 1, ∀i, s ≤ t∑
j pij(t) = 0, ∀i

. (3.45)

Probabilistic Dependencies and Space Mapping Combining infor-

mation vector and the proposed task representation on the Probabilistic

Graphical Model (PGM) which is with characteristics of Continuous Time

Markov Chain (CTMC), a linear equation to formulate any existed arc (prob-

abilistic dependency) among its end vertices (sub-plans) is given by

qij(t)
∑
Ak∈SVi

=


∏
Ak∈SVi

rk, j = i+ 1

1−∏Ak∈SVi
rk, otherwise

. (3.46)

After establishing the probabilistic dependencies between each ordered

pair of vertices in PGM, this thesis subsequently constructs a mapping from

a task plan space P to a CTMC model with a CTMC state space S. Firstly,

an assumption that a studied task plan consists of n manipulation actions

assigned MA = {A1, · · · ,An} is made. Then, the actions A0 and An+1 ,

are set to be the setup SA and the troubleshooting actions RA, respectively.

Hence, there is an action set A = {A0, · · · ,An+1} with | A |= n + 2,

which is composed of a manipulation action set MA and a default action

set DA = SA ∪ RA = {A0,An+1}. Secondly, it is assumed that there are l
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detection actions among these actions, namely | Ad |= l. This means that

there is a sub-plan set SP = {SP1. · · · SP l+1} in a plan Pi, where all the

elements in SP are proper sub-plans decomposed by Theorem 3.2.4. The

mapping is constructed by the following three functions:

• fd : DA → S is injective-only.

• fa : MA → SP is surjective-only.

• fp : SP → S is injective-only.

Then, we can use above three functions to construct the mapping by:

• fd(A0) = S0 and fd(An+1) = Sl+2.

• fa(SPj), if Ai ∈ SPj.

• fp(SP i) = Si.

The developed mapping implies that no matter how many actions there are

in a task plan, it will eventually lead to | S |=| SP | +2. Figure 3.13 shows

an example of this mapping with n = 4 and l = 1. The detection action is

A2 and the state space of this mapping is with | S |=| SP | +2 = 4.

64



A0

A1

A2

A3

A4

A5

SP1

SP2

S0

S1

S2

S3

Task plan

A

SP S

fd

fd

fa

fa

fa

fa

fp

fp

Figure 3.13: An example of mapping from a task plan (n, l) = (4, 1) to a
state space of CTMC, where A2 ∈ Ad.

Performance Assessment Model Based on this mapping method, a

generalized CTMC model with a state space S = {S0, · · · ,Sl+2} can be

established, where each state has a corresponding physical meaning:

• S0: The robotic system is being set up.

• Sl+2: The robotic system is under troubleshooting.

• Si, 1 ≤ i ≤ l + 1: The robotic system is executing task normally.

Figure 3.14 shows the generalized CTMC model. Note that there is

no failure in the last sub-plan because no matter what the result of this

sub-plan returns, the manufactured product will be transmitted out of the

studied robotic system by the assumptions made previously, thereby nothing

will influence the next sub-plan which will be executed in the new episode of

the task. Based on (3.46), the transition rate matrix Q = [qi,j] ∈ R(l+3)×(l+3)
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can be expressed by

q1,2 =
1

t1
, q1,1 = − 1

t1
,

q(l+3),1 =
1

tl+3

,

q(l+3),(l+3) = − 1

tl+3

,

q(l+2),2 =
1∑

Ak∈SVn
tk
,

q(l+2),(l+2) = − 1∑
Ak∈SVn

tk
,

qi,i+1 =

∏
Ak∈SVi−1

rk∑
Ak∈SVi−1

tk
, 2 ≤ i ≤ l + 1,

qi,(l+3) =
1−∏Ak∈SVi−1

rk∑
Ak∈SVi−1

tk
, 2 ≤ i ≤ l + 1,

qi,i = − 1∑
Ak∈SVi−1

tk
, 2 ≤ i ≤ l + 1,

qi,j = 0, otherwise

(3.47)

In order to assess the performance (i.e. the information vector), we need

to conduct a steady state analysis based on the proposed CTMC model. A

vector π = (π0, · · · , πl+2)
T , with properties πi ≤ 0,∀πi ∈ π and ‖π‖1 = 1,

is said to be the probability of each state of a CTMC. Furthermore, if π is

under steady state, then π is unique and can be obtained by [77]:

dπ(t)

dt
= πQ = 0. (3.48)

For each element in (3.48), we have:

πiqi,i +
∑
i 6=j

πijqi,j = 0,∀i. (3.49)

By solving (3.49), the probability of each state in the proposed CTMC can

be calculated. This indicates that we can obtain the Average Product Rate
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(APR):

APR = πl+1ql+2,2

∏
Ak∈SVn

rk = πl+1

∏
Ak∈SVn

rk∑
Ak∈SVn

tk
. (3.50)

S0 S1 Sl+2

S2

Sl+1

A0 SP1

SP2

SPn

An+1

Figure 3.14: Proposed CTMC model for a robotic task plan.

The outputs of the proposed approach can be defined as:

1. APR: The APR indicates the production capability of a robotic system

under a certain task plan. Intuitively speaking, the higher the APR

is, the better the robotic system and the corresponding plan is.

2. Information vector: The information vector not only provides the nec-

essary parameters for CTMC model, but also works for performance

assessment at the economy-level.

3.4.2 Connection to Assessment at Economy-Level

This section presents a discussion on assessment at the economy-level, pro-

viding manufacturers with methods to select solutions among available op-

tions. Manufacturers can refer to this regarding determining a suitable
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robotic configuration, corresponding plan, and strategy for higher cost-effectiveness.

Assuming the estimated profit of an accomplished task is M̄ and the esti-

mated cost per second of the studied robotic system (this value depends on

the robot, including installation, operation, maintenance, etc.) is Cr. Com-

bining the result of APR and information vector, the estimated cash flow F̂

can be measured by:

F̂ = APR · M̄ − (Cr +

|SP|∑
i=1

∏
Ak∈SVi

(1− rk)Ci) (3.51)

where Ci is estimated rework cost per second for SV i.
Once the cash flow is estimated, manufacturers can further estimate the

present value PV about this robotic system by [47]:

PV =
Nt∑
t=0

F̂t
(1 + r̄)t

(3.52)

where F̂t refers to the estimated cash flow F̂ in period t, depending on the

estimated unit profit and other costs in (3.51); Nt is the total number of

a considered time periods; r̄ is fractional interest rate due in each studied

period.
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Chapter 4

Robot-Robot Collaboration:

Peg-in-Hole

Given a robotic manipulation task, decision on which robotic configuration

(robotic system and necessary peripherals, including assistant tools, sensor

systems, and so on.) to use and evaluating performance of the solution

remains as an open, challenging but a meaningful problem.

Starting from productivity which is one of the main concerns for man-

ufacturers, this chapter introduces the use of the developed methodology

for the quantitative assessment of non-collaboration and RRC paradigms.

A vision-based Peg-in-Hole (PIH) case with the implementation of the pro-

posed task representation for performance quantification of different task

plans and robotic configurations is studied to validate the effectiveness of the

developed methodology for comparing the productivity of different robotic

configurations and evaluating the worthiness of the updated solution of a

sub-task through observing improvements in productivity. Implemented and

tested on the studied tasks with different levels of difficulty through different

collaborative forms on a dual-arm robot, the methodology has demonstrated

encouraging results. Also, a systematic cross analysis is shown for assisting

manufacturers to determine their deployment plans. Finally, the connection
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of performance assessment from task-level to economy-level is presented.

4.1 Introduction

Dual-arm industrial robots are increasingly considered as a promising trend

of industrial automation [1, 2] due to a range of characteristics: (1) the an-

thropomorphic manipulators provide operators with more intuitive way to

manipulate, (2) the nature of their kinematics make stiffness adjustable when

both arms are contacting a common object, (3) high redundancy improves

the flexibility and versatility in task execution, (4) synchronized manipula-

tion shortens cycle time. Based on these characteristics, dual-arm robots

are therefore widely considered as the mainstream of industrial robots in

the next generation and have been employed in many manufacturing and

research settings. Unlike single-arm robots, emphasis on dual-arm robots

has always been the flexibility of themselves. Current literature on assembly

tasks with dual-arm robots has been studied. In [78], a gearbox assembly

task is demonstrated with a dual-arm robot by a pre-programmed method.

In [79] [80], small part assembly tasks are implemented with vision-based

dual-arm robots. In [81], the anthropomorphic feature of dual-arm robots

is expressed to implement assembly tasks through PbD paradigm. The lit-

erature above shows that dual-arm robots are feasible in realistic assembly

applications.

Nevertheless, there is a critical issue that: “should a practitioner replace

a single-arm robot with dual-arm robot for higher profits in the industry?”

