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Abstract

Adapting the Human: Human-Robot Interaction
Mediated by Wearable Technology and Augmented
Reality

To increase the adoption of industrial robot arms beyond large, fixed production lines, fast
and intuitive ways to program and interact with them is needed. Although related research
has been ongoing for years, intuitive interaction and programming systems tend to be
complex, expensive and inflexible. Especially when it comes to applications with increas-
ing number of robots, such solutions become exceedingly expensive and unfeasible. This
thesis proposes a paradigm shift in Human-Robot Interaction (HRI) systems, where the
majority of the intuitive interaction system is worn by the human, centered around a Head
Mounted Display (HMD). Modern HMDs provide a vast sensor suite capable of mapping
the environment, localisation, hand tracking, voice recognition and most importantly dis-
play of Augmented Reality (AR) "holograms". The specific use case is the programming
and interaction of industrial robotic arms, ranging from collaborative lightweight ones to
large, heavy-duty arms. Such a worn system would reduce the amount of sensors and
general hardware needed for HRI to zero. As all the sensors are worn by the human, inter-
action between a single human and multiple robots in a fenceless environment suddenly
becomes cost-effective and feasible. This thesis will show the development of several
components that such a wearable system requires as well as the final integrated system.
The thesis will present state of the art developments in mapping, robot cell setup, intuitive
programming, person tracking and HRI that went into the construction of the system. Al-
though the system was implemented on the Microsoft HoloLoens HMD, effort has been
put to make components flexible in regards to the HMD type and the sensors it carries as
much as possible. This often included developing multiple versions of the same compo-
nent working with different sensor or data inputs.

Keywords: Human-Robot Interaction, Augmented Reality, Robot Programming






Zusammenfassung

Um die Akzeptanz von Industrieroboterarmen iiber grof3e, fest installierte Produktionsli-
nien hinaus zu erhohen, werden schnelle und intuitive Moglichkeiten zur Programmierung
und Interaktion mit ithnen benotigt. Obwohl seit Jahren daran geforscht wird, sind intuiti-
ve Interaktions- und Programmiersysteme meist komplex, teuer und unflexibel. Vor allem
bei Anwendungen mit einer wachsenden Anzahl von Robotern werden solche Losungen
duBerst teuer und nicht mehr praktikabel. Diese Arbeit schldgt einen Paradigmenwech-
sel in der Mensch-Roboter-Interaktion (MRI) vor, bei dem der Grofiteil des intuitiven
Interaktionssystems vom Menschen getragen wird und sich auf ein Head Mounted Dis-
play (HMD) konzentriert. Moderne HMDs verfiigen iiber eine umfangreiche Sensorik, die
in der Lage ist, die Umgebung zu kartieren, zu lokalisieren, die Hand zu verfolgen, die
Stimme zu erkennen und vor allem Erweiterte Realitit (eng. Augmented Reality - AR)
"Hologrammedénzuzeigen. Der konkrete Anwendungsfall ist die Programmierung und In-
teraktion von Industrieroboterarmen, die von leichten, kollaborativen bis hin zu grof3en,
schweren Armen reichen. Ein solches getragenes System wiirde die Menge an Sensoren
und allgemeiner Hardware, die fiir HRI benétigt wird, auf Null reduzieren. Da alle Sen-
soren vom Menschen getragen werden, wird die Interaktion zwischen einem einzelnen
Menschen und mehreren Robotern in einer unzuginglichen Umgebung plotzlich kosten-
giinstig und machbar. Diese Arbeit zeigt die Entwicklung verschiedener Komponenten,
die ein solches tragbares System bendtigt, sowie das endgiiltige integrierte System.

Stichworter: Mensch-Roboter-Interaktion, Erweiterte Realitdit, Roboterprogrammierung
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1.1 Motivation

The number of industrial robot arms continues to grow rapidly worldwide. Although the
sales of Collaborative Robots (CoBots), such as the Kuka LWR [3], have seen a major
increase, the vast majority of sold robots are still standard industrial manipulators. These
robots are part of static production lines in large plants, and they are expensive and time-
consuming to reprogram. Therefore they are unsuitable for flexible production paradigms
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Figure 1.1: The current paradigm in robotics suffers from several issues. Left - Robot
programming is done mostly through classical programming in simulated en-
vironments. It is both unintuitive, as robots are spatial systems, and prone to
issues due to environment modeling errors and the gap between simulation
and reality. Right - Non-collaborative robot arms require heavy-duty fences
to separate them from humans or a vast sensor suit in the robot cell to ensure
the safety of the human coworker.

which are required for Small and Medium-sized Enterprises (SMEs) due to small batch
sizes [4], and to tackle increased product customization. Moreover, to achieve a truly
flexible system, the robot needs to be able to work alongside humans in a way that is safe
both for the human and the robot itself, without requiring heavy-duty security fences or
extensive sensor suites, which is the case with non-collaborative arms.

Thus, one of the most pressing issues, according to the Industrial Robotics chapter of the
Handbook of Robotics [5], is how to make robots easier to install and program, as well
as to achieve close HRI in a fenceless environment both with lightweight CoBots as well
as heavy industrial manipulators. Although there have been many attempts to solve these
issues, no holistic system has yet been developed. Furthermore, the systems attempting to
address the aforementioned issues require extensive fixed sensors and hardware, limiting
the application to specialized and expensive robot cells. Such cells are unfeasible to be
implemented in real-world applications. Firstly, they usually require extensive setup and
calibration, meaning that they cannot deal with a changing cell setup and only increase the
robot setup time instead of minimizing it. Secondly, due to the fixed nature of the system,
every single robot cell would need to have its own hardware installed. With increasing
number of robots, such an approach becomes prohibitively expensive.

This thesis proposes a paradigm shift, where devices for intuitive robot programming and
HRI systems are worn by the human coworkers themselves. The worn system requires
minimal calibration that can be done in a matter of minutes. It is also able to achieve
everything that more complex systems can - cell setup, intuitive programming, person
tracking and HRI. Finally such a system is completely portable. This means that a hu-
man wearing it can interact and program multiple industrial robots without the need for
specialized hardware in every single cell.

The central component of the system is the Microsoft HoloLens HMD. This device fea-
tures an extensive sensor suite, multiple interaction modalities, and the ability to fuse the
real and virtual worlds through AR. It is already foreseen that AR will have a major eco-
nomic impact on the industrial sector and wider, with an estimated market share of 4.7
billion dollars in the engineering sector alone (according to Lumus). The possibilities of
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Figure 1.2: In the proposed system, the human would interact with the robot arm in a
fenceless environment, with all the interaction and safety systems worn by
the human. The programming would be graphical and spatial (in full 3D)
making it more intuitive both for experts and lay users.

AR in improving interactions between robots and humans, particularly for robot program-
ming, has already been well documented [6]. Additional wearables, such as IMUs are
used to provide a level of safety and to extend the range of applications. Although this the-
sis does not develop certifiable safety hardware, a Safety Vest (SV) system such as the one
developed by Koncar for the SafeLog project (https://www.koncar—-institut.
hr/en/content-center/projects/safelog/) could easily be integrated. It
uses Ultra-wideband (UWB) ranging hardware and safe, real-time computing to accu-
rately measure distances between the vest and a robot and engages the emergency stop
should the human get too close. This would require very minor modifications of the robot
arm. This safety vest has already been declared safety-certifiable by TiiV Nord.

Throughout this thesis the terms robot, robot arm, industrial robot or manipulator are
used. In the context of this thesis they all refer to static articulated robots with six or
seven rotational joints in a chain (one after another as opposed to parallel).

1.2 Contributions

The goal of this thesis is to develop an intuitive programming and interaction system for
industrial robot arms based on the Microsoft HoloLens HMD. It should support the user
in every step of using the robot - from setting up the robot cell, to programming the robot,
to interacting with it in a safe and intuitive manner. Although previous research has gone


https://www.koncar-institut.hr/en/content-center/projects/safelog/
https://www.koncar-institut.hr/en/content-center/projects/safelog/

1 Introduction

into specific areas of AR-based HRI, such as programming for example, to the best of the
author’s knowledge, no such holistic system has been proposed or developed.

Furthermore, the system should be fully portable and not require any fixed hardware be-
yond what the robot needs to perform its tasks. No extensive calibration will be required
beyond the initial referencing between the robot and the HMD. Again, to the best of the
author’s knowledge, this has not been achieved before.

The developed system consists of three main hardware parts. The HoloLens HMD, a
desktop computer, and an industrial robot arm. The HoloLens is connected to the com-
puter via a wireless network. The HoloLens streams sensor data to the computer which
runs most of the computation and returns to the HoloLens data to be visualized. Mean-
while the computer is also connected to the robot controller via an Ethernet cable and is
responsible for sending control commands to the robot arm and receiving the status of the
robot (the current joint rotations).

The system requires that these connections are setup and configured properly. It also
requires a 3D model of the robot arm and a robot description file (specifically an Universal
Robot Description File (urdf)). The path planner that is used to generate robot trajectories
also requires a setup step. This is done through a Graphical User Interface (GUI) and is
based on the previously mentioned robot model and description file.

The proposed system consists of several building blocks, most of them proposed and
developed for the first time:

* Mapping of the robot arm’s working environment via HMDs.
* Methods of referencing between a HMD and the robot arm.
* Setup of robot cells with HMDs - defining obstacles and safety zones.

* AR-based robot programming through waypoints, robot-agnostic hand guidance or
inside-out tool tracking via Infrared (IR) markers.

* Inside-out tracking of humans inside robot working cells.

* HIE based on HMD during Human-Robot Collaboration (HRC).
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Figure 1.3: The building blocks of our system. Mapping is the first step. It generates a
map that is then used to find the robot and calculate coordinate transforms in
the referencing block. The coordinate transform and the map are then used to
define the robot arm working environment in the setup step. In the program-
ming step various methods may be used to define the desired trajectory of
the robot arm. Finally in the interaction step, the human is tracked and their
intention estimated for a safer, more intuitive collaboration with robot arms.



1.3 Outline

1.3 Outline

This thesis is split into chapters covering the specific system building blocks, with each
chapter aiming to be as standalone as possible. Chapters 2 and 3 present the basics for
the rest of the chapters. Each other chapter has its own introduction, state of the art and
experiments to provide the validity of the implemented paradigms.

Chapter 2 deals with the basics of AR and HMDs, as well as presenting the hardware
and software packages used in this work for robot interfacing, path planning, point cloud
processing etc.

Chapter 3 deals with methods to generate a map of the environment using the HMD’s
sensors and how to obtain a robust coordinate transformation between the HMD’s and the
robot’s world coordinate systems. This is the basis for the other interaction paradigms
presented in this work.

In Chapter 4, methods to quickly setup the robot working environment, meaning defining
all static obstacles and safety zones using a HMD will be presented first. After the robot
working environment is properly configured, different robot programming methodologies
can be implemented. These include defining trajectories through holographic waypoints,
by hand guidance or through various tools, tracked by the HMD itself.

Chapter 5 describes methods to track the human coworker inside the robot working
environment and to estimate their intentions. Knowing the precise location of the hu-
man coworker is paramount for a safe HRI system, especially when dealing with non-
compliant manipulators. Estimating the intention of the human allows the robot to predict
the next actions of its human coworker, adapting its trajectory and workflow.

Chapter 6 presents the holistic system concept, the implementation of components, the
interaction between the components and the workflow of the system.

Finally, Chapter 7 presents the summary of this work, the overall evaluation, the issues
and open points as well as the possible improvements. At the end an outlook with future
research directions is presented.
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This chapter will present the basic of AR, both theoretically and technologically, present
the hardware of the HMD used in this thesis - the Microsoft HoloLens, define what are
wearables and present the basic programming tools and libraries used to implement the
system.



2 Basic Concepts and Tools

2.1 Augmented Reality - Concepts and Application
to Human-Robot Interaction

AR itself is best explained using the Reality-Virtuality continuum, defined by Milgram
[1] in 1994 and depicted in Fig. 2.1. AR starts by adding digital information into the real
environment. Meanwhile adding information from the real world into a virtual scene is
call Augmented Virtuality (AV). VR is a form of visualising a pure virtual environment,
however modern VR hardware is often placed in the realm of AV as it usually some
real world data as well (boundaries of the tracking area and hand or controller pose are
the most common). Mixed Reality (MR) groups both AR, AV, while eXtended Reality
(XR) is a catch-all term for AR, AV, and VR. In common use these definitions are often
misused, with MR sometimes describing AR or XR, and glsAV commonly not being
mentioned outside the research communities.

| Mixed Reality |

L 1
bl |=:> {.‘=| 1
Real Augmented Augmented Virtual
Environment Reality (AR) Virtuality (AV) Environment

Reality - Virtuality (RV) Continuum

Figure 2.1: The Reality-Virtuality continuum as defined by Milgram in [1]. VR is posi-
tioned at the far right

Other definitions also exist. For example, Azuma [7] defines AR as a system that posses
three distinct elements. Firstly, it combines real and virtual elements in a real environment,
like the definition from Milgram. Additionally it runs interactively in real time and it
registers real and virtual elements with each other. The third point requires interaction
with the environment and therefore having mapping and localisation capabilities. By that
definition, if lacking localisation capabilities, the AR device just becomes a Heads-Up
Display (HUD).

AR has been used in robotics almost since its inception [8]. With the advent of feasi-
ble commercially available HMDs the field grew exponentially and it is now quite well
established. Though relevant papers in the field will be presented in the appropriate sub-
section, it is opportune to direct the viewers to survey papers showing the whole breadth
of research in the field.

The Reality-Virtuality Interaction Cube [9] was proposed as an extension of the Reality-
Virtuality continuum for HRI. This classification extends the 1D continuum by adding
two additional dimensions representing the expressivity of view (EV) and flexibility of
controller (FC). Expressivity would denote how expressive or intuitive the additional data
provided by the MR system is. In that sense, a simple logging of data will provide low
expressivity, while new features, surveys, and visualisation of the data will provide a high
one. The flexibility of controller indicates how well the MR system lets the user influence
higher level behaviours of the system without the need for defining low-level commands.
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2.2 Augmented Reality Hardware

Conversely, it will be low if one provides e.g. direct joystick command, while it will be
high if one is able to influence the higher-level beliefs and intentions.

Walker et al. present a full taxonomy of HRI based on VR,AR and MR systems [10].
The taxonomy is based on the the type of interface implemented, and is divided into four
main categories of virtual design elements: virtual entities, virtual alterations, robot status
visualisation and robot comprehension visualisation. An interactive taxonomy framework
for many of the works relevant to this thesis, including those of the author, are available
under: https://vam-hri.mybluemix.net/#/.

