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A B S T R A C T

Robot manipulation of Deformable Linear Objects (DLOs) spans applications
in industry, healthcare, and daily life. Long-term DLO manipulation is chal-
lenging due to complex object dynamics and logical reasoning requirements.
A task common in both everyday life and manufacturing is Shoe Lacing (SL).
This thesis focuses on the perception and manipulation of DLOs under the
task of SL.

First, this thesis approaches SL is by intuitively decomposing it into prim-
itives and planning with symbolic planners. The task is structured across
three levels: high-level optimisation of SL patterns, mid-level task planning,
and low-level execution. Experiments are conducted using different shoes
and conditions to evaluate system performance.

This thesis proposes a simulation environment and benchmarking frame-
work for bimanual SL systems. The environment supports controlled training
and testing, while the framework offers evaluation metrics and task proto-
cols to ensure performance comparison and repeatability. Baseline results
demonstrate the effectiveness of the framework and the environment.

Existing tracking algorithms overlook interactions with scene objects. This
thesis introduces a method that tracks shoelaces while preserving topological
relations with the shoe. Two evaluation metrics are proposed: sequential H-
Signature, representing topological state, and Dynamic Time Warping (DTW)
distance, quantifying tracking error. The algorithm consistently yields correct
signatures and achieves errors comparable to state-of-the-art methods.

Learning from Demonstration (LfD) offers an efficient way to learn robot
skills. While existing work often focuses on learning policies, few consider
the operator’s role. This thesis presents a bimanual teleoperation system
and analyses how first- and third-person perspectives affect completion time,
trajectory diversity, and policy quality.

Overall, this thesis advances Deformable Object (DO) manipulation by
addressing the full pipeline of robot SL, including task planning, perception,
simulation, and primitive learning. These developments offer foundational
tools and insights for robust, generalisable DLO manipulation in real-world
settings.
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1
I N T R O D U C T I O N

Deformable Linear Objects (DLOs) 1 are common in everyday tasks such
as knot tying, cable routing and shoelace tying. Recent studies on DLO
manipulation have shown promising results in controlling the state of DLOs
(Yin et al., 2021). Short-term tasks 2 such as rope shaping (Wang et al., 2022;
Yang et al., 2022a), cable routing (Sánchez et al., 2020; Zhu et al., 2018), wire
insertion (De Gregorio et al., 2018; Wang et al., 2015) have been investigated.
However, manipulation of DLOs in long-term tasks, such as knot tying,
surgical suturing and Shoe Lacing (SL), remains a challenge.

The manipulation of DLOs is challenging due to their infinite-dimensional
state space and the complex non-linear dynamics. The tasks typically exhibit
two characteristics: The requirement for high precision and the need for
cognitive reasoning. The high precision requirement derives from the size and
the deformability of the DLOs. The cognitive reasoning requirement arises
from the diversity of the interaction between the DLOs and the surrounding
environment.

SL is a representative task in DLO manipulation. The task is challenging
from both cognitive and sensorimotor perspectives. From the cognitive per-
spective, logical planning is required to determine the order of the eyelets
being laced and to avoid the shoelace getting entangled. Regarding the sen-
sorimotor aspect, a collaboration between both arms and the visual system
is involved. An example is getting the shoelace through the narrow eyelet,
which requires precise eyelet localisation and dexterous insertion skills.

In real life, SL is difficult for the disabled and elderly due to its requirements
for accurate sensorimotor coordination and cognitive reasoning. Research con-
ducted in the United States shows that about one-quarter of the participants,
with an average age of 71, reported foot pain aching, or stiffness in either of

1 Also known as Deformable One-dimensional Objects (DOOs) (Sanchez et al., 2018)
2 This thesis defines long-term manipulation tasks as extended sequences of robot actions

involving different action types to achieve intermediate sub-goals. These tasks require high-
level planning to coordinate actions across different stages toward the overall objective.
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their feet (Menz et al., 2013). A proper re-lacing of shoes by trained nurses
helps the elder people better secure the feet to the back of the shoes and
results in a more comfortable walking posture, better balance and steadier
gait, reducing the risk of falls (Clayton-Jones, 2021).

Meanwhile, as a challenging engineering problem, SL is also manually
completed in manufacturing processes. The manual lacing process is time-
consuming and requires skilled workers. The inconsistency in the tension of
the laces can affect the aesthetics of the shoes and potentially make them less
comfortable.

1.1 research goals

This thesis addresses the manipulation of DLOs under the task of robot SL
with four contributions: a SL system using task planning with primitives, a
tracking algorithm of shoelaces, a simulation framework and a benchmark to
evaluate the performance of the robot manipulation system, as well as a study
of the human factor on learning manipulation skills from demonstrations.

1.1.1 Task Planning With Primitives

Long-term DLO manipulation tasks often have various goal states due to
complex system dynamics. For example, in knot tying, the goal is to tie a
knot, but the knot can be tied in different ways; in surgical suturing, the goal
is to stitch a wound, but the suture can be done in different patterns. More
importantly, different goals, such as the types of knots and suture patterns,
might be more desired in different scenarios. The variability of the goal states
makes it difficult to craft a single policy that can achieve all the goal states.
Manipulation policies need to decide on the target goal state and plan the
actions accordingly.

In SL, a shoe can be laced in various ways. Hagen and Hennig (2009) shows
that different SL patterns can affect foot biomechanics. Suitable patterns lead
to better comfort and more effective use of the shoe in different scenarios.
Polster (2002) discussed the shortest and the strongest SL patterns mathe-
matically. However, there was no information on how to find such patterns
with real shoes. This brings the problem of finding the optimal pattern for a
given shoe configuration and planning the actions to lace the shoe accord-
ingly. The solution should reflect aesthetics and the preferences of different
people. Meanwhile, the constraints of the robot, such as the workspace and
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the kinematic limits, as well as the entanglements of the shoelace, also need
to be taken into consideration.

1.1.2 Simulation And Benchmarking

Simulated benchmarks played a significant part in the development of
Reinforcement Learning (RL) and Imitation Learning (IL) for robotic ma-
nipulation (Lee et al., 2021). Although several previous works have explored
the simulation of deformable objects, simulating objects with complex ge-
ometries and interactions remains an open problem (Erickson et al., 2020;
Lin et al., 2021; Tagliabue et al., 2020). In this case of SL, unlike single-object
manipulation tasks, the interaction between the shoes and shoelaces am-
plifies its complexity. The slim shoelaces and tiny eyelet openings require
the simulation to have millimetre-level accuracy and thus pose a significant
challenge to collision detection. The penetration of shoelaces through the
eyelets is particularly challenging due to the tunnelling effect 3 (Redon et al.,
2002), which highlights the trade-off between real-time performance and
simulation accuracy. Meanwhile, the shoes and shoelaces have both rigid
and soft components. The force propagation between the rigid and soft parts
further complicates the simulation.

Meanwhile, benchmarking is crucial in the development of robotics (Calli
et al., 2015). Several benchmarks have been proposed (Chatzilygeroudis et al.,
2020; Garcia-Camacho et al., 2020; Huang et al., 2021; Lin et al., 2021) in recent
years. However, many of the benchmarked tasks consider only one skill with
relatively short horizons, such as rope winding, water cup transporting and
pizza dough flattening (Lin et al., 2023). This lack of consideration of long-
term tasks is one of the bottlenecks in advancing research towards complex
real industrial and domestic settings. In terms of SL, due to the complexity
of the setup, detailed experiment protocols and rigorous evaluation metrics
become necessary. To validate the usefulness of the benchmark, baseline
results should also be provided for comparison.

3 In this thesis, the tunnelling effect refers to the unintended phenomenon where a simulated
object passes through another object or a collision boundary without proper physical interac-
tion, typically due to limitations in the simulation’s temporal resolution, the size of the object
or collision detection algorithms.
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Figure 1.1: Cable Harnessing (reproduced from Zhu et al. (2019))

1.1.3 Topology-Preserving Tracking

In DLO manipulation tasks such as cable harnessing and surgical suturing,
achieving an accurate 3D understanding of the DLO state is essential (Zhaole
et al., 2023; Zhu et al., 2022). Compared with rigid objects, DLOs exhibit
more variations in their topology, which is an important factor to consider
during tracking (Tang and Tomizuka, 2022). Previous works have tackled the
preservation of the topology of the object itself from both the perspective
of the local segment scale and the global structure (Chi and Berenson, 2019;
Tang et al., 2017; Wang et al., 2021; Xiang et al., 2023). However, in real-world
applications, DLOs commonly interact with the surrounding environment
and it is also important to consider its relation with the scene objects. For
example, in surgical suturing, the success of an insertion is determined by
whether the thread passes through appropriate areas of the wound. Similarly,
in cable harnessing, the stability and durability of the structure depend
on whether the cable properly loops around the nails or merely passes
by them (Figure 1.1). The relation with the scene objects provides spatial
understanding for task planning to produce realistic and executable plans.

In the context of SL, the task requires precise control of the shoelace states,
as well as the understanding of the overall shoelace topology that dynami-
cally evolves during the interaction with the shoe. Correctly estimating the
shoelace-shoe relation is crucial for the planning of the task. The estimated
shoelace should pass through eyelets after successful insertions; otherwise,
corresponding recovery actions must be taken. Meanwhile, tracking the
shoelace states is challenging due to the constant occlusion caused by the
shoe and the manipulator. The tracked shoelace states should provide accu-
rate information for grasping and the length estimation for stretching the
shoelace.
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Another question that arises is the performance evaluation of the tracking
algorithm. Since the previous works do not consider the DLO-scene objects
relations, there have been no standardised evaluation metrics. The metrics
should consider the qualitative topological correctness, such as whether the
DLO visits the scene objects and the sequence of the scene objects visited;
as well as the quantitative accuracy of the tracking algorithm, to provide
numerical distances between the estimated and the groundtruth states.

1.1.4 Learning From Human Demonstrations

Manually constructing and tuning such primitives, although robust, is not
scalable. Learning from Demonstration (LfD) approaches provide an efficient
solution to obtain the desired robot skills without accurate modelling of the
dynamics of the DLOs and reduce the injection of domain-specific knowledge
from hand-crafted primitives. Among the LfD techniques, BC, leverages
demonstrations collected through teleoperated robots, which makes it suitable
for tasks with high precision requirements (Liang et al., 2024).

While many approaches have been proposed for LfD (Yin et al., 2021), few
consider the human factor in the learning process. The comfort and ease of
use of the teleoperation device can affect the performance of the operator,
which may lead to a variance in the quality of the demonstrations. Among the
different comfort factors, the perspective of the operator is one of the most
noticeable aspects. Placing the operator in a third-person perspective can
provide a wide view of the workspace and the robot, however, the operator
can suffer from heavy occlusion caused by the robot and the target object. It
is also difficult to estimate the action of the robot since all movements are
mirrored. In the case of SL, this is equivalent to lacing a shoe on someone
else’s foot. Placing the operator in a first-person perspective, on the other
hand, can provide a more immersive experience. This is similar to lacing
a shoe from one’s own point of view. The operator can see the workspace
from the robot’s perspective and can estimate the action of the robot more
easily. However, this is not always achievable since the operator typically
cannot stand in the robot’s position. One potential solution is to use Virtual
Reality (VR), which may provide the operator with an immersive experience.

1.1.5 Summary Of Research Questions

To summarize, the thesis aims to address the following research questions:
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• How can a robot perform long-term DLO manipulation tasks to achieve
various goals across different scenarios?

• How can a DLO manipulation task be tested in simulation and evalu-
ated with fair metrics?

• How can a robot perceive the states of a DLO and correctly understand
its relation with the scene objects?

• How does the teleoperation interface influence the effectiveness of
expert demonstrations in Behavioural Cloning (BC) for DLO manipula-
tion?

1.2 thesis roadmap

As shown in Figure 1.2, the thesis is structured as follows:
The thesis is structured as follows:

• Chapter 1 introduces the manipulation of DLOs and SL as a represen-
tative task. It outlines the motivation and research objectives of the
thesis.

• Chapter 2 provides an overview of the background relevant to the
goals of this thesis. It reviews previous approaches to task planning
for robotic manipulation and examines tracking methods for DLOs.
Additionally, it discusses learning from human demonstrations, bench-
marks proposed for robotic manipulation tasks, and the simulation
environments developed for DLOs.

• Chapter 3 presents a complete system designed to address the robot
SL task. It begins by providing a detailed definition of the task and
explores the optimization of goal states. The chapter then describes how
the system utilizes task planning algorithms to determine the sequence
of actions necessary to achieve a given goal state.

• Chapter 4 introduces a simulation environment specifically designed
for training and evaluating algorithms for the SL task. Additionally, it
presents a comprehensive benchmark for assessing the performance of
SL systems. The benchmark incorporates a series of metrics to evaluate
system performance in a controlled setting. A baseline system is tested
using the benchmark in both real-world scenarios with actual robots
and the simulated environment.
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• Chapter 5 introduces an algorithm designed to track the states of DLOs
while maintaining their topology. This algorithm is applied within the
context of the SL task to estimate the states of the shoelace. Two metrics
are proposed for the evaluation of this algorithm. Its performance is
evaluated through experiments conducted using human demonstra-
tions, simulated data, and real robot data.

• Chapter 6 proposes a bimanual teleoperation system and applies it to
the SL task. It presents a comparative study evaluating the effectiveness
of first and third-person perspective user interfaces for BC in shoelace
insertion. This chapter includes both qualitative and quantitative evalu-
ations of the results and discusses how the different interfaces influence
learning outcomes.

• Finally, Chapter 7 provides a comprehensive summary of this thesis,
synthesising the findings and outcomes of the research presented. It em-
phasises the significance of the contributions while acknowledging the
limitations of the studies. The chapter also explores potential avenues
for future work aimed at enhancing the performance of the methods
and approaches discussed. Additionally, it highlights the broader po-
tential of the interdisciplinary efforts in this thesis to inspire research in
various other domains.

• Appendix A details the robot platform utilised for the experiments
in this thesis. It provides an overview of the robot, the sensors, the
calibration process between them, and the mobile base developed for
the robot.

• Appendix B outlines the design and manufacturing process of the bi-
manual teleoperation device used in the experiments. It provides details
on the selection of hardware components, the key design considerations,
and the assembly process.

• Appendix C discusses the development of the Unity simulation environ-
ments and the interfaces employed in this thesis. It offers an overview of
the robot simulation within Unity, the communication protocols utilised,
and the creation of simulated sensors in Unity.

1.3 contributions

The work in this thesis makes the following contributions:
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Ch1: Introduction

• Thesis Overview
• Motivations and 

Objectives

Ch2: Background

• Related Works

Ch3: System for 
DLO Manipulation

• Task Definition
• System Overview
• Task Planning
• Perception

Ch4: Simulation and 
Benchmarking

• Simulation Env
• Protocol and Metrics
• Baseline results

Ch6: Learning 
Primitives

• Teleoperation Interface
• Behaviour Cloning
• Effects of first and third-

person perspectives

Ch5: Tracking DLOs

• Statistical Registration
• Physical Simulation
• Evaluation Metrics Ch7: 

Conclusions
• Summary of 

Contributions
• Limitations
• Future Work

Figure 1.2: Thesis roadmap. Each box represents a chapter in the thesis.

• This thesis presents a complete system for addressing the novel task
of robotic SL. It divides the SL into the 3 levels. The high-level SL
pattern design task is formulated as an optimisation problem, and a
genetic algorithm is applied to solve it. The middle-level SL planning
problem is described, and task planning algorithms are employed to
determine the sequence of actions required for a given pattern. A set
of bi-manual action primitives is defined at the low level to support
robotic SL, complemented by an active perception strategy. A series of
experiments evaluate the proposed system under five sets of preference
criteria, using three shoes varying in size, material, and number of
eyelets.

• This thesis proposes an open-source simulation environment for robot
SL, aimed at enabling the research community to develop novel methods
for solving the task and advancing the field of long-horizon robot
task planning. A comprehensive set of performance evaluation metrics
is introduced for the bi-manual robot SL task. The validity of the
benchmark is demonstrated through the results of a baseline approach,
evaluated in both real-world scenarios with actual robots and within
the simulated environment.
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• This thesis addresses the novel task of shoelace tracking in SL with
the proposed algorithm, Tracking for Shoe Lacing (TSL). The algorithm
integrates probabilistic registration with physical simulation 4 to main-
tain the shoelace topology during tracking. A sequential H-Signatureis
introduced for representing the DLO topological state, along with the
Dynamic Time Warping (DTW) distances to quantify the algorithm
performance. Experiments compare TSL to multiple algorithms using
the proposed signature, with evaluations performed on real, simulated,
and human demonstration data.

• This thesis presents a bespoke 3D kinematic model designed to repli-
cate the bi-manual robot SL task, along with two interfaces enabling
teleoperation from first and third-person perspectives. Additionally, it
introduces a dataset comprising over 100 demonstrations for each inter-
face modality, collected using a real bi-manual manipulation platform.
The thesis provides both qualitative and quantitative evaluations of
the results and examines the impact of the different interfaces on the
learning outcomes of BC.

1.4 publications

This section presents the peer-reviewed publications that are derived from
this thesis. Each publication is presented with the full reference, the supple-
mentary materials and the contribution to the thesis.
H. Luo and Y. Demiris (2023), Bi-Manual Robot Shoe Lacing, in ‘IEEE/RSJ

International Conference on Intelligent Robots and Systems’, pp. 8772–8775.
doi: 10.1109/IROS55552.2023.10341934.

• Supplementary video available at: https://www.youtube.com/watch?
v=vazYrF-KfXA&t=54s

• Chapter 3 is based on this article.

H. Luo and Y. Demiris (2024), Benchmarking and Simulating Bimanual Robot
Shoe Lacing, IEEE Robotics and Automation Letters vol. 9, no. 10, pp. 8202-
8209, Oct. 2024, doi: 10.1109/LRA.2024.3440101.

• Supplementary video available at: https://www.youtube.com/watch?
v=3UWQLZWmGyM

4 In this thesis, physical simulation refers to the computational modelling of physical systems
and their behaviours over time with physical laws.

https://doi.org/10.1109/IROS55552.2023.10341934
https://www.youtube.com/watch?v=vazYrF-KfXA&t=54s
https://www.youtube.com/watch?v=vazYrF-KfXA&t=54s
https://doi.org/10.1109/LRA.2024.3440101
https://www.youtube.com/watch?v=3UWQLZWmGyM
https://www.youtube.com/watch?v=3UWQLZWmGyM
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• Part of Section 3.1 and Chapter 4 are based on this article.

H. Luo and Y. Demiris (2024), TSL: Tracking Deformable Linear Objects for
Bimanual Shoe Lacing, IEEE Robotics and Automation Letters, Accepted.

• Chapter 5 is based on this article.

H. Luo, R. Chaćon Quesada, F. Estévez Casado, N. Lingg, and Y. Demiris
(2025), Interface Matters: Comparing First and Third-Person Perspective
Interfaces for Bi-Manual Robot Shoe Lacing Behavioural Cloning, in ‘IEEE
International Conference on Robotics and Automation’, Accepted.

• Chapter 6 is based on this article.
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B A C K G R O U N D

Robot manipulation of Deformable Object (DO) spans a wide range of appli-
cations and has gained significant attention in recent years (Yin et al., 2021;
Zhu et al., 2022). Tasks involving DLOs form an active area of research within
the broader field of DO manipulation. Sanchez et al. (2018) categorised DLOs
research into three primary areas: deformation sensing, which includes state
estimation (Chi and Berenson, 2019; Tang et al., 2017; Wang and Yamakawa,
2022; Wang et al., 2021; Xiang et al., 2023); grasping and manipulation, en-
compassing tasks such as cable insertion (Baksic et al., 2020; De Gregorio
et al., 2018; She et al., 2021; Wang et al., 2015), rope untangling (Grannen
et al., 2020; Huang et al., 2023; Viswanath et al., 2022); and knot tying, a
particularly challenging task due to the complex topology involved in the
process (Sundaresan et al., 2020; Suzuki et al., 2021; Wakamatsu et al., 2006;
Yan, Li, Zhu and Bohg, 2020).

As discussed in Chapter 1, this thesis focuses on the task of SL, which
serves as a representative task in the domain of DLO manipulation. SL
involves the sensing of shoelace deformation, the grasping and manipulation
of the shoelace, and the complex topology created during the lacing process.
This chapter provides the theoretical background for DLO manipulation and
perception, with an emphasis on SL. Section 2.1 begins by exploring the
history of SL research and the challenges associated with automating this
task. Section 2.2 then provides an overview of planning methods in DLO
manipulation, focusing on the use of action primitives and heuristic search
algorithms. Section 2.5 examines tracking algorithms for DLO state estimation.
Section 2.4 discusses simulation and benchmarking techniques for DLO
manipulation tasks. Finally, Section 2.6 reviews recent Imitation Learning (IL)
works on DLO manipulation and the development of teleoperation interfaces.

29
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2.1 robot shoe lacing

The history of footwear can date back to 40,000 years ago when the structure
of human foot bones changed (Trinkaus and Shang, 2008). For any type of
shoe that ever existed, there are always some fastening mechanisms to secure
the shoe onto the human feet. Lacing shoes with fully autonomous robots
has been a part of the endeavours of shoe manufacturers for the past two
decades.

2.1.1 Industrial Endeavours

Despite years of effort in developing SL machines, shoe manufacturers con-
tinue to rely heavily on manual labour for lacing shoe uppers. Manual lacing
often results in inconsistent tension, which can affect the aesthetics of the
shoes and potentially reduce their comfort. Existing machine designs are
typically limited to a single type of shoe, requiring modifications to accom-
modate different shoe models (Figure 2.1). Moreover, these machines depend
on specialised tools, making them expensive to produce and maintain. This
thesis aims to address these limitations by employing general-purpose robots
and sensors without the need for specialised tools so that the solutions are
adaptable to various types of shoes and shoe models. The robot platform
used in this thesis is discussed in Appendix A.

Figure 2.1: Existing SL machine (figure reproduced from Solomon AI and 3D Vision
(2017))
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2.1.2 Shoe Lacing With Different Patterns

A SL problem, like many other DLO tasks, can be solved in many ways due
to the infinite number of dimensions of the state space and the complex
non-linear dynamics. In the case of SL, lacing a shoe can be done following
different patterns, such as the commonly used crisscross or bowtie. As a
reference, a preliminary study with four participants was conducted as part
of this thesis. All participants selected the crisscross lacing pattern, with
an average completion time of 85 seconds. However, their lacing strategies
varied: one participant laced all eyelets with the aglet pointing inward, while
the other three began with an inward insertion for the first eyelet and outward
insertions for the remaining ones. Human participants were typically able
to insert the aglet accurately regardless of the insertion direction, without
needing to adjust its orientation or perform reinsertion.

While people naturally choose the crisscross pattern, it is not evident that
this is the optimal choice. To find the shortest and strongest patterns, Polster
(2002, 2006) formulated the SL task as a mathematical problem. The author
simplifies the problem by representing a theoretical shoe with eyelets on
a 2D plane. It is shown that depending on the number of eyelets and the
gap between the eyelets, the shoelace patterns vary remarkably. It is also
proven that for real shoes, whose eyelets are not on the same 2D plane and
do not fall into two parallel lines, some patterns may not apply at all. This
thesis formulates pattern designing as a constrained optimisation problem
following the settings from Polster (2002, 2006), and aims to numerically
compute the optimal lacing patterns in different scenarios.