This is an intriguing issue worth deep consideration. Being different from the

performance study of various industrial robots and robotic skills [56] [53] or

motion planning algorithms for specific manipulation [82], there have been

very few studies on the comparison between single-arm robots and dual-arm

robots at task-level.
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To achieve the quantitative assessment for a robotic system at the task

level, this thesis develops a vision-based dual-arm robotic system for a PIH

assembly task. A two-stage vision-based approach is proposed to cope with

the uncertainties in the task. With the combination of the database, the

robotic system can finish a PIH assembly task adaptively. Two collaborative

patterns are used in this task: Non-Collaboration (single-arm manipulation)

and RRC (dual-arm manipulation), where an internal collaborative form is

employed in RRC. Later on, the developed representation is used to model

the task plans under different robotic configurations. Besides, this chapter

also shows the utilization of the established model to quantify the perfor-

mance at the task-level. Finally, practitioners can conduct cross-analysis:

data validation, the influence of strategies, estimation of a new strategy,

and dominance of robotic configuration, to measure their deployment. Fur-

thermore, the criteria at the economy-level can be achieved by the proposed

assessment method.

4.2 Methodology

4.2.1 Perception

A two-stage vision-based localization approach is proposed herein. Firstly,

rough positions of all objects presented in front of the robot can be obtained

through a RGB-D camera on the robot head. With this information, the

robot can move and use its hand-tip camera to closely detect the exact pose

of the object that is going to be manipulated. Based on this two-stage

approach, the robot can manipulate the objects precisely. The details of

this approach will be revealed in the following paragraphs.
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Global Detection

The goal of global detection is to search the whole workspace plane and find

the rough position of every assembly part presented. In this step, if any of

the assembly parts are missing, the next step will not be proceeded by the

robotic system. This approach is realized by Point Cloud Library (PCL) [83]

with the utilization of point cloud data PS, where the algorithm is given in

Algorithm 1.

Algorithm 1 Global Detection

1: procedure Global Detection(PS)
2: Initialize sensor’s pose WTS and workspace W
3: Initialize searching radius rs and min. neighborhoods nr
4: Initialize clustering tolerance ε and max./min. neighborhoods in a

cluster nc,max/nc,min
5: Lo ← ∅ . A list of rough positions
6: for each point pSi

∈ PS do
7:

[ pWi
1

]
= WTS

[ pSi
1

]
. Transformation from FS to FW

8: PW ← PassThrough(PW ,W)
9: PW ← RadiusOutlierRemoval(PW , rs, nr)
10: C = EuclideanClusterExtraction(PW , ε, nc,max, nc,min)
11: for each cluster Ck ∈ C do
12: pk ∈ R3 = 1

|Ck|
∑

pWi
∈Ck pWi

13: Insert pk into Lo
return Lo

(a) (b)

Figure 4.1: Implementation result of global detection. (a) Received image
in FS. (b) Visualization of Algorithm 1, where ”WAIST” is the name of FR.

In our implementation, four assembly parts are presented in front of the
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robot. As the result shown in Figure 4.1, the rough positions of these four

assembly parts in the reference frame FW , which is identical to the robot

base frame FR, are successfully captured.

Local Detection

After the completion of global detection, we can obtain the rough position

of each assembly part and move the hand-tip camera mounted to our tar-

get. Then local detection can assist the robot to acquire the exact pose of

the object so that the robot end-effector of the robot can reach the object

precisely with collision avoidance. Noted that the realization of local detec-

tion should be guaranteed that only one object is presented in the detection

range of the hand-tip camera. This approach is realized by OpenCV [84]

with the utilization of RGB image data MRGB, where the algorithm is given

in Algorithm 2.

Algorithm 2 Local Detection

1: procedure Local Detection(MRGB)
2: Initialize binary threshold kbin,th
3: Initialize pixel center values pc0
4: Initialize mapping ratio km
5: MGrey = ConvertBinary(MRGB)
6: MGrey ← Threshold(kbin,th)
7: T = FindContours(Grey)
8: Tmax = FindLargestArea(T )
9: λmajor, λminor = PCA(Tmax)
10: ∆x = −km( 1

|Tmax|
∑

pi∈Tmax
pyi − pc0y)

11: ∆y = −km( 1
|Tmax|

∑
pi∈Tmax

pxi − pc0x)
12: ∆θ = cos−1 (λTminor[

0
1 ])

13: return ∆x,∆y,∆θ

The implementation result is presented in Figure 4.2.
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(a)

  

$ rosrun perception get pose

X-axis position compensation: 0.083496 (m)

Y-axis position compensation: -0.028674 (m)

Z-axis orientation compensation: -154.432 (deg)

(b)

Figure 4.2: Implementation result of local detection. (a) Visualization of
Algorithm 2, where the brown rectangle is the captured contour, yellow dot
is the center of the contour and the red line is the principal axis of Principal
Component Analysis (PCA). (b) Result of compensation value.

Finally, the exact position and orientation of an object can be obtained

by the compensation values from Algorithm 2:

WpO =


∆x+ WpEx

∆y + WpEy

1
2
hobject


WRO = exp

02×1

∆θ

∧
, (4.1)

where hobject is the height of the object, which has been stored in the grasping

database in advance. Note that the subscription ·x, ·y, and ·z, refers to the

values along X-, Y-, and Z-, Axes.

4.2.2 Manipulation

The manipulation process in the PIH assembly task is combined with a

preset database possessing the grasping pose, placing pose and assembly

relationship of each assembly part. A framework for the implementation

of how to grasp an object with the aforementioned perception approach is
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briefly illustrated in Figure 4.3.

PCL algorithm

Robot controller

Global detection

OpenCV algorithm

Robot controllerGrasping
database

Local detection

Task planner

Rough positions Lo

Commands

Manipulation

Compensation ∆x,∆y,∆θ

Grasping pose WTO

Manipulation

Figure 4.3: Framework of manipulation.

Grasping

The grasping pose for an object, says FO, can be calculated by:

Tgrasp = RTE = (WTR)−1WTO
OTE, (4.2)

where WTR refers to the pose calibration of the robot in its workspace; WTO

refers to the exact pose of the object, of which the result is from the proposed

perception approach; OTE is the grasping pose pre-defined in the grasping

database. The frame illustration of (4.2) is given in Figure 4.4.
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FO

FW

FR

FE

Figure 4.4: Frame illustration of grasping pose.

Assembly

The assembly pose for an object is related to another object. Here, PIH

assembly task only considers the simplest case, namely, two objects. Let

the frames of peg part and hole part be FO and FO′ , respectively. The

assembling pose can be calculated by:

Tassemble = RTE = (WTR)−1WTO′
O′TO

OTE, (4.3)

where WTR refers to the pose calibration of the robot in its workspace;

WTO′ refers to the exact pose of the hole part, of which the result is from

the proposed perception approach; O
′
TO refers to the assembly relationship

between the assembly parts in the assembly database; OTE is the grasping

pose pre-defined in the grasping database. The frame illustration of (4.3) is

given in Figure 4.5.
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Figure 4.5: Frame illustration of assembly pose.

4.2.3 Task Representation

Tasks

The goal of this task is to pick up around peg and a part with holes on a table

and insert the round peg into the round hole within an assigned assembly

region. The initial state of this task is pre-determined by some assumptions.

First of all, the robotic system is a workstation in a production line, receiving

given assembly parts under a certain degree of uncertainty such as various

positions (2 DoF on the table) and orientations (1 DoF along the normal

vector of the table). This is to simulate the disturbance in transportation.

Also, the assembly parts are assumed to be presented by a transportation

system without delay, allowing the parts to be presented with a given spatial

distribution. The given spatial distribution is to simulate transportation

from various directions, meaning that each assembly part is assigned to be

presented within a fixed region. The final state utilizes the mechanism of

the adopted transportation system, which can transport all assembly parts

out of the robotic system without delay to terminate the episode of the task

once the goal is achieved.

Figure 4.6 shows the initial state and final state of this task. Based
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on manual assembly tasks, workers generally possess knowledge on how to

accomplish a given assembly task. Therefore, the information of the as-

sembly parts and corresponding processes is provided to the robot as prior

knowledge.

assembly region

holepart peg part

(a) (b)

Figure 4.6: State of the task. (a) Initial state. (b) Final state.

Robotic Configurations

The robotic system used in this work consists of a dual-arm industrial robot

(KAWADA NEXTAGE Open), a pair of 3D printing two-jaw grippers based

on DYNAMIXEL MX-28-T motors, a pair of two-million-pixel industrial

cameras mounted on the grippers for local detection, a Microsoft Kinect 2

sensor mounted on the head of the robot for global detection, and a working

plane to support the manipulation.

Figure 4.7 shows the robotic system used in this work. The robotic

configurations are defined as follows.

1. Dual-arm configuration RD:

(a) Robot: Two arms of KAWADA NEXTAGE Open (6 DoF + 6

DoF).

(b) Sensor: A Microsoft Kinect 2 sensor and two two-million-pixel

industrial cameras mounted on the robot.
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(c) End-effector: A pair of two-jaw grippers mounted on the robot.

2. Single-arm configuration RS:

(a) Robot: The left arm of KAWADA NEXTAGE Open (6 DoF).

(b) Sensor: A Microsoft Kinect 2 sensor and a two-million-pixel in-

dustrial camera mounted on the robot.

(c) End-effector: A two-jaw gripper mounted on the robot.

Assembly parts

Camera

Kinect 2

Gripper

Figure 4.7: Setup of the robotic system.