Suzuki et al. present an impressive survey of 460 papers between the years 2000 and
2021 concerning the joint use of AR and robotics [11]. The papers are classified and
evaluated based on eight criteria: I) Approach - location of AR device and weather the
robot or the robot’s environment is augmented II) Characteristics of augmented robots -
form factor (arms, drones, humanoid etc.), number of humans vs. the number of robots,
size of the robot, proximity of human-robot interaction III) Purpose and benefits - support
programming, support real-time control, improve safety, communicate intent, increase ex-
pressiveness 1V) Presented information - internal (robot status and capabilities), external
(object status and sensor data), plan and activity or supplemental content V) Design Com-
ponents - Uls and widgets, spatial references and visualisation, embedded visual effects
(anthropomorphic effects, virtual replicas and texture mapping effects) VI) Interactions
based on the level of interactivity (only output, explicit, implicit indirect, implicit direct)
and modalities (tangible, touch, controller, gestures, gaze, voice, proximity) VII) Appli-
cation domain and VIII) Evaluation strategy. The paper presents the findings of the survey
as well as future opportunities.

2.2 Augmented Reality Hardware

Implementing the concepts discussed in the previous section can be achieved in several
different ways. The discussion will be centered around around the different ways of over-
laying digital data to the real world, shown in Table 2.1 (The original table was presented
by Hirokazu Kato during the second VAM-HRI workshop [12]). The implementation is
divided by portability (head-mounted, handheld or static) and by the display technology
(optical see-through technology, camera-video pairs also called video see through, and
projectors). For each portability and display technology benefits and disadvantages are
listed. For each combination the availability of such technology is also shown.

Static systems benefit from lack of restrictions in regards to weight and size. On the other
hand, though such systems are appropriate for specialised work cells, they are immobile
and scale poorly with the number of robots.

Static video see-through systems were the first AR systems to be used in robotics. Mil-
gram proposed a video see-through system to help human operators during robot teleop-
eration task in 1993 [17]. This consisted of a stereo camera system in the robot working
environment which could provide depth information to the operator such as a virtual tape
meter that can then be used between two virtual pointers or a pointer and the end-effector,
as well as a virtual tether between the pointer and the end-effector to help guide the op-
erator. This was extended in [18] to include a stereoscopic display. Such systems were
also intended to be used for telemanipulation tasks on the international space station [19]
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Table 2.1: Overview of different types of AR technology with availability, benefits and
limitations. Note that this is not confined to robotics but general AR systems,
just to display technological availability, benefits and challenges.

‘ ‘ Optical see-through Video see-through Projector ‘ ‘
HMD HoloLens HTC Vive Pro Rare, research [13], [14] | ﬁj‘;‘lﬁgﬁﬁiﬂfe
Handheld Conceptual Smart Phones Rare, research [15], [16] | MOV TPt technique
Static HUDs Any camera and monitor most projectors * Mﬁ;ﬁlﬁigim

+ Natural Observation + Easy Composition + Fit for Surfaces
- Difficult Calibration, - Image Quality - Surface Colour,
Transparency Bright Environments

and in nuclear rectors [20]. More recently such telemanipulation tasks are usually cou-
pled with a VR headset to give full and immersive 3D representation of the environment,
such as in our paper [21] where the user is presented with a full, real-time, 3D view of
the environment which can also be extended with other information. A recent proposal
in [22] is too use two cameras and a two screens on a large-scale telepresence robot for
mixed in-person and remote meetings. Though effective at telemanipulation tasks, such
implementation is unsuitable for the goal of enabling HRI in shared spaces.

On the other hand, static projector-based systems have a long history of being used in
shared human-robot environments. These where usually combined with motion capture
systems to track pen-like input devices to define collision free spaces [23], planning and
editing trajectories [24], and digitisation of objects (scanning of surfaces) [25]. The major
downside of such system is that they are innately immobile. This could be mitigated by
automatic, adaptive calibration approaches and easily movable hardware. Still such an
approach is quite cumbersome.

Static, optical see-through displays found their use as HUDs in vehicles. There is currently
no research on the use of such systems in robotics, however the system would suffer from
all of the previous drawbacks mentioned for static systems.

Handheld systems are portable and may be used to interact with different robots. They
suffer from the restrictions of weight and size inherited from their portability and the fact
that hands are required to hold and interact with them.

Handheld systems are mostly relegated to video see-through devices, consisting almost
exclusively of smartphones and tablets using purposely built AR Software Development
Kits (SDKs) such as ARCore or ARToolkit. These tool kits have seen increased develop-
ment providing ever improved capabilities. At the end of 2019, ARCore announced the
introduction of spatial mapping capabilities, bringing smart phone based AR closer to ca-
pabilities of HMDs, if still not as precise. Smart phone based AR is particularly adapted to
interactions in home and service robotics due to the ubiquity of such devices. For example
Sprute et al. have proposed the use of a tablet to define no-go zones for vacuuming robots
[26], [27]. Although the researches originally used a Google Tango device equipped with
a depth sensor, the needed capabilities are already available in newer editions of SDKs.

See-through handheld displays are being researched by smartphone companies, most no-
tably Samsung, but none are available at the moment of writing.

Handheld projectors are interesting for collaborative AR interactions [15], [16] as it comes
out of the box. Some research has gone into developing HRI using handheld projectors,
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be it for games [28], mobile robot commands [29] or general smart home device control
[30]. The interaction through handheld projectors are somewhat more complex and cum-
bersome than other methods as they lack an intractable screen. Moreover still suffer from
the common problem of handheld devices - the hands are not free to perform tasks.

Head mounted devices, HMDs, are fully portable and provide intuitive display of informa-
tion while keeping hands free to manipulate objects, although hands are also commonly
used to interact with the device.

Head mounted projectors, similar to the hand-held versions, have the innate advantage of
on-site hologram sharing and collaboration. On the other hand they suffer from the stan-
dard deficiencies of projectors - bad performance in bright environments and dependency
on surface geometry and color. This technology is currently being developed by some
research groups, such as the devices by Rolland ef al. [14] and Cortes et al. [13]. As such
they didn’t see much use outside the communities developing the device.

The first generation of head mounted video see-through devices where VR headsets adapted
with stereo-cameras such as the ZED Mini to display the input of the two cameras mixed
with virtual elements. These devices had outside-in localisation, meaning that it used ex-
ternal sensors to localise itself. These devices where also tethered and thus had limited
work spaces. Since then stereo cameras have been integrated into the devices themselves.
Most headsets can also now be equipped with wireless adapters. Although outside-in
tracking is still used to to higher precision, some devices such as the Microsoft Mixed Re-
ality Headset family of devices demonstrated complete inside-out tracking, although the
device itself was tethered. Such devices can also display any combination of virtual and
real elements from the RV-continuum. Although this work used HMD with optical see-
through displays all of the developed concepts and modalities can easily be implemented
in any wireless VR headset possessing a stereo camera and inside-out localisation. One
downside is that, unlike optical see-through displays, the real-world information is cap-
tured through cameras and displayed on the screen, meaning that the field of vision and
user comfort is somewhat diminished.

Head mounted optical see-through displays have progressed significantly since the first
Google Glass release in 2013. Google Glass didn’t possess localisation or spatial map-
ping capabilities and had a single optical combiner, meaning 3D holograms couldn’t be
generated, relegating the device to a HUD. With the introduction of Microsoft HoloLens
and later Magic Leap One full localisation and mapping capabilities, as well as optical
elements capable of producing truly 3D holograms has been achieved. These devices are
also untethered, integrating all the needed hardware on-board. This means that in theory
they have an unrestricted work space, although they are not guaranteed to perform well
outdoors. This restriction doesn’t impact the concepts and the algorithms proposed in
this work. The newest generation of HMDs such as the HoloLens 2, improve the field of
view where the holograms can be projected as well as providing better resolution cameras
and depth sensors. In addition full hand skeleton tracking as well as eye tracking was
added. In this work, the first generation of HoloLens was used, though the concepts can
be easily migrated to the newer generation of the HoloLens. Though most of the presented
methodology is not dependent on the generation of the device, the applicability of the new
features present in HoloLens 2 will be discussed in relevant sections, when applicable.

In conclusion, although many different combinations of hardware exists to implement
augmented reality interactions in a robot working cell, only optical see-through devices
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provide the portability, flexibility and capabilities to implement the desired system while
not hindering the worker in the execution of their tasks.

2.3 Microsoft HoloLens

This section aims to list the hardware and general capabilities of the Microsoft HoloLens
that are most relevant to the presented work. This will cover the sensors, displays and
general Human-Machine Interface (HMI). The HoloLens is an untethered, head worn
device. The see-through display based on optical waveguides allows digital objects to
be blended with the real world perceived through the see-through display. The device is
able to construct a 3D map of its operational area and to know its location inside the map
itself. The HoloLens can detect five hand gestures as well as voice commands, which can
be used to interact with the device itself

2.3.1 Sensors and Data

A detailed review of the overall sensor capabilities and the precision of each sensor is
presented in [31]. A short overview of the sensors, their inbuilt function and their output
data is visible in Table 2.2. Their location on the device can been seen in in Fig. 2.2.

Table 2.2: The sensors of the Microsoft HoloLens, their inbuilt functionality, the data
output and the FPS of each data stream.

Sensor | Inbuilt Functionality | Data | FPS |
IMU Localisation N/A N/A
4 Wide-angle Cameras Localisation 6-DOF Location 30
Grayscale Image 30
RGB Camera Mixed-reality video capture | 1.2 Mega Pixel RGB Image | 30

Short-throw Reflectivity Image | 30
Short-throw Depth Image 30
Long-throw Reflectivity Image | 1-5

Time of Flight (ToF) Depth Sensor E“V‘Prl‘)“;“%m l\lf_appmg Long-throw Depth Image | 1-5
and Hackins 3D Hand Position 30

Gesture 30

Spatial Mesh >1
4 Microphones Voice Commands Audio N/A
Ambient Light Sensor Adaptive Brightness [llumination N/A

As one can see the amount of sensor data is considerable, allowing the use of numerous
different algorithms. Unfortunately the raw data of the IMU remains unavailable. Most of
the sensor data was only made available with the introduction of the research mode. Here
several examples of how to leverage these sensor data will be presented.

The most obvious is leveraging the localisation capabilities of the device. The tested lo-
calisation accuracy of the HoloLens is around 2cm. We arrived to similar error estimation
both in autonomous warehouses [32], by estimating hologram error and referencing [33]
and by tests with infrared marker tracking [34].

14



2.3 Microsoft HoloLens

depth camera

HoloLens image sensors
short and long-throw IR illuminators

4 gray-scale cameras

L———— Color video camera

Figure 2.2: HoloLens cameras, including the depth sensor. Sensors also include an IMU,
not pictured here. Taken from the Microsoft research blog [2]

These results were also corroborated by [31]. The localisation feature is used to keep
the virtual holograms in the same position in relation to the HMD. Provided a coordinate
transform between the HMD’s coordinate system and the coordinate system a real world
object exists, holograms can be overlaid on real objects. The exact methods of obtaining
coordinate transforms will be discussed in Chapter 3.2. If the real world object is an
industrial robot, the position of the user in the robot coordinate system can be tracked
inside-out, which is paramount for secure HRI.

The four environmental cameras, together with the IMU, are used as the basis for the in-
built Simultaneous Localization And Mapping (SLAM) algorithm that allows the HoloLens
to localise itself. These can also be used to reconstruct the 3D environment, using Struc-
ture from Motion (SOM) and/or disparity mapping from stereo camera pairs. They can
also be used for other machine vision application, e.g. object recognition, though the
Red-Green-Blue i.e. Colour (RGB) camera is most commonly used in that area.

The filtered reflectively streams are the basis of calculating the depth streams, which the
device does on its own. Interestingly this stream may also be of use in tracking IR markers
on tools or robots, that are themselves lit by the IR emitters of the depth sensor on the
device itself.

The depth stream, together with the device location, can be used to create the point cloud
of the environment from scratch. The short-throw depth stream is particularly useful for
hand tracking.

The RGB camera is most useful for object detection, adding color information by com-
bining the color data with the depth stream, and finally may be used for hand tracking by
algorithms that rely on RGB data to patch the issue of the HoloLens only tracking four
gestures.

The spatial mesh itself can be used as yet another source of the environmental point cloud
through mesh sampling.
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The hand tracking can be used to track the position of the hands in the HoloLens coordi-
nate system. This can be useful e.g. as a way to track the users hands during proximal
HRC. Though newer devices such as the HoloLens 2 offer better hand tracking capabil-
ities including full skeleton tracking, the 1st generation of the HoloLens tracks only 5
gestures. Still this capability was use as a proof of concept for the applicability of hand
tracking in HRI and can be easily adapted to newer hand tracking methods.

2.3.2 Inputs

The following input modalities are supported: gaze, gestures and voice commands. Newer
devices such as the HoloLens 2 also include eye tracking as a possible input modality.

Gaze is simply the middle-point of the Field of View (FoV), where the cursor is located.
The location of the cursor combined with gestures indicates which virtual object is inter-
acted with. The gaze itself can also be used to locate the focus of attention. For example a
persistent gaze at a digital twin of a robot can invoke a window with the current task data
that the robot is performing. Newer devices may offer eye tracking capabilities which
could than be used instead of the gaze for better performance.

The HoloLens 1 supports only five gestures: bloom, ready, tap, hold and drag. The bloom
is used to to invoke the main menu and exit apps. Therefore it is normally not usable. The
ready gesture is performed by closing all fingers except the index finger which should be
pointing towards the ceiling. Lowering and quickly raising the index finger performs the
tap gesture which would be a left mouse click on classical computers. Holding the index
finger down performs the hold gesture, which is again equivalent to holding down the left
mouse button. The drag gesture is performed by moving the hand while performing the
hold gesture and is again equivalent to the mouse example. One thing to note is that the
HMD only tracks gestures and not the hands themselves. If full hand tracking is needed it
should be implemented with a separate algorithm based on camera or depth sensor input,
or a newer device can be used.

Regarding voice commands, the HoloLens supports a speech to text engine to execute
specifically define actions e.g. "Launch" to launch an application, "Take a picture" to
make a mixed reality screenshot etc. These commands are mapped one to one and there
is no language understanding capabilities.

2.3.3 Data Display

Two main ways to display data to the user exist - holograms and spatial sound. Holograms
are digital objects perceived in 3D from stereo image pairs produces by optical waveg-
uides. The waveguides not only transmit the picture but also let ambient light through,
allowing for the mixing of real and digital worlds. This technology has the issue of re-
ducing the FoV The FoV of the HoloLens is perhaps its biggest drawback, being only 30°
horizontal and 17.5° vertical. This has already been improved by both Magic Leap One
(40°x30°) and HoloLens 2 (43°x29°).

The spatial sound can create a virtual, moving source of sound through the use of the
speaker array.The source of the sound will be perceive as moving by the user, both in
direction and distance. This can be a very useful addition to deal with the limited FoV
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when applicable. An example here would be to position a spatial sound source on the
end-effector of an industrial manipulator so that the user knows its location even though
they cannot see it.