2.2 planning for deformable linear object manipulation

A planning problem is defined by its initial states, the actions available to
alter those states, and the desired goal state (Russell and Norvig, 2016).
Since the earliest days of robotics, efforts have been made to automate plan-
ning (Haslum et al., 2019). Long-horizon robotic manipulation tasks require
reasoning about both high-level logical task actions and precise geometric
motions (Lagriffoul et al., 2018). While many studies focus on controlling the
states of ropes (Nair et al., 2017) or cables (Zhu et al., 2018), less attention has
been given to planning the sequence of actions needed to achieve a goal state.
Earlier works, such as Moll and Kavraki (2006); Tandon et al. (n.d.), intro-
duced local planners for DLOs based on minimum energy curves. However,
these approaches are limited to short-horizon simple tasks and are prone to
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local minima (Yan, Li, Zhu and Bohg, 2020). High-level logical planning is
therefore needed to guide the motion planning process.

2.2.1 Planning With Topology

For long-horizon tasks, Wakamatsu et al. (2004) introduced the concept
of topological states to represent the DLO. They developed strategies for
selecting grasping points and determining robot motions for each topological
action step. Similarly, Saha and Isto (2007) proposed a method that constructs
search trees by sampling possible robot motions. By leveraging knot theory
to prune unpromising branches, they enhanced the efficiency and feasibility
of the planning process.

In recent studies, Grannen et al. (2020); Huang et al. (2023); Lui and Saxena
(2013); Sundaresan et al. (2021); Viswanath et al. (2022) addressed knot
untangling tasks by leveraging manipulation primitives, while Sudry et al.
(2023); Sundaresan et al. (2020); Yan, Li, Zhu and Bohg (2020) focused on knot
tying using primitives learned from human demonstrations. In both cases,
the selection and application of primitives were informed by domain-specific
insights derived from knot theory. Knot theory as a branch of algebraic
topology (Akbulut and King, 1981), studies the properties of mathematical
knots, which are closed loops in three-dimensional space. In the case of
SL, the inclusion of shoes introduces additional topological complexity in
the relation between the shoelace and the shoe, complicating the problem
compared to knot tying.

2.2.2 Planning With General Purpose Planners

A more general approach involves manually defining the action-state space
and using a general-purpose planner to identify the optimal sequence of
actions. Over the years, Various methods for general-purpose planning have
been developed (Guo et al., 2023), including hierarchical planning, plan
graphs, and heuristic-based approaches. One notable heuristic-based planner
is LAMA (Richter and Westphal, 2010), which effectively balances action
costs with time constraints, producing fast yet high-quality plans. LAMA
incorporates landmarks, the critical states that must be achieved en route to
the goal, as heuristic guides. This enables LAMA to generate high-quality
plans quickly and makes it a widely adopted tool for applications requiring
effective and scalable planning solutions.
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Problems in task planning are typically described using formal languages
such as Stanford Research Institute Problem Solver (STRIPS) (Fikes and
Nilsson, 1971), Simple Action Specification (SAS) (Bäckström and Nebel,
1995), and Planning Domain Definition Language (PDDL) (David et al., 1998).
Over the years, PDDL has emerged as one of the most widely adopted
representations for planning problems (Haslum et al., 2019). PDDL is an
expressive modelling formalism to set up general planning problem (David
et al., 1998). It provides a standardised framework for defining actions, states,
and goals, enabling planners to generate sequences of actions to achieve
desired outcomes. This thesis leverages PDDL to describe the SL problem
and uses LAMA to generate the sequence of actions.

2.3 simulating dlos

As DO manipulation gains increasing attention, there is a growing demand
for models that approximate real-world physical behaviour based on physical
laws, in order to control object states and support reinforcement learning.
Such models are referred to as physically-based models (Sanchez et al., 2018).
Deformable objects possess infinite degrees of freedom, adding significant
complexity to their simulation. The accuracy of these models directly impacts
the performance of planning algorithms and the effectiveness of learnt poli-
cies. Common physically-based models for DOs include particle-based meth-
ods, discrete-based approaches such as Mass-Spring-Damper (MSD) models,
and continuum-based methods like Finite Element Method (FEM) (Sanchez
et al., 2018; Sin et al., 2013).

FEM is a numerical technique used to solve complex problems in engi-
neering and physics by dividing a structure or domain into smaller, simpler
elements, such as tetrahedra, referred to as finite elements. It is widely ap-
plied to simulate and analyse material behaviour under various conditions,
such as stress and deformation. FEM-based simulations are highly accurate
and well-suited for applications requiring high precision. However, due to
their computational complexity, FEM methods are not widely adopted for
simulating DOs (Baksic et al., 2020; Ficuciello et al., 2018; Seita et al., 2020).

A more commonly used approach is the MSD model, which represents
objects as a system of particles connected by springs and dampers. This
method is intuitive and computationally efficient, making it a popular choice
for robotic manipulation and particularly well-suited for simulating linear
deformable objects (Almaghout et al., 2024; Grannen et al., 2020; Schulman,
Lee, Ho and Abbeel, 2013; Tang and Tomizuka, 2022; Yan, Zhu, Jin and Bohg,
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2020). Another widely adopted method is particle-based systems, which
represent objects as a collection of discrete particles, each carrying properties
such as mass, velocity, and position (Tonnesen, 1998). When subjected to
external forces, these particles move to new positions according to physical
laws.

To improve the real-time performance, position-based models have been
proposed as a computationally efficient alternative to FEM and MSD models.
It iteratively updates object positions to satisfy geometric constraints (Bender
et al., 2014). Position-based models are widely used in computer graphics
due to their simplicity and speed. This makes them favourable for real-time
applications such as game development and physics engines.

2.3.1 Physics Engines Supporting DLO Simulation

Physics engines are virtual environments designed to simulate the laws of
physics for general-purpose applications. Compared with manually coding
the physics of objects for each application, physics engines provide a more
efficient and flexible solution. They are widely used in fields such as motion
planning to predict the future states of objects (Sanchez et al., 2018). Numer-
ous physics engines have been developed to simulate DOs, including Bullet,
Unity, Multi-Joint dynamics with Contact (MuJoCo), NVIDIA PhysX, and
Simulation Open Framework Architecture (SOFA).

Bullet is an open-source physics library primarily developed by Erwin
Coumans (Coumans et al., 2013), featuring Position-Based Dynamics (PBD)
and FEM solvers. Its Python wrapper, PyBullet (Coumans and Bai, 2017), has
been widely adopted in the research domain due to its accessibility and open-
source nature. Applications include sim-to-real transfer (Matas et al., 2018),
object tracking (McConachie et al., 2020), and assistive dressing (Erickson
et al., 2020). Additionally, Bullet Physics has been integrated into other
engines such as Blender (Community, 2018).

MuJoCo is a physics engine developed for high-fidelity simulation of
robotic systems, biomechanics, and other dynamic environments (Todorov
et al., 2012). It is renowned for its ability to simulate complex, continuous
dynamics with precise handling of contact, soft constraints, and multi-body
systems, making it a widely used tool in robotics research (Erez et al., 2015).
MuJoCo has been extensively employed in robot simulation and reinforce-
ment learning, particularly for tasks requiring high accuracy and control.
Its support for soft constraints enables the modelling of deformable objects
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such as cloth and rope (Yan, Li, Zhu and Bohg, 2020), further broadening its
applicability.

NVIDIA PhysX is a real-time physics engine commonly used for simulating
rigid and soft body dynamics, collision detection, and fluid dynamics in
applications such as gaming, robotics, and virtual environments. Famous for
its high performance and GPU acceleration, PhysX offers robust simulation
capabilities suitable for interactive and computationally demanding tasks.
It supports cloth simulation using PBD, making it well-suited for tasks
involving deformable objects. PhysX has been employed in reinforcement
learning, as demonstrated by Clegg et al. (2017).

SOFA is an open-source framework designed for multi-physics simula-
tion, with a focus on real-time interaction and soft-body dynamics. It is
widely used in domains such as medical simulation, robotics, and haptics,
owing to its modular architecture and support for highly customised simula-
tions (Westwood et al., 2007). SOFA includes built-in mass-spring models and
FEM support, making it well-suited for applications involving deformable
objects. Ficuciello et al. (2018) utilised SOFA to control deformations into
desired shapes using Proportional-Integral-Derivative (PID) controllers, while
Petit et al. (2017) employed its FEM solver for simulating and tracking pizza
deformations.

Unity is a versatile game engine that integrates NVIDIA PhysX as its
physics solver, featuring an intuitive User Interface (UI) design alongside
well-documented plug-ins and assets (Technologies, 2005). Among its physics
plug-ins specialised for soft objects is the real-time particle-based solver Obi,
which supports simulations involving a wide range of objects, including
ropes, cloth, liquids, and general volumetric bodies (Studio, 2016). Weng et al.
(2021); Yu, Lv, Zhong, Song and Li (2022) demonstrated the capability of Obi
in simulating ropes and cloth, showcasing its utility in complex soft-body
dynamics. In SL, an essential aspect is the interaction between the rigid aglets
and the soft shoelace. Compared to other physics engines, Obi offers a more
intuitive approach to simulating interactions between soft and rigid bodies.
The Obi attachment functionality facilitates the exchange of impulses between
soft and rigid bodies, making it particularly suitable for simulating shoes and
shoelaces.

Overall, due to the ability to simulate the interaction between both soft and
rigid objects, as well as the efficiency of particle-based dynamics, this thesis
explores the use of Unity and Obi for simulating SL.
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2.3.2 Environments For DLO Simulation

Several simulation environments have been developed to simulate DOs,
aimed at accelerating learning and advancing research in this domain. Soft-
Gym, for instance, uses NVIDIA PhysX to simulate water, rope, and cloth for
tasks such as water pouring and cloth folding. NVIDIA Isaac Gym (Makoviy-
chuk et al., n.d.) has been utilised to generate grasping data for DOs (Huang
et al., 2022). PyBullet is employed in Assistive Gym (Erickson et al., 2020) for
tasks like bed bathing and assistive dressing, as well as in OmniHang (You
et al., 2021) for collision estimation. Additionally, Seita et al. (2021) used Py-
Bullet to generate simulated data for cables, fabrics, and bags. Reform (Laezza
et al., 2021) provides environments for tasks such as wire bending and cable
closing using AGX Dynamics. MuJoCo has also been utilised for simulating
cloth and rope (Yan et al., 2021).

From the medical robotics domain, several simulation environments have
been proposed for surgical applications. Munawar et al. (2022) introduced
an environment using Asynchronous Multi-Body Framework (AMBF) for
learning and practising surgical sutures, while Tagliabue et al. (2020) tackled
soft tissue simulation using NVIDIA PhysX. Similar to the physics engines
discussed in Section 2.3.1, these environments primarily focus on simulating
a single type of DO. This thesis aims to develop a simulation environment
that supports the simulation of both the shoe and the shoelace, as well as
their interactions.

2.4 benchmarking dlo manipulation

In recent years, although several benchmarks have been proposed for DO
manipulation, researchers have highlighted the lack of comprehensive and
well-established benchmarks in this domain (Yin et al., 2021).

As early pioneers, Chatzilygeroudis et al. (2020) introduced benchmarks
for semi-deformable object manipulation tasks, including watchmaking and
rubber-band handling. Garcia-Camacho et al. (2022, 2020) proposed bench-
marks for bimanual cloth manipulation, focusing on tasks such as cloth
folding and spreading. SoftGym (Lin et al., 2021) expanded the scope by
supporting tasks with linear, planar, and liquid objects1. However, existing
benchmarks often emphasise relatively short-horizon tasks and lack a focus

1 Some tasks exhibit different characteristics depending on their definitions. For example, cloth
folding in Lin et al. (2021) involves only one type of action, while Zhou et al. (2024) defines it
as requiring multiple actions, making planning essential.
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on the complexity of planning. DaxBench (Chen et al., 2022) supports tasks
involving ropes and liquids, such as liquid pouring and rope shaping. While
these tasks span more steps, they typically involve repeating a singular type
of action rather than requiring a sequence of coordinated actions and logical
planning.

In the medical domain, long-horizon tasks such as surgical suturing are
common. However, existing benchmarks in this area primarily focus on
evaluating surgeon skills (McKendy et al., 2017) or assessing robot-assisted
surgeries (Raison et al., 2017), rather than on fully autonomous robotic
systems. This thesis focuses on providing a benchmark on the bimanual
manipulation task of SL, which demands both long-horizon task planning
and dexterous manipulation skills with DOs.

2.5 perception of dlos

Perception of DOs has been extensively studied across various domains (Wang
et al., 2021). In DLO manipulation tasks, achieving an accurate 3D under-
standing of the state of DLOs is crucial (Zhaole et al., 2023; Zhu et al., 2022).
Research on the perception of DLOs can broadly be divided into two main
categories: segmentation and state estimation (Zhaole et al., 2023).

2.5.1 Segmenting DLOs

Segmentation involves identifying the boundaries of objects within an image
or point cloud (Minaee et al., 2021). In many studies on DLO manipulation,
segmentation is simplified using colour thresholding under conditions with-
out occlusion (Zhaole et al., 2023), or bypassed entirely by attaching markers
to the DLO (Yang et al., 2022a; Zhou et al., 2021).

Segmentation of thin structures has been extensively studied within the
computer vision domain, including applications such as blood vessel seg-
mentation in medical imaging (Wang et al., 2020), drive lane detection in
autonomous driving (Zhang et al., 2021), and road network extraction in
satellite image analysis (Yuan and Cheriyadat, 2016). These studies often
employ data-driven methods to enhance segmentation performance. To ad-
dress the specific challenges of occlusion and complex backgrounds in DLO
segmentation, Caporali et al. (2022); Thananjeyan et al. (2022); Zanella et al.
(2021) proposed deep learning-based approaches that harness the power
of neural networks to improve accuracy. However, collecting large-scale an-
notated datasets for training these models remains a significant challenge,
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particularly for DLO tasks that require precise annotations (Zhaole et al.,
2023). While segmentation is a challenging aspect of DLO perception, this
thesis focuses on the state estimation of DLOs and assumes a clear colour
contrast between the shoelace and the background.

2.5.2 State Estimation Of DLOs

Common state estimation approaches discretise DLOs as a set of ordered key
nodes (Tang and Tomizuka, 2022), where the DLO is represented by these
nodes and the edges connecting them. DLO tracking is typically formulated
as a point set registration problem, with one set representing the maintained
key nodes (also referred to as state points) and the other consisting of point
clouds from new observations. While Iterative Closest Point is one of the most
well-known registration methods, the soft assignment of correspondences is
generally preferred in DLO tracking due to its suitability for handling the
flexibility and deformation inherent in DLOs.

During tracking, common methods align observed point clouds with the
maintained state representation using point registration techniques based
on Gaussian Mixture Model with Expectation-Maximization (GMM-EM)
and Coherent Point Drift (CPD). The key nodes are treated as Gaussian
centroids, with Gaussian Mixture Model (GMM) used to compute corre-
spondences through probability distributions (Chui and Rangarajan, 2000).
Node positions are then updated based on new point cloud observations
using Expectation-Maximization (EM), while CPD is designed to preserve
the global topology (Myronenko and Song, 2010). The global topology refers
to the overall structure of the DLO, which should remain invariant under
continuous deformations. To further maintain the local topology, Global-
Local Topology Preservation (GLTP) was introduced to regularise the local
structure using Locally Linear Embedding (Ge et al., 2014; Roweis and Saul,
2000). Tang et al. (2017) applied GLTP to DLO tracking, demonstrating the
robustness of the estimator to sensor noise, outliers, and occlusions.

However, the estimator does not account for physical constraints, and
probabilistic registration alone is insufficient to produce physically plausible
estimations (Tang and Tomizuka, 2022). From this limitation, two distinct re-
search directions have emerged. The first approach incorporates dynamic sim-
ulation to enforce physical constraints (Tang et al., 2017; Wang and Yamakawa,
2022). The second approach applies selected posterior constraints, either after
the EM step or directly to the cost terms in the M-step, to restrict the DLO
states, as demonstrated in Constrained Deformable CPD (CDCPD) (Chi and
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Berenson, 2019) and Constrained Deformable CPD 2 (CDCPD2) (Wang et al.,
2021). Building on these efforts, TrackDLO (Xiang et al., 2023) introduced the
use of Motion Coherence Theory (MCT) to estimate the spatial velocity of
occluded tip nodes based on the spatial velocity of visible nodes, eliminating
the need for tip position priors.

2.5.3 Topology In DLO Tracking

The aforementioned methods tackle the preservation of the local and global
structure but lack the consideration of interactions with the environment.
This limitation arises primarily from the tasks they address. To this end, this
thesis refers to the concept of homotopy. Homotopy refers to a property of
the DLO that remains invariant under continuous deformation (Bhattacharya
et al., 2011). Two paths are homotopic or belong to the same homotopy class
if one can be continuously deformed into the other. In 3D space, homotopy
classes can only be introduced by obstacles with one or more holes, or by
obstacles stretching to infinity in two directions (Bhattacharya et al., 2011).
For tasks such as shaping a rope or cable into desired forms, there is typically
only one homotopy class. However, homotopy becomes a critical factor in
the SL task, as the shoelace interacts with the shoe, which includes the hole
structure eyelets. The eyelets create new homotopy classes, which increases
the complexity of the task. This thesis considers the eyelets during the tracking
process and constrains the tracked states to preserve the shoelace-eyelet
relations.

The concept of homotopy has long been studied in motion planning of
mobile robots (Hernandez et al., 2015). In the path planning of tethered
robots, the homotopy classes of robot paths are identified to prevent entan-
glement (Cao et al., 2023; Yang et al., 2023). To avoid obstacles, H-Signature
is proposed to characterise the topological class of paths in a given environ-
ment (Bhattacharya et al., 2011; Hernández et al., 2011). It assigns a value to
each obstacle, enabling the identification of topologically distinct trajectories
(the formulation is introduced in Section 5.4.1). This is particularly useful in
motion planning, where distinguishing between homotopy classes enables
more efficient exploration of the solution space. Mitrano et al further enhance
this representation by incorporating the robot state into H-Signature (Mitrano
and Berenson, 2024). A similar representation is also used in guiding DLOs
for insertion tasks (Wang et al., 2015). While being extensively studied in
motion planning, it cannot be directly applied to evaluate the tracking perfor-
mance. The continuous signature values it provides for each of the obstacles
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do not reflect the sequence of the obstacles being passed through. In tasks
like SL, the sequence of the eyelets being passed through is crucial for the
success of the task. This thesis aims to incorporate the concept of H-Signature
to evaluate the tracking performance in the SL task.

2.6 learning to manipulate dlos from demonstrations

Yin et al. (2021) identified two main approaches for DLO manipulation: model-
based and data-driven methods. Model-based approaches rely on physical
models to predict the behaviour of DLOs, but they often face challenges due
to the infinite degrees of freedom and non-linear dynamics, making them
computationally demanding.

Data-driven methods, on the other hand, leverage learning-based tech-
niques such as IL and Reinforcement Learning (RL) to develop manipulation
policies Yan, Li, Zhu and Bohg (2020); Yu, Zhong and Li (2022). IL uses ex-
pert demonstrations to teach agents human-like behaviours, while RL allows
agents to learn optimal actions through interaction with the environment.
These methods address some of the limitations of model-based approaches by
using machine learning to handle the complexities of DLO manipulation (Yin
et al., 2021).

2.6.1 Imitation Learning In DLO Manipulation

IL is a learning technique designed to replicate human behaviour in specific
tasks (Hussein et al., 2017). It has gained popularity for teaching manipulation
skills as it removes the need for explicitly programming primitives or defining
task-specific rewards (Zare et al., 2024). By leveraging expert demonstrations,
IL enables robots to acquire complex skills that are otherwise challenging to
encode manually.

Over the years, IL has been successfully applied to a wide range of DO ma-
nipulation tasks (Yin et al., 2021). These include cloth manipulation (Jia et al.,
2019), where robots learn to smooth or fold fabrics, sand shaping (Cheru-
bini et al., 2018), assistive dressing (Pignat and Calinon, 2017), and gar-
ment folding (Yang et al., 2016). The versatility of IL in handling diverse
tasks highlights its potential to address the challenges associated with DO
manipulation in unstructured and dynamic environments. Among the IL
techniques, Behavioural Cloning (BC), leveraging demonstrations collected
through teleoperated robots and training complex skills by direct imitation
from the demonstrations, enables the policies to complete tasks with high
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precision (Liang et al., 2024). This makes BC a suitable choice for learning
DLO manipulation skills.

As discussed in the introduction of this chapter, one of the most commonly
studied DLO manipulation tasks is knot tying. Kudoh et al. (2015) proposed
an approach for in-air knot tying by segmenting demonstrations into motion
primitives, which are then recombined to create different types of knots. Sim-
ilarly, Rambow et al. (2012) applied this concept to tube routing, introducing
admittance controllers to handle positioning uncertainties during the task.
These methods generally require a single demonstration to replicate the task
and are effective for scenarios that closely resemble the demonstrated config-
uration (Yin et al., 2021). However, environments with greater variability pose
additional challenges. To address such cases, Schulman, Gupta, Venkatesan,
Tayson-Frederick and Abbeel (2013) introduced a method for surgical sutur-
ing that uses non-rigid registration techniques to adapt the demonstration
to new scenarios. Similarly, Lee et al. (2015) proposed a method for learning
force-based manipulation skills, such as knot tying, towel flattening, and
whiteboard cleaning, to enhance adaptability in dynamic environments.

Moving to more recent works, Yan, Li, Zhu and Bohg (2020) proposed a
method for learning knot tying from demonstrations using Long Short-Term
Memory (LSTM) with attention mechanisms (Vaswani, 2017). Luo et al. (2024)
proposed a hierarchical scheme to learn manipulation policies for long-term
tasks such as cable routing. Similarly, Zhao et al. (2024) achieved impressive
results on complex and dexterous manipulation tasks, such as tying shoelaces,
hanging shirts, and inserting gears, by employing a Transformer-based neural
network trained with Diffusion Policy. The authors showcased the high level
of performance that can be achieved in enabling robots to perform intricate
bimanual tasks, leveraging large-scale datasets autonomously.

2.6.2 Teleoperation Systems And Behaviour Cloning

One of the main challenges in Learning from Demonstration (LfD) is the
collection of high-quality demonstrations. The learned policies can only be as
effective as the demonstrations provided Schettino and Demiris (2019); Wang
et al. (2023). Meanwhile, the quality of the teleoperation interface can have a
large influence on the quality of the collected data for BC.

Robot teleoperation systems enable the integration of human expertise
and cognitive skills into physical robots (Darvish et al., 2023). These systems
are also critical in hazardous environments where humans cannot safely
enter and in unstructured settings where autonomous robotic operation is
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not feasible. The design of teleoperation systems is highly influenced by the
design of the physical robot and the specific task requirements, leading to a
wide range of system designs and variations in affordability.

One of the most renowned high-end teleoperation systems is the da Vinci
Surgical Robot, widely used in minimally invasive surgery (Kim et al., 2024).
This system enables surgeons to perform precise and complex procedures
with enhanced dexterity and control, revolutionising surgical techniques.
However, the cost of such systems can reach up to 2.5 million dollars (Turchetti
et al., 2012), making them prohibitively expensive for many research institu-
tions and smaller healthcare facilities. High-end teleoperation systems are
characterised by their precise control and haptic feedback capabilities. For
example, the DLR bimanual haptic device (Hulin et al., 2011) and NimbRo
Avatar (Schwarz et al., 2023) are specifically designed for fine-grained manip-
ulation tasks. These systems provide operators with accurate force feedback,
allowing them to perceive the robot’s interactions with its environment in
real time. This level of precision makes them ideal for applications requiring
delicate and highly controlled manipulations, such as intricate assembly
tasks.