Task Plans and Actions

Task plans for RD and RS are shown in Figure 4.8. In Figure 4.8, every

block refers to a robotic action. The blocks with dash outlines are detection

actions. GD refers to “Global detection”; LD refers to “Local detection”;

Pic(X) refers to “Pick X”; Pla(X) refers to “Place X”; Ins(X) refers to

“Insert X”; Res(X) refers to “Release X and move to initial pose”. P and H

inside the brackets refer to “Peg” and “Hole”, respectively. L and R before

the underline refers to “using left arm” and “using right arm”, respectively.
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GD R_LD(P)
L_LD(H)

R_Pic(P)
L_Pic(H)

L_Pla(H)R_Ins(P)R_Res
L_Res

GD L_LD(H) L_Pic(H)

L_Pla(H)L_LD(P)L_Pic(P)

L_ResL_Ins(P)

A1 A2 A3

A6 A5 A4

A1 A2 A3

A6

A5 A4

A7 A8

For RD

For RS

Figure 4.8: Task plans for RD and RS. The action with dashed border refers
to the detection action. In this work, the detection action is not necessary
the action with a detection function. Practitioners can select the detection
actions based on their needs. In this work, this thesis selects GD, Pic, and
Ins, as detection actions due to the possibility of failure of these actions.

For RD , there are three detection actions, namely | SP |= 4 and | S |=
6, while for RS, there are four detection actions, namely | SP |= 5 and

| S |= 7. Note that these results are governed based on Theorem 3.2.4.

Strategies

For an integrated robotic system, sources of uncertainties include but are not

limited to variations in the initial pose of assembly parts, modeling errors,

sensor noises, and truncation errors. To implement a given task, practition-

ers often need to think about “what strategies are needed to cope with these

uncertainties?” The adopted strategies need to have a higher level of robust-
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ness. However, from the manufacturer’s perspective, the chosen strategies

need to be cost-effective. This indicates that, sometimes, a strategy set

producing the highest success rate may not be the best choice. Strategies

considered in the tasks are as follows:

1 Strategy SA: Assembly detection employed before peg insertion can

increase the success rate but also increases the execution time of adding

action. However, for different assembly clearances (task difficulties),

one cannot estimate whether the effectiveness of this strategy is sig-

nificant. For example, if the clearance is large enough for more error

tolerance, the robot can insert the peg into the hole without detection.

2 Strategy SB: Assembly point is assigned to be located at the assembly

region, but the best location within this region is unknown. In this

paper, two different assembly positions were chosen to conduct an

experimental study.

3 Strategy SC : In spite of the lack of force/torque sensor for impedance

control, the discretization of fine motion enables the robot to generate

vibration during peg insertion and improves the success rate of putting

the peg into the hole. However, this strategy causes longer execution

time in adding action.

4.3 Experiments

This experimental study validates the effectiveness of the proposed approach

on the performance assessment of robotic configurations and plans at task-

level from three aspects. The first aspect is the validation of the pro-

posed approach among different tasks. This work considers a simple PIH

task with the different levels of difficulty in this study, where T1 is a task

with the clearance of 0.25 (easy) and T2 is a task with the clearance of
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0.1 (hard). Note that the clearance is calcultated by: (radius of hole −
radius of peg)/radius of hole. The second aspect is to test the generality of

the proposed approach in the performance quantification on different robotic

configurations. A dual-arm robotic system is used, where two robotic con-

figurations, dual-arm RD and single-arm RS, are taken into this study [85].

To simulate the robotic configuration of a single-arm robot, the right arm

of the robot is disabled. The third aspect takes a different combination of

strategies to verify the usability of the proposed approach.

4.3.1 Experimental Setup

The setup of the experiment study are provided in Table 4.1.

Table 4.1: Descriptions of experiment labels. Here, ¬S• indicates ”without
the adoption of strategy S•”.

T1 T2

SA ¬SA SA ¬SA

SB ¬SB SB ¬SB SB ¬SB SB ¬SB

RD SC #1 #3 #5 #7 SC #9 #11 #13 #15
¬SC #2 #4 #6 #8 ¬SC #10 #12 #14 #16

SA ¬SA SA ¬SA

SB ¬SB SB ¬SB SB ¬SB SB ¬SB

RS SC #17 #19 - - SC #21 #23 - -
¬SC #18 #20 - - ¬SC #22 #24 - -

4.3.2 Experimental Results

In the experimental study of this work, the execution time of the trou-

bleshooting action was uniformly estimated at 5 seconds. There were 50

replicates for each run, the average of the execution time of each action was

taken. Performance quantification of experimental results are provided in

Table 4.2 and Table 4.3, where the descriptions of experiment labels are
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given in Appendix. Figure 4.9 shows part of the task execution scenes. Note

that the APRs are governed by (3.50).

Table 4.2: Experimental results of RD on T1 and T2.

T1 #1 #2 #3 #4∑
ti (s) 37.39 29.81 36.94 29.49∏
ri (%) 100 100 98 98

APR (1/s) 0.0314 0.0413 0.0313 0.0423

T1 #5 #6 #7 #8∑
ti (s) 35.87 27.77 35.58 27.44∏
ri (%) 86 86 94 92

APR (1/s) 0.0287 0.0389 0.0315 0.0422

T2 #9 #10 #11 #12∑
ti (s) 36.90 29.62 36.90 28.96∏
ri (%) 96 88 94 88

APR (1/s) 0.0305 0.0364 0.0302 0.0377

T2 #13 #14 #15 #16∑
ti (s) 35.87 27.34 35.34 27.40∏
ri (%) 86 64 74 74

APR (1/s) 0.0287 0.0294 0.0250 0.0339

Table 4.3: Experimental results of RS on T1 and T2.

T1 #17 #18 #19 #20∑
tk 46.77 37.31 44.69 35.06∏
rk 100 98 100 96

APR (1/s) 0.0240 0.0305 0.0253 0.0320

T2 #21 #22 #23 #24∑
tk 47.00 37.12 44.90 35.02∏
rk 96 94 96 96

APR (1/s) 0.0229 0.0294 0.0241 0.0321
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(a) RD - A3 (b) RD - A5

(c) RS - A6 (d) RS - A7

Figure 4.9: Part of the task execution scenes.

4.4 Analysis

This section analyzes the experimental results from the previous section.

First of all, data validation is achieved through a statistical method, t-

test, to prove that the experimental data are reasonable for performance

quantification and subsequent analysis. Secondly, quantitative performance,

the APR, of each group of the experiment is obtained by the proposed ap-

proach, where the differences and explanations among these results are also

provided. Finally, a method to the estimation of cost-effectiveness for an

additional strategy in a task plan is given, supporting manufacturers with a

quick solution to determine the update of a new strategy without repetitive

time-consuming experiments.
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4.4.1 Data Validation

According to Table 4.4 and Figure 4.10, it can be seen that the strategy

affects execution time significantly as the situation between two sets of SP3

(under RD and RS) is different with two sets of SP4. Note that SP3 and

SP4 are the subplans described in Figure 4.8. Based on the proposed task

representation, experimental results from two sets of identical sub-plans can

be considered that they are from one population. Here, two examples are

given for the validation, SP3 and SP4. Firstly, p-value from calculation of t-

test on comparison of two samples of SP3 is less than 10−5, which is smaller

than 0.01, meaning that we have 99% confidence that two samples of SP4

are not from one population, which also implies that the execution time is

influenced by adopted strategy. Another comparison on two samples of SP4

shows the p-value calculated from t-test is 0.411407, which is greater than

0.01, meaning that we have 99% confidence that two samples of SP4 are

from one population, which implies that the same sub-plans from different

groups of experiments are identical.

Table 4.4: Results of SP3 and SP4 from experiment #12 and #16.

SP3 #12 #16 SP4 #12 #16
Mean (s) 8.211 6.791 Mean (s) 1.801 1.798

Std. Dev. (s) 0.241 0.202 Std. Dev. (s) 0.065 0.074
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Figure 4.10: Data visualization of SP3 and SP4 between experiment #12
and #16.

4.4.2 Influence of Strategies

Based on the APR calculated, a comparative study to investigate the effect

of each strategy can be conducted through ANOVA [86]. As an example, the

performance of RD on T1 and T2 with a different combination of adopted

strategies are shown in Table 4.5. Note that F0 is a value for each factor

(strategy) in the evaluation. If such a value is greater than F0.05,1,1, indi-

cating that this factor (taking this strategy) has a significant impact on the

overall performance of the task.

According to Table 4.5, one can know that:

1 Strategy SA: Obviously, SA can improve the success rate of assembly

tasks. In the experiment of RD on T1, although SA increases the

success rate of peg insertion, incremental improvement does not seem

largely due to high error tolerance of assembly parts. For example,
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the APR of experiment #4 and #8 are almost the same, indicating

that if rework cost is not considered, the option of SA will not have

a significant effect on task performance. Nevertheless, the practical

strategy set is still #4 which possesses a higher success rate.

2 Strategy SB: The effect of SB is not significant in both groups of

experiments.

3 Strategy SC : According to experimental results, strategy with the

highest APR is not always the strategy with the highest success rate.

This result is caused by different execution time based on options of

SC .

This analysis provides practitioners some useful information. For example,

we know that the strategy SA does not affect T1 anymore, then we can

assert that it would not affect those tasks easier than T1. Therefore, we do

not need to consider SA in easier tasks, vice versa.
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Table 4.5: ANOVA for RD on T1 and T2.