2.4 Wearable-based HRI

Wearables is a shorthand term for wearable computers. Any device that is worn on the
body that possesses computational capability may so be defined as a wearable. Modern
wearables ubiquitously possess sensors and communication capabilities. Likewise, in this
work, wearables will need to possess these capabilities as they need to interact with each
other to form a system.

The use of wearables to interact with robots became significant with the modern devel-
opment of smartphones and smartwatches. Being able to use "off-the-shelf" components
greatly increases the flexibility and adoption of such systems, while reducing cost.

A generic wearable system to interact with robots was never proposed, however Kemp
[35] did envision a future where wearable computing and sensors would allow the robots
to experience the world through the human perspective, thus facilitating robot learning.
Although in this work wearables are not generally used to teach robots through deep
learning, the main concept of bringing the robot and human perspectives closer together
is an important one. In this work the robot not only gets useful data from the human
perspective, but also vice-versa, the human gets useful data from the perspective of the
robot. In that sense the wearable system acts as a translator between machine-readable
and human-readable data.

2.5 Software Libraries and Packages

To implement the entire system, a large number of different software packages and li-
braries were used. In this section the most generic ones, used virtually in every applica-
tion, will be listed. They represent the state of the art in the sense that these libraries are
likewise used in the vast majority of other papers. More specific application-dependent li-
braries and packages will be mentioned in the Implementation sections of their respective
chapters. The list here doesn’t represent the only possible choices of components. For
instance the Unreal Engine can be used as the 3D engine for the AR visualisation instead
of Unity3D.

Unity3D is perhaps the most popular SDK and engine for developing computer games,
3D visualisation and mixed reality applications. It supports both 2D and 3D applications
and allows applications to be deployed on various platforms. In this work, Unity was
used to implement all of the visualisation components on the Microsoft HoloLens. To-
gether with Microsoft’s Mixed Reality Toolkit (MRTK) it is possible to interact with the
localization and environmental map of the HoloLens itself. The Student and personal edi-
tions of Unity3D are readily available to download: https://store.unity.com/
#plans—individual.
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The MRTK was originally develop by Microsoft as a set of tools for developing HoloLens
applications using the Unity3D game engine. Over the years this has been extended to in-
clude Windows Mixed Reality Headsets, HoloLens 2 as well as support for other devices
such as the Meta Quest. Using MRTK allows: implementation of GUIs, holographic
overlays and objects; use of voice commands; interaction via hand tracking and ges-
tures; accessing the spatial mesh. It also offers communication capabilities with other
devices, such as desktop PCs. To access raw sensor data and implement machine vision
algorithms, HoloLensForCV, which will be described in the following subsections is also
necessary. The package is available under: https://github.com/microsoft/
MixedRealityToolkit-Unity.

OpenCYV is a collection of libraries intended for computer vision - processing and analysing
images. The applications range from object detection to gesture recognition, structure
from motion, ego-motion detection etc. It is an open-source cross-platform collection
written in C++. In this work OpenCV is mostly used as part of the HoloLensForCV
to process and work with the raw camera data produced by the HoloLens, be it grey-
scale, RGB or depth. To offload some computational weight it may also be implemented
on a desktop PC to which raw sensor data is streamed. The repository is found under:
https://github.com/opencv/opencv.

HoloLensForCYV is a collection of libraries based on OpenCV intended to ease the access
to the HoloLens’ image sensors (the RGB and grayscale cameras as well as the ToF depth
sensor) and visualize their data. Some basic image processing is also available. The pack-
age can be found here: https://github.com/microsoft/HoloLensForCV

The ROS is not a standard operating system per se, but a collection of software frame-
works intended to act as middleware when developing robotic applications. It contains
hardware abstractions, low-level device control and communication between heteroge-
neous processes, as well as an open-source collection of most commonly used algorithms
and interfaces. It is built for use on Unix operating systems. An important considera-
tion is that ROS doesn’t naively provide real-time capabilities, though it is possible to
integrate it with real-time code. This was addressed with ROS 2 which offers real-time
and embedded code support. Throughout this work only the original ROS will be used.
The latest distributions of ROS can be found under: http://wiki.ros.org/R0OS/
Installation.

As already mentioned, ROS possesses numerous software frameworks and here some of
the most ubiquitous ones will be mentioned - RViz is a highly customizable 3D visualiza-
tion framework able to visualize objects, robot geometries, paths, joint states, sensor data
etc.

Movelt is a software framework dealing with robot kinematics and dynamics as well as
path and action planning. Scenes containing all the objects in the robot’s workspace can
be loaded and collision free paths planned. Time parametrization, planning constraints,
integration of 3D sensors, multiple arm support etc. are all also available.

ros_control is a set of packages that include controller interfaces, controller managers,
transmissions and hardware interfaces.

tf2 is a server that keeps track of all the coordinate frames and allows easy transformation
between them.
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2.6 Conclusion

The urdf is a robot description language intended to ease the definition of geometries,
visual meshes and collision meshes of robots. In addition, objects in the robot workspace
can also be defined.

The ROS Bridge package provides interfaces with processes running on different ma-
chines or operating systems. It is used to support communication between the HoloLens
and the desktop computer.

ROS# (ROS Sharp) is a collection of libraries in C# developed by Siemens for inter-
facing ROS and ".NET" application, particularly Unity. It contains, for example, ROS
topics implemented as classes, publishers, subscribers and autonomous generation of
robot models in Unity from urdf files. The repository can be found here: https:
//github.com/siemens/ros—-sharp

The Point Cloud Library (PCL) is a collection of libraries that provides numerous ways
to process point clouds and depth information. this includes generating point clouds
from stereo and depth sensors, registering different frames, object detection and corre-
spondence matching, outlier removal etc. It can be found for download here: https:
//pointclouds.org/downloads/

2.6 Conclusion

In this chapter we endeavored to answer the question "What is AR?" and how does it
relate to similar concepts such as VR and MR. The categorisation of interactions between
robots and humans using MR has also been shortly presented. Next we described how it
is possible to implement AR using different technologies, most of them readily available
off the shelf, such as HMDs and smartphones. We argued our choice of using a HMD
to implement the proposed system. We described the capabilities and hardware of our
HMD of choice - the Microsoft HoloLens. We then briefly discussed how other wearable
technology might be used to supplement the capabilities of HMDs. Finally we introduces
the software packages and libraries that were ubiquitously used in the development of the
components necessary to achieve our vision of a portable end-to-end HRI system. The
next section will present the first major building block of the envisioned system, namely
how to map the environment using the HoloLens and find a coordinate transformation
between the robot’s frame of reference and the frame of reference of the HMD.
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Conclusion

In the previous chapter we presented the basics of AR as a concept. We then described
different possible implementations of AR in hardware. From the available possibilities we
chose to use a HMD, the Microsoft HoloLens. We then quickly went through the standard
software packages used to develop HRI based on HMDs.

This chapter will cover methodologies of obtaining a map of the environment in the form
of a point cloud from the sensors of the HoloLens. This map is not only of use for the
HMD, but can also be shared with the industrial robot as an additional sensory input.
Knowing the location of both the robot and the HMD in the joint environment, as well
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as the coordinate transformation between them, is paramount for any robust interaction
modality.

First, we will describe how to obtain a usable map of the environment from the HoloLens.
This map will then serve as the basics for the referencing, workspace setup and robot
programming blocks. Focusing then on referencing, we will give a very short overview
of how this problem is solved in the wider robotics community. Then we will present the
state of the art in referencing between an HMD and a robot to have a baseline and show
how the methods which will be presented here differ from other published methods.

We will then present several algorithms we developed for referencing and describe differ-
ent tests to estimate the quality of our referencing algorithms.

3.1 Mapping

Mapping refers to the ability of constructing a usable map of the device’s environment.
Maps can take many different forms, they may be 3D or 2D, they may be discrete, they
may contain semantic information, etc. In this work maps will be 3D representations of
locations of solid objects in the environment - walls, floors, tables, robots and so on. This
may take the form of a point cloud, basically a collection of points each belonging to a
solid object, or a voxel grid which represents the environment as a grid of cubes, with
each cube either containing a solid object or not.

Mapping is the first step in our system as the map of the environment is the basis for
the coordinate transform and workspace representation used in virtually all the later com-
ponents. The user walks around the workspace of the industrial robot (while the arm is
static) to build up the map of the environment. We also assume the scene is completely
static at this point. This process can be repeated multiple times, but once finished, no
other step will change this basic map. An example of a workspace of a robot can be seen
in Fig. 3.1.

3.1.1 HoloLens Mapping Capabilities

In Section 2.3.1 we have already mentioned that the HoloLens has in-built depth sensors.
These sensors are used by the HoloLens to create a 3D mesh representation of the envi-
ronment. This mesh is accessible using Unity and MRTK (Sec. 2.5). The user may choose
how precise the generated mesh should be, that is the number of triangles, however the
process of creating the mesh is not open. Indeed since the release of the HoloLens in 2016
until the research mode was available in 2018, this was the only way to access the map of
the environment. The research mode opened-up the raw sensor data of the HoloLens (ex-
cept from the IMU data), allowing the depth stream to be used by the researchers to create
point clouds from scratch. It also allows the use of the images of the four environmental
cameras. The sensor data can be accessed by using the HololensForCV software package
described in Section 2.5.
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Figure 3.1: An example of the workspace of a robot. A similar setup with the robot, table
and conveyor has been used in other tests throughout this work.

3.1.2 Spatial Mesh Sampling

The first approach uses the mesh of the environment already generated by the HoloLens.
The user would walk around the robot’s workspace and the HoloLens will build the mesh
automatically. Once the mapping is complete, the entire mesh of the environment is read
from the HoloLens’ memory. Randomly a mesh triangle is chosen, weighted by the size
of the triangles. The probability p; of triangle 1 to be chosen is the area of triangle 1
divided by the sum of the areas of all the triangles in the mesh, as shown in Eq. 3.1.
Then, using barycentric coordinates, a random point within the triangle is selected and
saved to the point cloud. The number of iterations of this process, and therefore the size
of the resulting point cloud, can be chosen. By making larger triangles more likely to
be selected, one obtains a more uniform sampling of the whole area of the mesh. The
resulting point cloud is then filtered with voxel grid filtering to obtain a uniform point
density.

A

=N 4
j=1 Aj

pi = (3.1

This method of obtaining the point cloud was quickly replaced by the one based on the
direct depth sensor data once it became available, as it allows greater flexibility and control
of the filtering to generate a better point cloud. However, this method may still be of use
on devices that do not allow direct access to depth sensor data, or do not have a depth
sensor altogether but still generate a spatial mesh.

23



3 Mapping and Referencing

3.1.3 Reconstruction from the Depth Stream

After Microsoft allowed access to the depth stream with the research mode, the raw
depth data could be used and the point cloud generated directly. The depth sensor of
the HoloLens provides two depth streams, the short-throw depth stream, with 30 frames
per second update rate and a range of 0.2-1 meters, and a long-throw depth stream, with
1-5 frames per second update rate and a range of 0.5-4 meters.

Combined with the localisation capabilities of the HoloLens, the different depth frames
can be fused into a single point cloud of the environment. We registered the point data
of different frames to the main point cloud using the HoloLens” own localisation as the
initial guess and ICP [36] to refine the guess. It was found, however, that ICP does not
significantly increase the precision (see Table 3.3). Therefore the registration step may be
skipped.

We then discard points that are below the minimum cut-off distance to eliminate points
that may belong to the user’s hand, and above the maximum cut-off distance to eliminate
low quality points. The maximum cut-off distance was experimentally determined to be
3.3 meters (Fig. 3.2). The minimum cut-off distance was taken to be one meter, around
the reach of the user’s arms. Therefore we can use only the long-throw stream and discard
points further than 3.3 meters.

The resulting point cloud is down-sampled using voxel-grid filtering to ensure uniform
point density. It is then filtered with an outlier removal filter, removing any point that had
less than 9 neighbours in a radius of 5 cm, and smoothed with MLS [37]. Finally Random
Sample Consensus (RANSAC) [38] plane detection is used to detect planes and map all
the points near the plane to the plane itself. This improves the resolution of objects on
floors and tables.

3.1.4 Reconstruction from Stereo Camera Pair

The HoloLens also possesses four greyscale environmental understanding cameras, which
form two stereo image pairs. The two front most cameras are quite well positioned to
extract a stereo image pair.

To get a depth image we need to calculate a disparity map from the two images. We define
disparity as:

disparity = x — T = B7f (3.2)
Where B is the distance between the cameras, also known as baseline, f is the focal
length of the cameras (assumed to be the same), Z is the distance of a 3D scene point X
from the cameras, while z and = are the projection of the 3D point into the camera plains
respectively. One can see that if we can find the two projections of the scene point while
knowing the baseline and the focal length, we can calculate the distance of the scene point.
The task now is to determine which points in the two images correspond to same scene
points. OpenCV offers two methods of achieving this task, Block Matching [39] and the
Semi-Global matching [40]. We used the latter together with a Weighted Least Squares
filter to improve accuracy.
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3.1 Mapping

Issues were unfortunately found with this approach. The disparity map calculation is
computationally expensive. Secondly there were issues in synchronising the two cameras.
The images would normally be one frame apart. A two thread system was implemented,
with each thread reading data from one camera and saving it in a 5 bin buffer. The buffers
were compared to find two images with the minimum timestamp difference, however this
did not solve the problem. A comparison between a point cloud reconstructed from depth
sensor data and one generated from the disparity map of the two frontal environmental
cameras is visible in Fig. 3.3. As can be seen, in the central area the stereo approach
generates a robust and dense point cloud, indicating that the algorithm may be feasible.

Although this approach did not work on the HoloLens due to frame synchronisation issue,
it is still worth considering for future applications. Newer HMDs such as the Apple Vision
Pro abandon the use of depth sensors in favour of a large number of conventional cameras.
In such cases, especially if the device does not provide a mesh of the environment, this
approach should be seriously considered.
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3 Mapping and Referencing

Figure 3.2: Distances were measured at the time the depth frame was captured and do
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not represent the distances from the current viewpoint. (a) The mapped point
cloud with points more than 3.3 meter distant from the depth sensor in red.
Points at less than 1 meter are marked in purple; (b) Point cloud with points
more than 3.3 meter distant removed. One can see the presence of sparse out-
liers that can be filtered out; (c) Point cloud with points more than 3.4 meters
away removed. The outliers are much denser requiring more aggressive fil-
tering which may degrade the quality of the inliers.
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Figure 3.3: Point cloud constructed from a disparity map (shown in orange) compared
to a point cloud constructed from depth sensor data (shown in cyan). One
can see large errors caused by improper synchronisation of the frames. The
picture on the right shows a best case scenario and the potential of such a
stereo approach

3.1.5 Mapping precision

Using the depth sensor data to map the environment was the most sensible solution. In
2.3.1 it was mentioned that the HoloLens’ localization accuracy is around 2cm, depending
on the specific environmental conditions. It is to be expected that the lower boundary for
the accuracy of a map generated by the HoloLens in motion would also be similar. Here
we present experiments intended to test the accuracy of the depth sensor as well as the
generated map itself.