In recent years, there has been a surge in the development of low-cost tele-
operation systems that trade the fidelity of haptic feedback for affordability
and accessibility. ALOHA is a notable example of a low-cost, open-source
hardware system designed for bimanual teleoperation (Zhao et al., 2023). It
uses budget servo arms as controllers, enabling precise and dynamic manip-
ulation tasks such as threading zip ties and tying shoelaces. Building on this
concept, Wu et al. (2023) introduced GELLO, a framework for constructing
economical teleoperation systems using not just low-cost servo motors but
also 3D-printed components. The framework creates kinematically equivalent,
scaled-down replicas of existing robot arms, allowing users to adapt from
existing platforms while remarkably reducing system costs. Other teleopera-
tion devices used for robot control include 3D mice (Zhu et al., 2023), Virtual
Reality (VR) devices (Iyer et al., 2024; Seo et al., 2023), and vision-based
hand tracking (Qin et al., 2023; Sivakumar et al., 2022). These devices provide
intuitive and cost-effective control solutions, but they often fail to account
for the physical constraints of the robot, which can impact the accuracy and
repeatability of the teleoperation system.

One of the main limitations of low-cost teleoperation systems, such as
ALOHA and GELLO, is the perception of the workspace. These systems
rely on the visual feedback from the operators, which can be hindered
by occlusions from the robot or target objects, depending on the task. To
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address these challenges, recent works have explored more immersive tele-
operation experiences. Bunny-VisionPro integrates VR-based control with
haptic feedback using low-cost vibration actuators (Ding et al., 2024). Sim-
ilarly, Open-TeleVision enhances operator spatial awareness by combining
stereoscopic video feedback with active camera control (Cheng et al., 2024).

This thesis aims to develop an affordable and accessible bi-manual teleop-
eration system for collecting demonstrations for the SL task, addressing the
aforementioned limitations while enabling precise and reliable data collection.

2.6.3 Comparing Teleoperation Interfaces

One of the research questions arising from the wide variety of teleoperation
interfaces is how the choice of interface affects the quality and effectiveness of
demonstration data collected for BC. Despite its importance, few studies have
investigated the impact of teleoperation interface quality on the effectiveness
of collected demonstration data for BC (Si et al., 2021). This thesis aims to
address this gap by comparing the performance of different teleoperation
interfaces, each offering different perspectives of view, under consistent
conditions for the SL task.

2.7 summary

This chapter provided a background on the challenges and existing solutions
for robot DLO manipulation from the planning, simulation, perception, and
learning perspectives, with a particular focus on robot SL. It first reviewed
industrial efforts and mathematical formulations for SL patterns, highlighting
the task’s long-horizon and topologically complex nature. Various planning
approaches were then discussed, from topology-aware methods to general-
purpose symbolic planners using PDDL.

The chapter also surveyed physically-based models and physics engines
used for simulating DLOs, motivating the use of Unity and Obi for simulating
the interactions between shoes and shoelaces. The benchmarking landscape
was examined, revealing a lack of long-horizon benchmarks.

In the context of perception, the chapter reviewed segmentation and track-
ing methods, identifying a gap in preserving the DLO-scene object during
tracking. Finally, learning from demonstration (LfD) techniques were dis-
cussed, with a focus on teleoperation systems for collecting high-quality
data. The chapter concluded with a discussion on how different teleoperation
interfaces may affect the quality of behavioural cloning in SL.
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Together, these topics provide the foundational context and reveal critical
gaps in existing research. The subsequent chapters build on this foundation,
presenting contributions that directly address these gaps across the planning,
simulation, perception, and learning aspects.



3
D L O M A N I P U L AT I O N W I T H TA S K P L A N N I N G A N D
H I E R A R C H I C A L P R I M I T I V E S

As discussed in Section 1.1.1, long-term DLO manipulation tasks often have
various goal states. Shoe Lacing (SL), for example, can be completed with
different patterns, which require different action plans to achieve. This chapter
addresses the first research question:

How can a robot perform long-term DLO manipulation tasks to achieve
various goals across different scenarios?

This chapter takes the example of the SL task and presents a system
achieving different SL patterns using a bi-manual robot. Section 3.1 first
presents a comprehensive definition of the SL task to explain the related
concepts and requirements, followed by a system overview in Section 3.2.
Using the mathematical formulation, Section 3.3 proposes a pattern optimiser
to search for the best lacing pattern corresponding to the shoe configuration
and the user preferences. Section 3.4 proposes a set of action primitives
and a primitive sequence planner to generate action sequences according
to the designed pattern. The system plans the trajectories based on the
perceived position of the eyelets and aglets with an active perception strategy
(Section 3.5), and the trajectories are deployed on a bi-manual robot shown
in Figure 3.1. Section 3.6 presents the experimental results and analyses
the system performance. Section 3.7 concludes this chapter. Experiments
demonstrate that the proposed system can successfully lace 3 different shoes
in different configurations, with a completion rate of 92.0%, 91.6% and 77.5%
for 6, 8 and 10-eyelet patterns respectively.

The work from this chapter has been published in Luo and Demiris (2023).
A supplementary video is available under this link.

45

https://www.youtube.com/watch?v=vazYrF-KfXA&t=54s
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Figure 3.1: Autonomous bimanual SL using an ABB YuMi robot and the proposed
system. The system is designed to achieve different SL patterns, lever-
aging genetic algorithms and task planning. The proposed system is
validated with real-world experiments on 3 shoes varying in size, mate-
rial and number of eyelets.

3.1 definition of the shoe lacing task

This section introduces the relevant terms and concepts, followed by the
proposed task description.

3.1.1 Definition Of Terms And Concepts

The SL task involves a shoe and a shoelace. As shown in Figure 3.2, an eyelet
ei ∈ E (i ∈ [1,N]) is the small opening on eyestays accepting the shoelace. A
shoe has 2 eyestays with N eyelets. The eyelets are numbered from left to
right, bottom to top.

The shoelace is composed of the rigid tips, named the aglets {a1,a2}, and
the flexible part. The flexible part connecting an eyelet and an aglet is a
shoelace branch b and the part connecting two eyelets is a shoelace segment
s(ei, ej), where ej is closer to the aglet. A segment is leftward if ei and ej are
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Figure 3.2: Components of a shoe and a shoelace. Laced in mixed ways for illustration
of different lacing techniques. Aglets are the tips of shoelaces. Eyelets
are circular openings on eyestays to accept shoelaces. A shoelace branch
connects an aglet to the closest eyelet. Segments are parts of the shoelace
between two eyelets. A segment can be leftward, rightward, vertical and
horizontal. Two segments form a cross when they intersect. A cross has
top side modes 1 and 2 when the leftward and rightward segments are
on top respectively.

in the left and right column respectively and rightward for the opposite; it is
vertical if ei and ej are in the same column.

3.1.2 Task Description

A lace action lace(a, e) is the process where aglet a passes through eyelet e
and is pulled outside the shoe cavity. The laced eyelets form a new group
E ′. The action is inward if a points towards the shoe centre, or outward if
the opposite. The SL task is a series of lace operations where the aglets a1

and a2 of the shoelace are inserted through every eyelet e once, leaving each
eyelet, apart from the last row, connected to two other eyelets. There are 3

requirements for the SL patterns, as illustrated in Figure 3.3.

• The shoelace must connect the eyestays (E = E ′) and miss no eyelets.

• The shoelace must not travel through the same eyelet more than once.

• Two consecutive vertical segments must not connect. In this case, the
middle pair of eyelets is not constrained in the horizontal direction (e.g.
the red eyelets in Figure 3.3c).
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(a) Missing (b) Repeating (c) Caving

Figure 3.3: 3 Requirements on completing SL. 1) The shoelace should not miss any
eyelet; 2) The shoelace should not travel through an eyelet more than
once; 3) Two vertical segments should not connect.

A SL pattern is a permutation of the eyelets [eσ(1), ...eσ(N)], where σ gives
the permuted eyelet indices. A pattern is considered simple if the indices of
the eyelets that both aglets travel through are non-decreasing. In this thesis,
only the simple patterns are considered.

3.2 system overview

The system solves the SL problem in 3 stages: 1) The pattern designer com-
putes the optimal SL pattern based on the eyelet positions and user-defined
preference criteria (Section 3.3.2). 2) The task planner then details this pat-
tern into a sequence of actions (Section 3.4.2). 3) Finally, these primitives
are consecutively executed by the execution manager on a bi-manual robot
(Section 3.4.1). A flowchart of the proposed system is shown in Figure 3.4.

3.3 design of the shoe lacing patterns

The pattern affects the aesthetics, comfort and functionality of the shoe.
However, given a shoe configuration, there are numerous patterns to select
from. According to Polster (2002, 2006), the total number of solutions to a
lacing problem is

(n!)2

2

m∑
k=0

1

n− k

(
n− k

k

)2

, m =


n
2 , n even,
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2 , n odd,

(3.1)
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Figure 3.4: The proposed system for robot SL. It is composed of 3 stages: 1) The
pattern designer generates the optimal SL pattern based on the preference
criteria and the eyelet positions (Sec Section 3.3.2); 2) the planner finds
the primitive sequence achieving this pattern while satisfying the top side
requirement (Sec Section 3.4.2); 3) the list of primitives is consecutively
sent to the execution manager and deployed onto the real robot (Sec
Section 3.4.1).

where n is the number of rows of eyelets. For a standard shoe with 6 rows
of eyelets, there exists a total of 3,758,400 patterns. Brutally traversing and
comparing each one of them is time-consuming and computationally ex-
pensive. Instead of using exact methods, this section defines the pattern
designing task as an optimisation problem and solves it with the real shoe
eyelet configurations.

3.3.1 Definition Of The Pattern Designing Problem

A SL pattern is essentially a permutation of the eyelet indices

X = [x0 x1 x2 x3 ... x2n−1],

where xi ∈ N, xi < 2n− 1, xi ̸= xj,∀i, j ∈ [0, 2n− 1].



50 dlo manipulation with task planning and hierarchical primitives

Let the length l of a segment s(p,q) be the Euclidean distance between
eyelets p and q. The horizontal distance between the two eyelets in the same
row is

h(k− 1) = h(k) = l(k− 1,k), (3.2)

where k is odd. The length of the shoelace used during SL

L(X) =

2n−1∑
i=1

l(xi−1, xi). (3.3)

Assume the tension along the shoelace is a constant T . Its horizontal
component Th holds the eyestays together. A pattern is the strongest when
Th

T is maximised (Polster, 2006).

Th(X) = T

2n−1∑
i=1

h(xi)

l(xi−1, xi)
. (3.4)

This thesis considers two aesthetic properties of a pattern:

• Dense: Patterns with no vertical segment. This leads to a denser look of
the pattern.

• Straight: Patterns include all possible horizontal segments. This leads to
a more organised look.

Pattern designing is the process of numerically finding an X that minimises
L(X) or maximises Th

T considering dense and straight constraints.
Designing a SL pattern is essentially a permutation-based combinatorial

optimisation problem with user-defined preference criteria as constraints.
The preference criteria include:

1. the objective factor λ, which selects between the objectives for the
shortest and the strongest pattern;

2. whether the dense mode is required;

Let the fitness function be F(X). The optimisation problem is as follows:

min F(X) = min (γL(X) − (1− γ)Th(X)),

s.t. cxi−2
̸= cxi−1

∨ cxi−1
̸= cxi

,

cxi−1
̸= cxi

,

rxi−2
̸= rxi−1

∧ rxi−1
̸= rxi

.

(3.5)

where γ ∈ {0, 1} selects the objective; i ∈ [2, 2n− 1] is the index of x. The first
constraint ensures no more than 2 consecutive eyelets in the same column.
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The second and third constraints are used when dense and/or straight are
selected.

3.3.2 Designing Shoe Lacing Patterns With Genetic Algorithms

To solve the optimisation problem, a Genetic Algorithm (GA) is adopted (Dwivedi
et al., 2012). GAs are derivative-free and highly flexible in defining objective
functions, making them well-suited to the discrete and combinatorial nature
of the problem. As a global optimisation technique, a GA is also less suscep-
tible to local minima, increasing the likelihood of providing global optimal
solutions (Dwivedi et al., 2012).

The proposed algorithm employs ordered crossover and insertion mutation
(Larranaga et al., 1996). The selection process is a tournament selection.
During the tournament selection, chromosomes are selected according to the
principles proposed in Deb (2000). Same as in Deb et al. (2002), no penalty
values are added to the fitness as the fitness values are never compared with
constraints.

3.4 planning shoe lacing actions

Planning refers to a group of algorithms that take the goal state and the
available actions as input and outputs a solution in the form of an action
sequence (Russell and Norvig, 2016). The pattern designer produces the goal
condition for the SL task, which specifies the connection between eyelets.
One still needs to decide the order to lace the eyelets and the movement of
the aglet while avoiding entanglements. In this section, this decision-making
process is formulated as a planning problem. The proposed solution includes
a series of parameterised action primitives and details the planning of the
action sequences to achieve the target pattern. The execution of the primitives
is aided by the vision module, which is detailed in Section 3.5.

3.4.1 Shoe Lacing Action Primitives

The following 8 sets of atomic bi-manual primitives are proposed for a SL
system. Each set of primitive has a left and a right version in practice.

1. Pick(g,a): Vision module finds the pose of target aglet a. Gripper g

reaches the coordinate and picks up the aglet.
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(a) Site A and B (b) Site A and C

Figure 3.5: Three placing sites are proposed for each side of the shoe (grey boxes).
Shoelace branches at sites A and B may overlap with each other, while
those at site C may occlude the eyelet (orange boxes). The placing sites
are selected by the task planner (Section 3.4.2).

2. Place(g,a, s): Gripper g releases aglet a to placing site s. To avoid
entanglement, 3 placing sites are proposed on each side of the shoe
(Figure 3.5).

3. Re-orient(g): The second gripper regulates the held aglet to be perpen-
dicular to the gripper g.

4. Stretch(g): Gripper g moves an aglet towards the target direction by
the estimated remaining shoelace length. This stretches the connected
shoelace branch taut to avoid tangling.

5. Observe(g): This action finds the pose of the target eyelets or aglets. The
vision module first finds the target from default positions. This reading
is then corrected with the active perception strategy (Section 3.5).

6. Reset(g): Arm with gripper g moves to reset configuration in case the
robot goes into difficult positions.

7. Insert(g, e): This action inserts an aglet with g through the eyelet e and
pulls it out with the second gripper. The remaining shoelace length is
updated according to the distance from the previous eyelet afterwards.

8. Handover(g): Gripper g moves the aglet to the transfer point. The
second gripper comes to grasp this aglet and takes it to the other side.

Empirically, many atomic primitives are always executed together. 3 sets
of composed high-level action primitives are proposed for the left and right
sides:
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1. Lace(g,a, e, s): Observe(g)-Pick(g,a)-Re-orient(g)-Insert(g, e)-
Handover(g)-Stretch(g)-Place(g,a, s).

2. Transfer(g1,g2,a, s): Pick(g1,a)-Handover(g1)-Stretch(g2)-Place(g, s).

3. Replace(g,a, s): Pick(g,a)-Stretch(g2)-Place(g, s).

3.4.2 Planning Primitive Sequences

To find the sequence of actions required for a given pattern while considering
user preferences, a primitive sequence planner is constructed. First, a symbolic
description of the SL planning problem is provided.

The SL planning problem involves 2 aglets, 6 placing cites, 2 grippers and
2n eyelets. The states are defined as follows:

1. aglet-at(a, s): Aglet a is at site s.

2. eyelet-laced(e): Eyelet e has been laced.

3. covered(s): Placing site s is covered by the shoelace. Placing at sites A
and B creates an overlap (Figure 3.5).

4. occupied(s): Placing site s is occupied by an aglet.

5. preferred(e1, e2): Eyelet e1 prioritised over eyelet e2. The user-specified
top side of the shoelace segments is controlled with this state. For
example, in Figure 3.2, there is a cross with segments s(2, 1) and s(3, 0).
With top side mode 2, eyelet 3 is considered preferred.

6. lace-with(e,a): According to designed pattern, eyelet e is supposed to
be laced with aglet a.

7. on-correct-side(a): Aglet a is at the same side as the eyelet it is directly
connected. Correct sides is introduced to avoid the shoelace branches
twisted together. The free aglet is required to be on the correct side.

8. left-correct-side(a): The eyelet which aglet a is directly connected is on
the left side.

9. right-correct-side(a): The eyelet which aglet a is directly connected is on
the right side.

Using the proposed states, 8 actions α corresponding to the 3 sets of
composed primitives are constructed:
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Figure 3.6: Eyelet observation before and after active perception strategy engages.
Brighter contours indicate higher confidence. The camera to the target
eyelet vector Vce is adjusted to V

′
ce which better aligns with the eyelet

normal Ne. As a result, the detected target eyelet (rightmost) is corrected
to the eyelet centre and also the image centre.

1. lace-a/b-left/right(e, s1, s2): 4 actions which lace eyelet e from the left-
/right side with aglet a/b. This action changes states aglet-at, eyelet-laced,
occupied and at-correct-side.

2. left/right-to-right/left(a, s1, s2): 2 actions which moves an aglet a from s1

to opposite side site s2. This action changes states aglet-at, occupied and
at-correct-side.

3. left/right-re-place(a, s1, s2): 2 actions which moves an aglet a from s1 to
same side site s2. This action changes states aglet-at and occupied.

The primitive sequence planner incorporates a task planning algorithm
to solve this problem. It considers each action to be of the same cost and
minimises this cost by outputting the plan with the least total number of
actions.

3.5 localisation with active perception

In this chapter, the research focuses on the completion of the SL task. The
perception is relaxed with coloured eyelets and aglets (Figure 3.4). The vision
module localises the eyelets and aglets with colour thresholding.

Although the view of the cameras at the observe position covers the whole
workspace, in practice, an eyelet can be at the corner of the image, affecting
the accuracy of the inner opening detection (Figure 3.6).
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To improve the accuracy of the detection, an active perception strategy
is deployed to tackle this problem. The strategy evaluates the quality of
detection with a confidence score. This score is defined by the angle between
the camera to eyelet vector vce and the normal of the eyelet ne (Figure 3.6).

Confidence(e) =
1

π
arccos

vce ·ne

|vce||ne|
. (3.6)

After observing from the default position, the strategy checks the confidence
score of the target eyelet. If the confidence is lower than a threshold, the
gripper adjusts the observing pose so that the optical axis is perpendicular to
the eyelet. Figure 3.6 shows a detection result, the bounding box of the target
bottom right eyelet is off the centre of the eyelet. After the active perception
strategy is engaged, the eyelet is moved to the centre of the image facing the
camera.

3.6 experiments and results

The proposed system is validated from four aspects. First, the effectiveness
of the pattern designer is verified. Two experiments are conducted to demon-
strate the variety of the patterns and evaluate the computational cost of
the optimiser (Section 3.6.2). Then, the performance of the active percep-
tion strategy is tested by lacing single eyelets (Section 3.6.3). The insertions
results provide the optimal shoe position in the workspace (Section 3.6.4).
Finally, complete system experiments are conducted and the failure cases are
analysed (Section 3.6.5).

3.6.1 Implementation

The experiments are conducted with an ABB YuMi robot (Figure 3.1). Two
Intel Realsense D435s are mounted on the grippers and an Intel Realsense
L515 is mounted on the front side of the robot. More details of the hardware
setup can be found in Appendix A. Four ArUco markers are used to log the
shoe positions. Figure 3.7 show the three shoes used in experiments: (Shoe
1) The right shoe of UK size 6.5 Adidas Stan Smith (14 eyelets with leather
upper); (Shoe 2) the right shoe of 6.5 Timberland Treeline Mid Hiker (6 eyelets
with leather upper); (Shoe 3) the left shoe of 1.5 Clarks Cyrus Geo (10 eyelets
with textile upper). A 137 cm flat fabric shoelace is used in all experiments.
Limited by the shoelace length, only the first 10 eyelets of shoe 1 are used.
Both the eyelet grommets and the aglets are coloured for detection.
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(a) (b) (c) (d) (e) (f)

Figure 3.7: Shoes used in the experiments and some of the lacing results. (a) Shoe 1

(14 eyelets with leather upper); (b) Shoe 2 (6 eyelets with leather upper);
(c) Shoe 3 (10 eyelets with textile upper); (d) Shoe successfully 1 laced
with C1; (e) Shoe 2 successfully laced with C1; (f) Shoe 3 failed with C4.

Figure 3.8: Sample PDDL action definitions

The primitive sequence planner incorporates a description of the SL prob-
lem with Planning Domain Definition Language (PDDL) (Figure 3.8) and
the LAMA planner, as discussed in Section 2.2.2. MoveIt is used for robot
trajectory planning and visualisation. A 2-thread execution system is created
to reduce the execution time (Figure 3.4). The main thread executes actions
that are pivotal, such as insert and picking. The side thread is used for
actions such as reset.

3.6.2 Pattern Designer Experiments

Figure 3.9 shows some patterns generated under 5 sets of preference criteria
with shoes 1 and 3. The sets of criteria include (C1) max strength; (C2) min
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(a) C1 (b) C2 (c) C3 (d) C4 (e) C5 (f) C2

Figure 3.9: Some patterns generated by the proposed optimiser with shoe 1: (a) max
strength, (b) min shoelace, (c) max strength (straight), (d) min shoelace
(straight), (e) min shoelace (straight, dense); and shoe 3: (f) min shoelace.
(a) is known as the crisscross pattern.

shoelace; (C3) max strength (straight); (C4) min shoelace (straight); (C5) min
shoelace (straight, dense).

Patterns generated with shoe 1 (Figure 3.9a to Figure 3.9e) are more ‘canon-
ical’, being either symmetric or rotationally symmetric. However, for shoes
like shoe 3, the patterns are not. The two eyelet columns of shoe 1 are roughly
parallel to each other, whereas for shoe 3 they do not converge (Figure 3.7).
Depending on the actual shoe configuration, optimal patterns for the second
type of shoe can have a mixture of crosses and long diagonals (Figure 3.9f).

Next, the computational cost of the proposed GA is evaluated by comparing
against the Brute-Force (BF) method. 35 sets of eyelet positions of shoe 1 in
random poses are collected. The GA and the BF methods are used separately
to compute the optimal pattern supposing the shoe had 6, 8, 10, 12 and 14

eyelets with the first 2 sets of criteria.

Table 3.1: Computational cost by times of evaluations with the BF method and
the GA in terms of average times of fitness function evaluations.
Experiments used C1 and C2 with shoe 1 at 35 different positions.
Values in parenthesis are estimated results due to computation limits.
The GA computational cost increases slowly with the number of
eyelets but its computation takes less than 1s for all experiments.

6 8 10 12 14

BF C1 42 1080 51840 (3.76× 106) (3.83× 108)

C2 42 1080 51840 (3.76× 106) (3.83× 108)

GA C1 4051 4245 4707 5443 6346

C2 4059 4305 5503 6062 7221

All patterns generated by BF and GA are the same for shoes with less than
10 eyelets, proving the global optimality of the proposed designed patterns.
For other scenarios, BF becomes intractable (Table 3.1). The BF results in
parenthesis are estimated with Equation (3.1). The computational costs of GA
are noticeably lower than BF for normal 10, 12 and 14-eyelet shoes. Although
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the GA computational cost also increases slowly with the number of eyelets,
all computations are completed within 1s.