RD on T1 with α = 0.5
Source of Variation Sum of Squares F0

SA 1.12× 10−6 9
SB 6.13× 10−6 49
SC 2.10× 10−4 1681

SASB 3.13× 10−6 25
SBSC 1.25× 10−7 1
SASC 1.25× 10−7 1
Error 1.25× 10−7

Total 2.21× 10−4 F0.05,1,1 = 161.4

RD on T2 with α = 0.5
Source of Variation Sum of Squares F0

SA 4.05× 10−5 324
SB 2.00× 10−6 16
SC 7.20× 10−5 576

SASB 5.00× 10−7 4
SBSC 1.80× 10−5 144
SASC 4.50× 10−6 36
Error 4.50× 10−6 1
Total 1.42× 10−4 F0.05,1,1 = 161.4

4.4.3 Estimation of a New Strategy

Sometimes practitioners would like to know whether there is another strategy

that could also improve the performance of the robotic system. The exper-

imental data could be reused to provide them with quantification metrics

for the addition of a new strategy. Experimental data is taken into consid-

eration without using strategy as a reference. If a practitioner is curious

about how performance of a new strategy added into the assembly motion

(in the sub-plan SP4) is, one can replace
∑
Ak∈SP4

tk with ∆t+
∑
Ak∈SP4

tk

(∆t is the increased execution time of new strategy in an adding action or

sub-plan, often obtained through new experiments) to calculate the rela-

tionship between APR and ∆t, as shown in Figure 4.11. The answer can

be obtained that only at ∆t ≤ 7.576 (s), 100% success rate achieved by the
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new strategy is acceptable (the new APR is no less than original one). If

one has an estimation of the increased success rate about the new strategy,

the cost-effectiveness (the success rate of SP4 without strategy is 74%) can

be verified by the location of the point in Figure 4.11 (must be within the

cost-effective area).

A
P
R

(1
/s

)

∆t (s)

74%

100%

su
cc

es
s

ra
te

Figure 4.11: Relationship between APR and ∆t.

4.4.4 Dominance of robotic configuration

According to the experimental results, the strategy set with the highest APR

is considered the best selection of its corresponding configuration. The APR

ratio of RD to RS is 1.322 on T1 and 1.174 on T2, which means the dual-arm

configuration is more dominant among the alternatives on easier PIH task

(just in this experimental study). This analysis gives practitioners a simpler

guide to deploying their robots if he/she possesses the knowledge about the

cost ratio of the two configurations. For example, if a practitioner estimates

that the cost of dual-arm is double of the single-arm, then the single-arm is

more cost-effective because the APR ratio of RD to RS is less than 2.
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4.4.5 Discussion

T1 T2
2

3

4

·10−2

A
P
R

(1
/s
)

RD

RS

Figure 4.12: The comparison of APR between T1 and T2.

As shown in Figure 4.12, for different tasks executed by the same robotic

configurations and corresponding plan, the APR of RD on T1 is obviously

higher than on T2 (14.22%), while the APR of RS on T1 is slightly higher

than T2 (3.04%). This result shows that the easier task (T1) brings higher

APR than harder task (T2) under the same robotic configurations and corre-

sponding task plans. Besides, the reason that there is merely the difference

of APR between T1 and T2 under RS is that the motion of the hole part

is not constrained by another arm, making the hole part movable during

the peg insertion action. Therefore, the hole part is endowed with a certain

degree of compliance, leading to improvement of the success rate. This im-

provement leads to the decreased difference of success rate and APR between

T1 and T2.

As shown in Figure 4.13, for different robotic configurations and the

corresponding task plans, due to the capability of simultaneous picking of

multiple objects by dual-arm robots, an expectation that dual-arm config-

uration is more efficient in this task than single-arm configuration can be
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Figure 4.13: The comparison of APR between RD and RS.

validated, improving about 28.62% of APR on T1 and 16.03% of APR on

T2.

The results of different strategy sets of the same robotic configuration are

provided in Figure 4.14, Figure 4.15, and Figure 4.16, where the pluses and

minuses below the bars refer to the adoption status of another two strategies.

The following conclusions can be drawn:

1. The task plans with SA lead to a higher APR value can be drawn,

where this strategy averagely improves RD about 3.53% and 15.21%

of APR on T1 and T2, respectively. This shows that SA benefits

productivity though it takes more execution time.

2. For strategy SB, the average variations of APR performed by both

configurations are less than 5%, implying that taking SB or not in

task plan is equivalent in performance.

3. Task plans with SC greatly reduce the performance of RD by 25.4%

and 16.7% on T1 and T2, respectively. Experimental results show that

SC provides the robotic system higher success rate on peg insertion

action, but it considerably extends the execution time for the peg
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insertion action, leading to a lower APR. Therefore, SC is not a good

strategy for manufacturers.
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Figure 4.14: The comparison of APR on adoption of SA.
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Figure 4.15: The comparison of APR on adoption of SB.
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Figure 4.16: The comparison of APR on adoption of SC .

With the requirement of production and related cash flow, further jus-

tification at the economy-level (see Chapter 3.4.2) can be made based on

these quantified results by manufacturers, if necessary.

Note that to make the experiments more reasonable, this work uses the

most intuitive way to design the task plans. Nevertheless, this does not mean

that the developed theory and methodologies cannot be applied to other

cases. For example, a welding task with multiple trajectories, or a polishing
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task with multiple tool changing. Once the studied cases are determined, the

developed theory and methodologies can be used by following the manner

proposed in this chapter.

4.5 Summary

The chapter demonstrates how to use the proposed approach to quantify

the performance of a robotic configuration and the corresponding task plans

and strategies on a task. Given a task, all components for the proposed

representation should be given first. Next, based on the developed task

representation, a task plan can be decomposed for the modeling of CTMC.

With the conduction of experiments, the resulting information vectors play

an important role in the calculation of APR. Finally, the obtained APR

facilitates the performance quantification, providing essential information

for the cross-analysis and further assessment at the economy-level.
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Chapter 5

Human-Robot Collaboration:

Aerospace Masking

Traditional offline programming or teach pendant based methods limit the

collaboration capabilities of users and robots to cope with complex and

changing industrial tasks. To address efficient robot manipulation in high-

mix low-volume tasks, especially for skillful tasks involving both trajectory

and force control requirements, fast robot teaching and skill transferability

is critical. Compared to manually dragging a heavy robot, or program-

ming a trajectory by complex calculations, this thesis believes that robots

can efficiently learn skills from direct human teaching through telemanipu-

lation, and improve the skills based on optimization with sensory feedback.

In aerospace engine Maintenance, Repair and Operations (MRO), the sur-

faces of aerospace components are required to be masked by tapes. This

thesis proposes a fast and intuitive telemanipulation-based method to teach

a robot these masking skills and compare the performance of the proposed

method with teach pendant based methods among several users. This chap-

ter develops a novel HRC paradigm based on indirect HRC form and aims

to prove the efficiency and intuitiveness of the aforementioned collaborative

manipulation method, the FCAM, for enabling a robot to learn dexterous
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manipulation tasks.

5.1 Introduction

In aerospace masking, manual taping of mechanical workpieces is a skill-

ful task where the operator controls the taping direction and uses tools to

attach the masking tape with minimal wrinkles. This involves dexterous

manipulation to precisely maintain contact with the taping surface under

the geometric constraints of the workpieces. Inspired by human skills, this

thesis proposes a human-robot communication channel for guiding a robot

to learn through a telemanipulation-based HRC system.

Several methods can be used to teach robots human skills. The most

popular method employed in traditional industrial settings is the online pro-

gramming where the operator teaches the robot simple movements by record-

ing robot configurations via a teach-pendant [87]. However, this method is

not the best choice for skilled crafts that generally are cumbersome for robot

programming. With the increasing complexity of task scenarios, an OLP

methodology is often used. This methodology supports coordination with

multiple sensors and peripherals. Besides, more complex algorithms and

richer resources can be offline applied to robotic systems. To improve the

intuitiveness, OLP is often combined with graphical simulators, such as V-

REP and Gazebo, to support programmers to plan robot motions efficiently.

Furthermore, OLP enables programmers to teach robots without interrupt-

ing production processes, which avoids unnecessary downtime of robotic

systems [88]. Nevertheless, without a realistic experience, OLP may require

longer programming time than traditional online programming and may not

be able to perfectly model some physical properties of the workspace, leading

to unfeasible robotic programs.

Recently, as a branch of HRI, the concept of HRC has become a common
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method to transfer skills from human operators to robotic systems [29] [89].

TbD or PbD is proposed to be a more intuitive methodology than traditional

online programming. The efficiency of this methodology has been confirmed

to be better than traditional teaching on the tasks that do not require contact

interactions with the environment, welding being a classical example [90].

Moreover, TbD has improved robot skill learning through different forms of

HRI such as vision [41], voice [91], and tactile [42]. A more detailed literature

review on the methods and algorithms for TbD can be found in [43]. Based

on these approaches, TbD is a promising method to bring robots closer to

help humans under multiple scenarios, meeting the public imagination of a

future HRI reality.