To test the influence lens distortion, a flat surface was positioned at 1 and 2 meters re-
spectively from the HoloLens’ depth sensor. The HoloLens was rotated so that one of
the selected five pixels(center, top, bottom, left, right) lies on the surface. Afterwards the
HoloLens remained stationary. A total of fifteen consecutive depth frames were taken for
each pixel and each distance for a total of 150 measurements. The standard deviation of
the depth measurement fluctuations around the average was found to be 3 mm and the
maximum fluctuation around the average 5 mm. Thus it was concluded that the error due
to distortion is minimal.

Next, to test the accuracy of the depth sensor, the experiment was repeated by taking the
center 5 pixels and averaging their distances over 5 frames. The experiment was setup
and conducted five times to average out possible human error. The results can be seen in
Table 3.1. One can see that the maximum error at I m is 7.5 mm and at 2m is 8mm. The
accuracy of the depth sensor seems adequate for constructing robust maps.

Table 3.1: The observed averaged depth values for each repetition of the depth sensor
accuracy experiment. Each value is the average of 5 pixels over 5 frames.

| | Repetition 1 | Repetition 2 | Repetition 3 | Repetition 4 | Repetition 5 |
1 Meter 0.998400 1.007512 0.998728 1.005440 1.003424
2 Meters 2.011248 2.006576 2.005984 2.008064 2.000224
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3 Mapping and Referencing

Next we took scans of the Robot hall in the Intelligent Process Automation and Robotics
group building (Engler-Bunte-Ring 8, 76133 Karlsruhe) using a Faro Focus® laser scanner
with 1 mm precision as the ground truth. We compared it to a point cloud generated by
the HoloLens. The HoloLens’ point cloud was tested with four different combinations
of using registration or not and using the post-processing step or not. ICP was used for
registration, while the post-processing step consists of MLS smoothing and RANSAC
plane detection and projection. First, we selected the parts of the environment where the
two scans overlap (see Fig. 3.4) and measured the average Euclidean distances and the
Hausdorff distances, the greatest distance between two closest points in the two point
clouds, of the four combinations. The results are presented in Table 3.2. One can see
that apparently the post-processing step introduces a bigger error. The large Hausdorff
distance can likewise be attributed to left-over discrepancies in the two point clouds either
as a result of missed holes or the fact that the point clouds are taken at slightly different
time.

Table 3.2: The average Euclidean distances and the Hausdorff distance between the laser
scan, ground truth point cloud and the HoloLens’ point cloud

Without ICP, With ICP, Without ICP, With ICP,

not postprocessed | not postprocessed | postprocessed | postprocessed
Euclidean distance [m] 0.040128 0.040742 0.061583 0.062344
Hausdorff distance [m] 1.052818 1.054748 1.172284 1.169257

To get a better estimate of the precision of the two point clouds we used the CloudCompare
software. CloudCompare gives the percentile distribution of distances between the two
point clouds and therefore offers a much better insight into the quality of the point cloud
generated from the HoloLens. The results are shown in Table 3.3. One can see that the
best performance is the mapping without ICP and with post-processing. In this case 75%
of points have an error of 3.6 cm or lower. A visual comparison of the four point clouds
to the ground truth can be seen in Fig. 3.5.

Table 3.3: The percentiles of the distances of each spatial map combination to the laser

scan.

. Without ICP, With ICP, Without ICP, With ICP,

Percentile

not postprocessed | not postprocessed | postprocessed | postprocessed

10th [m] 0.00591 0.00629 0.00588 0.00513
25th [m)] 0.01177 0.01254 0.01135 0.01099
50th [m] 0.02192 0.02503 0.02150 0.02582
75th [m)] 0.04105 0.04573 0.03673 0.04183
90th [m)] 0.06447 0.06994 0.05275 0.06057
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3.1 Mapping

Figure 3.4: The overlapping segment of the laser scan - cyan; and the HoloLens point
cloud - orange; used to calculate the average Euclidean distance and the Haus-
dorff distance in experiment 3.

Figure 3.5: Comparison of the HoloLens point cloud with the ground truth obtained via
laser scan;(a) Point cloud without ICP registration between frames and with-
out the post-processing step of MLS smoothing and RANSAC plane detection
and projection;(b) Point cloud with ICP registration and without postprocess-
ing; (c) Point cloud without ICP registration but with post processing; (d)
Point cloud with ICP registration and with post-processing. Grey points rep-
resent an almost complete overlap, blue points have lower error. One can see
that the point cloud c) has overall the smallest total
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3.2 Referencing and Coordinate Systems

ROBOT_J5 ROBOT_J4
n HL _HAND2

ROBOT_J6

ROBOT_TOOL HL_HANDI

ROBOT J2
ROBOT J1 > S
S HL_WORLD
ROBOT BASE

Figure 3.6: The main coordinate systems of the proposed system. One can see they are
mainly split between the HoloLens dependent coordinate systems and the
robot dependent ones.

Referencing refers to finding the coordinate transform between objects. In our case it is
between the current HoloLens position and objects of interest in the environment. This is
an important step as referencing is used to properly present and overlay virtual information
tied to an object using AR as well as calculating the distances to the objects.

The number of coordinate systems varies based on the application. For our proposed
system the main coordinates of interest are shown in Fig. 3.6. They are:

1. The HoloLens World Coordinate System - this is the Pose of the HoloLens when
the application starts on the device (HL_WORLD)

2. The Current Pose of the HoloLens (HL)

3. Pose of the robot base (ROBOT_BASE)

4. Pose of each robot joint (ROBOT_J1, ..., ROBOT_J6)

5. Pose of the robot end-effector e.g. gripper

6. Pose of the user’s hands (HL_HAND1 and HL_HAND?2)

The transformation between the current and world coordinate systems of the HoloLens is
done by the device. The user’s hand can likewise be tracked by the device when in the
FoV of the HoloLens’ depth sensor i.e. in front of the user’s gaze direction. On the PC
side the robot will keep track of the transformations between the base and the joints and
end-effector. Thus the key task is to find the transformation between the robot base and
the HoloLens’ world coordinate system.

Unity, which was used to develop the applications on the HoloLens, uses a left handed
y-up coordinate system, while all the applications running on the PC in ROS use the stan-
dard right-handed z-up coordinate system. Thus the pose of the HoloLens and the hand
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detection trough the HoloLens cameras need to be properly converted before coordinate
transformation with the other parts.

On the ROS side the transformations between the coordinate systems of the robot joints
are automatically tracked based on the robot model and the joint states published by the
robot controller. We use the tf2 package to keep track of all the transformations inside
our system. When we determine the fixed transformation between the HoloLens world
coordinate system and the robot base at the start of our application, we save it with the
tf2 package. Then we can publish the converted HoloLens pose directly to tf2 which will
handle all the transformations needed.

3.2.1 State of the Art

Referencing methods may be classified according to two criteria. The methodology used
to obtain the coordinate transform and the number of times the coordinate system trans-
form is calculated. The later can either be continuous, meaning the coordinate transform is
re-calculated and updated every time relevant sensor data becomes available, or one-shot,
meaning the referencing is calculated once at the beginning of the interaction.

Manual referencing, the simplest option, requires the user to position the hologram above
the desired object by hand. Such an approach is tedious if precision is required and even
then it is often not precise enough. An example of manual referencing can be found in
[41]. In [42] there were two modes of referencing using Microsoft’s HoloLens, either
a completely manual placement or through the use of the spatial mesh. In the later the
user places the cursor on a predefined point on the spatial mesh of the robot, namely the
middle of the robot base, and clicks to overlay the hologram. This makes the manual
positioning easier and more precise as it’s constrained on a surface, however it still may
produce errors especially if the mesh is coerce at the specified point. Manual referencing
is always one-shot.

Most approaches use visual markers [43] [44] [45] [46]. Markers can be either QR codes,
ARUCO markers or other 2D visual identifiers such as a sticker or a distinctive texture.
In [47] QR markers on a mobile robot were used for an AR overlay over a fixed camera
data stream. In [48] a Baxter robot was used, which possesses an in-built screen on
which a QR tracking code was displayed. Unlike other marker methods, this requires
no additional calibration as the screen is part of the robot model and the transformation is
known. Obviously such an approach is restricted to robots with a screen. In [49] YOLO, a
deep neural network, was used to generate 3D bounding boxes around objects. However,
an ARUCO marker was still used to transform the coordinate systems between the HMD
and a robot. These methods require the placement and calibration of visual markers before
any kind of interaction can take place. As this is undesirable for our system, other ways
of referencing were required. Visual markers can provide both one-shot and continuous
referencing, with the later being most common.

Methods relying on external trackers such as [50] are quite precise. In [50] an additional
IR marker motion tracking system is used for increased precision and easy referencing
between the HMD, in this case a HoloLens, and an object to be spray painted. Although
precise, such methods are constrained to specially setup robot cells. This method always
provides continuous referencing.
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Object matching methods do exist. Commercial systems such as Vuforia and Visionlib
offer 3D referencing based on 2D camera data through edge-detection. Specifically, in
[51], Vuforia was used to reference 3D objects based on 2D features, placing invisible
3D models and giving the impression of a virtual character interacting with real objects.
Such methods still fail for rotationally symmetric objects or objects with few features,
such as the cylindrical robot bases. Ostantin et al. [52] use a modified ICP algorithm to
match the environment map created by the HoloLens and one created by a mobile robotic
platform to obtain the coordinate transform. In another paper Ostantin et al. [53] use the
map generated by the HoloLens to find the robot for automatic referencing, They remove
the walls and floor via RANSAC and use DBSCAN [54] to cluster the remaining points.
The volume of each cluster is compared to the volume of the model and those clusters
with similar volumes are selected. Then the model is registered to each cluster via ICP
and the cluster with the smallest error is selected. Though not explicitly stated the error is
most probably measured as the average distance between the model point and the closest
point in the registered cluster. MiSeikis et al. [55] proposed a robot localization and
state estimation system based on Convolutional Neural Networks (CNNs). Two CNNs
are employed, the first one generates a mask over the RGB image and localizes the robot.
The second one uses the output of the first to detect joints and estimate their state. Though
not deployed on a HMD, it still has the potential of working on one to provide continuous
referencing.

3.2.2 Proposed Referencing Methods

Given the state of the art, concepts for three different methods were developed. The first
would require user the user to roughly reference the robot manually after which the guess
would be refined by object matching algorithms. The second would rely solely on the map
of the environment and object detection algorithms, and no user input would be required.
While the previous two methods were one-shot, the third method would be a continuous
referencing method.

For all methods we assume we have a 3D robot model, which is almost always the case.
We can sample the surface of the 3D model in a similar fashion as described in Sec. 3.1.2
to obtain a point cloud for matching. The first two methods require a static robot to be
referenced, while the third method requires access to real-time robot joint states.

The goal is to provide a precise referencing method that doesn’t put additional mental
load on the user and is general enough to work with different types of robots.

3.2.2.1 Referencing by Refining the User Input

After obtaining the map of the environment as described in Sec. 3.1, the user is asked to
position a holographic cube in the base of the robot, and rotate the cube roughly toward
the Tool-center point (TCP) of the robot. We call this cube the seed cube. After the user
positions the cube, a registration step is performed to refine the guess. Firstly a spherical
region around the seed cube is defined and the points outside the sphere discarded. The
radius is selected to be twice as large as the largest side of the bounding box of the model.
This is quite general as the largest side is usually the height of the robot which are almost
exclusively positioned parallel to the ground (but not always). MLS is used to upsample
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Figure 3.7: The referenced robot as displayed to the user on the HoloLens alongside the
seed hologram and the spatial mesh.

the remaining point cloud. To ensure uniform density of points in both the model and the
scene point cloud, a voxel grid filter with the same edge size is run on both point clouds.
Next the model is positioned at the location of the seed cube. We test both ICP [36]
and Super4PCS [56] to perform the final model matching. As we know the pose of the
seed cube in the HoloLens world coordinate system and know the transformation between
the seed cube and the final model match (which we assume is the location of the robot),
we can transform poses at will between the robot coordinate system and the HoloLens
coordinate system.

The user guess is very important as matching algorithms such as ICP have a problem of
getting stuck in local minima, needing a good first guess for a good model matching.

As we will see in Section 3.2.3 this method provides very good precision combined with
an execution time of about a few seconds (as different computers with different configu-
rations were connected to different robots, it is hard to give an exact number). The mental
load on the user is much smaller than other manual methods seen in the state of the art
section. The guess does not have to be precise, therefore the user load is minimal.

In Fig. 3.7 one can see the spatial mesh generated by the HoloLens, the seed cube that the
user places and the final holographic overlay after the algorithm refined the user guess.

3.2.2.2 Automatic Referencing

Another option is to remove user input altogether. The proposed automatic referencing
pipeline is based on 3D descriptors. Descriptors are a way to encode 3D spatial informa-
tion of an object into a feature space. These features can then be more easily compared
and do not suffer from the same issues of being stuck in local minima. That said matching
algorithms such as ICP are always used to refine the guess of these algorithms. Descrip-
tors can be global or local. Local descriptors select particularly interesting zones on the
3D object to be found (e.g. rough surfaces, places where curvature changes rapidly etc.).
The process is repeated over the whole scene. Then the features of the specific regions
are compared between the object and the scene. Geometric constrains between the points
on the object and those found in the scene need to be maintained for consistent matching.
Global descriptors meanwhile describe the entire 3D shape or geometry of the object. The
scene needs to be divided into different objects or clusters using a clustering algorithm.
For each cluster a global descriptor is calculated and the descriptors between the clusters
and the objects matched. The pose of the most similar cluster is then the pose of the
object.
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We tested three different descriptors - Oriented, Unique and Repeatable Clustered View-
point Feature Histogram (OUR-CVFH) [57], Viewpoint Feature Histogram (VFH) [58]
and SHOT [59]. OUR-CVFH is a semi global descriptor, it calculates local features but
also introduces multiple, repeatable coordinate systems such that an additional step of im-
plementing geometric constrains for matching is not necessary. VFH and SHOT are local
descriptors. OUR-CVFH requires clustering, while VFH and SHOT do not, although it
would require an additional registration step based on geometric constrains.

The pipeline is as follows. First, we calculate the descriptors of the robot model point
cloud. The robot model can easily be converted into a point cloud using the mesh sampling
method described in Section 3.1.2. Next the ground plane from the scene point cloud is
removed using RANSAC. Next we slide a box over the scene point cloud. The box is a
square with the edge length equal to the largest edge of the robot model bounding box. The
box is moved by half it’s length first in every axis over the entire scene point cloud. The
boxes containing too few points are discarded. The rest have their descriptors calculated.
When the box finished sliding over the entire point cloud, the three boxes with the best
descriptors are taken as the possible candidates for the location of the robot. For each the
robot model point cloud is placed in the center and an ICP registration algorithm used
to match the two pointclouds. This is repeated four times for each box for robot model
rotations of 0°, 90°, 180° and 270°. The registration with the smallest RMS error between
the robot model points and the box points is considered the match. This pipeline allows
us to use both local and global descriptors, as well as skipping the tedious matching of
geometric constrains.