3.6.3 Active Perception Strategy Experiments

The effectiveness of the proposed active perception strategy is validated with
an ablation study. Shoe 1 is moved randomly within the workspace and the
lace action is applied with and without the active perception strategy at each
location. The success rates for insertion with active and static perception are
29/30 and 20/30 respectively. With active perception, the insertion success
rate is overall 30% higher. Most of the failure cases with passive perception
happen during the pulling rather than insertion stage. The size of the eyelet
provides enough accuracy margin to tolerate the localisation errors, however,
the exit angle of the aglet varies with the insertion pose. Since the pulling
does not perceive the aglet again, the aglet is missed during pulling in these
cases.

Figure 3.10: Results of single eyelet insertion experiments. The shoe is mounted on a
movable plate and moved to different locations. At each location, the
robot executes the lace action on a selected eyelet. Blue and light blue
dots signify the successful insertions from the left and right sides respec-
tively, while the red and pink crosses indicate the failures. The desired
shoe centre for the complete system experiment is picked according to
the distribution of the dots, indicated by the black circle. The black box
shows the consequential eyelet positions.
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3.6.4 Optimal Position Experiments

To select the optimal shoe location within the workspace, 100 insertions (50

on each side) are conducted and Figure 3.10 shows the results. The blue
and light blue dots show successful insertions from the left and right sides
respectively, while red and pink crosses are the failure cases.

The success cases are observed within a rectangular shape. The eyelets
are not visible when YuMi is at observe configurations, which resulted in the
left, right, and bottom borders. The reachability of YuMi also limits the shoe
from getting too far away which leads to the formation of the top border.
As a result, the desired shoe centre for system experiments is selected at
x = 0.50m,y = 0.0m.

3.6.5 Complete System Experiments

The complete system is tested with 3 shoes under all 5 sets of criteria intro-
duced in Section 3.6.2. The shoes are placed in the position acquired from
the previous experiment. Experiments are repeated 3 times for each shoe per
set of criteria. For asymmetric patterns, the required length for two shoelace
branches is imbalanced. Only the first 6 eyelets for patterns in Figure 3.9c,
Figure 3.9d, and the first 8 for Figure 3.9e are laced.

As shown in Figure 3.11, the proposed system achieves a completion rate
of 92.0%, 91.6% and 77.5% for 6, 8 and 10-eyelet patterns respectively. In term
of time usage, the system takes 837s, 679s, and 501s to complete 6, 8 and
10-eyelet patterns respectively. The system robustly laces shoe 1 and shoe 2 in
all patterns, while the results for shoe 3 are worse. Overall, the success rates
are lower for longer patterns. 3 sources of failures are observed (Table 3.2):

Table 3.2: Occurrence rate for the sources of Failure for each shoe
Source 1 Source 2 Source 3

Shoe 1 25.0% 50.0% 25.0%

Shoe 2 0.0% 33.3% 66.7%

Shoe 3 73.3% 13.3% 13.3%

excessive tension applied to grippers This is caused by the error in
the shoelace length estimation. Due to the elasticity of the shoelace, the stretch
primitive cannot always fully stretch the shoelace. Since there is no actual
feedback on the shoelace length, the estimation accuracy deteriorates, causing
more tension to be applied to the shoelace. Eventually, either the aglet is
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Figure 3.11: Average completion rate of the system experiments. The pattern com-
pleted under each set of criteria is shown at the bottom. For Shoe 3 with
C2, the resulting pattern is asymmetric, likely due to the non-parallel
eyestays of the shoe. Robot SL is performed with 3 shoes under the 5

sets of criteria. The completion rate is the number of laced eyelets over
all eyelets. The system is more robust with shoe 1,2 compared to shoe 3.

pulled off from the fingers or the gripper gets stuck. This explains the overall
lower completion rate with longer patterns, and the significant performance
drop between the 8 and 10-eyelet patterns. The estimation error is amplified
for shoe 3 whose textile upper is highly deformable (Figure 3.7f). This requires
a more accurate estimation of the remaining shoelace length. The shoelace
tracking problem is two-folded: estimating the shoelace configuration and the
relation with the eyelets. Chapter 5 proposes a method to tackle this problem.

insertion failures This is due to the non-canonical aglet orientation
prior to insertion. Although the orientation of the aglet is regulated with
the Re-orient primitive, occasionally they are not perfectly perpendicular
to the fingers. As the insertion is open-loop, this error can not be corrected.
Chapter 6 proposes a method to learn an insertion policy from demonstrations
that achieves insertion without Re-orient.

other failures These include aglets stuck between the eyestays, eyelet
localisation failure and picking failure. With shoe 3, the eyestays are highly
deformable, and the gap between them shrinks when tightened with the
shoelace, trapping the aglet after insertion. The estimated depth can be wrong
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in rare cases, which causes a grasping failure when the gripper travels too
deep.

3.7 conclusion

In this chapter, a complete system for bimanual robot SL is presented to
achieve different SL patterns. A GA is used to design the SL pattern according
to the shoe configuration and the preference criteria; a LAMA planner is
used to generate action primitive sequences from the pattern; the execution
manager then deploys primitives in sequence to move the robot and lace the
shoe. The pattern designer gives consistent results with different criteria and
finds solutions within 1 second. The lacing system can achieve a completion
rate of 92.0%, 91.6% and 77.5% for 6, 8 and 10-eyelet patterns respectively.
The system demonstrates the possibility of using action primitives with
symbolic planners to achieve various goal states in DLO manipulation. At
the current stages, the main limitations of the proposed system is the lack
of recovery mechanisms and the tracking of the shoelace states. More future
work is discussed in Chapter 7. This includes replacing the task planner with
a Foundation Model to reduce the requirement of human-introduced domain
knowledge, as well as recovery strategies for the system to handle the failure
cases.
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4
S I M U L AT I N G A N D B E N C H M A R K I N G L O N G - T E R M D L O
M A N I P U L AT I O N

As discussed in Section 1.1.2, simulation and benchmarking play an important
role in the development of robot manipulation systems. Simulated environ-
ments provide a safe and cost-effective platform for testing and validating
algorithms. In the context of SL, comparison between different algorithms is
challenging due to the limited availability of the physical setups and the lack
of standardised benchmarks. This chapter tackles the following research goal:

How can a DLO manipulation task be tested in simulation and evaluated
with fair metrics?

This chapter presents a simulation environment and a benchmark for bi-
manual SL. Section 4.1 proposes an open-source high-fidelity simulation
environment (Figure 4.1) for SL to enable the community to develop new
methods for solving the task and advance the field of long-horizon robot task
planning. Section 4.2 introduces a benchmark for evaluating the performance
of SL systems. The benchmark includes an experimental protocol and six
performance metrics. Section 4.3 discusses a baseline approach evaluated
with the benchmark, showcasing its validity in both real-world scenarios
with actual robots and the simulated environment. Section 4.4 concludes the
chapter with a discussion on the results and the limitations of the proposed
simulation environment and the benchmark.

The work from this chapter has been published in Luo and Demiris (2024).
A supplementary video is available under this link. The open-source simula-
tion environment can be found via this link.

4.1 the simulation environment

To make the SL task accessible to a wider range of researchers, this sec-
tion presents a SL simulation environment that replicates the real setup
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https://www.youtube.com/watch?v=3UWQLZWmGyM&t=2s
https://github.com/ImperialCollegeLondon/UniLace
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Figure 4.1: Left: Using the system proposed in Chapter 3 as the baseline, results and
analysis are provided applying the proposed benchmark. The outcomes
reveal substantial challenges that remain in effectively solving this task.
Right: An exact replica of the real system in high-fidelity simulation is
provided to bypass the hardware requirements and aid the development
of data-driven methods. The interaction between the deformable and
rigid components is considered while balancing the trade-off between
real-time performance and simulation accuracy.

in Figure 4.1. Section 4.1.1 presents the environment and its components.
Section 4.1.2 describes the simulation of deformable objects and collision han-
dling. Lastly, Section 4.3.4 presents the experiment results with the baseline
system.

4.1.1 System Architecture

The simulation environment consists of overall 3 parts (Figure 4.2). First, there
are 4 building components of the Unity scene: the robot controllers, the shoe
manager, the shoelace manager and the camera wrappers. The second part
is the main process. It constructs the scene using the building components,
monitors the execution and decides on the simulation outcomes. The third is
the supporting packages outside Unity. They manage tasks such as reading
the client parameters and exposing the simulated robot to MoveIt.

The shoelace manager generates the shoelace and configures the physical
parameters such as length, friction, and stretching compliance. It monitors
the collision and tension of the shoelace during execution. The shoe manager
oversees the creation of the shoe and sets the parameters such as deformation
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Figure 4.2: Structure of the simulation environment. Unity communicates with other
modules through ROS-TCP-Connector. The simulation environment is
controlled by a main process initialised with the parameter server. The
robot is controlled through robot trajectory actions and the trajectories
are planned with MoveIt. The simulation environment provides RGB and
Depth images, as well as groundtruth information such as the aglet and
eyelet poses.

resistance and friction. It also tracks the eyelet poses in runtime. The robot
model includes joints and rigid bodies connected to two sets of arm and
gripper controllers. The controllers execute position commands and publish
the joint states. Controller parameters such as stiffness, damping and friction
are configurable. Camera wrappers customise cameras using client-defined
parameters such as poses, focus length and resolution.

The main process is where the rules of SL are defined. It automatically
counts the eyelets that have been laced and declares success when finished.
A service is provided to estimate the shoelace branch lengths afterwards, as
shown in Figure 4.3c. The main process monitors 2 types of failures: The idle
time defined in Section 4.2.2 being reached; the maximum shoelace tension
has been exceeded for some continuous frames. The simulation is paused
afterwards and outcome messages are logged on the screen. The proposed
environment provides two options for the main process: as a live system with
ROS topics and services, or as a sequential decision-making problem with
the Gym wrapper.

Domain randomisation is also considered in this environment. Gaussian
noises are added to the depth image to achieve more realistic depth readings.
The environment also supports randomisation of the positional configuration
of the shoe and shoelace, as well as the lighting intensities.
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(a) Insertion (b) Aglet manipulation

(c) Branch length estimation (d) Eyestay deformation

Figure 4.3: Baseline algorithm operating in the simulation environment.

4.1.2 Handling Deformation And Collision For Shoe Lacing

One of the challenges in SL simulation is that the shoe and the shoelace
are composed of parts with different materials. Simulating them with full
deformability, while being more realistic, is computationally prohibitive. The
shoe is separated into a deformable Obi Softbody eyestay and the rest Unity
Rigidbodys. The eyestay deforms when manipulated as shown in Figure 4.3d.
The two parts are connected with an Obi Attachment (Figure 4.4) where im-
pulses are propagated through. Within the deformable part, a dense particle
representation is generated to increase the robustness of the collision detec-
tion. The particles around eyelets are selected and binded to different groups,
to avoid the deformation of the eyelet regions. Similarly, the shoelace is com-
posed of the deformable part Obi Rope and the rigid aglets, connected with
Obi Attachment. A dense particle resolution is also assigned to the deformable
part to reduce the chances of missing particle contacts and use the surface
collision detection pipeline from Obi to further improve the robustness of the
simulation.
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(a) Particle Renderer (b) Mesh Renderer

Figure 4.4: Obi Attachment between the soft rope and the rigid aglet. The end particle
of the rope is rigidly attached to the aglet’s collider. Hexagon symbol
shows the attachment. Left: Rope with rendered particles; Right: Rope
rendered as a continuous mesh along the particle chain.

The high particle density brings high computational demand when process-
ing the particle contacts. Burst from Unity is used to multi-thread computation
and allocate objects into different layers to reduce the collision detection com-
plexity. For rigid objects, Simplified mesh models are employed for collision
checking and high-resolution representations for rendering.

4.2 protocol and benchmark description

To standardise the SL experiments and the comparison between different
systems, this section proposes a protocol and a benchmark. The proposed
protocol and benchmark follow the guidelines of the YCB protocols and
benchmarks (Calli et al., 2015). The protocol describes the requirements and
the procedure to reproduce the experiments, including descriptions of the
standardised setup for the experiments (Section 4.2.1), and the experimental
procedure (Section 4.2.2). The benchmark includes a set of evaluation metrics
for the experiment results (Section 4.2.3).

4.2.1 Setup Description

The experimental setup consists of the shoe, the shoelace and the robot. The
first property that characterises a shoe is its material. In SL, the shoe sole
is not manipulated and therefore only the eyestay material is considered.
This work considers 2 common types of shoe eyestays: hard leather-based
materials and soft fabric-based materials. The second property of a shoe is
the eyelets. From the material perspective, the most common type of eyelet is
considered: the punched eyelets. They are made by punching holes directly

http://www.ycbbenchmarks.com/protocols-and-benchmarks/
http://www.ycbbenchmarks.com/protocols-and-benchmarks/
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through the eyestay. The punched eyelets have two common types: reinforced
with metal grommets and directly using the eyestay fabric. Regarding the
number of eyelets, lacing a 2-eyelet shoe does not require a pattern, therefore
a shoe must have at least 4 eyelets for the SL task to be valid. The number of
eyelets varies with the size of the shoe. An average-size shoe can have 6-14

eyelets. Given the vast number of shoe brands, it is infeasible to list all shoes
with all materials invented by different manufacturers. Specifying certain
shoe models might also discourage researchers due to the unavailability of
different shoe models in different regions. Instead, the experimenters are
encouraged to freely choose shoe models and specify the model name, shoe
size, eyestay and eyelet material, as well as the number of eyelets in their
reports.

The most important characteristic of a shoelace is its length. Common
lengths include 70cm for 6 eyelets, 90cm for 10 eyelets and 137cm for 16

eyelets. To guarantee enough workspace for the robot arms, 142cm flat
shoelaces (Figure 4.5) are proposed to be used for all testing cases.

There are no restrictions on the initial configuration of the shoe and the
shoelace and instead the experimenters are encouraged to explore innovative
solutions. The initial configurations should be explicitly stated in the reports,
alongside other system limitations and modification requirements. For ex-
ample, whether the system requires specific modification and positioning of
the shoe and the shoelace before lacing. Experimenters are encouraged to
use different hardware platforms, and the hardware requirement should be
clearly stated in the reports. This includes the robot, the operation speed and
the control method, the gripping tools and the sensors. An example with the
baseline system is provided in Section 4.3.1.

4.2.2 Experimental Procedure

During the experiment, the robot must operate autonomously without inter-
ference. A lace action is successful if the aglet has gone through the eyelet
and pulled outside the shoe cavity. A trial is deemed successful if all eyelets
have been laced and both manipulators are free. It is considered failed if the
manipulator stops movement after 30 seconds with unlaced eyelets. After
each experiment, the shoe can be manually unlaced and restored to the
system-required initial configuration. The experiments on each shoe should
be repeated M times (M ⩾ 3).
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Figure 4.5: Demonstration on measuring the length of the shoelace branches. The
top images show how the roots of the shoelace branches are marked. The
bottom image gives a sample reading of the branch length.

4.2.3 Evaluation Metrics

To promote reproducible approaches and allow easy comparison between
algorithms, the following metrics are proposed. All metric scores are averaged
over M trials.

1. Success Rate (SR): The success rate is the number of successful trials
M ′ divided by the total number of trials M:

SR =
M ′

M
.

2. Completion Rate (CR): A more detailed criterion of the success of long-
term manipulation systems is the completion rate, calculated as the
number of laced eyelets |E ′

m|,m ∈ [1,M] divided by the total number of
eyelets N:

CR =
1

M

M∑
m=1

|E ′
m|

N
.

3. Time Usage per Eyelet (TU): The time usage tm,m ∈ [1,M] is measured
from the start of the algorithm till the stop of the robot:

TU =
1

M

M∑
m=1

tm

N
.



70 simulating and benchmarking long-term dlo manipulation

4. Number of Grasps per Eyelet (NG): The efficiency of the algorithms is
also evaluated from the perspective of path planning by counting the
number of grasps Gm,m ∈ [1,M] that the end-effectors make during
the experiment. The nature of the parallel grippers limits the dexterity
of the movements and the robot may need to pick and place the shoelace
constantly:

NG =
1

M

M∑
m=1

Gm

N
.

5. Branch Discrepancy per Eyelet (BD): Tying the shoelace after SL re-
quires the two branches to have similar lengths. The length of the two
branches bm,m ∈ [1,M] should be measured in a rest-stable state after
the experiment and the discrepancy is the absolute difference between
the two readings (Figure 4.5). This difference can be accumulated over
the SL process and hence affected by the size of the shoes. Instead
of reporting the raw difference, the protocol includes the discrepancy
|Lb1m

− Lb2m
| per eyelet,

BD =
1

M

M∑
m=1

|Lb1m
− Lb2m

|

N
,

where Lb is the length of the branch b.

6. Shoelace Overrun (SO): With the initial position of eyelets, the shoelace
length required for a shoelace pattern can be calculated. This is achieved
by aggregating the length of the individual segments. The ratio of the
actual shoelace cost to the shoelace budget reflects how tight the shoe
is laced. While a tightly laced shoe often presents a tidy appearance
and may benefit marketability, it is also more difficult to put on. This
shoelace overrun is calculated by

SO =
Ll − Lb1m

− Lb2m∑N−1
i=1 Ls(eσ(i),eσ(i+1))

− 1,

where Ll is the length of the shoelace.

On top of the metrics, the following failure modes are observed. They can
be optionally reported to identify the algorithm shortcomings.

1. Motion planning failure: Motion planner fails to generate a trajectory.
This may occur when the gripper is holding an aglet between the
eyestays.
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2. Collision: Unrecoverable robot collision against the shoe. This can also
be caused by overstretching the shoelace.

3. Grasping failure: Grippers fail to grasp the aglet. For instance, the aglet
slips from the fingers due to insufficient grasping force, or the grasped
region is not enough to generate sufficient friction.

4. Perception failure: The perceived object state is missing or incorrect.
For example, when shoelace branches occlude the aglets and eyelets.

5. Insertion failure: The aglet fails to enter eyelets. This is an accumulative
error from perception and actuation.

4.3 the baseline system

To demonstrate the usage of the benchmark and provide results for compari-
son, the performance of the baseline system in this section is reported. First,
the setup used in the system is introduced (Section 4.3.1). Then the structure
of the baseline is provided (Section 4.3.2). The performance of the system is
analysed in the end (Section 4.3.3).

4.3.1 The Baseline Setup

The experiments are performed using an ABB YuMi with positional control
and a target End-Effector (EE) velocity of 400 mm/s. Two Realsense D435s
are attached to the grippers; a Realsense L515 is mounted on the front of
the robot. The shoe is rigidly attached to the table 45cm in front of the robot
and the aglets are placed on both sides of the shoe while the fabric part of
the shoelace is between the shoe and the robot (Figure 4.6). The shoes used
have punched eyelets in Table 4.1. Due to the limitation of the vision module,
the baseline system is not able to perform experiments on shoes without
reinforced eyelets. The eyelets and aglets are distinctively coloured, with the
eyelet diameter enlarged from 5 mm to 8 mm and the aglets elongated from
15 mm to 30 mm.

Table 4.1: List of shoes used in the benchmark
Type Stiffness Material Rep. Model Size # Eyelets

T1 Hard Leather Adidas Stan Smith 6.5 14

T2 Soft Fabric Converse All Star 8.0 12
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Figure 4.6: Initial configuration for the baseline system. The shoe is fixed on a
flat surface with the toe box placed towards the robot. The aglet and
eyelets are available in the workspace and visible from the camera default
positions. In this trial, the top 2 rows of eyelets are covered to simulate a
10-eyelet shoe.

4.3.2 The Baseline Structure

The baseline system is described in Chapter 3. It comprises a vision module,
a pattern designer, a primitive planner and a set of action primitives (see
Figure 4.7). In the initial phase, the vision module scans for the eyelet poses
with colour thresholding. 4 box corners are selected between the inner and
outer contours of an eyelet. The pose of the eyelet is then represented by
the corresponding pose of the box. The pattern designer then computes the
optimal pattern with a genetic optimiser based on user requirements. The
optimiser is required to generate a dense pattern that maximises tension
over the horizontal direction. The crosses generated are set to follow top side
mode 1. This pattern is passed onto the sequence planner which contains a
set of symbolic representations of the SL scene. A LAMA (Richter and West-
phal, 2010) solver leverages Planning Domain Definition Language (PDDL)
representation of the problem and determines the order of the primitives to
be deployed. There are 6 action primitives for the SL task: lace, transfer and
re-place from both left and right sides. The lace only supports lacing inwards.
Finally, the execution manager executes the complete process.
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Figure 4.7: Structure of the baseline algorithm (based on the system proposed in
Chapter 3).

4.3.3 The Baseline Results

To test the performance under different numbers of eyelets, parts of the eyelets
are covered to simulate shoes with 6, 8, 10, 12 and 14 eyelets respectively
using shoe 1 and shoe 2. 3 trials are conducted for each scenario.

As shown in Table 4.2, the completion rate reduces as the number of eyelets
increases. Overall, the baseline system achieved better results with shoe 1.
The completion rates are similar when the shoes are simulated to have 6

and 8 eyelets at around 90%, and become around 25% lower for shoe 2

when the shoes have 10 and 12 eyelets. This is due to the deformation of
the shoes in repeated lacing actions. When the robot stretches the shoelace,
the eyestays move to each other. The baseline system does not consider the
shoe deformation, meaning that it cannot capture and compensate for this
change. Meanwhile, the deformation is also affected by the eyestay material.
The fabric eyestay of shoe 2 allows more plastic deformation, exacerbating
this issue. As a result, the shoelace branches become shorter than expected.
The shoelace branch tension is eventually higher than the friction between
the aglet and gripper, and the shoelace slips from the fingers.

The time usage and number of grasps did not show clear patterns across
the testing cases. It takes the baseline 72.83s and 5.56 grasps to lace an eyelet.
The average branch discrepancy and the shoelace overrun are smaller with
more eyelets, showing that the difference and the overrun generated by the
baseline system are not dependent on the number of eyelets.
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Table 4.2: Performance of the baseline system.
Shoe # eyelets SR CR TU (s) NG BD SO

6 2/3 0.94 75.59 5.51 3.87 0.4935 Low Low
8 2/3 0.88 72.39 5.57 0.20 0.4924
10 2/3 0.97 72.44 5.72 0.34 0.2796
12 0/3 0.81 69.47 5.58 n/a n/a
14 0/3 0.62 72.64 5.55 n/a n/a
6 2/3 0.94 73.18 5.51 1.08 0.3616
8 1/3 0.92 73.65 5.54 0.28 0.1994
10 0/3 0.73 76.29 5.54 n/a n/a
12 0/3 0.56 70.15 5.46 n/a n/a
6 2/3 0.83 122.57 5.33 12.29 0.5171
8 2/3 0.71 122.92 5.17 9.66 0.3005
10 2/3 0.90 132.56 5.68 13.90 0.3091
12 0/3 0.44 132.24 5.38 n/a n/a High High
14 0/3 0.43 119.34 5.06 n/a n/a

S1

S2

Sim

Table 4.3: Failure modes occurrence ratio
Shoe Mot. Plan. Collision Grasping Perception Insertion

S1 0.11 0.11 0.56 0.11 0.11

S2 0 0 0.78 0.11 0.11

Sim 0.11 0.56 0 0.22 0.11

Overall the baseline system can complete SL in certain tested scenarios
with modified shoes and shoelaces. There is significant room to improve the
speed and success rate and remove the modification requirements. Although
the baseline is restricted to a specific initial configuration, experimenters are
encouraged to test different setups and hardware platforms.