The information extraction from demonstrations to best support robot

learning is still an open research challenge [43]. Several types of demonstra-

tions have been used, such as vision-based demonstrations [92] and contact-

based demonstrations [93]. Besides, other mechanisms, such as neural net-

work [94] and fuzzy theory [95] are also useful in such scenarios. For more

other applications, readers can refer to [96] [97]. From the industrial point of

view, to make TbD a feasible solution to improve the usability of skill trans-

fer, holistic system design and corresponding method for HRI is required to

achieve high-quality and efficient robot learning.

In a previous work [98], an automatic taping system based on OLP pro-

gramming was introduced. The automatic taping system uses a scanner

for workpiece 3D model reconstruction. The system can handle the taping

tasks for flat, cylindrical, freeform, and grooved surfaces. However, some

limitations of the method are encountered.

1. To reconstruct the 3D model of the workpiece is time-consuming and

the quality of the reconstructed model in terms of accuracy and detail

depends on the resolution and precision of scanners [99].

2. The actual geometric constraints of the tools need to avoid tool-workpiece
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collision and the contact between the workpiece and the stretched tape

on the taping tool in manipulation [100].

3. To accurately calibrate the robot pose is of importance, which is also

time-consuming in the system setup process.

Workpiece

Robot

Taping Tool

Force-Torque Sensor

Rotating Platform

(a)

Workpiece

Base stations

RobotHuman

Controller

(b)

Teleoperation

(Channel)

Motion Motion

Motion
Vision

Vibration

Haptic

Force

Environment
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Figure 5.1: The robotic system and framework used in this chapter. (a)
Robotic system used in this chapter. (b) Overview of the setup of this sys-
tem, the red area is the robot workspace, and the brown area is the teaching
area for the human operator. (c) Interaction between human operator, robot,
and environment, during the telemanipulation.

Due to such difficulties, this thesis expects that human can perform as a

powerful agent for guiding the robot to find its correct taping path efficiently.

Figure 5.1 (a) shows the robotic system for aerospace masking used in this

work. This system is composed of a rotating platform, a collaborative robot,

a taping tool, and a force-torque sensor. For capturing human motions, an
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HTC VIVE system for teleoperation is deployed. This system consists of two

base stations that can capture the 6-DoF motion of the handheld controllers.

The handheld controllers provide haptic feedback, via vibrations, to the

operator. The operator teaches the robot from a region that is unreachable

to the robot to ensure user safety, as shown in Figure 5.1 (b).

For feasible human teaching in tasks with force interaction, this thesis

proposes an HRC mode, as illustrated in Figure 5.1 (c). During the task

teaching, the operator uses intuitive hand motions to telemanipulate the

robot. The human motion is translated to robot motion by the teleoper-

ation system so that the robot can understand this motion and generate

corresponding actions to interact with the environment. Besides, the op-

erator can visually observe the robot’s actions and the environment. The

robotic system senses and regulates the contact forces between the workpiece

and the taping tool. The teleoperation system translates these interaction

forces into haptic feedback in the form of vibrations. This approach allows

the operator to have an idea of the amount of force being applied to the

workpiece and avoids the damages of the robot and the environment.

In this design, the operator can control the robotic system and teach the

task with only one demonstration. Then the system improves the learned

task using skill recognition algorithms. This approach is convenient and

yields high-quality results making it appealing for real-world applications.

5.2 Methodology

5.2.1 Collaborative Pattern

For the limitation of the telemanipulation accuracy and sensing capability

of the teleoperation system, purely telemanipulation without robotics assis-

tance could be challenging and sometimes even dangerous. In this task, the

robot must apply certain force to the workpiece for task execution. Robot
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sensory data provides additional assistance to compensate for the error of

human control commands to collaborate with the operator. Therefore, the

online assistance of the robot manipulator based on its sensory feedback is

expected to benefit the telemanipulation, providing better precision in posi-

tion control, smoother in force interaction and safer in collision avoidance.

In such a way, the robot’s embedded sensors detect the conditions of

the applied taping force. An efficient channel that transmits such force

information to the operator and gets his/her attention to respond efficiently

is helpful. In this work, the vibration actuator in the handheld controller

is utilized to transmit the force information to the operator. The vibration

magnitude increases linearly with the contact force magnitude to alert the

operator in fine adjustment of the taping tool position while taping. Since

this channel is almost immediate, the operator can monitor the conditions

of interactive contact force on-line based on the haptic feedback, making

the telemanipulation a close-loop robot teaching with visual feedback (in

precision) and haptic feedback (in contact force). Such functions fit nicely

with the taping process teaching requirements.

101



5.2.2 Manipulation
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Figure 5.2: Definitions of frames in the developed system. (a) The reference
frame FW is defined to describe the frame detected by the base stations.
The human frame FB is defined to describe human hand motion. The robot
frame FR is defined to describe the robot motion. (b) The frame of the
handheld controller is assumed to be equivalent to the frame of human hand
FH . (c) The frame of tip of the robot taping tool FE.

Based on the definitions in Chapter 3.3, the frames in the developed system

are depicted in Figure 5.2. We can use Theorem 3.3.1 for fast calibration.

Next on, Equation 3.31 and Equation 3.35 are employed to achieve human
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motion tracking in the model-less case.

This thesis selects the X-axis of the robot base frame FR as a reference.

Aligning the X-axis of FH with the X-axis of FR, the sensor generates a sen-

sory HTM WTcalib of which the rotation matrix is equal to WRR. Therefore,

we can describe the human motion as

RTH = RTW
WTS = WT−1calib

WTH . (5.1)

However, only the rotation of WTcalib is required, and we want to eliminate

the errors along other axes of FW , i.e. along X- and Y-axis. Hence, we can

compute the yaw angle ψ of WTcalib, and then replace the WTcalib with a

corrected HTM WT ′calib:

WT ′calib = exp

([0 0 ψ]T )∧ 03×1

0 0

, (5.2)

where the operator (·)∧ turns a R3 vector to a 3×3 skew-symmetric matrix.

For comfortable telemanipulation, this thesis proposes an adjustable mo-

tion retargeting method. A motion mapping function fM : SE(3)×SE(3)×
SE(3)→ SE(3) is needed for establishing the relationship between the hu-

man pose and the robot pose:

RTE,t = fM(BTH,t,
RTC,0,

RTE,0). (5.3)

To ensure the closure of SO(3), the difference of rotations is represented by

δRRH,t = RR−1H,t
RRH,0. (5.4)

Then, we use the following rotation scheme of fM based on logarithmic map

εφϑ
∧ = ln(εRϑ):

δRφE,0:t = krδ
RφH,0:t, kr ∈ R+, (5.5)
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where εφϑ
∧ ∈ so(3). Then, we have

RRE,t = exp
(
RφE,t

∧)
= exp

(
(krδ

RφH,0:t + RφE,0)
∧). (5.6)

To ensure the linearity of translation, the translation scheme of fM can be

obtained by

RpE,t − RpE,0 = kp(
RpH,t − BpH,0), kp ∈ R+. (5.7)

Finally, the pose can be calculated as follows

RTE,t =

RRE,t
RpE,t

01×3 1

 , (5.8)

where kp and kr can be adjusted for telemanipulating the robot in different

motion scales.

5.2.3 Skill Recognition

The method herein this work is to identify the different demonstrated skills

and organize the skills in serial based on the sequence of the actual task and

optimize the identified specific skills for better task performance. In this

work, the wrench data of the force-torque sensor and the state of the taping

tool for the robot is taken to recognize the skills in the demonstrated tra-

jectory. A combination of logical reasoning and machine learning methods

is used for skill estimation. Later on, an algorithm for globally analyzing

the estimated skill is proposed to correct the wrong estimations due to un-

certainties. Finally, the demonstrated trajectory is separated into multiple

sub-trajectory, where each sub-trajectory refers to a certain skill recognized

by the robot.
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Skill Representation

Different symbols are used to represent the different skills in this task. The

full set of demonstrated skills are defined as S = {S0,S1,S2,S3}, where S0
refers to simple moving, S1 refers to taping skill, S2 refers to moving with

force involved, and S3 refers to cutting skill.

A demonstrated trajectory D is considered to be composed of a se-

quence of robot poses
[
RTE,1, · · · , RTE,|D|

]
. Each pose is accompanied with

the taping force tfe,i, wrench data from the force-torque sensor SwE,i =[
SfEx,i,

SfEy,i,
SfEz,i,

SτEx,i,
SτEy,i,

SτEz,i
]T

, and the actuation state of the

cutter on the tapping tool Ci ∈ {0, 1}, where Ci = 0 refers to the deactiva-

tion of the cutter and Ci = 1 refers to the activation of the cutter.

Skill Estimation

Based on logical reasoning, the cutting skill S3 is a skill starting with the

activation of the cutter and terminating with the deactivation of the cutter.

Therefore, the cutting skill can be recognized via Ci = 1. In some situations,

however, the taping force fi cannot differentiate S0 and S2 on simple moving,

and S1 and S2 on taping skill. Therefore, this work takes the wrench of the

force-torque sensor SwE,i as features and use a machine learning method

for classification. A linear Support Vector Classifier (SVC) is employed for

training a model with small amount data [101] [102]. This work collects part

of a demonstrated trajectory as a training set. For each robot pose in the

trajectory, the skills {S0,S1,S2} are labeled manually. Table 5.1 depicts the

parameters used in the training.