In Fig. 3.8 one can see the process of automatic referencing. First, the point cloud is
searched with sliding boxes (a). If the box contains fewer than three points it is discarded
(this can be set much higher to speed-up the algorithm significantly). The yellow boxes
were the one having three or more points. For each box, features are calculated and
matched to the model (b). In this figure we give an example of the best match between
the SHOT features of the model and one of the boxes. One can see the box contains the
robot. If one uses the geometric constrains as an initial guess for the ICP, one ends up
with the dark blue robot as the match (c). Clearly the initial guess wasn’t good enough for
ICP. Instead for the selected box we initialize the robot model point cloud in four different
orientations and run ICP on all of them, taking the best result as the final match. Such
method produces the red robot, which fits the robot in the scene.

Automatic referencing doesn’t require any user input, thus there is no additional mental
load for the user. However it adds additional processing time that increases significantly
with larger point clouds (up to 2 minutes, though as we mentioned this could be reduced).
Also, as we will see during the tests, there was no single descriptor or set of hyperparam-
eters that worked well with all robot types. Though in the author’s opinion the refining
of the user’s guess is a superior method both in time and precision. this method might be
used at least for a first guess to reduce mental load even further.

3.2.2.3 Continuous Referencing

The two previous referencing methods reference the robot only once at the start of the in-
teraction. This is prone to error accumulation due to the slight and unavoidable drift in the
localisation of the HoloLens. A superior solution would be an algorithm that references
the robot continuously whenever possible. We already discussed the possibility of using
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(b) (c)

Figure 3.8: Automatic referencing process. a) The point cloud is divided into boxes,
boxes with enough points are marked in yellow. b) SHOT feature correspon-
dences between the model and the point cloud in the bounding box with the
best match. c) The light blue robot is the model, dark blue is the final trans-
formation using correspondence grouping of SHOT features, red is the final
transform using the 4 step ICP rotation method.
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the stereo camera pair for mapping the environment in Sec. 3.1.4. Based on the work
presented by Popovi¢ et al. [60], we envisioned a pipeline where we could reconstruct
the map, extract the points belonging to a robot in motion and use those points to perform
continuous referencing while the robot is in motion performing collaborative tasks.

A stereo image pair would be captured and the disparity map calculated. Based on the
egomotion of the HoloLens we can predict the next disparity map. The disparity map
in the next frame would be compared to the predicted one. As the predicted disparity
only takes into account the egomotion of the HoloLens, mismatches between the two
would indicate objects whose motion cannot be explained by the motion of the HoloLens,
like a moving robot. The robot model would be modified based on real-time joint data
and matched to the points generated form this difference of disparity maps, providing
continuous tracking and referencing of moving robots.

As stated before, unfortunately, we were unable to properly synchronize the cameras on
the HoloLens (not even offline due to frame reading issues), meaning this approach could
not be implemented as envisioned. It is still worth considering especially for devices
lacking depth cameras. It would also remove any referencing error due to drift.

3.2.3 Tests and Results

As mentioned in the introduction, we would like our referencing method to be precise,
work with different types of robots and be easy to use i.e. not require too much effort
from the user.

The first batch of tests were performed for the method of refining the user input. Tests
were performed using a Microsoft HoloLens and a KUKA KR-5 ARC robot as the desired
reference target. We used the mesh sampling method to obtain the point cloud.

3.2.3.1 Refining user Input - Parameter Selection

First, we tested the influence of parameter selection on the outcome of the algorithm. The
algorithm pipeline together with the relevant parameters can be seen in Table 3.4. One can
note the large number of different parameters. For simplicity we chose two combinations
of triangles per cubic meter and the number of point samples per mesh:

e Normal map: 1,000 triangles per cubic meter and 16,000 samples per mesh. 1,000
triangles per cubic meter is the highest number where the spatial mapping is stable
enough to be displayed without lag. Together with 16,000 samples per mesh it only
takes a short time (approximately 3 s) to sample and send the point cloud.

* Dense map: 1,240,000 triangles and 256,000 samples per mesh. In this configura-
tion it already takes approximately 1 min to sample and send the point cloud.

For each parameter we tested five different values and ran all possible combinations to
find the best parameter combination. During the testing it was found that the the segmen-
tation algorithm required for the Super4dPCS, due to it using global geometric information,
failed to segment the robot from the nearby table. Less rigorous tests with a nearby KR-6
robot proved that when the robot can be segmented out of the scene Super4PCS has good
performance, although very high variations based on parameter selection. The parameter
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3.2 Referencing and Coordinate Systems

Table 3.4: The steps of the proposed referencing algorithm, the algorithms used for each
step and the parameters of each used algorithm.

’ Step \ Algorithm \ Parameters

Spatial Mesh Generation | Inbuilt triangles per cubic meter

Point Cloud Generation | Spatial Mesh Sampling | number of points
search radius

Point Cloud Filtering MLS upsampling method
upsampling radius
maximum iterations

) ) ICP . )

Registration maximum corespondance distance

delta
SUPER4PCS overlap

sample size
maximum time

Table 3.5: Statistics of the conducted parameter tests of ICP, Super4PCS in combination
with MLS. The statistics are based on RMS of the distances between the closes
points in the matched robot and the original scene point cloud, in millime-
ters (mm). Execution time was not tested, however ICP performed noticeably

faster each time.

Algorithm | Size Min (mm) | Max (mm) | Mean (mm) | Standard Deviation (mm)
ICP dense | 1.18 455.98 3.93 17.75

ICP normal | 1.64 14.41 3.19 1.68

Superd4PCS | dense | 0.40 94.72 17.40 29.01

Super4PCS | normal | 0.15 67.36 10.31 7.71

tests were performed on a single captured spatial mesh to avoid variations in the mesh
itself. The test results can been seen in Table 3.5. The RMS distance between the closest
points in the two point clouds was used as a metric for the precision of the referencing.
The best and worst parameter combinations for the ICP on the dense and normal cloud

sizes can be seen in Table 3.6.

3.2.3.2 Refining User Input - Influence of User Precision

Next we conducted tests with the best identified ICP parameters and the normal point
cloud size. Twelve point clouds with a user guess each were taken. Each user guess was

Table 3.6: Parameter test results of the ICP tests. All parameters listed as - did not have

an effect on the result.

Max dist. Max iter. | MLS method | Search r | MLS param
Best dense 1,10,50,100 | 500 voxel grid 0.05 0.05
Worst dense | 0.1 50 voxel grid 0.005 0.5
Best normal | 0.1 500 no mls - -
Worst normal | 0.1 50 voxel grid 0.005 0.1
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3 Mapping and Referencing

Table 3.7: The mean, minimum, maximum and standard deviations in millimetres of the
conducted tests. The first row represents the 12 original human guesses. The
ICP-rotation and ICP-translation are the tests conducted by rotating and trans-
lating the original user guesses respectively

mean(mm) | min(mm) | max(mm) | ¢ (mm)
User guess 27.53 3.65 138.87 44.52
ICP - all 491 3.22 14.42 1.39
ICP - rotation 5.90 3.22 14.21 1.90
ICP - translation | 4.74 3.22 14.41 1.20

then rotated in steps of 18° to test the influence of imprecise rotation of the seed hologram.
The influence of rotation on the ICP can be seen in Fig. 3.9. Keeping the original rotation,
the seed algorithm was translated in a 1m volume around the initial guess with a step of
0.1m. In Table 3.7 one can see the precision of original user guesses, the precision of
the ICP refinement when the seed algorithms were rotated, translated, and the average
statistics of all cases. The ICP refinement performs much better and with less deviation
than a purely manual method, yet it is robust to rough user guesses. Computation time
was not measured in these tests.

3.2.3.3 Refining User Input - Real World Error

In the previous experiments we have seen that the precision of the referencing is in the
millimeter scale (between 4 and 5 millimeters usually). However this measures the dis-
tances between the points of the model and map. How does the referencing look like
in the "real world" namely the difference between where holograms are placed in the
HoloLens world coordinate system and where the robot sees them in ROS, namely the
robot coordinate system.

The user performs the referencing as previously described and adds another hologram
cube to the scene. The cube is rotated and moved to be positioned as exactly as possible
in the corner of the table in the scene. The real position in the world is known as the table,
together with the robot is part of a modeled 3D object. The resulting position of the cube
is received from the HoloLens and visualized in the RViz environment. We compare the
values of where the cube should be if positioned correctly and where the cube position is
when sent from the HoloLens.

In Table 3.8 the resulting coordinates of the cube are shown. The target values for the cube
position are 1.2, -0.85 and 0.906 m for the x, y and z value respectively. The deviations
from the target coordinates are also shown in the table as well as the total Euclidean
distance in the last column. The task was performed by the same user. After every fourth
execution of the experiment, the spatial mesh created by HoloLens was reset and a new
mapping and referencing step performed.

We considered whether the batches of four tests between which the spatial mesh was not
reset show a correlation. For each of the four test series, the mean distance error and the
corresponding standard deviation are calculated. The mean distance error and standard
derivation are depicted in Fig. 3.11.
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Figure 3.9: The influence of rotation on the registration algorithm. One can see that the
algorithm is robust to rotational errors of the seed hologram, meaning that the
user guess doesn’t have to be overly precise. It is also evident that the error is
not mirrored due to the robot’s asymmetry.

Figure 3.10: Example result of experiment in RViz. Although the user tried to position
the cube to be perfectly aligned with the edges of the table - highlighted with
red lines, one can see deviations -highlighted yellow areas.
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X y z Ax Ay Az Distance Error

[m] [m] [m] [m] [m] [m] [m]
1 | 1.1977 | -0.8298 | 0.8573 | -0.0023 | 0.0202 | -0.0487 | 0.0528
2 | 1.1878 | -0.8293 | 0.8865 | -0.0122 | 0.0207 | -0.0195 | 0.0309
3 | 1.2112 | -0.8181 | 0.8919 | 0.0112 | 0.0319 | -0.0141 | 0.0366
4 |1.2115]-0.8212 | 0.9232 | 0.0115 | 0.0288 | 0.0172 | 0.0355
5 | 1.1906 | -0.8230 | 0.8791 | -0.0093 | 0.0270 | -0.0269 | 0.0393
6 | 1.1785 | -0.8340 | 0.8773 | -0.0215 | 0.0160 | -0.0287 | 0.0393
7 | 1.1996 | -0.8458 | 0.8962 | -0.0004 | 0.0042 | -0.0098 | 0.0107
8 | 1.2158 | -0.8603 | 0.8603 | 0.0158 | 0.0206 | -0.0457 | 0.0526
9 | 1.1694 | -0.8708 | 0.9173 | -0.0306 | -0.0208 | 0.0113 | 0.0387

10 | 1.1900 | -0.8713 | 0.9033 | -0.0100 | -0.0213 | -0.0027 | 0.0237
11 | 1.1785 | -0.8645 | 0.8814 | -0.0215 | -0.0145 | -0.0246 | 0.0357
12 | 1.2116 | -0.8488 | 0.8877 | 0.0116 | 0.0012 | -0.0183 | 0.0217

13 | 1.2224 | -0.8313 | 0.9075 | 0.0224 | 0.0187 | 0.0015 | 0.0292
14 | 1.2287 | -0.8225 | 0.8941 | 0.0287 | 0.0275 | -0.0119 | 0.0415
15 | 1.2409 | -0.8163 | 0.9314 | 0.0409 | 0.0337 | 0.0254 | 0.0588
16 | 1.2252 | -0.8197 | 0.9154 | 0.0252 | 0.0303 | 0.0094 | 0.0405

Table 3.8: All the measurements of the positional deviation of the user placed cube be-
tween the HoloLens coordinate system and the robot coordinate system as vi-
sualized in RViz
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Figure 3.11: The mean distance error and the standard error deviations of the four batches
of tests
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There seems to be no strong correlations between the results of each subset. The standard
deviations are bigger than the differences of the average displacement in each subset. The
overall mean displacement for all tests 1s 0.0367 m with a standard deviation of 0.0122 m.

Obviously there is an user error component in the placement of the cube. To measure
the user error another set of experiments was conducted. This time the user is asked to
position the cube at the origin of the HoloLens world coordinate system as pictured in
Fig. 3.12. The axes and location of the origin are displayed. No referencing or mapping
takes place and this experiment purely shows user positioning errors.

In Table 3.9 the resulting coordinates of the cube are shown. This times only the coordi-
nates in the Unity system are considered. The target values for the cube position are 0.2,
0.2 and 0.2 m for the X, y and z value respectively (to account for the displayed axes). The
deviations from the target coordinates are also shown in the table. The last column shows
the total Euclidean distance error for each test. The task has been performed by the same
user. After every fourth execution of the experiment the HoloLens was restarted resulting
in a different placement of the coordinate system in the real world.

Figure 3.12: The user error test with the visualized HoloLens world coordinate system.

We again test whether the batches of tests between which the spatial mesh was not re-
set have a correlation. For each of the four test series, the mean error distance and the
corresponding standard deviation are calculated in Fig. 3.13.

Again there is no evident correlations between the results of each subset. The standard
deviations are mainly bigger than the differences of the average displacement in each
subset. Therefore, all tests are considered together with the overall mean displacement
for all tests being 0.0077 m with a standard deviation of 0.0037 m.

This gives us the possibility of finding the total referencing error, considering also the
hologram stability error that was estimated to be 5.83 mm in [61].