4.3.4 Baseline Experiments In Simulation

The baseline experiments are conducted with simulation on a platform
with an AMD Ryzen Threadripper Pro 5965WX and an Nvidia RTX 4090

1.
The measurable parameters such as shoelace length and aglet length are
configured the same as in the baseline experiments. Other parameters such
as damping and stretching compliance are set empirically to maximise the
visual resemblance with the real system. The camera depth error rates are
modelled after the real cameras described in Section 4.3.1. The shoe model
is constructed from a 3D scan of shoe 1, and the robot model is constructed
from YuMi’s URDF2. Figure 4.3a and Figure 4.3b show sample images of the
process.

1 The simulation environment is also tested functional on an Intel 8700K with a GTX 1080, and
an Intel 10875H with an RTX 2070.

2 YuMi’s URDF from https://github.com/kth-ros-pkg/yumi

https://github.com/kth-ros-pkg/yumi
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The experiment results are shown in Table 4.2. While generally consistent
with real-world experiments, due to the disparity between simulation and
reality, the results exhibit some different properties. The baseline system
demonstrated an overall similar completion rate in simulation. However,
the failure reasons show a different distribution (Table 4.3). Notably, 56% of
simulated failures happened because of collision and shoelace overstretching.
As mentioned in Section 4.1.1, overstretching leads to the shoelace tension
exceeding the maximum threshold, which is recognised as a collision failure.
This shifts the grasping failures to the collision failures. Regarding the time
usage, the baseline shows a longer completion time in the simulation. Physics
engines typically separate tasks such as collision detection, state updates, and
scene rendering into sequential phases, which limits the achievable frame
rate. Consequently, slower camera updates result in delayed observations,
which lead to a longer completion time.

4.3.5 Difference With The Reality

3 simulation and reality differences are observed:

• Collision response: Unlike in reality, where friction secures the aglets
between gripper fingers, in simulation, they are connected using fixed
joints. During insertions, with the small contact region, aglets may
penetrate through the eyestay. To prevent the simulation from failing,
an aglet-eyestay collision response mechanism is implemented. The
main process starts monitoring the collision distance once it turns
negative. Penetration is confirmed if the contact persists over a series
of consecutive frames and the aglet is subsequently detached from the
gripper. While this mirrors a typical outcome in real-world scenarios, it
does not cover all possible outcomes.

• Overstretching failure: Apart from normal collision failures (Figure 4.8a),
some other failures are also categorised as collision in simulation. When
the shoelace undergoes excessive stretching beyond the tolerance of fin-
ger friction, aglets cannot be pulled out, which can lead to the shoelace
breaking out from the eyelets and breaking the simulation. This sce-
nario may result in either the gripper being trapped by the shoelace, or
the aglet being disengaged. Due to the inability to distinguish the two
outcomes, shoelace overstretching is categorised as a collision failure
(Figure 4.8b).
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(a) Collision (b) Overstretching

Figure 4.8: Failure cases in simulation. Due to discrepancies between simulation and
reality, the simulated results exhibit a higher number of collision failures.

• Behaviour of the eyestays: The eyestays do not demonstrate the same
level of deformability when interacting with the shoelace as they do
with the grippers. Given the particle nature of the eyestays, the shoelace
particles require sufficient mass to exhibit influence on them. However,
when this happens, the eyestays are not the first to deform. Instead, the
particles near the eyelets deform first, resulting in the shoelace escaping
from the eyelets.

4.4 conclusion and discussion

In this chapter, a benchmark and a simulation environment for bi-manual
robot SL is proposed to facilitate further research into related task planning
algorithms. A comprehensive protocol for the reproduction of the experiments
is provided, alongside 6 metrics for algorithm evaluation. The performance
of a baseline system is analysed with the proposed criteria. The results show
that the baseline achieved over 70% completion rate across all tested scenarios
with less than 10 eyelets. The proposed simulation environment provides
reliable collision checking for the task and easy-to-use interfaces.

From the experiments, several potential research directions in the domain
of SL are identified. First, improving the perception of shoes, eyelets, and
shoelaces is essential, as the baseline system relies on specially coloured,
reinforced components and does not track the shoelace or shoe deformation,
limiting its success rate. Second, achieving accurate shoelace insertion with-
out enlarged or modified eyelets and aglets remains a challenge, as bimanual
SL with standard components has not yet been demonstrated. Lastly, physical
parameter estimation for realistic simulations is another open area, as the
provided environment lacks physics parameters calibrated to specific shoes
or shoelaces, a topic explored more generally in the literature (Caporali et al.,
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2024; Lim et al., 2022). This coincides with the limitation of Tracking for Shoe
Lacing (TSL) proposed in Chapter 5. Furthermore, recent advances in differ-
entiable simulators, such as ChainQueen (Hu, Liu, Spielberg, Tenenbaum,
Freeman, Wu, Rus and Matusik, 2019) and DiffTaichi (Hu, Anderson, Li, Sun,
Carr, Ragan-Kelley and Durand, 2019), offer a new direction for Deformable
Object (DO) simulation. These tools could be applied to the SL task in future
work to accelerate the development of learning-based manipulation policies.
More discussion on the physics parameter estimation and key component
perception is provided in Chapter 7.
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5
T R A C K I N G D L O S W I T H P H Y S I C A L S I M U L AT I O N

Results from Section 3.6.5 indicate the importance of tracking the states of
the DLO during manipulation. As discussed in Section 1.1.3, DLO commonly
interact with the surrounding environment in real-world applications and the
understanding of its relation with the scene objects affects the task planning
and execution. The research question this chapter addresses is:

How can a robot perceives the states of a DLO and correctly understand
its relation with the scene objects?

This chapter proposes an algorithm, Tracking for Shoe Lacing (TSL), to
track the states of the shoelace while considering its topological relation with
the scene objects. Section 5.1 provides an overview of the algorithm. The algo-
rithm combines probabilistic registration with physical simulation to enforce
the physical and topological constraints. Section 5.2 presents the statistical
registration module that estimates the shoelace states with new observations.
Section 5.3 introduces the simulation environment and the physical con-
straints used to regulate the states. The physical simulation also monitors the
system for anomalies such as excessive shoelace tension or insertion failures.
To evaluate the performance of TSL, Section 5.4 proposes a representation, Se-
quential H-Signature, to qualitatively showcase the correctness of the estimated
shoelace-eyelet relation; as well as using the Dynamic Time Warping (DTW)
distance to numerically compare the tracking accuracy. Section 5.5 compares
the performance of TSL with existing methods (Tang and Tomizuka, 2022;
Wang et al., 2021) using human-demonstrated data, simulation data, and real
robot data with a system shown in Figure 5.1. Section 5.6 discusses the results
and the limitations of the proposed algorithm. The results show that TSL
achieves tracking distance error on a par with the state-of-the-art algorithm,
and correctly estimates the shoelace-eyelet relation in all tested cases while
the other algorithms do not produce the correct Sequential H-Signatures.

The work presented in this chapter has been accepted for publication in
IEEE Robotics and Automation Letters (RA-L).
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Figure 5.1: TSL for shoelace tracking in robot SL. Leveraging statistical registration
and physical simulation, TSL tracks shoelaces while preserving the topo-
logical relations between the shoelace and the shoe. The DLO shoelace
is represented by a set of ordered key nodes and the edges connecting
adjacent points. The bottom left figure shows the physical simulation
constructed for TSL, including the tracked shoelace and the eyelets. The
estimated shoelace states are projected to the image space in the bot-
tom right for illustration purposes. The spheres indicate the tracked key
nodes.

5.1 structure of tsl

As discussed in Section 1.1.3, there are two types of topology that TSL
considers: the topological property with respect to the DLO itself; as well as
the properties with respect to the scene objects. In the context of SL, the DLO
is represented by the shoelace, and the scene object corresponds to the shoe.
TSL achieves this with 2 components:

• The registration module which estimates the Gaussian centroids and
variance given a new frame (Section 5.1). This module preserves the
topology of the DLO with respect to itself.

• The physical simulation that maintains a SL environment and constantly
updates its internal shoelace, End-Effector (EE) and eyelet states based
on the registration results (Section 5.3). This module preserves the
topology of the DLO with respect to the scene objects and detects
system anomalies (Section 5.3.2).

TSL maintains the states of three components: the EEs, the shoelace, and
the eyelets. The shoelace is modelled as a series of key nodes, among which
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the manipulated ones follow the movement of the EE. As discussed in Sec-
tion 2.5.3, the shoes are represented with their eyelets in TSL. The eyelets are
modelled as closed-loop points in 3D space with the pose derived from eyelet
detection.

The state updates of the three components are performed in parallel to
improve efficiency (Algorithm 1).

• Prediction: the update of the EE states q.

• Adjustment: the update of the shoelace state represented by the key
nodes Y = [y1, . . . ,yM] ∈ RM×3 based on new observed point cloud
X = [x1, . . . , xN] ∈ RN×3, where M is the number of key nodes and N

is the size of the point cloud.

• Correction: the update of the eyelet states Z.

Algorithm 1: The Tracking for Shoe Lacing algorithm
Input: New Observation
Output: Shoelace States
do prediction in parallel

Update EE target q from the observation
Calculate forces to update simulated EEs
Apply forces to EEs in simulation
Estimate shoelace tension

do correction in parallel
Detect eyelet poses Z

Update Z in simulation
Check shoelace-eyelet relations

do adjustment in parallel
if Selected as key frame then

Get simulated states Ỹ

Register states Y to new observation X

Calculate particle regularisation forces
Apply forces to shoelace particles in simulation

return states

The registration function receives new observations and decides if this
frame should trigger adjustment. It then applies for registration and esti-
mates the new shoelace states, which are consecutively sent to the physical
simulation for adjustment. Meanwhile, the EE states are updated in the simu-
lation based on the robot commands; and the scene object states are updated
based on the detected poses. The simulation environment constantly monitors
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the collision between the shoelace and eyelets and determines whether an
insertion is successful.

5.2 statistical registration

Following the previous works discussed in Section 2.5.2, this work considers
the problem of estimating shoelace states with new observation as non-
rigid registration and uses an Expectation-Maximization (EM) algorithm to
estimate the new states. The Gaussian centroids are represented by the key
nodes ym(m ∈ 1, . . . ,M) and the observed point cloud is considered as the
sampled points from the Gaussian Mixture Model (GMM). The probability
distribution of xn(n ∈ 1, . . . ,N) is:

p(xn) = p(m)p(xn|m). (5.1)

where p(m) is the membership probability of each Gaussian and p(xn|m)

represents the distribution of the mth Gaussian. Consider that the registra-
tion is in a D dimensional space. Based on Bayes’ theorem, the posterior
probability distribution with the old (xn,σ2) is updated by the E-step:

p(m|xn) =

exp
(
−

∥xn−ym∥2
2σ2

)
∑M

m=1 exp
(
−

∥xn−ym∥2
2σ2

)
+

(2πσ2)
D
2

(1−µ)N

. (5.2)

To maximise the log-likelihood of the observation, the cost function in
M-step is defined as:

QGMM =

M∑
m=1

N∑
n=1

p(m|xn)
∥xn − ym∥2

2σ2
+

NpD

2
log(σ2), (5.3)

where Np =
∑M

m=1

∑N
n=1 p(m|xn).

To regularise the DLO structure, a cost term is used for cross-frame consis-
tency with Coherent Point Drift (CPD), and a term for centroid movement
consistency with Locally Linear Embedding (Ge et al., 2014). The final cost
function to minimise is given by

Q = QGMM +QCPD +QLLE. (5.4)
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Figure 5.2: Physical simulation environment of the proposed TSL. The simulated
shoelace correctly passes through every eyelet. The shoelace and the
shoe structure are simplified to speed up the simulation. The eyelets are
represented by rings of particles. The spheres show the target key node
positions and regulation forces are applied to adjust the shoelace particles
towards them. The boxes indicate the EEs.

5.3 physical simulation

5.3.1 Simulation Environment

To maintain the topology of the DLO with respect to the scene objects, a
physical simulation environment is constructed. The environment maintains
the states of the EE, the shoelace, and the eyelets. The environment detects
collisions between the shoelace and the eyelets and prevents the shoelace
from penetrating the eyelets. The physical model of the shoelace also includes
physics constraints such as stretching, friction and damping. Meanwhile,
the simulation environment keeps the complete states of the shoelace and
monitors system anomalies.

The states estimated by the registration module are statistically reasonable,
but not restricted by physical laws. TSL uses a physics engine to regulate
the states. Equivalent to the posterior constraints in Constrained Deformable
CPD 2 (CDCPD2), the simulation environment of TSL includes physical con-
straints. Known correspondence points are restricted and treated as rigid
kinematic bodies. Stretching constraints for the shoelace are added by min-
imising the displacement between particles along the inter-particle direction.
Collision constraints are added by adjusting predicted contact points between
a shoelace edge and other edges or objects. Apart from the constraints used
in CDCPD2, bending constraints, friction and damping are also added. Using
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physics simulation expands the physics regulations that can be applied to
the shoelace and allows physically interpretable parameters.

Due to the nature of physical simulation, the states of simulated objects
cannot be changed instantly. Abrupt robot movements or shoelace state
changes cause significant interruptions of the simulated physics. Therefore,
updating signals are converted to regulation forces and pull the components
into desired states. To avoid sudden drastic motion, a PD force controller
is used to regulate the movement. This reduces the tunnelling effect where
the simulated shoelace penetrates through other objects. The simulated rope
states are also regulated by PD force controllers.

During robot SL, the shoelace often remains stationary. The robot may
place and re-grasp the shoelace to adjust its arm configuration. Tasks such as
eyelet perception and motion planning contribute to the stationary periods.
Meanwhile, if the registered shoelace configuration did not change noticeably
due to slow robot motion or occlusion, it is not necessary to adjust the
simulated states for every frame. To this end, this work introduces the notion
of keyframes. A keyframe is when the simulation updates the shoelace
configuration. As the shoelace is represented with a GMM, the cost function
QGMM reflects the quality of the estimated states to the current frame. A
keyframe is selected using its matrix form

QGMM =
1

σ2N
(Tr(XTd(PT1)X− 2Tr((PX)TY)

+ Tr(YTd(P1)Y))),
(5.5)

where Tr(A) is the trace of a matrix A, and d(a) is a diagonal matrix con-
structed from a vector a. A frame is selected when the cost is over an empirical
threshold, depending on the fidelity of the simulated model. This reduces
unnecessary updates and computation.

5.3.2 Anomaly Detection

The simulation environment provides complete states of simulated objects.
In the case of SL, the physics engine is able to continuously monitor the
relative positions of the shoelace and the eyelets; as well as the tension of the
shoelace.

The obstacle coordinate systems are defined so that the eyelet skeleton lies
in XZ planes and Y is the vertical axis. The shoelace particles are represented
in the eyelet spaces. A shift in the sign of the Y coordinate of the particles
indicates crossing over the XZ plane. An eyelet is passed through if this
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Figure 5.3: Anomaly monitoring during an experiment. The blue obstacles have been
passed through. The red region indicates higher strain.

crossing lies within the skeleton on the XZ plane. The shoelace configuration
Y that passes through an eyelet Z is represented as

Ypassed = {∃ym ∈ Y | ym,y · ym−1,y < 0,ym ∈ int(Z)}, (5.6)

where int(Z) is the interior of the eyelet Z.
Meanwhile, the physical simulation monitors the tension of the shoelace,

represented by the strain along the tensile axis. This is calculated by

Strain(y) =
∥ym+1 − ym∥
∥y0

m+1 − y0
m∥

, (5.7)

Strain =

M∑
m=1

Strain(ym). (5.8)

The particle information within the physics engine can be easily retrieved
and used for monitoring. Figure 5.3 shows the strain of the shoelace during
an experiment. The red region indicates higher strain.

5.4 evaluation metrics

5.4.1 Sequential H-Signature

As discussed in Section 2.5.3, H-Signature has been widely used to categorise
trajectories in motion planning in the presence of scene objects. Although it
is designed to capture the topological relation to the scene objects, it does
not provide the sequential information of the relations. For tasks such as
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(b) Sequential H-Signature of the shoelace

Figure 5.4: Example of intersections on the shoelace with the eyelets and Sequential
H-Signature of the shoelace. The intersections range from 0-1 with 0 and 1

indicating the two ends of the shoelace. At frame 500 of this example, the
shoelace in sequence passes through e4, e1, e2, e3. The signature gives the
index of an eyelet within this sequence and its sign indicates the direction
of the passing. At frame 500, the Sequential H-Signature is [2,−3,−4, 1].

SL, the order of obstacles that the DLO passes through is crucial for the
success of the task. To evaluate the correctness of the estimated shoelace-
eyelet relations, this work proposes a new form of representation namely
Sequential H-Signature (Figure 5.4).

Suppose a scene object skeleton S is a current conductive wire with unit
current and B(y) is its Virtual Magnetic Field over a point y on the DLO.
Then the Magnetic Field

B(y) =

∫
S

(⃗s− y⃗)× ds⃗

∥s⃗− y⃗∥3
. (5.9)

H-Signature H is defined as the line integral of the Virtual Magnetic Field
along the DLO:

H(S) =

∫
Y

B(y) · dy. (5.10)

If the absolute H-Signature value is over 0.5, the DLO is considered to pass
through the scene object. The key node y that produces the maximum Virtual
Magnetic Field is the closest point ym∗ to the skeleton:

ym∗ =


arg maxy B(y), |H(S)| > 0.5

0. otherwise
(5.11)
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Figure 5.5: DTW between estimated states and the groundtruth at a frame. The plot
shows the pointwise distances between nodes from the two sources. The
DTW distance represents the minimum alignment cost between the two
state sequences. The red diagonal line illustrates the node correspon-
dences between the two sequences that result in the computed DTW
distance.

Suppose M∗
sorted ∈ NR is the list obtained by sorting M∗ ∈ NR in de-

scending order. Define Hseq ∈ [1,R]∩ N as the rank of each m∗ in M∗
sorted,

Hseq = {rank(m∗) | m∗ ∈ M∗}. (5.12)

Sequential H-Signature Hseq provides information on both the state of the
DLO with respect to the scene object and the order in which the scene objects
are encountered. An example is provided in Figure 5.4.

5.4.2 Dynamic Time Warping Distance

To evaluate the similarity of the estimated states and the groundtruth states,
this work proposes to use DTW distance to evaluate the similarity of es-
timated states and groundtruth states. The DTW distance is a measure of
similarity between two sequences that may vary in time (Figure 5.5). In
the case of DLO tracking, the groundtruth sequence Y and the estimated
sequence Ŷ often differ in the number of nodes and may not have one-to-
one correspondence. The DTW distance is defined as the minimum cost of
aligning the two sequences. The cost of aligning two points is the Euclidean
distance between them. The DTW distance is defined as

DTW(Y, Ŷ) = min
π

∑
(i,j)∈π

∥yi − ŷj∥, (5.13)
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where π is the warping path that minimises the cost.

5.5 experiments

In this section, the performance of TSL is evaluated and compared against
CDCPD2, TrackDLO, and the classic Global-Local Topology Preservation
(GLTP) algorithms. The testing data is acquired from a bimanual robot, a
simulated SL scene (Figure 5.6), and human demonstrations. The simulated
data is used to verify the tracking accuracy using DTW. An analysis sweeping
through ranges of physical parameters is conducted to examine their effects
on the accuracy. In addition, a separate simulation dataset is used to study
how tracking accuracy changes with an increasing number of eyelets.

5.5.1 Implementation

Accurately detecting and managing collisions between the shoelace and
eyelets, as well as self-collisions of the shoelace, is challenging due to the
tunnelling effect Redon et al. (2002). At sufficiently high speeds, shoelace
particles can penetrate through eyelets between consecutive frames. This
work constructs the simulation environment with a multi-purpose game
engine Unity1 and a particle-based physics solver Obi2 specialised for soft
objects. Obi surface-based collision effectively reduces the tunnelling effect and
provide reliable collision detection. To efficiently communicate between the
simulation and the registration module with low latency, we use the cross-
language communication Google Remote Procedure Call (gRPC) framework.
The server is implemented in C++ with the registration module and the client
in C# with the simulation environment.

TSL assumes that the shoelace is distinctively coloured and free of tangles
or occlusions at the beginning. This simplification could be relaxed in future
work using data-driven methods Lv et al. (2023). Point clouds corresponding
to the shoelace areas are segmented using colour thresholding. The initial
states are estimated by extracting the skeletons of the mask and bridging the
segments Keipour et al. (2022); Xiang et al. (2023). All tested algorithms use
the same initial states. In TSL, the estimated initial states are used to define
the control particles and construct the Obi Rope. The EEs are simulated
with points rigidly connected to the first and last particles of the shoelace.

1 Unity Engine: https://unity.com/
2 Obi: https://obi.virtualmethodstudio.com/

https://unity.com/
https://obi.virtualmethodstudio.com/
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Figure 5.6: Simulation environment used to collect simulated data. More details are
discussed in Chapter 4.

The eyelets are represented by a ring of interconnected particles with their
normals pointing towards the inside of the shoe.

The simulated data is collected from a SL simulation environment (Fig-
ure 5.6) (Luo and Demiris, 2024). The eyelet, aglet and shoelace particle
positions are recorded as groundtruth. The shoe model is a 3D scan of the
real shoe used in human demonstration. The other shoe from the same pair
is used in robot data collection. The robot data is collected with the system
proposed in Luo and Demiris (2023), where a dual-arm ABB YuMi IRB 14000

is used to complete the task. The system combines PDDL-based high level
reasoning for overall strategy planning and multimodal low-level sensorimo-
tor primitives to execute the low-level actions. The eyelet poses detected by
the system and EE poses computed from the joint states are recorded. For
the human demonstration data, a single participant was involved in the data
collection. The eyelet poses and EE positions were manually annotated. Both
the physical robot data and the human demonstration are recorded with
Intel Realsense L515s. 4 eyelets are laced and RGBD images are recorded in
all cases. Data is recorded as ROS Bags and the algorithms are tested on a
platform with an Intel 8700K and an Nvidia GTX 1080.

5.5.2 Qualitative Analysis With Sequential H-Signature

Figure 5.7 shows the results after lacing the second and fourth eyelets with
all three data sources. Each section includes: (1) the frame image overlaid by
estimated states; (2) a close-up view of the eyelet region (top right); (3) a 3D
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Figure 5.7: Tracking results after lacing the second and fourth eyelets. Each section
provides the frame image overlaid by the estimated states. Close-up views
around eyelets are displayed at the top right of a section. The top left of
each section presents a 3D plot of the estimated states around the eyelets,
where coloured eyelets indicate that the shoelace passes through, and
white indicate otherwise. The Sequential H-Signatures follow the same
colour scheme as their corresponding eyelets and are shown at the bottom
of each section. TSL consistently produces the correct signatures across
all cases, whereas the baselines estimate the shoelace to be outside the
eyelets (zero in the signatures).

plot of the states around the eyelets (top left), where coloured eyelets indicate
that the shoelace passes through, and white eyelets indicate otherwise; and
(4) the Sequential H-Signatures that follow the same colour scheme as their
corresponding eyelets (bottom).