Correction of Skill Estimation

The estimated skills may not be identified correctly in the trajectory due

to many uncontrollable factors, such as the error of the trained model, the

noise of the force-torque sensor, human mistakes in teaching. Therefore, we
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Table 5.1: Parameters Used in the Linear SVC.

Parameters Contents
Penalty L2

Loss function Squared hinge
Algorithm Dual optimization problem
Tolerance 0.0001

Penalty of the error term 1
Max. iteration 1000

need to analyze these skills in a whole trajectory and correct them based on

the actual sequence of the skills in the task as well as other relevant features,

based on a pre-defined rule: S0 → S1 → S2 → S3 → S0.
With the correction, the robot can divide the demonstrated trajectory D

into multiple sub-trajectories [D1, · · · ,Dm] in sequence. Each sub-trajectory

is composed of poses with continuous identical skill and is endowed with

certain actions related to its skill for execution. The robot will improve

these sub-trajectories based on a pre-defined optimization schedule.

5.2.4 Optimization of Taping Skill

Through direct human-robot telemanipulation, the robot can be directly

guided to generate a roughly correct path, but it is hardly possible to teach

the robot a very precise path directly, especially with both precision and

force requirements. Therefore, further correction of the taught path based

on the measurements of the force-torque sensor to achieve a functional path

for proper task manipulations is very critical.

After recognizing all skills appearing in a demonstration, the robot can

improve the learned skills through optimization in practices. This work

focuses on the optimization of the trajectories Dj ⊆ D corresponding to the

taping skill S1.
Given a taping trajectory Dj with skill S1, each robot pose RTE,l ∈ Dj

can be decomposed into a translation vector RpE,l and a rotation matrix
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RRE,l.

Based on the skill recognition approach, the taping results, the corre-

sponding sensory information, and the skill recognition results are provided

in Figure 5.3. These results show that the robot can recognize the demon-

strated skills in different taping paths via teleoperation in one session.
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(a)

200 400 600 800 1,000

−2

0

2

4

Waypoints

T
or

qu
e

[N
·m

]

(b)

200 400 600 800 1,000

−2

0

2

4

Waypoints

T
or

qu
e

[N
·m

]

(c)

200 400 600 800 1,000

S0

S1

S2

S3

Waypoints

Sk
ill

R
ec

og
ni

ti
on

(d)

Figure 5.3: Results for five taping paths, labeled with different color tags,
in a single teaching session. (a) Shows the resultant taping paths with
different quality levels. (b) Shows the force measurements, SfEx (red),
SfEy (green), SfEz (blue), and f (brown). (c) Depicts the torque mea-
surements: SτEx (red), SτEy (green), and SτEz (blue) (d) Red line indicates
the skill recognition results of the trained Linear SVC model, and blue line
presents the skill recognition results combining the provided prior knowledge
for the five taping paths.

5.2.5 Optimization

Force Regulation

During teaching, sudden overshooting of the taping force occurring especially

when the taping tool travels between two layers of the rings, during which

107



direct telemanipulation could cause the taping tool to collide with the next

layer. In contrast, an insufficient taping force will cause the tape segment

to fail to attach to the workpiece surface. A force regulation approach is

to regulate the taping forces by adjusting the approaching distance of the

taping tool along the taping direction, as shown in Figure 5.4. Thus, a

proportional control law is used to update the position of the taping tool

based on the following formula:

RpE,l ← RpE,l − RRE,l[ke(fl − f̄l), 0, 0]T , (5.9)

where ke refers to a proportional parameter determined by the stiffness of

the compliance spring; f̄l refers to the desired taping force. The taping force

can be well smoothed after only a few practices.

Demonstrated Trajectory

Workpiece Surface

Taping direction

Figure 5.4: Illustration of the displacement compensation based on the force
feedback from the taping tool. The taping force is regulated adjusting the
separation distance of the taping tool along the taping direction. The spring
mechanism of the taping tool enables contact compliance between the taping
tool and the workpiece surface.
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Angular Error Correction

The geometric model and physical contact condition during the taping are

complex as the taping tool has three angular errors: yaw, pitch, and roll.

Meanwhile, the contact force on the workpiece surface includes not only the

supporting force f⊥ and the supporting torque τ⊥ but also the friction force

fµ, as shown in Figure 5.5.

u

v

θ

θ

(a)

u

w

θ

φ

φfµ

f⊥

τ⊥

(b)

Figure 5.5: Illustration of force analysis in angular error correction. The
desired direction for the taping tool to attach tape is along the surface
normal u, where the grey plane represents the local tangential plane at the
taping point. Given a taping orientation, this work studies the taping tool
posture based on two angles. (A) θ is an angle rotating along the roller axis
v. (B) φ is known as the roller flipping angle rotating along the axis w.

Fortunately, given a correct taping path, the friction forces fµ and the

equivalent torque in the middle of the roller (τ⊥) is negligible, and thus

the angular correction model can be simplified. Given the taping point

and the corresponding taping direction, the expected taping orientation is

along the surface normal of the workpiece u. Two angular errors cause the

orientation of the taping tool different from the expectation. One is the

pitch angle θ, which rotates the taping tool around its roller axis v. As

denoted in Figure 5.5 (a), such errors within a small range do not affect the

taping quality, the only one drawback is that the tool can not directly apply

taping force along the surface normal u. On the other hand, this error can
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be easily regulated by the operators’ hand motion in the telemanipulation.

Therefore, this work does not optimize this angle along the path, but it is

necessary that such angle needs to be controlled within a small range during

the robot teaching. In this work, for correcting the orientation of the taping

tool, this work mainly deals with the roller flipping angle φ. As shown in

Figure 5.5 (b), the rotation axis of φ is perpendicular to both the surface

normal u and the roller axis v. When the taping roller is flipped, part of

the tape segment will not be pressed onto the surface, and it will also cause

wrinkles and incorrect attaching direction on the tape segment.

Based on experimental testing, the friction force fµ is very sensitive to

the roller flipping angle φ. To correct such angular errors, the force mea-

surement f of the force-torque sensor SwE is applied. For each key point to

be optimized, we have

f⊥,l = fl csc(φl). (5.10)

To simplify the model for flipping angle correction, this work approximates

f⊥ as a constant value. Base on testing, by appling the following linearized

equations to evaluate the roller flipping angle φ, which works nicely with

good convergence:

φj = kffj, (5.11)

where kf is a parameter determined through testing.

With the assumption that the pitch angle θ is trivial, the orientation of

the taping tool can be corrected by

RTE,l ← RTE,l exp




04×1

−φl
0


∧. (5.12)
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5.3 Performance Evaluation

5.3.1 User Study

To prove the efficiency and the intuitiveness of the proposed teaching ap-

proach, this work conducts a user study to compare the telemanipulation-

based teaching approach - Telemanipulation Method - against a teach pendant-

based teaching method - Manual Method. During these experiments, the

Telemanipulation Method allows the operator to use hand motions to con-

trol the robot via a handheld controller, while the Manual Method requires

the operator to manually drag around the robot and record waypoints for

task teaching.

Task Descriptions

A given taping task is that the robot needs to move from an initial location,

attach tape along a given trajectory on the workpiece surface, cut the tape

segment, and finally move back to the initial location, where the whole

trajectory must be a collision-free path for the robot and each surface and

edge along the given taping trajectory on the workpiece surface must be

covered by the tape segment.

Experimental Setup

For the manual method, the participants only need to physically move the

robot around and record the robot poses point-by-point via the teach pen-

dant. To ensure that the participants can teach the robot how to cut a tape

segment off, the provided interface allows them to control the cutter on the

taping tool.

For the telemanipulation method, participants have to calibrate their

pose before teaching, and then provide taping demonstration via telemanip-

ulation. By using the handheld controller, the participants move the robot
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and control the cutter with their hand motion and the trigger during telema-

nipulation. To ensure physical safety, every participant is required to stand

outside the reachable workspace of the robot during teaching, where the ex-

periment executor ensures user security through an emergency stop button.

Additionally, the speed of the robot is limited to be less than 0.2 (m/s).

With informed consent, 10 participants (all male, with ages between 23

and 40 years old) are provided with instructions to operate the system using

both teaching methods. All participants are experienced in the use of IT de-

vices and have a robotic background. Except for the system developer, none

of the participants has experience in the telemanipulation methods, while

three of them have experience in the manual methods. For each method,

participants are given 10 minutes to familiarize with the system and ask

questions to clearly understand the requirements for the taping task. After-

ward, the user is required to finish the task three times without assistance.

The task is regarded as completed once the robot can autonomously repro-

duce it successfully.

Criteria

According to ISO/International Electrotechnical Commission (IEC) 25022

(the measurement of quality in use), the user study evaluates the usability

from three aspects defined in ISO 9241-11 are studied: effectiveness, effi-

ciency, and satisfaction. The descriptions of the used criteria are provided

as follows:

• Effectiveness: To evaluate the completeness with which users achieve

specified goals, the average amount of practice in the familiarization

process is used.