€reg = Ceapl — Cholo — Cuser = 3.67 cm — 0.77 ecm — 0.58 em = 2.32 cm 3.3)

The total referencing error appears to be over 2cm. An important error source that is
intrinsically linked with referencing is localization. As mentioned in Sec. 2.3.1, this
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X y Z Ax Ay Az Distance Error

[m] [m] [m] [m] [m] [m] [m]
1 ]0.2046 | 0.2026 | 0.1948 | 0.0046 | 0.0026 | -0.0052 | 0.0074
2 102020 | 0.2013 | 0.1975 | 0.0020 | 0.0013 | -0.0025 | 0.0035
3 10.2048 | 0.1909 | 0.2027 | 0.0048 | -0.0091 | 0.0027 | 0.0106
4 10.1979 | 0.2014 | 0.1990 | -0.0021 | 0.0014 | -0.0010 | 0.0027
5 10.2016 | 0.1969 | 0.2043 | 0.0016 | -0.0031 | 0.0043 | 0.0055
6 | 0.2091 | 0.1981 | 0.2029 | 0.0091 | -0.0019 | 0.0029 | 0.0097
7 1 0.1841 | 0.2066 | 0.2007 | -0.0159 | 0.0066 | 0.0007 | 0.0172
8 10.2039 | 0.1941 | 0.2025 | 0.0039 | -0.0059 | 0.0025 | 0.0075
9 10.2003 | 0.1954 | 0.1964 | 0.0003 | -0.0046 | -0.0036 | 0.0058

10 | 0.2048 | 0.2010 | 0.2045 | 0.0048 | 0.0010 | 0.0045 | 0.0067
11 | 0.2050 | 0.2012 | 0.1971 | 0.0050 | 0.0012 | -0.0029 | 0.0059
12 | 0.2009 | 0.2052 | 0.2000 | 0.0009 | 0.0052 | 0.0000 | 0.0053

13 |1 0.2129 | 0.1994 | 0.2007 | 0.0129 | -0.0006 | 0,0007 | 0.0129
14 | 0.2002 | 0.2040 | 0.2011 | 0.0002 | 0.0040 | 0.0011 | 0.0042
15 | 0.1958 | 0.2003 | 0.1910 | -0.0042 | 0.0003 | -0.0090 | 0.0100
12 | 0.1961 | 0.2026 | 0.1933 | -0.0039 | 0.0026 | -0.0067 | 0.0082

Table 3.9: The user hologram placment errors of the second batch of experiments.
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Figure 3.13: The mean distance error and the standard deviations of the four batches of
tests
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Scene | User Guess RMS error (mm) | Correct | Automatic RMS error (mm) | Correct
0. 2.11 v 2.10 v
1. 1.63 v 1.63 v
2. 2.21 v 2.21 v
3. 1.46 v 1.46 v
4, 1.64 v 1.64 v
5. 1.38 v 1.38 v
6. 1.44 v 1.44 v
7. 1.52 v 1.52 v
8. 5.24 X 5.22 X
9. 2.32 v 2.32 v
10. 1.34 v 1.34 v
11. 4.95 X 8.22 X

Table 3.10: RMS error in millimeters of the two referencing methods of refining the user
guess and the completely automatic one on the 11 scenes taken for the KR-5
robot. The column labeled "correct" is the result of visual inspection.

and other tests, as well as other papers put the localization error at around 2cm. This
appears to be main source of error in the system, as any positioning of holograms in the
environment is necessarily subjected to it. It is safe to say that the actual referencing error
is overshadowed by the localization error of the HoloLens.

3.2.3.4 Automatic Referencing and comparison

As we have thoroughly tested the referencing based on the user guess, we conducted tests
of the automatic referencing in a similar fashion. The key question to answer is whether
the automatic referencing brings additional value compared to the manual one in terms
of precision (though still the largest source of error is localisation), speed, quality of user
interaction, etc.

As the automatic referencing has more than 30 free parameters, a less exhaustive parame-
ter search was performed. We chose to use a 3D Harris Detector [62] to identified points of
interest for which SHOT descriptors will be calculated. The model and box point clouds
are both filtered to have the same density of 1 point per 2cm?. We took 11 different maps
featuring the KR-5 robot and 11 featuring the KR-16 robot. Despite the RMS error we in-
spected every match visually to prove that the referencing was indeed correct. The results
are shown in Tables 3.10 and 3.11.

One can see that the two algorithms perform similarly. There were two scenes in both sets
where not enough robot points were captured, and both algorithms failed on those. The
main difference is that depending on the scene, the automatic referencing has a runtime
around a minute, while the algorithm of refining the user guess takes a few seconds.

Furthermore less strict tests with the nearby KR-120, which is quite larger than the previ-
ous two robots, show that refining the user guess works out of the box, while parameters
had to be modified for the automatic algorithm, making it less general.
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Scene | User Guess RMS error (mm) | Correct | Automatic RMS error (mm) | Correct
0. 1.30 v 1.30 v
1. 2.87 v 2.87 v
2. 9.64 X 9.01 X
3. 2.63 v 2.63 v
4, 1.34 v 1.35 v
5. 1.63 v 1.64 v
6. 12.08 v 14.28

7. 1.51 v 1.51 v
8. 1.47 v 1.47 v
9. 1.48 v 1.48 v
10. 1.64 v 1.65 v
11. 4.08 X 9.11 X

Table 3.11: RMS error in millimeters of the two referencing methods of refining the user
guess and the completely automatic one on the 11 scenes taken for the KR-16
robot. The column labeled "correct" is the result of visual inspection.

3.2.4 Discussion

Based on the tests it was concluded that the referencing is precise enough. Any refer-
encing error is overshadowed by the localization error of the HoloLens which currently
presents the biggest bottleneck in regards to precision.

Comparing our methods to the state of the art is rather difficult, as papers do not usually
measure the precision of their referencing algorithm. In regards to methodology the best
comparison would be the paper of Ostantin et al. [53]. The average running time of their
algorithm is 23.1 seconds. with a positioning error of 9 mm and orientation error of 3.1
°. These results are comparable with our algorithm, although the orientation error wasn’t
measured (though it would be encoded in the RMS point distance error). The authors also
noted that the algorithm may encounter errors during the clustering step, in which case
the user is allowed to set the initial position of the robot, and then run the ICP algorithm
only relative to the point cloud around the user-defined point. This error recovery mode
is equivalent to our method of refining the user guess.

As we have shown, the user guess does not require precision and, therefore, does not
present an increased mental load. Furthermore refining the user guess saves runtime while
offering virtually the same precision as the automatic method. Therefore it was decided
that refining the user guess shall be the preferred method going forward.

An issue that was not encountered yet may be of relevance is drift. It is expected that the
localization error of the HoloLens will slowly increase over time. This would have been
solved by the continuous referencing method and may be a topic of future work.

3.3 Conclusion

This chapter presented two key components of the proposed system, mapping of the en-
vironment and knowing the location of the objects of interest in a common coordinate
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system through referencing. First, we defined mapping and presented the mapping capa-
bilities of the HoloLens. Three different methods of obtaining a map of the environment
in the form of a point cloud were presented. Using the raw depth sensor data was found as
the best solution and the accuracy of the generated map was tested against a laser scanner,
finding that 75% of points in the HoloLens map have a distance of less than 3.7 cm from
laser scanner map.

Next, we presented the different coordinate systems for which the transformation has
to be found. It was shown that the state of the art of using visual markers or tracking
system does not fit with our vision of the system, where we require no modification to
the robot cell for the AR-based interaction system. We proposed three methods to obtain
the coordinate transform - refining the user guess through ICP, a fully automatic method
based on sliding boxes and 3D descriptors, and a stereo camera based method. Sadly the
later was impossible to implement on the HoloLens HMD. The other two methods were
thoroughly tested and it was shown that the referencing has a millimeter scale precision
that is overshadowed by the HoloLens localization error. The vast majority of papers do
not test the referencing error. We compared our finding to those of Ostantin et al. and have
obtain very similar results. It was decided to use the method of referencing by refining the
user guess moving forward, as it does not present an increased mental load for the user
while having much better runtime and precision.

The mapping part of the system pipeline is visible in Fig. 3.14. To the left are the compo-
nents running on the HoloLens HMD, while right of the line are the components running
on a PC with the ROS. In Fig. 3.15 one can see the components for the referencing, with
the division again as described previously.

Two papers relevant for this section were published. In [63] we have described the ref-
erencing methods described here as well as provided some more alternative methods that
could be used for referencing. In [33] we have described how to map the environment,
how precise the map is and how to use the map for setting up the robot working environ-
ment, which will be described in more detail in the next chapter.

In the next chapter we will see how to use the map of the environment and the coordinate
system transformation to setup the robot’s working environment and program the robot
itself.

‘ Depth Image

HoloLens Pose Convert to Point -
Show spatial
- cloud. filter, Enviranment
[mesh gjggappen]:l Mapping Step  fa :>’ ROSEridoe o [ 2 R,
global map

. No
Finished mapping

Figure 3.14: The mapping components of the system pipeline. To the left of the line are
the components running on the HoloLens HMD, while right of the line are
the components running on a PC with the ROS.
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Figure 3.15: The mapping components of the system pipeline. To the left of the line are
the components running on the HoloLens HMD, while right of the line are
the components running on a PC with the ROS.
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4 Robot Workspace Setup and
Programming

In the previous chapter we have shown how to use the HoloLens to obtain a 3D map of the
environment and how to find the coordinate transform between the robot world coordinate
system and the HoloLens world coordinate system.

In this chapter we will show how to use those information to help setup the robot working
environment and to program the robot. Let’s imagine a scenario where a new robot was
bought. The calibration of the arm was performed according to the manual and the robot
connected to a PC that will be used to program it. We would like the robot to perform
a useful task while not colliding with any objects in the environment. Collisions would
not only disrupt the execution of the task, but can damage the robot itself and the objects
around it. Telling the robot how its environment looks like is a time consuming an grueling
task, that can be much facilitated using an HMD like the HoloLens.

Next the robot needs to be programmed to execute the desired task. Once again classical
methods of robot programming are time consuming and unintuitive. In this chapter we
will also show the benefits of using the HoloLens to ease the programming of robots.

4.1 Robot Workspace setup

Robots need to know their working environment to avoid collisions while performing
tasks. Usually robots and robot cells do not possess sensors to map their working envi-
ronment, instead only possessing the sensors necessary to perform the desired task.

One can program the robot directly in the real environment, by moving the arm to desired
positions and saving those positions as waypoints to avoid collisions with the objects of
the environment. The robot will then continuously repeat this trajectory to perform its
task. Such an approach, called on-line programming, is time consuming, inflexible and
requires the robot to be out of service while the user programs the robot.

On the other hand off-line programming takes place in a virtual environment. The robot
can perform its previous program while the new program is developed. Various trajectory
planning methods can be used to automatically generate trajectories, making the program-
ming simpler. The biggest downside is that off-line methods require exact representation
of the environment, meaning that the virtual and real environment are basically identical.
This requires precise 3D models of every object in the environment as well as determining
their exact pose in relation to one another. This requires extensive measurements and the
setup is again time consuming, even if the programming is made easier. If the environ-
ment changes the measurements need to be repeated and models remove or added, making
such a method again quite inflexible.
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Another part of the robot working environment are safety zones or no-go zones. These
are regions in space that the robot can reach but we do not want the robot to move in,
either because we do not possess an adequate map, or the obstacles in the region dynam-
ically change or they are accessible by humans and the robot is not equipped for safe
human-robot interaction. Safety zones are usually cuboids or spherical. In on-line pro-
gramming one must input these safety zones, without being able to directly see them, and
then perform exhaustive testing with the robot to see if the zones are properly setup. They
are much easier to implement in off-line programming, yet, again, these rely on a precise
representation of the real environment.

In this section we will describe methods of obtaining an environmental representation
using the mapping and referencing algorithms described in the previous chapter. This
greatly reduces the time and effort needed to produce collision-free paths for the robots.

4.1.1 State of the Art

Most industrial robot manufacturing companies offer software for off-line programming
of robots, such as ABB’s RobotStudio or KUKA’s KUKA.Sim. These are the de facto
state of the art in industry at the moment. However research exists to improve these
standard software packages [64].

Neto et al. [65] presented a more intuitive offline programming method based on the com-
mon CAD package Autodesk Inventor. The user inputs tool coordinates and a program is
automatically created. This still requires precise CAD models and calibration. They note
that calibration errors are a major source of inaccuracies. According to the authors cali-
bration requires expensive measurement hardware, software and expert knowledge. They
also note that external sensing can help mitigate the errors of offline programming.

In [66] a trajectory is auto-generated for a spray-painting task by using range images of
the part to colour. The collision-free trajectory generation, however, still required a model
of the robot cell.

In the field of AR-based robotics, several approaches exist to plan robot motion in un-
known environments. Ong et al. [67] use a tracked pointer tool to manually input trajec-
tories and define collision-free volumes. However, no map of the environment is created
and only a small part of the total collision-free volume is used. The authors themselves
note that alternative methods for generating collision-free volumes should be explored.

Similarly, Quintero et al.[42] use holographic waypoints and B-spline interpolation to
plan robot trajectories. The system relies on the user to manually modify trajectories to
avoid obstacles. The mesh of the environment generated by the HoloLens is used to define
waypoints on surfaces, yet the map itself is not used further.

In [68] the environment of a telepresence robot is mapped to allow the overlay of virtual
fixtures - virtual objects for operator assistance. The motion of the robots, however, is
guided by the user and no programming was implemented.

4.1.2 Proposed Method

We propose to use the HMD and the mapping and referencing capability to improve upon
the state of the art. Our method does not require any CAD data except for the robot
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model, and no additional sensors on the robot or in its working environment. This rep-
resentation of the environment can then be used with off-line programming methods or
further with AR-based methods proposed here or in e.g. [42]. In the latter case, when
using holographic waypoints, the user would need to place much less waypoints, as high
level motion planners such as Movelt may be used to interpolate collision-free trajectories
between the waypoints.

After obtaining the point cloud map of the environment and the coordinate transform
described in Chapter 3, all points of the map outside the maximum reach of the robot
are removed to speed-up processing. For this a kD-tree [69] representation of the point
cloud is first constructed. The kD-tree is a data structure that facilitates radius and nearest-
neighbour searches. We then filter all the points further away than D,..,.;, from the (0,0,0)
point, which is taken as the base of the robot.

We will represent the workspace of the robot with a voxel grid. Basically, the voxel grid
discretizes space into cubes, similar to how pixels are used to discretize 2D space and
images. In our map each voxel may be either free, meaning the voxel is not part of an
obstacle i.e. object, or occupied, meaning it is part of an object with which the robot
may collide. One could also assign probabilities of voxels being occupied but in our case,
where we want to avoid collisions at all costs, we apply a binary occupied/non-occupied
approach. The voxel i.e. cube has an edge size of Dj.,s. In ROS one may use the
OctoMap package to deal with voxelization of the environment. The OctoMap package
uses a voxel-based occupancy grid - each voxel has a probability of being free space or
an obstacle. Furthermore OctoMap incorporates an octree-based map compression. An
octree is a hierarchical data structure for spatial subdivision in 3D. Each node in an octree
represents the space contained in a cubic volume - a voxel. This volume is recursively
subdivided into eight sub-volumes until a given minimum voxel size is reached. Further
information can be found in the paper by Hornung et al. [70].

The map point cloud is down-sampled with a voxel-grid filter with voxel size D, s, which
is the size of the voxels in the OctoMap. For each point in the model point cloud of the
robot, a nearest-neighbour k-d tree search is performed to remove all the robot points
from the map. An outlier removal filter is used to eliminate any robot points that may
have been left over by the previous step. Finally the resulting point cloud is used to
generate an OctoMap voxel grid representation of the occupancy as seen in Fig. 4.1.