The left two columns of Figure 5.7 shows the results with simulated data.
Overall, TSL, TrackDLO and CDCPD2 achieved similar levels of shoelace
coverage. The close-up view for CDCPD2 shows the shoelace path does
not cover all the eyelets. As shown in the top right 3D plots, the shoelace
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Figure 5.8: H-Signature of the shoelace with simulated data. Positive values indicate
the shoelace is passing through the eyelet same as the eyelet’s normal
direction. The shoelace is considered to be passing through an eyelet if
the absolute value is over 0.5. TSL maintains a stable shoelace-eyelet
relation for all eyelets, whereas the baselines fail to preserve the
shoelace paths through the eyelets.

estimated by CDCPD2 does not pass through these eyelets. This is further
verified by the Sequential H-Signature where CDCPD2 produces zeros for
these eyelets. TrackDLO maintains better alignment between the estimated
states and the actual shoelace compared to CDCPD2, but it also generates
incorrect H-Signatures. The results from GLTP only partially align with the
shoelace structure, and its Sequential H-Signature indicates that the shoelace
does not pass through any eyelets.

To further examine the evolution of the shoelace–eyelet relationship, we
plot the H-Signature in Figure 5.8. The signature is 1 or −1 when the shoelace
passes through the corresponding eyelet in the same or opposite direction of
the eyelet normal. Although the Sequential H-Signatures produced by CDCPD2,
TrackDLO, and GLTP are incorrect, their tracked shoelace paths do momen-
tarily pass through the eyelets immediately after insertion. However, due to
the absence of constraints to preserve the topology, the tracked shoelaces fre-
quently penetrate the eyelets throughout the task. As a result, the H-Signatures
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(a) Human Demo (b) Real Robot

Figure 5.9: Occlusions during the tracking process. In SL, the manipulators in-
evitably occlude the shoelace from different perspectives. TSL
keeps the tracking process to continue with its simulated model
and the EE movement.

for CDCPD2, TrackDLO, and GLTP are unstable, whereas TSL consistently
preserves the correct shoelace–eyelet relationship across all eyelets.

With respect to the human demonstration data (the middle two columns
of Figure 5.7), the results are similar to the simulated condition. TSL correctly
estimates the shoelace-eyelet relation and produces the correct Sequential
H-Signatures, while the results of other algorithms fails to fail to preserve
the shoelace paths through the eyelets. CDCPD2 have key nodes overall
aligned with the eyelet, but nodes near the eyelets are squeezed outside
and edges near the shoelace tips are bent. This shows how CPD tries to
maximise the coverage of the tracked nodes against the segmented shoelace
masks. GLTP pushes the key nodes close to the shoelace and keeps a good
coverage, however, the structure of the shoelace is lost. TrackDLO lost track
of the tips affected by occlusion, where the motion of the visible part of the
shoelace does not reflect the behaviour of the hidden region. Figure 5.9a
highlights critical frames in which the tip, along with a significant portion of
the shoelace, is occluded, making it difficult to estimate the tip motion based
on the visible shoelace components.

The bottom section of Figure 5.7 shows the results from the real robot
data. Compared with the previous two experiments, all tested algorithms
show worse performance in overlapping the tracked nodes with the shoelace.
Although TSL kept the shoelace through the eyelets, the estimated struc-
ture does not completely align with the shoelace. The baseline algorithms
also exhibited varying degrees of mismatch with the shoelace, which can
be attributed to severe occlusions and the robot’s fast motion. Due to the
complexity of the SL task, the robot introduces significant occlusions re-
gardless of camera placement. For instance, in Figure 5.9b, the shoelace is
almost completely obscured from view. Meanwhile, YuMi EEs move at a



5.5 experiments 93

0 200 400 600 800 1000
Frame

0.00

0.02

0.04

0.06

DT
W

 d
ist

an
ce

 (m
)

TSL
CDCPD2
GLTP
TRACKDLO

Figure 5.10: DTW distance for all tested methods. TSL and CDCPD2 achieve
similar levels of tracking error. Although CDCPD2 is not able
to estimate the shoelace-eyelet relation correctly, the difference
makes a small impact on the overall tracking error.

speed of 300 mm/s which is significantly faster than the EEs in the other
two experiments. This also caused severe motion blur in the RGB images,
which decreased the quality of the segmented shoelace mask. The quality of
depth information is also affected by the fast robot’s movement. The tracking
accuracy can be potentially improved with slower motion, however, this will
hinder manipulation performance.

5.5.3 Quantitative Analysis With The DTW Distance

To understand whether correctly estimating the shoelace-eyelet relation im-
pacts the overall tracking error, Figure 5.10 shows the DTW distance of the
tested algorithms. While TSL achieves correct Sequential H-Signatures, overall,
its tracking error is similar to that of CDCPD2, with mean values at 4.32

and 4.36 mm/node respectively. Without the EE information, TrackDLO
achieves a 5.98 mm/node mean error. GLTP instead reached a mean error at
32.48 mm/node. Since the regions near the eyelets form a small portion of
the shoelace, the performance difference in the shoelace-eyelet relation only
makes a small difference to the tracking error.

The choice of physical parameters is an important factor in DLO simulation.
In the previous experiments, the same parameter values used for generating
the simulated data are adopted, and applied empirically tuned values for
other datasets to maximise visual similarity with the real shoelace. To investi-
gate whether inaccuracies in physical parameters affect tracking error, this
work conducts a sensitivity analysis by sweeping through ranges of three key
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Table 5.1: Tracking Error (mm) with different simulation parameters: Particle Mass
(kg), Particle Radius (m) and Max Bending (m). The values used to collect
the simulation data are bolded.

Mass 0.001 0.002 0.003 0.004 0.005

Error 4.32 ± 0.10 4.48 ± 0.11 4.80 ± 0.12 5.05 ± 0.13 5.38 ± 0.15

Radius 0.001 0.00125 0.0015 0.00175 0.002

Error 4.48 ± 0.11 4.32 ± 0.10 4.32 ± 0.10 4.34 ± 0.10 4.36 ± 0.11

Bend 0.001 0.005 0.01 0.015 0.02

Error 4.51 ± 0.10 4.36 ± 0.10 4.32 ± 0.10 4.34 ± 0.10 4.33 ± 0.10

Table 5.2: Tracking Error with different number of eyelets

# Eyelets 2 4 6 8 10

Error 4.75±1.26 4.99±1.31 4.98±1.28 4.84±1.35 4.69±1.35

physical parameters: particle mass, particle radius and max bending. Particle
mass influences how particles respond to constraints such as collisions and
bending. Particle radius affects the number of particles generated. Max bend-
ing defines the threshold at which the bending constraint becomes active,
effectively controlling the shoelace’s stiffness.

Table 5.1 presents the results of this experiment, with the values used
during data collection highlighted in bold. For the mass parameter, tracking
error increases with higher mass values, as the regulating forces become less
effective when particles are heavier. The mass could not be reduced further,
as the shoelace becomes too light and oscillates under the regulating forces.
The radius sweep was limited to a relatively narrow range due to constraints
imposed by the eyelet size. Nonetheless, it is clear that tracking error increases
as the radius deviates from the original value. For the bending parameter,
which serves as the threshold for activating bending constraints, tracking
becomes less accurate as the value decreases. Meanwhile, once the value
exceeds that used in data collection, the error differences become negligible.
This suggests that making the simulated shoelace softer than in the dataset
does not lead to improved tracking accuracy.

In previous experiments, TSL was evaluated using 4 eyelets. To examine
the impact of increasing homotopy classes on tracking accuracy, this work
tests TSL on a simulated dataset with 10 eyelets. As shown in Table 5.2, the
tracking error initially increases and then decreases as the number of eyelets
grows. This trend is attributed to the latency between the tracked and actual
states during fast movements. Initially, the tracked states lag behind the
actual states, resulting in larger errors. However, as the SL progresses, more
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sections of the shoelace become constrained, or effectively "frozen", between
the eyelets. The influence of latency is reduced as the remaining free shoelace
branches are shorter. As a result, fewer key nodes fall behind, leading to a
reduction in overall tracking error.

From the time aspect, CDCPD2 runs at on average 83.76 ms/frame, GLTP
at 71.20 ms/frame, TrackDLO at 52.83 ms/frame, and TSL at 114.18 ms/frame.
Benefitting from the lightweight physics solver and the simplified simulation
setup (Figure 5.2), an adjustment cycle in simulation uses only 25.00 ms.
However, comparing with the baselines, the time cost for TSL remains one
of its limitations. In future work, the time performance of the current imple-
mentation could potentially be improved with more software engineering
optimising communication between the registration module and the sim-
ulation environment, e.g., more efficient serialisation to avoid conversion
between Unity and Eigen data formats.

Overall, TSL correctly estimates the shoelace-eyelet relation in all experi-
mental conditions while the other three algorithms are not able to produce
the correct Sequential H-Signatures. In terms of the tracking error, TSL achieves
a similar level of accuracy as the CDCPD2. With the support of TSL, future
SL systems may improve their performances from two perspectives: 1) Task
planning: Leveraging the estimation of shoelaces states and the relation with
eyelets, systems can detect tangles or failures and act accordingly; 2) Motion
planning: The estimated states and shoelace dynamic models can inform the
planning of new actions.

5.6 conclusions and future work

This chapter presents TSL for tracking shoelaces and correctly estimating
their topology in the task of bimanual SL. The algorithm leverages statistical
registration to estimate the states of the shoelaces and physical simulation to
maintain the topology. The performance of proposed TSL is evaluated with
simulated data, human demonstration data and real robot data. The experi-
ments demonstrate that TSL successfully preserves the shoelace topology in
all experimental conditions, with tracking error on par with the state-of-the-
art CDCPD2.

The proposed TSL algorithm at present has several limitations. For ex-
ample, the physical parameters of the shoelace are set empirically and the
segmentation of the shoelace is not robust. The future directions to improve
the performance of the algorithm are discussed in Section 7.3 with more
details.
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6
I N F L U E N C E O F T E L E O P E R AT I O N I N T E R FA C E I N
B E H AV I O U R A L C L O N I N G F O R D L O M A N I P U L AT I O N

The system presented in Chapter 3 automates the manipulation of DLOs
with a set of hand-crafted primitives. Manually constructing and tuning
such primitives is time-consuming and not scalable. Learning from Demon-
stration (LfD) approaches provide an efficient solution to obtain the robot
primitives without accurate modelling of the DLO dynamics. Among the
LfD techniques, Behavioural Cloning (BC), which leverages demonstrations
collected through teleoperated robots, enables policies to complete tasks with
higher precision (Liang et al., 2024). Chapter 2 discussed the use of teleop-
eration to learn DLO manipulation and its relation to policy performance.
Although many works focused on proposing new teleoperation interfaces,
few studies have investigated the impact of teleoperation interface on the
effectiveness of collected demonstration data (Si et al., 2021). This chapter
aims to address this limitation:

How does the teleoperation interface influence the effectiveness of expert
demonstrations in BC for DLO manipulation?

This chapter focuses on a comparative study on the effectiveness of first
and third-person perspective user interfaces, applied in shoelace insertion, a
subtask of SL. Section 6.1 provides a formal definition of the insertion task.
Section 6.2 introduces two teleoperation interfaces: a third-person perspec-
tive interface (GuMi) and a first-person perspective interface (Ego-GuMi)
(Figure 6.1). Section 6.3 presents the learning framework used to train the
robot to perform the task. Section 6.4 describes the hardware setup, data
collection, and analysis metrics. Section 6.5 presents an analysis of the results
and discusses how the teleoperation interface influences the demonstrator’s
performance. Finally, Section 6.6 concludes the chapter.

The work presented in this chapter has been accepted for publication at
the 2025 IEEE International Conference on Robotics and Automation (ICRA).
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(a) GuMi (b) Ego-GuMi

Figure 6.1: GuMi: Third-Person Perspective Interface (left), and Ego-GuMi: First-
Person Perspective Interface (right). GuMi integrates the GELLO frame-
work (Wu et al., 2023) with ABB YuMi to facilitate the teleoperation
of dexterous dual-arm manipulation from a third-person viewpoint. In
contrast, Ego-GuMi leverages an Apple Vision Pro headset, allowing the
operator to control YuMi from an immersive and dynamic first-person
perspective of the task.

6.1 problem formulation

Consider a task where a robot is required to insert a lace into an eyelet
(Figure 6.1). The robot is equipped with 3 RGBD cameras mounted on the
two grippers and the chest. The cameras provide observation ot at each time
step t ∈ Z⩾0. The robot provides joint states in the form of angle positions
jt at each time step. Datasets D = {(ot, jt,at+1:t+k)}

N
t=1 are collected from

expert demonstrations, where at+1:t+k is the sequence of actions taken by
the expert at time steps t+ 1 to t+ k. The task is to learn a policy π that can
predict the next k actions at+1:t+k given the current observation ot and joint
states jt.

6.2 teleoperation interfaces

Out of the teleoperation interfaces available, two types can be categorised:
third-person perspective (Wu et al., 2023; Zhao et al., 2024) and first-person
perspective (Ding et al., 2024; Kim et al., n.d.). To compare the impact of
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Figure 6.2: GuMi Interface. GuMi incorporates a 3D-printed kinematic model of
YuMi (the leader, also referred to in this thesis as the teleoperation
device), designed to interface seamlessly with the robot (the follower)
for dexterous teleoperation. The teleoperation device is placed facing
the same direction as the operator to facilitate teleoperation from a
third-person perspective. The device is 75% scale of the actual robot
and the joint states are directly mapped to the robot joints. The joints
of the kinematic model are designed to have physical stoppers so that
they cannot move beyond the joint limits of the robot. More detailed
description of the mechanical design is provided in Appendix B

the teleoperation interface on the same task setup, this work develops two
teleoperation interfaces: GuMi and Ego-GuMi.

6.2.1 GuMi - Third-Person Perspective Interface

This work presents an integration of the GELLO framework (Wu et al., 2023)
with the dual-arm ABB YuMi robot, incorporating a custom 3D-printed
kinematic model (the leader, also referred to as the teleoperation device in
this thesis) designed to interface seamlessly with the robot (the follower).
An illustration of this interface is shown in Figure 6.1b and Figure 6.1a.
The resulting system, named GuMi, demonstrates the potential of low-cost,
user-friendly teleoperation setups for executing dexterous bi-manual tasks.

The kinematic model is a 75% scale replica of the actual robot, replicating
its joint configuration to enable precise one-to-one mapping with the robot
joints. Physical stoppers are designed to ensure that the leader’s joints remain
within the joint limits of the robot so that the actions of the teleoperator
are directly translated into the robot movements. Tool balancers are used



100 influence of teleoperation interface in bc for dlo manipulation

Stereo 
FPP 

Video

Teleoperator 
Actions
𝑎𝑎𝑡𝑡1, …,𝑎𝑎𝑡𝑡16

VR Headset

Teleoperation device (leader)

YuMi Robot (follower)

Teleoperator’s 
camera

Headset 
Movement

Figure 6.3: The Ego-GuMi framework facilitates first-perspective teleoperation with
VR. An expert teleoperator demonstrates bi-manual lacing actions in
real-time using a 3D-printed kinematic model of YuMi, while viewing
a stereoscopic video feed through a VR headset (top-left). Meanwhile,
YuMi perceives its environment using three cameras mounted on its arms
and chest (right).

to counterbalance the weight of the kinematic model. They are positioned
to separate the two arms, allowing the operator to have a clear view of the
workspace. The mounting mechanisms for the tool balancers and kinematic
model are adjustable to accommodate operators with varying needs. Further
details on the mechanical design are provided in Appendix B.

In this setup, the kinematic model is positioned facing the same direction as
the robot. The End-Effectors (EEs) of the leader moves in the same direction
as the robot’s EEs. The operator is positioned facing the robot and the leader,
providing a third-person perspective of the task. The robot perceives its
environment using three cameras mounted on its arms and chest. These
camera feeds, combined with the robot’s joint states and the teleoperator’s
actions, comprise the demonstration data. The demonstrations are later used
to train a policy that learns to mimic human skills.

6.2.2 Ego-GuMi - First-Person Perspective Interface

To compare the impact of the teleoperation interface on the same task setup,
this work extends the GuMi system with an egocentric perspective. The
integrated system, termed Ego-GuMi, is illustrated in Figure 6.1b and Fig-
ure 6.3. The egocentric perspective is achieved using a Virtual Reality (VR)
headset and an active sensing gimbal, which houses a stereo camera. The
camera is positioned on the robot base towards the workspace to provide an
immersive first-person perspective during manipulation. The camera streams
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Figure 6.4: LfD framework. The camera feeds, combined with the robot’s joint states
and the teleoperator’s actions, comprise the demonstration data. The
demonstrations are used to train a policy with Action Chunking with
Transformers (ACT) (Zhao et al., 2023), which learns to mimic human
skills. This policy is then used to control the robot in performing the
insertion task.

stereoscopic video feeds to the operator’s headset, allowing the operator to
view the task from the robot’s perspective. The operator is positioned behind
the teleoperation device, facing the virtual workspace, the same as the way
the robot perceives its environment.

Long-term teleoperation tasks can cause discomfort for the operator due to
the misalignment between the operator’s viewpoint and the camera’s perspec-
tive. The active sensing gimbal tracks the operator’s head movements, which
provides a dynamic and responsive viewpoint of the task. The teleoperation
device is designed to have the grippers 10cm above the desk when the robot
fingertips touch the desktop. This offset ensures that the operator can safely
rest their arms on the desktop without risk of collision.

6.3 learning shoelace insertion from demonstration

This work employs ACT (Zhao et al., 2023) as the policy for learning the
shoelace insertion skill from demonstrations. The policy predicts sequences of
k future actions ât:t+k rather than single actions, reducing the effective hori-
zon of long trajectories collected at high frequency and therefore mitigating
compounding errors in BC. ACT policy leverages a Conditional Variational
Autoencoder (CVAE) to address the multi-modality of human demonstrations.
The CVAE encoder, implemented as a transformer encoder, compresses the
current observation ōt and target action sequence at:t+k into a latent vector
z to capture the variability across demonstrations. During inference, z is set
to zero for deterministic decoding. The CVAE decoder is a full transformer
model that reconstructs the target action sequence from the latent vector
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z. The transformer encoder processes visual and proprioceptive inputs to
synthesise information across modalities. The transformer decoder generates
k× n action chunks, where n is the number of joints. It uses the output
from the first transformer for cross-attention, with queries initialised as fixed
positional embedding. The ACT policy is trained end-to-end to maximise
the log-likelihood of demonstration chunks under the CVAE objective. This
includes a reconstruction loss Lreconst for action prediction and KL divergence
regularisation Lreg on the encoder distribution:

L = Lreconst +βLreg

= MSE(ât:t+k,at:t+k) +DKL
(
qϕ(z | at:t+k, ōt) ∥N(0, I)

)
,

(6.1)

where β weights the second term.
In this work, the observation includes three RGB images at a resolution of

480×480 and 16-dimensional joint positions from YuMi’s arms. The images
are encoded using ResNet18 backbones, then flattened and combined with
learned positional embeddings. The flattened image features are concate-
nated with embedded joint positions and the latent z, forming the combined
input sequence. In this work, k is set to 60 steps. The transformer generates a
60× 16 tensor, corresponding to a 2-second sequence of 16-dimensional joint
positions for YuMi’s arms. Following the original ACT implementation, L1

loss is used for reconstruction, and the KL term is weighted by a hyperpa-
rameter β, which is set to 100 in this work. The model is trained for 15000

epochs, as extended training can notably improve performance even after loss
plateaus. The temporal aggregation is disabled, aligning with ACT’s tuning
recommendations.

6.4 experiments

6.4.1 Hardware Setup

The ACT is trained on a computation platform with an AMD Ryzen Thread-
ripper Pro 5965WX processor, 128GB of RAM, and an RTX 4090 GPU. During
inference, the models run on a desktop computer equipped with an Intel i9
CPU with 24 cores, 32 GB of RAM, and an RTX 2080 GPU.

An ABB YuMi is used in this study with positional control and a target end-
effector velocity of 400 mm/s. YuMi is augmented with two Realsense D435s
cameras attached to the grippers and a Realsense L515 camera mounted on
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its chest (Figure 6.3). All cameras and the robot driver run at 30Hz. The
details of the robot setup are provided in Appendix A.

The Open-TeleVision system, a low-latency pipeline for stereo camera
streaming, is used for interfacing the active sensing gimbal (Cheng et al.,
2024). The end-to-end delay of this pipeline to stream the camera footage
directly to the operator headset is approximately 15 ms, which is sufficiently
low as real-time feedback. The setup employs a ZED Mini stereo camera to
capture stereoscopic video at a resolution of 1280x720 with a frame rate of 60

fps. An Apple Vision Pro VR headset is used to receive and display the live
video feeds from the cameras. Through the high-resolution headset display,
low-latency processing, and precise headset tracking, Ego-GuMi provides an
immersive and responsive teleoperation experience.

6.4.2 Data Collection

This work collects 100 demonstrations from two expert demonstrators, each
specialising in one of the interfaces (GuMi or Ego-GuMi). The demonstrations
are recorded to train and compare the resulting models. 100 episodes are
collected from each interface, resulting in a total of 200 demonstrations. Each
demonstration takes around 20s and is divided into three steps, as illustrated
in Figure 6.5:

1. Point at Eyelet with Right-Hand Camera: The demonstrator points the
right-hand camera at the target eyelet.

2. Approach and Insert Lace with Left-Hand: The demonstrator operates
the left gripper to approach the eyelet and insert the tip of the shoelace
into the eyelet.

3. Release and Retract with Left-Hand: Finally, the demonstrator releases
the shoelace and retracts the left gripper to point at the eyelet again
using the left-hand camera.

The data is recorded into ROS Bags. They are then synchronised and
processed to extract the images and joint states. The images are cropped and
resized to 480×480 pixels. Both the images and joint states were normalised
before being saved as datasets. 80% of the data is used for training, and the
remaining 20% is used for validation.
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(a) (b)

(c) (d)

Figure 6.5: Data collection procedure: two expert demonstrators teleoperate the
robot to achieve the lace eyelet insertion task using GuMi or Ego-GuMi
interfaces. 100 episodes are collected from each interface. Demonstrators
start recording from a comfortable configuration as in (a). Three-steps
are completed afterwards: (b) pointing at the eyelet, (c) approaching and
inserting the lace, and (d) releasing and retracting.

6.4.3 Result Analysis Metrics

This work analyses the differences between the two interfaces from three
perspectives: demonstration time, variability in demonstrations, and task
performance. This section outlines the methods used to evaluate the time cost
and the variability of the demonstrations.

For the analysis of the time cost of demonstrations, this work uses ro-
bust estimation, a Bayesian approach to the analysis of data from two
groups (Kruschke, 2013). Further details on this methodology can be found
in Chacón Quesada and Demiris (2024). The robust estimation model used to
compare the time usage between interfaces is given by:

Ti ∼ t (ν,µ,σ)

µ = αuii

αui ∼ Normal(0, 1)

σ ∼ Half-Normal(0, 1)

ν = 1+ ν−1

ν−1 ∼ Exponential(1/29)

(6.2)

where Ti denotes the list of time data, and the index i represents the row num-
ber. A t distribution is used as the likelihood for this data. This distribution
is parameterised with µ, σ, and ν. The ν parameter can range continuously
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from 1 to ∞. The distribution exhibits significant variation for small ν values;
for ν greater than 30, it becomes essentially normal. The term ui = {1, 2}
serves as an index variable, where ui = 1 corresponds to GuMi, and ui = 2 to
Ego-GuMi. Standardised T (µ = 0, σ = 1) is used to facilitate assigning priors
for the average effect for each interface αui and for the σ parameter, which
estimates the variation across interfaces. The term ν−1 follows an exponential
distribution with a mean of 29, ranging from 0 to ∞. To allow ν to vary
from 1 to ∞, 1 is added to ν−1, changing its mean to 30, providing equal
opportunity for small (< 30) and larger (> 30) values (Kruschke, 2014).