• Efficiency: To evaluate efficiency, teaching time is used to assess par-

ticipants’ teaching performance. In the manual method, the teaching
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time starts from the loading of the teaching program and ends at fin-

ishing the recording of the robot waypoints; in the telemanipulation

method, the teaching time starts from the grasping of the handheld

controller and ends at pressing the menu button for finishing demon-

stration. After participants finish teaching, experiment executor is

responsible for examining the results executed by the robot. If the

quality of taping is not achieved, the participant is required to teach

the robot again and the teaching time will be accumulated.

• Satisfaction: To evaluate the freedom from discomfort and positive

attitudes towards the use of the system, a questionnaire is used to

quantify participants’ feelings. With a seven-point rating scale [103]

where 1 refers to strongly disagree and 7 refers to strongly agree, two

subjective metrics are measured: ease of use [104] and enjoyment [105].

The statement for ease of use is “This method is easy to teach the robot

how to complete the taping task,” and for enjoyment is “I would choose

this method to teach the robot in the future.”

Table 5.2: Descriptive and Inferential Statistics for User Performance.

Descriptive Statistics
Manual Method Telemanipulation Method

Measurement Mean SD Mean SD
Practice (times) 1.1 0.3 1.1 0.3

Teaching Time (s) 294.9 101.0 77.9 33.2
Ease of Use 3.2 1.48 6.4 0.52
Enjoyment 2.8 1.69 6.4 1.07

Inferential Statistics
Measurement t-value p-value

Practices (times) 0 > 0.01
Teaching Time (s) −7.19 < 0.01

Ease of Use 6.25 < 0.01
Enjoyment 6.65 < 0.01

113



Analysis

This work uses a paired t-test to validate that the differences between the

manual method and the telemanipulation method are significant. Two-Sided

testing is used and the significant level α is selected as 0.01, indicating that

we need confidence of 99% to reject the type I error (a statement that the

measurement between these two methods is indifferent).
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Figure 5.6: Comparison between the manual and the telemanipulation meth-
ods. (a) Boxplots for optimal teaching time, ease of use, and enjoyment
between the two teaching methods. (b) Learning curve for the two methods
across three different trials.
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The descriptive statistics and the inferential statistics for the measure-

ment are provided in Table 5.2, the trial with the shortest (optimal) teaching

time of participants are selected as their teaching time. The comparisons of

these measurements and the learning curve are presented in Figure 5.6.

According to the experimental results, the average amount of practice

in the familiarization processes is the same, implying that participants can

grasp the skills of the two teaching methods under the provided instructions

of the two methods. Despite the differences in teaching time, the partic-

ipants can finish the tasks three times without assistance. These results

indicate that the telemanipulation method is effective after participants’

practices, at least the same as the traditional manual method. Besides,

the system is proved to be more efficient and intuitive than commonly used

teach pendant-based teaching method. For the performance comparison be-

tween the manual method and the telemanipulation method on the taping

task, the user study shows that our method has advantages on efficiency

(nearly four times faster), ease of use (6.4 v.s. 3.2) and enjoyment (6.4 v.s.

2.8). With the p-value of each measurement less than 0.01, indicating that

we have the confidence of 99% to confirm that the difference in each mea-

surement between these two methods is significant. The proposed method

enables operators with on-site sensing, telemanipulation, and coordination

with the robot. Even though the telemanipulation method involves a higher

cognitive burden on the operator as compared against the manual method,

our experimental results indicate that operators find the proposed method

easier to use and prefer it over the manual method.

5.3.2 System Validation

With an available demonstration, the developed skill recognition approach

enables the robot to pick up skills from the demonstration and the proposed

optimization approach supports the robot to improve its learned skills con-
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tinuously.

An experiment for testing the performance of robot learning is conducted.

The goal of these experiments is to prove that:

1. Skills in the demonstrations with different teaching qualities can be

recognized by the robot.

2. The robot can finish the taping task successfully in the first practice

after only one demonstration provided by human telemanipulation.

3. The robot can improve its skills with the increase of practice times.

Skill Recognition

Given an imperfect demonstration where some parts of the tape segment

are detached from the workpiece surface, the result of skill recognition in the

teaching episode is shown in Figure 5.7. As we can see, the skill estimated by

f cannot differentiate S1 and S2, leading to the possibility of failure to finish

the cutting skill S3 due to the wrong optimization of S2 in the future. On the

other hand, the correction of estimation successfully conveys the operator’s

intention to the robot, enabling the robot to recognize the trajectory it needs

to optimize. The weight W ∈ R6×3 and the bias b ∈ R3 are:

W =



0.408 −1.081 0.633

−0.283 0.385 0.184

−0.15 0.022 −0.074

0.206 −0.246 0.173

0.751 −0.157 −0.167

−0.367 0.175 0.341


b = [0.998,−1.291,−0.918]T
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Figure 5.7: Results of skill estimation, where the blue line tells the robotic
system which waypoints are needed to be optimized.

Optimization

With a desired taping force f̄ = 7.1 (N) and two proportional parameters,

ke = 0.0544 and kf = 0.5 at the first episode; ke = 0.0136 and kf = 0 for the

following episodes. The imperfect demonstration and the results of robot

learning are shown in Figure 5.8, where some parts of the tape are detached

from the workpiece surface in human teaching. After optimization, the tape

segment can be attached to the workpiece surface firmly.

The optimization results of each iteration are given in Figure 5.9. As we

can see, after five episodes of optimization, the taping force of each waypoint

gradually approaches to the desired taping force. To assess the quality and

the uniformity of the taping force during taping, this work calculates an

Root-Mean-Square (RMS) error:

eRMS =

√∑Nc

i=1(fi − f̄)2)

Nc

(5.13)

where Nc is the number of waypoints where there is a contact between the
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Table 5.3: The RMS Error of Taping Force of Each Episode.

Episode Teaching #1 #2 #3 #4 #5
eRMS 5.449 1.850 2.818 2.076 1.487 1.044

robot and the workpiece. Table 5.3 depicts the results of this metric, where

this error is obviously reduced about 80.9% in five episodes, proving the

effectiveness of the force optimization.

Human teaching

Robot learning in the 1st episode

Robot learning in the 2nd episode

Robot learning in the 3rd episode

Robot learning in the 4th episode

Robot learning in the 5th episode

Figure 5.8: Result of an imperfect human demonstration and robot learning.
The human demonstrations are provided via the telemanipulation method.
The different episodes are the sequential results of robot learning. Gaps
between tape segments are set to differentiate the taping quality for each
episode.
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Figure 5.9: Optimization of taping force in each episode, where the setpoint
is the desired taping force for the taping skill S1.
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Demonstration

In the demonstration, this work shows the feasibility of a HRC paradigm

on the teaching of a taping task. Figure 5.10 shows two tape segments, the

first one is applied during the teaching session, where the operator uses the

handheld device to guide the robot, and the second segment corresponds to

the replayed task by the robot. In this demonstration, a skillful operator can

complete the teaching session in 1 minute, after that, the robotic system

learns the task, performs the skill recognition and replays the shortcut and

smoothed task.

(a) 00:10 – S0 (b) 00:21 – S1 (c) 00:28 – S2 (d) 00:30 – S3 (e) 00:34 – S0

(f) 00:50 – S0 (g) 01:32 – S1 (h) 01:50 – S2 (i) 01:53 – S3 (j) 01:56 – S0

Figure 5.10: Demonstration of the developed system in the taping task. The
first row is human demonstration, and the second row is the reproduction
from robot. Each column denotes the stage of task and its categorized skill.

Taping Quality

Figure 5.11 presents the taping quality under each method, selected from

the previous paper [98] and demonstrations in this work, showing that the

proposed HRC paradigm can achieve similar taping quality to other meth-

ods.
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(a) Manual method [98] (b) OLP method [98]

(c) Teach-pendant method (d) The proposed HRC paradigm

Figure 5.11: The taping quality under each method.

5.3.3 Further Improvement

A complex workpiece surface with multiple layers is very common in engine

parts maintenance. In such a condition, the tip of the taping tool would be

easily stuck in the grooves between layers, which damages the tool due to

the lacking of human consciousness in teleoperation. To make the best use of

taping tool to not only apply tapes on the layers of the workpiece surface but

also reach the grooves between these layers, this work uses a High-Density

Polyethylene (HDPE) material for providing compliance while supporting

tape attaching on the designed tool, as shown in Figure 5.12 (a). With the

soft covering material attached on the surface of the tip of the taping tool,

the taping tool can move into the grooves for taping, providing a higher

120



taping coverage for better taping quality, as illustrated in Figure 5.12 (b).

(a)

(b)

Figure 5.12: Design of the taping tool. (a) Components in the designed
taping tool. (b) Illustration of the adaption capability of the design of taping
tool on workpiece with complex surface.

Similarly, with the employment of the aforementioned FCAM, a skillful

operator can guide the taping tool to follow the workpiece surfaces and

attach the tape onto the surface as well as the edges between layers. When

the tip of the taping tool is approaching the narrow grooves on the workpiece,

the operator can change to fine-motion tuning mode to enable the taping

tool to move into the groove while applying the tape attachment.

To validate the feasibility of the used methods in the developed system

and evaluate its performances, the same workpiece is used for experiments.

Due to such complex surface constraints, the robot needs to be manipulated
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in a fine-motion tuning mode. It takes about 5 minutes for a skillful operator

to finish the taping task, as demonstrated in Figure 5.13.