The generated voxel occupancy grid is sent back to the HoloLens where a user may visu-
alize and edit the occupancy grid. This step allows the user to correct any errors made by
the algorithm if they exist. It also allows the user to remove occupied voxels from parts
of the environment where contact with the environment is needed to perform the robot’s
task. Finally, the user may also add safety zones in situ, drastically reducing the setup and
testing times. In Fig. 4.2 the overlaid robot model, the rendered OctoMap, and the set up
of the safety zones can be seen.

When the user is done, the safety zones and the edited OctoMap are sent back to the com-
puter. As the user can freely move and add voxels through AR on the HoloLens, these
voxels must be snapped back to the voxel grid. These OctoMap environmental represen-
tations can be saved, loaded in Movelt and edited with the HoloLens as many times as
necessary. Likewise, one could save different voxel grids and safety zones depending on
the task for future uses. A representation of an edited map and safety zones in RViz can
be seen in Fig. 4.3.
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Figure 4.1: The real scene which was mapped with the HoloLens (left) and the resulting
OctoMap after the point cloud map was converted into a voxel grid, together
with the 3D model of the robot and table, as seen in RViz.

(a) (b)

Figure 4.2: (a) Visualisation of the voxel grid representation of the environment in the
HoloLens. The individual voxels can be added, moved and removed; (b)
Adding safety zones in situ using the HoloLens. Such definition of safety
zones are more intuitive and faster than classical input in offline robot pro-
gramming.

4.1.3 Tests and Results

To evaluate the quality of the OctoMap generated from the HoloLens” point cloud we
placed a wooden 20x20x30 cm cuboid on the front-left of the table. We assumed the worst
case scenario of using the sampled environmental mesh of the HoloLens. Khoshelham et
al. [71] found that the average global error of the HoloLens’ environmental mesh is
around 5 cm, which is much higher that the map we were able to generate and test in
Chapter 3 that has an average error of 2.15 cm. We therefore also used a D,y size of
Scm. This gives a minimum of 96 and a maximum of 160 voxels belonging to the target
cuboid, depending on how well the grid edges align with the cuboid edges. We counted
the total number of false-positives, i.e. the voxels that are detected as occupied by the
object that are in fact not, and false-negatives, i.e. voxels detected as free that are in fact
part of the object. The results presented in Table 4.1 show that on average there are 9.58
false-negatives (6-10% total voxels) and 61.33 false-positives (39-65% voxels) with 12
point clouds tested. Worth noting is that the false-negatives are much more critical as they
can cause crashes while false-positives only slightly limit the collision-free volume. Also
worth noting is that some false-negatives are hidden behind false-positive voxels or near
the table and are therefore unreachable.
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We also carried more than 50 tests where we gave a desired goal pose to the robot and let
Movelt plan a collision free trajectory in the cluttered scene shown in Fig. 4.1. If a colli-
sion does occur it will be due to the errors in the voxel representation of the environment.
Although the vast majority of the tests had no collision, there were indeed a few edge
cases were a collision happened when objects are positioned diagonally to the table. This
is due to small location and mapping errors combined with the discretization direction of
the workspace.

Table 4.1: The number of false-positives and false-negatives in the 12 OctoMaps tested.
The object contains between 96-160 voxels.

| [t ]2 [3 ]4 (5167 [8 ]9 [tw0/1t]12] & | o |

false positive || 83 | 60 | 67 | 71 || 52 | 75 | 78 | 61 || 41 | 35 | 58 | 55 || 61.33 | 14.48

false negative || 6 |16 |10 |5 || 5 |8 |14 |7 1211511 |6 9.58 | 3.99

To eliminate these rare edge cases a simple method of padding the voxel grid was im-
plemented. for each outside face of an edge voxel, meaning occupied voxels bordering
non-occupied voxels, voxels of half the leaf size, Dj.,r, were added. Multiple padding
levels can be added, each being composed of voxels half as small as the previous one.
One can however note that already with 2 levels the collision objects are enlarged by
75%. An illustration on padding levels can be seen in Fig. 4.4.

Figure 4.3: The edited voxel grid and added safety zones as visualised in RViz. To note
is that the table in this application was part of the robot description file. If
a CAD model exists and the robot should interact with that part of the en-
vironment, adding it to the robot model will filter out the unwanted voxels
automatically.
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(b)

Figure 4.4: The padding process to remove the edge cases that might result in collisions.
(a) The original OctoMap with 5cm voxels; (b) First level padding with 2.5
cm voxels; (¢) Second level padding with 1.25 cm voxels on top of the level
1 padding.

4.2 Robot Programming

We have already dove somewhat into robot programming in the previous subsection, as
programming and workspace setup are intrinsically connected. In on-line programming
the user moves the robot directly, usually through a control pad, a part of the robot con-
trol box, and saves the desired trajectory points and tool behaviour to be later replayed
by the robot. Such a method is time consuming, requires expert knowledge and needs
to be repeated whenever the task or the environment changes. The robot is out of use
for the duration of the programming. Off-line programming needs a precise model of the
environment but may leverage motion planning and other software to facilitate program-
ming. The robot may also continue working while the new program is developed. The
programmer however is also decoupled from the real physical surrounding of the robot.

In the past decade a new class of robot emerged, the so called CoBots [3]. These robots
possess Joint-Torque Sensor (JTS) and are lightweight enough to work safely alongside
humans. The sensors detect any collision and stop the robot. Alternatively the JTS may be
used to perform impedance/admittance control that allow the robot to control it’s position
and exerted force based on the force input from the environment. Such controls allows
these robots to be programmed by hand guidance, also called walk-through programming.
This is likewise an on-line programming method, however, the user may simple grab the
arm itself and move it to perform tasks. The tools on the robots usually also possess
buttons to activate them, meaning programming becomes much more intuitive.

Other methods also exist. One can for example use programming blocks which encode
robot behaviour from simple movement to sensor-driven behaviours. Using learning by
demonstration, one can also teach the robot how to perform a task instead of directly
programming it. Such methods rely on machine learning principles. More advanced
machine learning methods may allow the user to even use speech to tell the robot what to
do.

Robot programming trough the use of AR and HMDs is one of the most researched topics
combining AR and robotics. This is due to modern HMDs’ ability to provide numerous
interaction and visualization modalities to help the user program robots.
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4.2.1 State of the Art

Since a comprehensive review of all the proposed methods for programming robots would
be a massive undertaking, as programming the robot is such a core feature, we will en-
deavour to represent the general landscape of the research. This should hopefully high-
light the current issues and present alternatives to the methods proposed here. We can di-
rect the reader to survey papers, such as [72], [73] and [74]. As classical online and offline
programming methods have already been described, we shall focus on newer and different
programming methods. Some of these concept have been implemented in our work (e.g.
hand guidance) while others serve as a brief overview of alternative approaches.

4.2.1.1 Hand Guidance

As mentioned in the opening of the chapter, CoBots possess JTSs that allows them to be
programmed by hand guidance - merely grabbing the robot and showing them physically
how to perform the task. This intuitive method allows easy teaching of new trajectories,
even by lay-users. Such ease of teaching and reprogramming is of extreme importance
to expand robotics to small and medium enterprises, as well as in flexible manufacturing
paradigms [4]. Hand guidance on industrial robots in the mean time has been marginal,
usually requiring external force-torque or other sensors in the robot workspace. Tradi-
tional teaching pedants are still the most used tool to program industrial robots, despite
requiring extensive training to use and being slow when it comes to reprogramming. Be-
sides industrial settings, hand guiding is also important in medical robotics [75]. Beyond
simply easing trajectory teaching, hand guidance is an essential part of kinesthetic learn-
ing, a sub-field of learning from demonstration [76]. We will cover imitation learning in
Sec. 4.2.1.3.

As we would like our approach to work on portable systems and both with CoBots and
standard industrial arms, it is important to see if there have been other approaches to
achieve hand guidance that do not require additional sensors and that work with industrial
robots.

Moe et al. use a Microsoft Kinect and a smartphone-based accelerometer to perform hand
tracking to guide the end-effector of an industrial robot [77]. This approach, however, was
limited to 5-Degrees of Freedom (DOF). Furthermore by just driving the end-effector one
cannot make use of extra degrees of freedom that redundant joints may provide. It still
provides a good proof of concept, as the system would be entirely portable were it not for
the Kinect.

Lee et al. proposed a generalised method of hand guidance by torque control, based on the
dynamic model of a robot, the motor current, and a joint friction model [78]. The approach
requires experiments to determine the friction model of each joint, as well as possessing a
dynamic model. Furthermore the robot is confined to using a torque controller. Finally the
external force needed to move the end-effector was found to be 1.23-4.83 times greater
than approaches based on JTS. Ideally the force would be close to zero, which is not the
case even for JTS methods.

A similar approach was taken by in [79], requiring a dynamic model and friction model
identification, using a voting system and admittance control to move the robot. These two
factors, as with the previous approach, prevent it to be a truly "plug-and-play" method.
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In [80] a method without friction model identification was used with only a feed-forward
term for partial friction compensation. The force required to move larger robots unfortu-
nately became too large for human operators, due to uncompensated friction.

Teaching robot trajectories in virtual reality is also possible, however that requires either
exact modelling of the workspace, or additional sensors to track its status in real time,
which we would like to avoid.

4.2.1.2 Graphical Programming

Graphical programming refers to the use of graphical elements to represent higher level
actions and behaviours of a program. General example include MatLab’s Simulink and
Microsoft Visual Programming Language. In robotics it has been shown that graphical
programming tools ease robot programming both for lay-users [81] and experts [82]. In
the latter case it eases interaction between the large amount of software components of
complex systems and prevents writing repetitive and therefore error-prone source code.

The specific blocks can be written by experts to be used by lay-users, or they can be
generated automatically, for example by using ontological reasoning [83] or by emulating
user input in different programming environment [84] creating a general tool that can be
exported and implemented on different proprietary software of robot manufacturers.

4.2.1.3 Learning from Demonstrations

The goal of Learning from Demonstration (LfD) is to teach robot skills from human
demonstrations. The action may be performed directly by the human and captured via
cameras, depth sensors, motion trackers etc. [85] or the human may take direct control of
the robot and demonstrate the robot how to perform the action [86]. In the later case we
differentiate between kinesthetic teaching and teleoperation [87]. The skills learn need to
be generalisable, robust to changes in the environment or robot states. Here notably the
difference between kinesthetic teaching and hand guidance is that through hand guidance
the robot just repeats the shown motion.

Recently the use of VR has also been demonstrate as a possible data source for LfD. This
simplifies the data acquisition process and may be used to implement any of the three
methods.

4.2.1.4 Reinforcement Learning

Whereas in learning from demonstration a user demonstrates the correct way to perform
a task, in reinforcement learning no examples are given. It is usually connected with
deep learning i.e. the use of artificial neural networks with extremely large numbers of
parameters that are trained to perform a task. The desired outcome of a task is encoded in
the so called reward function [88]. Large number of robots and training time are required
for good performance [89]. Another option is the so called sim-to-real, where the training
takes place in simulation and is then transferred onto real robots [90]. Reinforcement
learning is now days tightly coupled with transfer learning, the ability to reuse knowledge
from previous tasks to perform novel tasks with less training [91].
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The most recent advances use embodied language models to directly incorporate real-
world sensor data into language models to establish the link between words and percepts.
For example PALM-E [92] allows the human user to use natural language to command
a robot to perform a task, which the robot performs even under disturbances. Such large
scale language models also enable general inference.

Reinforcement learning and deep learning require large scale training data, computing
power and very often suffer from lack of explainability i.e. if an error occurs it is often
quite difficult to properly explain why. Such approaches promise to one day enable au-
tonomous robots, which can be asked to perform tasks and conversed with in a human
manner without the need for any sort of programming on the part of the user.

4.2.1.5 AR-based Approaches

AR assisted robot programming is perhaps the most researched sub-field of AR-based
HRI. The earliest research used camera and screen [8] [6]. However as technology moved
forward more advanced systems that allowed the robot and user to be in the same envi-
ronment were developed.

One particular research direction is the use of varied intuitive input devices to facilitate
robot programming. These devices are tracked by external tracking systems, most notably
using infra-red (IR) markers. Hein et al. [93] have shown that such devices allow even
untrained people to solve robot jogging, trajectory input and surface interaction error-
free. Such devices can also feature additional sensors, such as a force sensor in the tip, to
help with input. This approach has often been combined with projectors to provide AR
visualization [24] [94] [67]. This was a popular approach before the advent of commercial
HMDs, however it still remains a popular choice, even being combined with AR of XR
HMDs [95]. The main advantage of such a system is the tracking precision offered by the
motion tracking system. This also allows tracking of various tools to ease programming.
Reinhart et al. [24] also list trajectory editing, interaction with virtual menus and the
digitising of object surfaces - generating 3D models of unknown objects on the fly, as
interaction options of such systems. The biggest disadvantage is that such systems are
static and require extensive setup (less so when HMDs are used instead of projectors).

Another approach that was quickly developed after the introduction of the HoloLens HMD
is the use of holographic waypoints [42]. The user can use either the gaze or manipulate
the waypoints via hand tracking. Once the user is finished, an interpolation step based on
B-splines constructs the trajectory of the robot.

For pick and place tasks, one may also select the object or location for picking and then
select the location to place the object, such as in [46]. A higher level motion planner
is then used to calculate the trajectory (it is not specified which planner was used, most
likely Movelt).

A general benefit of using HMDs in robot programming is the option of in situ virtual
execution [46] [42]. The user can view the entire execution of the program in the robot
workspace but with a virtual holographic robot instead of the physical one. This allows
inspection and error correction without the risk of collisions and damage to the robot
itself.

AR approaches are also often combined with the other robot programming methods de-
scribed earlier. They are made easier to use and more intuitive through the use of AR
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and HMDs. Mateo et al. combine AR and graphical programming [44]. Liu ef al. use
the HoloLens to patch missing knowledge gained through imitation learning [48]. Lueb-
bers et al. use the HoloLens to ease the input of constrains and visualize learned policies
during constrained learning from demonstration [96].

4.2.2 Proposed Methods

We developed three different methods to program the robot via HMDs. The first one uses
holographic waypoints similar to [42]. The second seeks to emulate hand guidance by
using the HoloLens hand tracking capabilities. The third one adds the option to use tools,
such as a smart pen, to ease the robot programming. Though classically such tools were
tracked via IR marker tracking systems [94] [67], we achieved inside-out tracking using
the HoloLens’ IR emitters, which are part of the depth sensor, to illuminate the IR markers
on the tool.

4.2.2.1 Using Waypoints

Figure 4.5: First person view from the HoloLens. The waypoints, their position in the
robot base coordinate system, and their projection on the table (which was
part of the robot model in this case) can all be seen. A virtual robot is overlaid
over the real one and used to test the validity of the planed trajectory.