The model from Equation (6.2) is fitted to the recorded data using the ulam

interface from the rethinking package in R with 4 Markov chains. Multiple
chains are used to verify that the joint posterior sampling worked correctly. By
default, each chain consists of 1000 iterations, split equally between warmup
and sampling (McElreath, 2020).

In terms of the diversity of demonstrations, expert demonstrators typically
exhibit a low degree of variability in their movements as they become more
proficient in performing a task through repeated practice. To assess the
variability among the demonstrations provided by the demonstrators, this
work computes the distances between the input command sequences. Each
sequence is a 16-dimensional time series, with one dimension per joint.
Due to the differences in sequence length, the sequences cannot be directly
compared using Euclidean distances. This work employs Dynamic Time
Warping to align the paired demonstrations (Müller, 2007). Dynamic Time
Warping (DTW) provides the mapping between the sequences and measures
their similarity, allowing the quantification of the variability in the input
command sequences for each expert. Figure 6.6 illustrates the warping path
of two demonstrations. This work leverages the DTW distance to evaluate the
similarity between the input commands by the same expert and the variability
of their demonstrations.

6.5 results and discussion

This section begins with a qualitative analysis based on video recordings.
The footage reveals distinct lacing strategies depending on the teleoperation
interface. The expert using Ego-GuMi moves the gripper more slowly and
demonstrates greater caution during insertion compared to the expert using
GuMi. As a result, insertions with Ego-GuMi tend to be more accurate,
with the aglet entering the eyelet directly. In contrast, insertions with GuMi
often involve the aglet colliding with the eyestay before being repositioned
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Figure 6.6: Dynamic Time Warping Analysis of Expert Demonstrations. DTW is em-
ployed to assess the variability between different expert demonstrations,
which measures the accumulated Euclidean distance between input com-
mand sequences. The resulting DTW path shows the similarity between
two real demonstration sequences (for one joint) provided by one of the
experts. A straight line would indicate identical demonstrations, while
deviations from the line reflect differences in movement patterns and
execution.

and reinserted. Additionally, the Ego-GuMi expert consistently lowers the
observation gripper during the insertion process, taking advantage of the
unobstructed view provided by the camera feed.

From the quantitive analysis, first, the average time each expert took to
finish a demonstration. The expert using GuMi took 14.5± 5.6s on average,
while the one using Ego-GuMi took 20.3 ± 7.7s. Following model fitting
using Equation (6.2), the posterior distribution is used to determine if the
difference in this data is significant. Figure 6.7 reveals that the 95% Highest
Density Interval (HDI) of the contrast between interface effects (α2 - α1)
does not intercept a Region of Practical Equivalence defined from −0.1 to
0.1. Consistent with the rule outlined in Kruschke (2018), the demonstration
time differed significantly between interfaces. However, Figure 6.8 shows
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Figure 6.7: Contrast between the effect of the interfaces on the demonstration time T ,
i.e., (α2 - α1). The taller dotted lines centred at zero show the percentages
of the contrast that are positive and negative. The smaller dotted lines
indicate the Region of Practical Equivalence (ROPE) defined from -0.1 to
0.1 (Kruschke, 2018). Here, the percentages indicate the proportion of the
distribution below, within and above the ROPE.
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Figure 6.8: Distributions of the variability in demonstrations for both experts. For
each scenario, the demonstrations are compared pairwise using DTW.
Demonstrators tend to perform repetitive movements after repeated prac-
tice. The plot shows similar levels of variability in both cases, indicating
similar extents of experience.

that they exhibit comparable variability in their input commands between
demonstrations.

The significant difference in demonstration execution time between GuMi
and Ego-GuMi interfaces may suggest that the experts’ movement patterns
were influenced by the visual feedback provided by each interface. Specifically,
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the limited 82° Horizontal Field of View (FoV) offered by the stereo camera
used with Ego-GuMi may have contributed to this difference. The camera
FoV is inherently more restricted than the FoV of human eyes, which allows
for less contextual information to be gathered and processed before taking
actions. As a result, the expert using Ego-GuMi may have been more cautious
in their movements, requiring more head movements to compensate for the
reduced FoV. This increased caution may have led to slower demonstrations
compared to GuMi, where the expert had a more expansive FoV to inform
their actions. Overall, the speed and input command analysis suggest the
potential difference in the way experts perform tasks under the impact of
different types of interfaces.

From the perspective of task performance, the analysis of the learning
outcomes reveals that the choice of the interface impacts the Success Count
(SC) of the trained policy (Table 6.1). A notably higher SC is observed with
Ego-GuMi compared to GuMi across varying numbers of training episodes.
This difference may stem from more consistent expert movements when using
the Ego-GuMi interface. The demonstrator exhibits less hesitation with Ego-
GuMi during the insertion process (step 2 in Section 6.4.2). This increased
consistency likely makes it easier for the learning algorithm to replicate
the expert’s actions, which results in better performance. Furthermore, the
policies trained with Ego-GuMi data achieve above 40% success rate when
trained with at least 75 demonstrations, comparable to state-of-the-art results
reported for similar tasks and architectures (Zhao et al., 2024). These findings
underscore the importance of the interface design and highlight the potential
benefits of using interfaces such as Ego-GuMi that provide a first-person
perspective.

Table 6.1: Comparison between Ego-GuMi and GuMi interfaces on shoelace insertion
task performance (N = 30): Success Count (SC), Collision Count (CC),
Drop Count (DC), Time-out Count (TC). Averages for each interface are
included at the end.

Metric GuMi Ego-GuMi

# of Demonstrations Average # of Demonstrations Average
50 75 100 50 75 100

Success 9 7 9 8.3 8 14 12 11.3

Collision 0 0 0 0 1 2 1 1.3

Drop 15 19 11 15 21 8 16 15

Time-out 6 4 10 6.6 0 6 1 2.3

In addition to SC, Table 6.1 summarises Collision Count (CC), Drop Count
(DC) and Time-out Count (TC) as specific aspects of the robot behaviour



6.5 results and discussion 109

(a) Success (b) Collision

(c) Drop (d) Time-out

Figure 6.9: Comparison between Ego-GuMi and GuMi interfaces on shoelace inser-
tion task performance. Overall, the SC for Ego-GuMi is notably higher
than that of GuMi. For policies trained with more than 75 and 100 Ego-
GuMi episodes, the SC is above 40% higher than that with 50 episodes.

analysed. CC refers to the number of times the robot’s motion stopped due
to collision with the shoe or with itself, which in turn caused the torque on
any joint to go beyond its allowed threshold. DC refers to the number of
times the robot released the shoelace without inserting it in the eyelet first.
A run is marked as a failure if it goes beyond 100s (TC). The higher CC
observed with Ego-GuMi compared to GuMi may seem counterintuitive, but
it can be attributed to the expert’s habits and strategy during demonstrations.
Specifically, the video analysis suggests the expert’s tendency of bringing the
grippers closer together in demonstrations, which leads to a greater frequency
of collisions with the shoe, particularly when transitioning between different
steps of the task (Section 6.4.2). In addition, the similar DC average seen from
both interfaces suggests that this metric is less sensitive to the differences in
expert demonstrations between Ego-GuMi and GuMi. Furthermore, the sig-
nificantly higher TC observed for GuMi indicates that the robot faces greater
difficulties completing the task within the allowed 100 seconds, potentially
due to the less consistent and hesitant expert demonstrations collected with
this interface.
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6.6 conclusions

This chapter presents a comparative study of two teleoperation interfaces,
GuMi and Ego-GuMi, for analysing the impact of interface design on expert
demonstration quality in BC for DLO manipulation. While interface effective-
ness may vary depending on the task, this study highlights the importance
of considering the impact of the user interface, particularly when it comes
to precision-critical tasks such as SL. By evaluating the effectiveness of first-
person (Ego-GuMi) and third-person (GuMi) perspective interfaces, this work
aims to overcome the knowledge gap in developing more effective interfaces
for BC. The findings demonstrate significant differences in demonstration
execution time and consistency between the two interfaces. This research
highlights the importance of considering different perspectives in designing
teleoperation interfaces for DLO manipulation. By considering the impact of
interface design on expert demonstration quality, one can potentially enhance
the signal-to-noise ratio in the learning process, leading to more efficient and
robust learning outcomes.

As per limitations, the emphasis of this study on expert demonstrators
may not reflect novice user performance or learning curves. Future research
should consider incorporating diverse user groups. Additionally, the impact
of individual differences on the results should be considered in future studies,
such as training multiple experts to perform the same demonstrations using
different interfaces. This would allow for better isolation of the effects of
interface design on demonstration quality and learning outcomes, providing
a more robust understanding of how different interfaces can be used to
improve robot learning performance.

The success rate of the trained policies in this work is less than 50%, re-
gardless of the teleoperation perspective used. Future work could explore
several directions to improve performance. One potential avenue is adopt-
ing alternative learning frameworks, such as diffusion models, which have
recently shown promise in generating diverse and coherent action sequences.
Increasing the number of demonstrations may also help the policy generalise
better across task variations. Additionally, exploring end-effector position
as the representation, rather than joint angles, could potentially provide
higher-level spatial information and improve generalisability.
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C O N C L U S I O N S A N D F U T U R E W O R K

The final chapter of this thesis serves three main purposes. It begins by
summarising the key contributions of the research, followed by a discussion
of its limitations. Finally, it offers suggestions for potential directions for
future work to address these limitations and to further the research in the
field of DLO manipulation.

7.1 summary of thesis contributions

The main contribution of this thesis is to develop methods for the manipu-
lation, perception and simulation of DLOs. The thesis is divided into four
main parts, each addressing a different aspect of the DLO manipulation and
perception.

First, Chapter 3 introduces a comprehensive system to address the novel
task of robotic SL. The task of designing SL patterns is formulated as an opti-
misation problem, solved using a genetic algorithm. Task planning algorithms
are then utilised to determine the action sequences necessary for achieving a
given pattern. To enable robotic SL, a set of bi-manual action primitives is
developed, supported by an active perception strategy. The system is evalu-
ated through a series of experiments using three shoes with varying sizes,
materials, and numbers of eyelets. The results highlight completion rates of
92.0%, 91.6%, and 77.5% for patterns with 6, 8, and 10 eyelets, respectively.

Chapter 4 introduces an open-source simulation environment for robot
SL, designed to support the research community in developing innovative
methods and advancing long-horizon robot manipulation. The chapter also
presents a detailed experiment protocol and a comprehensive set of metrics for
evaluating performance in bi-manual SL. The effectiveness of the benchmark
is validated using a baseline approach, with results evaluated in real-world
experiments involving actual robots and within the simulated environment.

111



112 conclusions and future work

In Chapter 5, the novel task of shoelace tracking in SL is tackled with the
introduction of the Tracking for Shoe Lacing (TSL) algorithm. This algorithm
combines probabilistic registration with physical simulation to preserve the
topological relation between the shoelace and the eyelets throughout the track-
ing process. To evaluate the tracking performance, a sequential H-Signature
is proposed to represent the topological state of the DLO, complemented
by Dynamic Time Warping (DTW) distances to measure the tracking er-
ror. The effectiveness of TSL is evaluated against Constrained Deformable
CPD 2 (CDCPD2) and Global-Local Topology Preservation (GLTP), with
comparisons carried out using real-robot data, simulated data, and human
demonstration data.

Finally, in Chapter 6, a customised 3D kinematic model is developed to
perform demonstrations for the shoelace insertion, a subtask of SL, incorpo-
rating two teleoperation interfaces offering distinct perspectives. Furthermore,
a dataset of over 100 demonstrations for each interface is collected to train
manipulation policies. The thesis evaluates the results from the perspective
of the completion time, demonstration diversity and the trained policy per-
formance, exploring how the choice of teleoperation interface influences the
learning outcomes of BC.

While this thesis explores a wide range of topics related to DLO manipula-
tion, certain gaps remain that could better connect the various components
of the research. Additionally, the proposed methods have their limitations,
which warrant further discussion. These aspects are addressed in the follow-
ing sections.

7.2 limitations

This section examines the limitations of this thesis, including the constraints
of the proposed methods and the gaps that could better integrate the different
aspects of the research.

7.2.1 Failure Recovery

The SL system proposed in Chapter 3 operates under the assumption that all
action primitives are executed successfully. However, in practice, failures may
occur due to various factors, as outlined in Section 3.6.5. One key limitation
of the system is its inability to leverage geometric information for dynamic
replanning. For example, if the robot fails to insert the lace into an eyelet,
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the system lacks the capability to detect this failure and adjust the action
sequence accordingly.

Addressing this issue requires the integration of a perception system to
monitor the outcome of each action primitive. The tracking system intro-
duced in Chapter 5 can serve this purpose effectively. By utilising physical
simulation to maintain the states of the shoelace, the tracking system can
detect execution failures and anomalies in real-time, as discussed in Sec-
tion 5.3.2. This enhancement would enable the system to replan dynamically
and improve overall robustness.

7.2.2 Physical Parameters

The tracking system presented in Chapter 5 operates under the assumption
that the physical parameters of the shoelace are known. In practice, empirical
values are often used for these parameters, which may not accurately reflect
the real-world properties of the DLO. While the method prioritises preserving
the topology of the DLO, its performance could potentially be enhanced with
more precise physical parameter estimation.

For example, discrepancies in the stretching and bending stiffness of the
shoelace can lead to overstretching in the simulated rope model, potentially
causing the simulation to fail. Accurate physical parameters would not only
improve the fidelity of the tracking system but also enable the physical model
to predict the real-world behaviour of the DLO. This predictive capability
could be leveraged to generate an estimated mask, which might accelerate
the segmentation process for the DLO.

7.2.3 Perception Of The Key Components

The perception system outlined in Chapter 3 relies on the assumption that
the aglets and eyelets are coloured and enlarged to facilitate easier detection
and grasping. While this simplification is necessary for the current imple-
mentation, it limits the applicability of the system to real-world scenarios.
To enhance its practicality, the system must be capable of detecting the key
components of the shoelace and the shoe without any modifications. This
can be achieved by training a neural network to recognise these compo-
nents in their natural state. To reduce the manual effort required for eyelet
annotation, edge maps can be used to train networks without manually
labelling segmentation masks. As shown in Figure 7.1a, the edge maps of
both coloured and plain eyelets exhibit similar structural properties. By using
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(a) Edge map of coloured and plain eyelets

(b) Plain eyelet segmentation using a U-Net trained on coloured eyelet edge maps

Figure 7.1: Eyelet segmentation is performed using edge maps as input in this
preliminary study. As shown in Figure 7.1a, the edge maps of both
coloured and plain eyelets exhibit similar structural properties. A U-
Net (Ronneberger et al., 2015) is trained using the edge maps of coloured
eyelets as input and colour-thresholded masks as ground truth. The
segmentation results produced by the trained network are illustrated in
Figure 7.1b.

edge maps of coloured eyelets as input and masks generated through colour
thresholding as groundtruth, a neural network can be trained without the
need for manual labels. This thesis presents a preliminary study in which
a U-Net (Ronneberger et al., 2015) is trained on coloured eyelet data and
tested on plain eyelet images. As shown in Figure 7.1b, the trained network
is capable of producing eyelet masks. However, the generalisability of this
approach to different shoes and eyelet types requires further investigation.

A similar limitation exists in the tracking system described in Chapter 5,
which assumes that the shoelace has sufficient contrast with the background
for effective colour segmentation. Although addressing this challenge is
beyond the current work’s focus, it represents a crucial step towards building
generalisable and robust manipulation systems. The tracking system should
also be able to function effectively under challenging conditions, such as
heavy occlusion and motion blur (Caporali et al., 2024; Yang et al., 2022a). One
potential direction to overcome these challenges is to explore learning-based
tracking approaches (Yang et al., 2022b).
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7.3 future work

The previous section outlined the limitations of the proposed methods. Build-
ing on these insights, this section explores potential directions for future work
aimed at addressing these limitations and advancing research in the field of
DLO manipulation.

7.3.1 Planning Actions With Foundation Models

Recent advancements in Large Language Models (LLMs) and Visual Lan-
guage Models (VLMs) have garnered significant attention in robotics (Brohan,
Brown, Carbajal, Chebotar, Chen, Choromanski, Ding, Driess, Dubey, Finn
et al., 2023; Jang et al., 2022; O’Neill et al., 2023; Shridhar et al., 2022). These
models offer promising opportunities for enhancing the robustness and flexi-
ble application across different tasks and modalities (Kawaharazuka et al.,
2024). For instance, the SayCan framework (Brohan, Chebotar, Finn, Haus-
man, Herzog, Ho, Ibarz, Irpan, Jang, Julian et al., 2023) integrates LLMs with
robotic affordances, enabling robots to execute high-level natural language
instructions. This approach combines the semantic reasoning capabilities of
LLMs with the physical constraints and capabilities of robots, allowing them
to perform complex, temporally extended tasks in real-world environments.
A general approach to recovering from failures in SL could involve leveraging
VLMs for action planning.

VLMs are multimodal systems capable of processing and understanding
visual and textual data simultaneously. By integrating vision and language,
these models can translate visual observations into natural language rep-
resentations. When combined with LLMs, this information can be used to
generate action plans for the SL system. Incorporating large models into the
SL system could reduce the need for domain-specific knowledge, making the
system more versatile and scalable.

7.3.2 Learning Physical Parameters

Numerous studies have explored methods for learning the physical param-
eters of Deformable Objects (DOs). For instance, Zhang and Demiris (2022)
proposed a contrastive learning approach to estimate the physical parameters
of garments. Their method employs a neural network to assess the simi-
larity between the behaviour of real and simulated garments. The physical
parameters are then optimised by minimising the difference between sets
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of parameters that fall into the same category in the latent space. Similar
techniques could be adapted to estimate the stretching and bending stiffness
of shoelaces.

In another approach, Caporali et al. (2024) proposed an online method for
estimating the physical parameters of DOs using a neural network model.
This model is trained to replicate the dynamics of DLOs based on data
generated from a Mass-Spring-Damper (MSD) model. During inference, the
model parameters are iteratively refined through gradient-based optimisation
to align with the observed behaviour of real DLOs. This adaptive framework
enables precise shape control tasks, such as achieving target configurations,
by continuously updating the model to reflect real-world dynamics.

7.3.3 Learning To Segment DLOs

Section 2.5.1 reviewed existing methods for segmenting DLOs, but a sig-
nificant limitation of these approaches is the lack of robust datasets in the
DLO domain. Caporali et al. (2023) proposed a weakly supervised method to
segment DLOs using Virtual Reality (VR) trackers, where the user manually
traces the DLO with the tracker to generate segmentation masks. While this
method offers a novel approach for dataset generation, manual labelling,
though simplified, remains a time-consuming and labour-intensive process.
To address this challenge, Zanella et al. (2021) explored the augmentation of
DLO datasets with synthetic data. However, the performance improvements
achieved by segmentation models trained on synthetic datasets are often
limited in real-world scenarios.

A different perspective was introduced by Chen et al. (2023), who proposed
a method for segmenting plastic bags using UV-fluorescent markings applied
to key areas of the bags. Labels are automatically generated by illuminating
the markings with UV light, and the segmentation model, trained with RGBD
images, can later perform tasks like bag opening without the fluorescent
markings. This approach opens new avenues for generating segmentation
datasets for DLOs. While setting up UV light sources can be complex, alter-
native sensor modalities, such as thermal cameras, could be explored. For
example, wires that emit heat when current flows through them could be
labelled using thermal imaging, providing an efficient and scalable dataset
generation method.
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7.3.4 Aligning Aglets With Tactile Sensing

One of the limitations of the system discussed in Chapter 3 is the need to
align the grasped aglets. The free gripper is used to assist in orienting the
aglet perpendicular to the holding gripper, which increases task completion
time and reduces success rate due to possible misalignment. This issue
could potentially be addressed through the use of tactile sensors. Prior
work (De Gregorio et al., 2018; Wilson et al., 2023) has shown that tactile
sensing can be effective for detecting the orientation of grasped DLOs and
enabling accurate insertion into sockets.

For the SL task, however, integrating tactile sensors poses hardware chal-
lenges. While commercially available sensors such as GelSight and Digit have
demonstrated promising capabilities, their physical size makes it difficult
to insert sensor-equipped fingers into the narrow gap between eyestays. In
the context of this thesis, the small payload capacity of the ABB YuMi robot
further complicates fingertip sensor integration. Nonetheless, future advances
in tactile sensing technology may enable their use in SL tasks.

There are two promising applications: (1) detecting the orientation of the
grasped shoelace or aglet to improve insertion, and (2) tracing and pulling
the shoelace after insertion to prevent twisting. While the current system can
perform lacing, it does not ensure that the shoelace remains flat. Tracing is a
common step in human lacing, and incorporating this behaviour could keep
the shoelace flat. Related work in cable tracing (She et al., 2021) may provide
a useful reference.

7.4 epilogue

Manipulating DLOs with robots is a challenging problem that requires the
integration of various research fields. This thesis has drawn inspiration from
robotics, computer vision, topology, and machine learning to address this
issue. It has made advancements in the planning, perception, and simulation
of DLOs and has suggested promising directions for future work to address
the limitations of the current research status. While this thesis represents
only a small step towards the ultimate goal of autonomous and robust DLO
manipulation, the author hopes that the work presented will inspire future
research and bring the community closer to this destination.
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R O B O T P L AT F O R M

Network SwitchRouter

YuMi Jetson
YuMi ROS Package
GuMi ROS Package

Base Jetson
Navigation Stack
Realsense SDK
Quickie Driver

On-board Computer
Perception algorithms 
Manipulation algorithms
Physics Engine

Robot States

YuMi NUC
Realsense SDK

Figure A.1: Hardware platform. The YuMi robot is mounted on a powered
wheelchair to provide additional mobility. Note: the wheelchair is not
used in the work presented in this thesis. YuMi is connected to a Jetson
AGX Orin, which runs the YuMi Robot Operation System (ROS) package
and the associated drivers. Similarly, the mobile base is interfaced with a
Jetson Xavier NX, responsible for executing all navigation-related pack-
ages and additional camera drivers. An Intel NUC hosts the remaining
camera drivers. A local network facilitates communication between these
computational units and the onboard computer, which manages the
high-level algorithms for the platform.