(a) t = 00:01 (b) t = 00:10 (c) t = 00:55

(d) t = 01:07 (e) t = 01:14 (f) t = 02:43

(g) t = 03:25 (h) t = 04:16 (i) t = 04:51

(j) (k) (l)

Figure 5.13: Implementation of teleoperation methods in the complex sur-
face masking task. (a) Fast registration for determining the robot’s heading
orientation. (b) Recording the initial pose of the operator’s hand and the
robot taping tool tip for motion mapping. (c) The operator telemanipulates
the robot to a desired pose in the large-scale guidance mode. (e) The op-
erator changes to fine-motion tuning mode for taping. (f-h) The operator
repetitively uses the clutching mechanism for finishing the taping task in
the fine tuning mode. (i) The operator finishes the task. (j-l) The robot is
doing the taping.

Comparing the taping quality of the teaching performance against man-
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ual method, as shown in Figure 5.14, it is obvious that with the use of

FCAM, the taping quality and its corresponding reproduction results are

generally equivalent to the manual taping using the new taping tool, and

they are much better than the previous taping tool which cannot handle

edge and groove taping. Besides, the number of the recorded waypoints for

the presented quality through the teleoperation methods is 3327, which is

considerably time-consuming for practitioners to record such a great amount

of waypoints through teach-pendent-based methods.

Manual taping with the

previous taping tool.

Human demonstration

with the new taping

tool via telemanipula-

tion.

Direct robot repro-

duction of the human

demonstration.

Manually taping with

the new taping tool.

Figure 5.14: The taping results of human manual taping with the previ-
ous taping tool, human manual taping with the new taping tool, human
teleoperation, and the robot reproduction.

Finally, the clutching mechanism of FCAM also allows the operator to

telemanipulate the robot more flexibly. In the actual taping process, for

example, the horizontal taping may be required. Another demonstration

is conducted where the operator applies the clutching mechanism to guide

the robot from a pose for vertical taping to a pose for horizontal taping.

The results are shown in Figure 5.15. The clutching mechanism supports

the operator to change the motion mapping frequently, and manipulate the

robot to work more flexibly in its workspace.
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Figure 5.15: The scenario of telemanipulating the robot to another desired
pose for a different taping path.

5.3.4 Discussion

According to these experimental results, our skill recognition approach shows

its capability to recognize the skills in demonstrations with force interactions,

providing useful information for the robot to improve the learned skills. Our

experimental results of optimization prove that the developed system with

the proposed optimization approaches supports the robot to successfully

apply its learned skills from a human demonstration in its first attempt, after

only one demonstration. The following optimization supports the robot to

improve its taping skills based on the taping force, enabling the robot to

correct manual errors during the teaching phase, such as an uneven taping

force or detached tape segment. This validates an effective solution enabling

robots to learn force-involved dexterous human skills and adaptively apply

them to aerospace masking.
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5.4 Summary

In this chapter, this thesis studies a taping task with application in aerospace

masking. Herein, this thesis presents the use of an HRC paradigm to provide

human demonstrations for a robotic taping system, which provides a fast and

efficient approach to deploy robots into aerospace masking. Comparing to

the results using OLP method in our previous work [98], our results show

a more efficient way to set up the whole system, without the modeling of

workpiece, the pose calibration of the robot and workpiece, and transferring

the simulated offline path to the actual robot and compensate for the errors

between the physical and the simulated model of the system. This provides a

promising solution for flexible production in factories, especially for high-mix

low-volume tasks.
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Chapter 6

Conclusion

6.1 Contribution

The aims of this thesis are to present a study on the concept of collaborative

robotics and a research of some paradigms for industrial manipulation. This

thesis studies three novel aspects in collaborative robotics:

1. This thesis proposes a clear definitions of cooperation, collaboration,

and coordination and provide a novel classification for researchers to

categorize different collaborative patterns and forms.

2. This thesis develops a mathematical representation that is compatible

with different collaborative patterns. It can assist practitioners to

model task plans and connect to traditional system analysis methods

for performance assessment.

3. This thesis provides a collaborative manipulation framework for human

operators to teach robots with flexibility, intuition, and time-efficiency

in different scenarios.

The theoretical contents are provided in Chapter 3. Herein, this thesis

clarifies and redefine the difference and meaning of three common terms:
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cooperation, collaboration, and coordination. Next on, this thesis proposes

a classification of various collaborative patterns and forms, including non-

collaboration, RRC, and HRC. Based on the location of collaborative be-

haviors, RRC can be further categorized into external collaboration and

internal collaboration. In HRC, considering the effects of the human in a

task, two collaborative forms exist: direct collaboration and indirect collab-

oration. Later, this thesis develops a task representation based on graph

theory to model different task plans under the proposed collaborative pat-

terns and forms. With this representation, we can easily integrate system

analysis techniques to quantify the performance at task-level so that practi-

tioners can determine the cost-effectiveness in a data-driven method instead

of experience-based decision making based on CTMC and statistics meth-

ods. Besides, this thesis provides a collaborative manipulation framework,

FCAM, which is based on differential geometry and group theory and can

offer human operators to teach robots in a more flexible, intuitive, and time-

efficiently manner in indirect collaboration. This framework is compatible

with model-based and model-less motion retargeting. Based on the teaching

direction, the framework supports direct teaching and mirrored teaching.

To make this framework ease-to-use, handheld devices can be combined to

realize manipulation state changing. Heading registration can be finished

in one button press, which greatly shortens the tedious calibration setup in

the robot deployment process. Besides, human operators can switch manip-

ulation mode between large-scale guidance and fine-motion tuning based on

the needs of teaching. If a motion is hard to reach, human operators can

also use the clutching mechanism to re-orient the robot’s end-effector pose.

The experimental contents and implementation are given in Chapter 4

and Chapter 5. In Chapter 4, this thesis studies a typical robotic PIH task

under non-collaboration and RRC patterns, where an industrial dual-arm

robot is used to perform both single-arm and dual-arm manipulation in this

127



task. In addition, vision-based perception is integrated into the robotic sys-

tem for providing useful information about the positions and orientations of

objects. This thesis also provides the implementation and demonstrate how

the developed task presentation can be employed on modeling the different

task plans under different agents. With the representation, this thesis val-

idates that the proposed CTMC technique can be applied to quantify the

productivity, APR, at the task-level by the conducted experiments. Besides,

the four suggested aspects (data validation, the influence of strategies, the

estimation of a new strategy, and the dominance of robotic configuration)

in cross-analysis can be employed for practitioners’ initial decisions, and the

resultant information vectors are later used for further assessment at the

economy-level.

In Chapter 5, this thesis studies a aerospace masking task under HRC

pattern. In this case, a robot is required to perform multiple skills to finish

a taping task. Based on the developed FCAM framework, this thesis uses

a VR device for telemanipulation and take advantage of the human oper-

ator’s visual sensing and the robot’s tactile sensing capabilities to achieve

the collaboration. Besides, during the teaching phase, the robot plays as

an active learner, who can adapt to the human’s unconscious errors in the

force profile, to slightly adjust the taping force to prevent the excessive force

from damaging the taping tool and workspace. After the human demon-

stration, the robot recognizes the demonstrated skills via the developed skill

learning algorithms which can estimate and correct the demonstrated skills.

Finally, the robot can learn the demonstrated skills in the task sequence

and apply optimization algorithms for each skill continuously in the phase

of task execution. The experiments show that the developed paradigm is

more time-efficient, flexible, and intuitive for human operators. Without

the tedious setup and programming processes, human operators can teach

the robot much easier than traditional teach-pendant based or OLP meth-
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ods. Besides, the further improvement of the end-effector also shows the

precision of the FCAM framework and offers a promising solution on the

aerospace masking tasks that have various workpieces with different shapes.

The two paradigms demonstrate that the developed framework of col-

laborative robotics for manipulation can successfully represent different task

plans under different agents and make the performance of robotic tasks at

task-level measurable. In addition, through the application of various col-

laborative patterns and forms in the robotic tasks, the execution of robotic

tasks can become more time-efficient and intuitive, providing the practi-

tioners more flexibility and convenience on the deployment of their robotic

systems.

6.2 Future Works

Although the theoretical contents in this work are validated in the given two

cases, there are still many open research issues:

1. The modeling of task plans has the assumption that the scenario is

structured, as usual as situations in manufacturing nowadays. Hence,

those industries that have unstructured environments, such as unpre-

dictable and cluttered environments, are not considered.

2. The connection of human factors cannot be integrated into the devel-

oped task representation as the part of human behavior research is

also an quite open issue. Besides, this thesis pays more attention to

robot-centered research.

3. The robot’s learning capability under the proposed FCAM framework

depends on the quality of the human demonstration. If a low-quality

demonstration is provided, the robot will fail to learn. For example,

the operator provides a low-precision trajectory or a force profile that
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cannot meet the task requirements.

Despite the existence of these limitations, this thesis believes that the

presented methods and paradigms of this work can be further improved to

provide manufacturers a feasible solution to deploy and teach their robot

efficiently and intuitively in various industrial scenarios. Finally, this thesis

expects that this work can inspire more researchers and make robotics be a

more cost-effective solution in automation for releasing human workers from

tedious and unhealthy workloads.
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