The robotic platform employed in this research is illustrated in Figure A.1.
The system integrates an ABB YuMi robot for manipulation tasks and a
Quickie Salsa M2 Mini wheelchair serving as the mobile base. The YuMi robot
is connected to a Jetson AGX Orin, which executes the YuMi ROS package
and its associated drivers. Additionally, the robot’s cameras are interfaced
with an Intel NUC, which handles the camera drivers. The mobile base is
connected to a Jetson Xavier NX, responsible for running the navigation stack
and managing additional camera drivers. Communication between these
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computational units is facilitated via a dedicated local network (Figure A.1).
A list of the hardware components used in the robotic platform is provided
in Table A.1.

a.1 robot platform

The ABB YuMi (IRB 14000) is a dual-arm industrial robot, each arm offering
seven degrees of freedom, specifically designed for tasks involving the assem-
bly of lightweight parts. Each arm is equipped with a two-finger gripper at
its end effector, and the robot has a combined payload capacity of 500 grams.
For this work, a ROS package for YuMi, adapted from the GitHub reposi-
tory yumi, is utilized to facilitate communication and programming. This
package enables control of the robot in joint space and provides interfaces to
operate the grippers either by applying a specified effort or positioning them
precisely.

a.2 sensors

(a) 3D model (b) Camera Mounted

Figure A.2: Realsense L515 Camera Mount. The 3D printed mount is connected to
YuMi with 4 screws on top and foam tape at the bottom. The position of
the camera makes it free from potential collision with YuMi itself.

A RealSense L515 camera is mounted on the chest of the YuMi robot to
provide a detailed view of the workspace. The L515 is a Light Detection and
Ranging (LiDAR) camera capable of delivering both RGB images and point
clouds. A custom-designed mount secures the camera to YuMi, as shown
in Figure A.2. This carefully chosen position ensures the camera remains
free from potential collisions while maintaining an unobstructed view of the
manipulation target.

https://github.com/kth-ros-pkg/yumi
https://github.com/kth-ros-pkg/yumi
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(a) 3D model (b) Camera Mounted

Figure A.3: Realsense D435 Camera Mount. The 3D-printed mount is clamped to
the gripper with screws and nuts. This design makes the camera easily
detachable and adjustable.

Two RealSense D435 cameras are mounted on the grippers of the YuMi
robot to provide supplementary visual information. The D435 cameras are
stereo cameras capable of capturing both RGB images and depth maps. These
cameras are securely mounted on the grippers using a custom-designed
mount, as shown in Figure A.3. This design enables easy detachment and
adjustment of the cameras, offering flexibility in capturing various viewpoints
during manipulation tasks.

a.3 hand-eye calibration

Hand-eye calibration is required to determine the transformation between
the robot and the cameras. For the chest-mounted camera, calibration is
performed by moving the gripper to various positions while capturing images
of a custom-designed marker board, which is tailored to be easily grasped
by the robot’s fingers. The gripper is moved to 15 distinct positions within
the workspace (Figure A.4a), and the corresponding gripper poses TRobot

EE

and marker board poses TCamera
Marker are recorded. The transformation matrix

TCamera
EE is then computed with MoveIt Calibration (Daniilidis, 1999).
For the gripper-mounted cameras, calibration involves maintaining the

marker board within the camera’s view while moving the gripper to different
positions (Figure A.4c). The gripper poses TRobot

EE and marker board poses
T
Gripper
Marker are similarly recorded, and the transformation matrix T

Gripper
EE is

derived using MoveIt Calibration.

https://github.com/moveit/moveit_tutorials/blob/master/doc/hand_eye_calibration/hand_eye_calibration_tutorial.rst
https://github.com/moveit/moveit_tutorials/blob/master/doc/hand_eye_calibration/hand_eye_calibration_tutorial.rst
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(a) Eye-to-Hand Motion (b) Eye-to-Hand Detection

(c) Eye-in-Hand Motion (d) Eye-in-Hand Detection

Figure A.4: Hand-Eye Calibration. Hand-to-Eye Calibration (Top): The gripper holds
a custom-made marker board and moves to different positions in the
workspace. The L515 camera captures images of the marker board, and
the board poses are recorded. Hand-in-Eye Detection (Bottom): The
marker board is located in the workspace, and the gripper moves to
different positions while keeping the marker board in view. The gripper
camera captures images of the marker board, and the gripper poses are
recorded.

a.4 mobile platform

To enable the robot to manipulate objects over longer distances—such as
tasks involving cable management in data centres—a mobile platform was
developed. The base of this platform is adapted from a Quickie Salsa M2

Mini wheelchair, with its seating components removed. The YuMi robot is
securely mounted onto the base using custom-designed steel connectors
(Appendix A.4.1). The YuMi robot is powered by a lead-acid battery and an
inverter. The full specifications of the components are listed in Table A.1. The
fully assembled platform is depicted in Figure A.1.

A.4.1 Base-Robot Interface

The YuMi robot is rigidly connected to the wheelchair base using custom-
designed steel connectors, as shown in Figure A.5b. These connectors are
designed to be easily detachable with the removal of a few bolts and screws,
allowing the robot to be separated from the base for maintenance or other
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(a) Connection Front View (b) Connection Side View

(c) Wiring Protection Cover Model (d) Wiring Protection Cover

Figure A.5: Base-Robot Interface. The YuMi robot is rigidly connected to the
wheelchair base using custom-designed steel connectors. A wiring pro-
tection cover is designed to shield the cables and wires powering the
robot and the base.

purposes. The routers, switches, and a powered USE switch, as well as the
connected cables and powering wires, are stored under the robot. To protect
these components, a custom-designed wiring protection cover is installed, as
shown in Figure A.5d.

A.4.2 Camera Module

To enable navigation for the mobile platform, suitable sensors are required to
perform Simultaneous Localization and Mapping (SLAM). A RealSense T265

camera is used as the odometry source due to its accuracy and ease of use,
while two RealSense L515 cameras are employed for mapping. A custom-
designed and 3D-printed camera mount provides fixed transformations
between the three cameras, as shown in Figure A.6. The cameras are connected
to a Jetson Xavier NX, which runs the navigation stack and additional camera
drivers, as shown in Figure A.1.
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(a) Camera Module Installed (b) Camera Module Model

Figure A.6: Camera module. The 3D model of the camera module and the assembled
product. The Realsense T265 provides odometry information. The 2

Realsense L515 on the sides are used for map construction.

A.4.3 The Navigation Stack

Figure A.7: RTAB-Map with Move Base.

With the camera module in place, the mobile base first needs to have an
understanding of its surroundings. For this, RTAB-Map, a SLAM approach
focused on 3D mapping, is employed. In the online mapping mode, the
system navigates through unexplored areas while constructing maps of
testing environments. Alternatively, the localization mode allows the robot
to use a pre-constructed map to determine its position within a known
environment. These modes provide the flexibility needed for both exploring
new spaces and operating in previously mapped areas.
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Figure A.8: Navigation system. The camera driver provides image data to Real-
Time Appearance-Based Mapping (RTAB-Map), which generates a map
of the environment. For pre-mapped environments, a map server is
used instead to provide the necessary spatial information. The Move
Base module utilizes the map and odometry data to calculate motion
commands, which are then sent to the wheelchair driver for execution.

To navigate the RNet-based mobile base, the R-Net CAN library is used
to send commands to the base. Control of the mobile base is managed by a
Raspberry Pi, which interfaces with the R-Net control system via a CAN-Bus
board. Through a web socket, the Raspberry Pi communicates with the Jetson
Xavier, where control commands a computed. A simplified representation of
the navigation system design is shown in Figure Figure A.8. The hardware
components used for the mobile platform are listed in Table A.1.

The navigation and path planning of the mobile base are handled using the
ROS Move Base package. This package receives a pose goal from user input
and computes a sequence of command inputs required to reach the target,
while avoiding obstacles in the environment. The Move Base package utilizes
the map generated by RTAB-Map and odometry data from the RealSense
T265 camera to calculate the motion commands. These commands are then
sent to the driver running on a Raspberry Pi, which interfaces with the
wheelchair’s R-Net control system.

a.5 hardware components

The hardware components used in the robotic platform are summarised in
Table A.1.

https://github.com/redragonx/can2RNET
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Table A.1: Hardware Components
Component Description

Robot ABB IRB 14000 YuMi

Camera Intel RealSense L515 x 3

Camera Intel RealSense D435 x 2

Camera Intel RealSense T265 x 1

Base Sunrise Medical Wheelchair Quickie Salsa M2 Mini

Base Control CAN-Bus Board for Raspberry Pi 3

Base Control Raspberry Pi 3 B

Network Switch D-Link Network Switch

Router GL.iNet GL-AR750

USB Hub StarTech.com 7 Port USB Hub

Battery RS PRO Lead Acid Battery 727-0398(12V100Ah)

Inverter Meanwell TS-700-212

Power Connection Ring connector for M8 + 8 AWG wire (6 mm2)

Base Computer Jetson Xavier NX

Robot Computer Jetson AGX Orin

Sensor Computer Intel NUC 12 Pro



B
G U M I : A B I - M A N UA L T E L E O P E R AT I O N D E V I C E

As introduced in Chapter 6, this chapter details the design and implemen-
tation of GuMi, a bi-manual teleoperation device developed for the ABB
YuMi robot. The chapter begins by describing the design principles and con-
struction of GuMi. It then provides the details of the hardware components
of GuMi. Finally, it introduces the ROS interface developed for seamless
integration with the teleoperation system.

b.1 device design

Designing a teleoperation device requires an analysis of the robot kinematics
to determine the optimal joint configurations. This analysis serves as the
foundation for designing the mechanical structure of the teleoperation device,
ensuring compatibility and effective control of the robot.

B.1.1 Calculating The Joint Configuration

(a) RViz model of ABB YuMi (b) Transformation between YuMi joints

Figure B.1: Joint Configuration of ABB YuMi in RViz and the transformations be-
tween the joints.
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In this section, the design process is demonstrated using ROS and RViz. The
joint configuration of the teleoperation device is derived from the kinematic
model of the ABB YuMi robot, as shown in Figure B.1a. By setting the joint
angles to zero, the transformations between the robot joints can be calculated.
An example of these transformations is provided in Figure B.1b. Setting
the joint angles to zero ensures that the teleoperation device mirrors the
robot configuration with all joints at their zero positions aligned. Using
these transformations, the Euclidean positions of the joints can be calculated,
enabling the following design of the device.

The transformations also provide the Euclidean distances between the
joints. These distances, along with the size of the motors, can be used to
determine the scale factor for the teleoperation device. The joint positions can
then be scaled accordingly, ensuring that the device movements correspond
accurately to the robot kinematic configuration.

B.1.2 Mechanical Design

Once the joint positions are calculated, the mechanical design of the tele-
operation device can be created using any Computer-Aided Design (CAD)
software. In this section, the mechanical design of GuMi is demonstrated
using AutoDesk Fusion 360.

(a) Motors positioned (b) Motor connection

Figure B.2: Motor positioning and connection in GuMi. The motors are positioned
according to the calculated joint positions.

Figure B.2a illustrates the placement of the motor models in the CAD
software based on the calculated joint positions. The configuration of the
motor positions demonstrates the resemblance to the configuration of the
actual robot, as shown in Figure B.1a, ensuring consistency between the
teleoperation device and the robot it emulates. Following the positioning of
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the motors, the design of mechanical connections between them can be carried
out. These connections are critical for transmitting motion and maintaining
structural integrity. An example of such a mechanical connection is provided
in Figure B.2b, highlighting an example of the integration of the components
in the design.

(a) Motor stopper (b) Motor alignment marker

Figure B.3: Motor stopper and alignment in GuMi. The stopper prevents the motor
from rotating more than the joint limits. The alignment provides refer-
ences for the motor positions.

Some additional features can be added to the mechanical design when cre-
ating the connections. During teleoperation, the robot needs to replicate the
configuration of the teleoperation device. Without physical constraints, the
motors can be rotated more than the joint limits, which can cause damage to
the robot or prevent the robot from performing the teleoperation commands.
To this end, Stoppers can be added to the motor connections to keep the
motor angles within the joint limits. Figure B.3a shows an example of a motor
stopper. At the initial stages, the teleoperation device typically needs to be
set to align with the robot configuration. This can be difficult since the teleop-
eration device does not have the same appearance as the robot. To properly
align the teleoperation device with the real robot, alignment markers can also
be added to the motors to provide references for the motor positions. This
can be achieved with small intrusions on the motor connections. Figure B.3b
shows an example of a motor alignment.

Although the electrical connections involve low voltage (5V), to prevent
potential risks of contacting sensitive skin areas (e.g. open wounds), or sparks
in the case of short circuits, the power circuits are protected with a wiring
box (Figure B.4). The box is designed to be clamped onto the main pillar. It
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(a) GuMi Circuits (b) GuMi Wiring Box

Figure B.4: GuMi Power Circuit Protection. Although the electrical connections in-
volve low voltage (5V), the power circuits are protected with a box to
prevent potential risks. The box is designed to be easily opened for main-
tenance.

can be easily removed from the teleoperation device with the clips from both
sides of the box for maintenance or other purposes.

Figure B.5: GuMi model. The supports are designed to allow the device to be
mounted on a table or a stand with a clamp. The right side shows
a rest support for the grippers.
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Once the mechanical connections are designed, the teleoperation device
is mostly completed. The supports for the teleoperation device need to be
considered in this stage. Common supports allow the device to be mounted
on a table or a stand with a clamp. Figure B.5 shows the final model of GuMi.

B.1.3 Gravity Compensation

Overall there are two types of gravity compensation methods: cheaper rubber
bands (Wu et al., 2023) and more expensive tool balancers (Zhao et al., 2024).
Also, the rubber bands are more flexible and can be easily replaced, it is
difficult to adjust the tension of the rubber bands properly for all scenarios,
especially when the robot has a high degree of freedom. The tool balancer on
the other hand, although restricts the movement of the teleoperation device
and is also not a perfect solution, can be adjusted to the weight of the tool
and it is easier to set up.

b.2 hardware components

Figure B.6: GuMi fully assembled. The device is 75% scale of the actual robot.

The model can be then 3D printed and assembled. Figure B.6 shows the
final product of GuMi. The device is 75% scale of the actual robot. It is con-
nected to an IKEA kitchen desk with two clamps. The gravity compensation
is provided by a tool balancer, which is attached to the shelf above the desk
through 2 RS PRO 20x20mm Aluminium Profile Struct.
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The hardware components of GuMi are listed in Table B.1. The servo motors
are equipped with high-resolution encoders which provide measurements of
the joint angles. The motors are connected with Dynamixel X3P Robot Cables.
The port sequence of the motors does not matter. The U2D2 is connected to
the computer through a powered USB hub.

Table B.1: Hardware components of GuMi
Component Description

Joint Motors Dynamixel XL330-M288-T

Gripper Motors Dynamixel XL330-M077-T

Motor Controller ROBOTIS - U2D2

Power Supply RS PRO 24W AC/DC Adapter 5V DR Output

Gravity Compensation Aeromotive RB2 Tool Balancer (0.5-0.9kg)

Fixation Kennedy 200mm F-Clamp

3D Printer Prusa MK4IS

Filament Prusa PLA Galaxy Black

b.3 calculating motor offsets

The motor readings are not always zero when the assembled links are at zero
angles. To compensate for this, the motor offsets need to be calculated. This
is achieved by setting the motor angles to zero using the alignment markers
and measuring the motor readings. The offsets are stored in the interface of
the teleoperation device and are subtracted from the motor readings.

b.4 gumi-ros interface

One of the most common ways to interface a teleoperation device with a
robot is through ROS. Inspired by Zhao et al. (2023), in the setup of GUMI,
the teleoperation device is connected to the robot through ROS positions
controllers. The ROS interface of GUMI publishes the current configuration
of the teleoperation device with the states of the grippers at 30Hz. The
commands are subscribed by the robot position controller which is then sent
to the robot.

Different from the ROS interface of the robot described in Appendix A.1.
For teleoperation, a YuMi ROS package ABB Robot Driver and a RobotWare
Add-In State Machine are used to communicate with YuMi and programme
its actions. ABB Externally Guided Motion (EGM) is used to control the robot.
It allows the robot controller to communicate with the computer through

https://github.com/ros-industrial/abb_robot_driver
https://github.com/ros-industrial/abb_libegm/files/10754679/ABB.StateMachine-1.1.zip
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User Datagram Protocol (UDP) connection. The default maximum speed
deviation is set to 180 degrees per second and motion supervision is disabled.
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C
S I M U L AT I O N W I T H U N I T Y 3 D

During the development of the robot simulation environment, Unity inter-
faces were created to communicate with ROS packages and Python scripts.
In this chapter, the Unity interfaces for robot simulation are presented. The
chapter is divided into two sections. The first section presents the Unity
interface to communicate with ROS packages. The second section presents
high-speed the Unity interface to communicate with Python scripts.

c.1 unity interface for robot simulation

ROS TCP Endpoint 

Arm Controller

ROS Connector

ROS Unity

Robot app

MoveIt

Unity Robot Client Gripper Controller

Joint State 
Publisher

Figure C.1: Unity ROS Interface Structure. The robot app contains the main process
of the robot behaviour. It sends motion requests to MoveIt which plans
the motion and sends the motion commands to Unity for execution. The
Unity interface communicates with ROS through a TCP/IP connection.

Unity developers have been trying to integrate Unity with ROS for robot
simulation and motion planning. ROS-TCP-Connector is a Unity package that
allows Unity to communicate with ROS. The package uses TCP/IP to send
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and receive messages between Unity and ROS. On top of the communication
package, Unity developers also created Unity Robotics Hub to facilitate the
development of robot simulation in Unity. The package provides a set of tools
and examples to use MoveIt for robot motion planning in Unity.

However, the logic that Unity Robotics Hub is not very intuitive for robot
developers. The package sets MoveIt as a planning server and all the planning
requests and main procedures are written in Unity. A robot programmer
might want instead use Unity only as a simulation environment that accepts
motion commands and sends state information to ROS. As a result, this work
presents an alternative Unity interface for robot simulation that allows users
to treat Unity purely as a simulator 1.

Figure C.2: Unity ROS Interface Demo. The robot arm motion is planned with MoveIt.
The demo moves the robot arm to grasp a simulated rope and drop it to
a target position.

The proposed Unity interface for robot simulation is shown in Figure C.1.
The robot app contains the main process of the robot behaviour. It sends
motion requests to MoveIt which plans the motion and sends the motion
commands to the Unity Robot Client. Unity Robot Client is a ROS Hardware
interface that communicates with Unity through a TCP/IP connection. The
Unity interface receives the motion commands and sends them to the robot
simulation in Unity for execution. The arm and gripper states are simultane-
ously published back to ROS for monitoring and control. Figure C.2 shows
a demo of the Unity ROS interface. The robot arm motion is planned with

1 This interface is open-source on https://github.com/HainingLuo/UnityRoboticsDemo.

https://github.com/Unity-Technologies/Unity-Robotics-Hub
https://docs.ros.org/en/melodic/api/hardware_interface/html/c++/index.html
https://docs.ros.org/en/melodic/api/hardware_interface/html/c++/index.html
https://github.com/HainingLuo/UnityRoboticsDemo
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MoveIt. The demo moves the robot arm to grasp a simulated rope and drag
it to a target position.

c.2 fast communication between unity and python with grpc

In some applications such as Reinforcement Learning (RL), the communica-
tion between Unity and Python needs to be fast. Using ROS communication
in this case may not be the most optimal solution. Google Remote Procedure
Call (gRPC) is a high-speed communication protocol that can be used to
communicate between Unity and Python. The gRPC package is available in
both C# and Python. However, due to the lack of support on HTTP/2 in
Unity, it has been difficult to use gRPC to communicate with Python.

From the Python or C++ side, the gRPC server can be set up easily by
installing the gRPC package and defining gRPC service in proto files. How-
ever, on the Unity side, the most recent available gRPC package is 1.14.1. The
package can be downloaded and imported into Unity. An example of the
gRPC client in Unity is the ml-agent package developed by Unity. However,
it is not very straightforward to use the package for general purposes.

One important note is that Unity can only be used as gRPC clients. The
nature of Unity as a game engine makes it difficult to handle concurrent
connections and high-throughput traffic. It is recommended to use Unity as a
client and Python as a server in gRPC communication.

c.3 simulating cameras in unity

Unity cameras are used to render simulation scenes from different perspec-
tives. The cameras have many parameters that can be adjusted to achieve
different rendering effects. This thesis presents a camera package that sup-
ports both RGB and depth cameras in Unity. The Unity side of the package is
implemented with C# scripts and shaders. The Python side of the package is
implemented with Python scripts. The package is released as a part of the
UniLace project.

C.3.1 Shader For Depth Cameras

Although commonly used in robotics, depth cameras are not natively sup-
ported in Unity. The machine learning package ml-agent developed by Unity
does not support depth cameras as well. This work develops a custom shader

https://www.nuget.org/packages/Grpc.Core/1.14.1
https://github.com/Unity-Technologies/ml-agents/tree/develop/protobuf-definitions
https://github.com/ImperialCollegeLondon/UniLace
https://github.com/Unity-Technologies/ml-agents/tree/develop/protobuf-definitions
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for depth cameras in Unity and transfers the depth images to Python as byte
arrays. Supporting scripts on the Python side can convert the byte arrays to
depth images for further processing.

(a) RGB Camera (b) Depth Camera

Figure C.3: RGB and Depth Camera in Unity. The depth camera is rendered with a
custom shader.

In the rendering process, Unity first decides the objects visible in the
camera view. Those objects occluded or out of the camera view are culled.
The rendering pipeline then calculates the 2D scene coordinates and the pixel
values, considering the lighting and shadows. In this process, shaders define
the appearance of the objects, such as the texture, reflection, transparency, or
complex visual effects.

A shader in Unity commonly includes two parts: vertex shader and frag-
ment shader. The vertex shader calculates the 2D scene coordinates of the
objects. The fragment shader calculates the pixel values of the objects based
on the output of the vertex shader. In this work, the vertex shader calculates
the depth values of the objects with respect to the camera. The fragment
shader then outputs the depth values as pixel values.

Real depth cameras often have noises in the depth images. The noises are
added to the depth images in the shader to simulate the real depth cameras.
The shader generates random Gaussian noises based on the pixel locations
and the depth values. The variance of this noise is controlled by a parameter
in the shader. A demo of the RGB and depth cameras in Unity is shown in
Figure C.3.

C.3.2 Camera Parameters

The camera parameters can be adjusted in the Unity editor. The parameters
define the intrinsic and extrinsic properties of the cameras. This section
presents a set of camera parameters that are commonly used. The open-
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source repository also supports modifying these parameters in the YAML
config file.

1. Resolution: This defines the resolution of the camera image. The reso-
lution of the image affects the quality and detail of the captured image.
It is important to note that the visible range of a camera is dictated by
the Field of View (FoV), as well as Focal Length and Sensor Size.

2. FoV: The field of view of the camera in degrees. The FoV is the extent
of the observable world that is seen given any moment.

3. Focus Distance: The distance from the camera to the point of focus.

4. Focus Length: The distance between the lens and the image sensor.

5. Sensor Size: The size of the camera sensor. The sensor size affects the
visible range of the camera.

6. Lens Shift: The lens shift of the camera. The lens shift is used to correct
the perspective distortion.

7. Clipping Depth: The near and far clipping planes of the camera. The
near-clipping plane is the closest distance that the camera can render.
The far-clipping plane is the farthest distance that the camera can
render.

Apart from the above parameters, the package also supports adjusting the
depth noise standard deviation and the frame rate of the camera. The depth
noise standard deviation is set to 0 by default. This parameter can be adjusted
according to a physical camera. For example, the Intel RealSense L515 has a
depth error rate of 0.25%, which can be converted to a standard deviation of
0.0025. The frame rate of the camera heavily affects the performance of the
simulation. This should be adjusted according to the computational resources
available.

C.3.3 Transferring Images Between Unity And ROS

The images are transferred from Unity to ROS as byte arrays and stored in
Image messages. The images are then converted to other formats for further
processing. It is important to note that the images are coded upside down in
Unity and need to be flipped before other conversions.
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