With the advent of the HoloLens, using HMDs to define holographic waypoints was a
natural low-hanging fruit. We started working on such an approach before Quintero et
al. [42] published their paper in 2018. Our approach took quite a similar form. The user
can use voice commands to interact with the system, adding and removing waypoints
and requesting the trajectory planner to plan a path through the waypoints. The main
difference is that we use Movelt high level path planner to plan our trajectories instead
of relying on interpolation as in [42]. This combined with the cell setup allows the user
to input much fewer waypoints to achieve a collision-free trajectory. We also visualize
the location of the waypoints in the robot base coordinate system as well as the option
to project the position of free-space waypoints to the surfaces below. This is very useful
e.g. to position the robot above the object to grasp in pick-and-place tasks. After [42] was
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published, we also implemented surface waypoints i.e. waypoints that are bounded to the
spatial mesh. This allows programming the robot with tasks that require surface contact
like milling or welding. In Fig. 4.5 the first person view from the HoloLens is visible.
One can see the waypoints and their projection as well as the virtual robot overlaid on top
of the real one. When the planning is done, the virtual robot executes the trajectory and
the user can check if the generated trajectory is satisfying.

4.2.2.2 Hand Guidance

Figure 4.6: First person view of the hand guidance modality from the HoloLens

We wanted to leverage the hand tracking capabilities of the HoloLens to enable general
hand guidance independent on the type of the robot and not requiring sensors on the robot
or around it. The proposed approach requires only the urdf of the robot which describes its
kinematic chain. Unlike the other methods mentioned in the state of the art, our method
doesn’t require any special setup or parameter identification. The user does not need
any force to move robot, it can be used with different robot motion controllers and the
sensitivity of the movement can be adapted on-the-fly.

After the robot was successfully referenced, resized convex meshes around the virtual
robot links define the area in which hand movements translate to robot movements. An
example of such a convex mesh is visible in Fig. 4.7. The size of the area can be freely
modified online through a holographic menu. We use the Hold gesture, defined in the
HoloLens’ specifications, to virtually push and pull the robot links. When the user’s arm
is in the action area of a specific link, the link in question turns yellow on the overlaid
robot model. When the user actively moves the link, the link turns orange.

Also worth noting is that the virtual robot can be moved or resized. This allows hand
guidance from a safe distance also with large robots that would usually be too big to
perform this type of hand guidance.

When the user makes the Hold gesture inside the mesh of link j whose parent joint at
position s;; has a rotation axis a;, the positions of the hand in the current frame /; and
the position of the hand in the previous frame h;_; are projected unto the plane defined
by s, and a;, as per (4.1):
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hy - Qjt Iy - Qjt

lag | "

Pit = hy Djt—1 = hi—1 — Qj¢ 4.1)
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Figure 4.7: The convex mesh around the link defines the area in which hand movements
are translated into robot movements.

The normalised vectors of the projection in relation to s; are:

Uj,t — p],t Jpt ’ 'Uj,t—l — pJ:t 1 Jrt (42)
1Pie = 85 121 = sjll
The angle between the two vectors, and therefore the change in joint angle is
A, = arccos (vj—1 - ;1) - sign(aj - (Vji—1 X V1)) (4.3)
The new desired joint angle is therefore
b, — Oji—1 + KAOj e Ojmin < 054 < 0jmas 4.4)
! 01 otherwise

Where K is a tunable motion scaling factor.

This angle update however covers only part of the hand motion, to get the full motion
we need to propagate the remaining motion down through the kinematic chain. We rotate
hi—y around a;, centred in s;, by the angle (6;; — 6,:_1)

Tii—1 = iz - (h—1 — Sj1) - q;tl + Sjt 4.5)

Where g; ; is the quaternion representing the rotation around a4, q;tl is it’s conjugate, and
the - represents the Hamiltonian product. The quaternion g; ; is defined as

. 0.y — 0, 0., —0:,
Gi = (cos (NTW),&H(NTW)%O,
. (4.6)
4t = G
7 gl
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The same computation is then reiterated for each joint down the kinematic chain until
rjt—1 = hy or there are no more joints left. In the latter case the complete motion of the
hand is not reproduced by the robot due to kinematic constrains. In Fig. 4.8 one can see a
graphical representation of the equations.

The vector of joint position updates is then sent to ROS where any controller can be se-
lected through the ros_control package. If the controller in question is Cartesian, the
desired joint values can be converted to the desired end-effector pose via forward kine-
matics.

Given that in the majority of cases dragging the end-effector may be preferable, a holo-
graphic sphere can be placed around the end-effector which can be dragged and rotated
around the three axis of the world coordinate system. The pose of the sphere then indi-
cates the desired pose of the end effector. For control in joint-space the inverse kinematic
solution is used that minimizes the total change of all the joint angles. In our case we use
the Movelt framework to perform both forward and inverse kinematics as needed.

Such an interaction system would become even more intuitive provided full hand skeleton
tracking was available. Newer devices such as the HoloLens 2 already offer such a modal-
ity. Alternatively the RGB camera of the HoloLens 1 can be used in conjunction with e.g.
[97] to provide robust skeleton hand tracking even with surface contact and occlusion.

Figure 4.8: Graphical representation of (4.1) - (4.6). The hand motion between the two
consecutive frames has been vastly exaggerated for the sake of clarity

4.2.2.3 Tracking Tools

It is sometimes beneficial to use tools to help input robot motions, especially when surface
contact or the amount of force applied need to be specified. Researchers at the Intelligent
Process Automation and Robotics Lab developed such tools and showed that they indeed
ease robot programming [93]. Smart input devices such as the smart pen can be used to
easily define a machining process for industrial robots [98]. As already mentioned the
downside is that the robot workspace must be equipped with a marker tracking system,
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Figure 4.9: The user wearing the HoloLens and holding the tracked input device equipped
with IR-markers. The input device is tracked purely through the on board
sensors of the HoloLens. One can also see the live tracking in RViz on the
screen of a desktop PC running ROS.

which makes the approach immobile and requires extensive setup and calibration. In our
case the marker tracking system used IR markers.

To alleviate these issues, we proposed to use the same tools, however the tracking would
be performed by the HoloLens itself. This is enabled by the depth sensor of the HoloLens,
which uses IR projectors to illuminate the environment, with the depth camera measuring
the time it takes for specific points to be reflected back. This depth measuring principle is
called ToF. The projectors however can also be used to illuminate the IR markers of the
smart tools. Specifically, we use the short-throw reflectivity stream to track IR markers
illuminated by the HoloLens’ depth sensor.

After undistorting the frame we apply a threshold filter, as the markers are highly reflec-
tive. The threshold filter is applied so that only pixel values higher than 250 remain, since
the marker pixel values are very close to 255. This will eliminate interference from other
reflective surfaces. The image size is reduced by half for blob detection to save on pro-
cessing speed. The centre pixels (z;,y;) of each blob are then mapped into 3D space using
the pinhole camera model:

Zi~xi Ziy )T
i — ) 9 Z'L 4.7
m= (45 2 @

Where f is the focal length of the HoloLens depth camera, and Z; is the distance of the
i-th blob centre from the camera, obtained by mapping the centre pixel of the blob to the
depth stream of the same frame.

The distance matrix (Dg) of the set of detected markers My, is created and the distances
compared to the distance matrix of the model (Dj;). Each distance matrix element d%/
holds the distance between the points m® and m’. As there will inevitably be a recon-
struction error, a tolerance threshold  is introduced. Two distances are considered equal
if:
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| % —di, | <6 (4.8)

(a) (b)

Figure 4.10: (a) The original, distorted reflectivity stream. One can notice the IR markers
illuminated by the HoloLens’ depth senor are quite visible. (b) The detected
position of the blobs and the defined region of interest for the next frame.

Where dY is the distance between two reconstructed markers, m/, and m§, and dé@ is the
distance between two model points, m’, and m’,. A simple diagram with three points is
visible in Fig. 4.11.

Figure 4.11: Left - a visual representation of model parameters 4y, m’,, and mﬂ/[; Right
- representation of reconstructed parameters d’, m’, and m%.

After each of the found markers has been assigned to a correspondent in the model, the
rotation and translation between the two rigid bodies has to be determined.

The main approaches are through the use of orthonormal rotational matrices [99] and the
Singular Value Decomposition (SVD) of the covariance matrix [100]. Umeyama ([101],
Kanatani [102] and Challis [103], improved the previous methods, especially by fixing a
flaw where noisy data sometimes caused the rotation matrix to have a determinant of —1
and thus become a reflection rather than a rotation. Our algorithm is based on the work
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from Kanatani [102] and Challis [103] who both independently expanded on the method
proposed by Arun et al. in [100].

Given a point z; in the set My and point y; in the set My, (z = 1,2,..., N and N > 3).
The transformation between them is:

yi = Ru; + 1 (4.9)

Where R is a 3x3 rotation matrix and ¢ is the translation vector.

The least-squares problem of finding 2 and ¢ is equivalent to minimising the following
expression:

n

1< 1
- > (Ra;+t—y)* = - > (Ray+t —y:)" (Ra; +t — yy) (4.10)
=1

=1
This can be further simplified by eliminating ¢ as an unknown variable. We compute the
mean vectors of both point sets 7 and y. The vector ¢ can then be computed as:
t=7y—R% (4.11)

Substituting ¢ in Equation 4.10, we get:

1 n
o Z(Rl“z —yi +9 — Rz)" (Rz; — y; +J — RT) (4.12)

i=1

We define two new point sets by translating the sets y; and x; so that the means ¥’ and 7/’
of these two new point sets are located in the origins of the two reference frames:

=1, —T, Y=y—7 (4.13)

Substituting these two new vectors in Equation 4.12, we get:

1 n
=D (i — Ra))"(y; — Rai) (4.14)
i=1
By expanding and reducing the equation above, we get:
1 n
= (Wi + 2 @ — 2y} Ra) (4.15)
n
i=1
By using the following equivalences:
{Rei}"y; =y} R (4.16)
T 1 T pT R M A
{Rz;}" Rx; = x; R" Rx; =z, x| 4.17)
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Thus, minimising Equation 4.10 is equivalent to maximising:

1 n
= (" Ral) (4.18)
n

=1

Rearranging and summing this, gives the following to maximise:

1 - /T / T 1 - 1 0T T
— T Rx)y=tr| R — T =tr(R'C 4.19
" ;:1 (yi Rx;) =tr ( - ;:1 Yi; r(R°C) (4.19)

Where ¢r() is the trace of a matrix and C'is the correlation matrix computed as:

n

1 — T 1 - r 0T
C = - ;(yZ —y)(z; —T)" = - ;ylzﬂZ (4.20)

Using SVD one can decompose the correlation matrix C' = UW VT where U and V are

orthogonal matrices and W is a diagonal matrix containing the singular values of C. By
substituting the SVD of C' into Equation 4.19, we get:

tr(RTC) = tr{RTUWVT} = tr {[VT RTUW} (4.21)

We now define a new matrix () as:

Q=V'R'U (4.22)

Thus we now have to maximise:

tr(RTC) = tr(QW) (4.23)

Since IV is a diagonal matrix, the result of Equation 4.23 is only influenced by the values
along the main diagonal of (). Thus maximising Equation 4.23 becomes the problem of
maximising the values on the main diagonal of ().

As V, R and U are orthogonal the same must hold for (). The Euclidean vector norm
of the main diagonal of () must be equal or less than 1. Therefore, in order to maximise
Equation 4.23, () has to be the identity matrix.

Going back to Equation 4.22 and substituting () with [:

I=V'RTU 5 RV=U—-R=UV"T (4.24)

This solution fails in certain cases when the determinant of R becomes —1, which makes
it a reflection not a rotation. This has been resolved by Kanatani and Challis. After
computing the SVD of C, we can maximise ¢r(RTC') (Equation 4.19) if:
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10 0
R=U|0 1 0 yT (4.25)
0 0 det(UVT)

The method will no longer fail in the cases where det(UVT) is —1 as R will have a
determinant of +1.

Two main methods are used to increase the frame rate. Firstly based on the positions of
the markers in the previous frame, a region of interest is defined to reduce the number of
pixels in the blob detection phase as seen in Fig. 4.10(b).

Secondly, we interpolate the position and orientation in between frames. We use simple
linear interpolation of position assuming constant speed. For orientation, we use SLERP
[104], a method for linearly interpolating between quaternions. As the movement markers
on the object are tied to the motion of the human hand, the system is not highly dynamic
and thus such simple linear interpolations prove adequate.

On a desktop PC with an Intel Core 17-4790K (4 Cores, 8 Threads @ 4.0 GHz), 16 GB
RAM and a Nvidia GTX 750 Ti running an Kubuntu 16.04 (64-bit) OS, the tracking runs
at 46 FPS in static conditions and 41 FPS in dynamic conditions. The entire workflow
split into programming jobs is visible in Fig. 4.12. The computing job runs on two threads,
while the prediction and streamer jobs each run on one.

Computing Job Prediction Job Streamer Job

Wait for new frame
Detect Blobs

queue

Store prediction for

current time in send
l queue

Wait for data in send
queue

Send data to
Rosbridge server

Figure 4.12: The workflow of the marker tracking algorithm is split into three jobs or
processes - The Computing Job in charge of detecting markers in reflectiv-
ity frames and computing the input device’s pose. The Prediction Job that
interpolates the object’s position and orientation in between frames. And
the streamer job that streams the tracking data to the desktop computer run-
ning ROS. The Computing Job being computationally expensive runs on two
threads, while other jobs run each on one.
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4.2 Robot Programming

4.2.3 Tests and Results

This section presents the tests and the results of the technical evaluations for each of the
three proposed programming methods - waypoints, hand guidance and tool tracking.

4.2.3.1 Using Waypoints

Other papers already showed the user benefits of using such an approach. Quintero et al.
[42] conducted a user study with ten participants. They showed that programming robots
through holographic waypoints takes less teaching time and produces better results. They
also found that the workload is decreased however mental workload is increased based
on the NASA-TLX questionnaire. In a follow up paper based on an improved version of
the system presented in [42], Chan et al. [105] found compared the results of a pleating
task between performed purely by a human, assisted by a robot controlled via waypoints
with a HMD or assisted by a robot and controlled by a joystick. It was found that using
the robot to assist in the task decreases task completion time and physical load. It was
also found that task completion time was reduced when using the HMD instead of the
joystick. However, contrary to the findings in [42], there was no significant difference
in the physical and mental loads between the joystick and HMD methods. It was also
found that the participants utilized the robot more when using the HMD compared to the
joystick, though the authors note that the novelty of AR may have skewed this result.

It is also worth mentioning the work of Frank et al.. Though they used an hand-held tablet
for AR interaction and only indicated picking and placing locations, they had a large
number of participants (40 in total). They employed their own 11 statement questionnaire
with a 5-point scale for each statement, from strongly disagree to strongly agree. It was
shown that the AR interface proved easy to use, was intuitive and was considered useful
for completing the task. However no baseline on the execution of the task with a classical
method was presented.

As the programming method is well researched and tested, we only tested the generation
of collision-free trajectories already described in the robot workspace setup section (Sec.
4.1.3).

4.2.3.2 Hand Guidance

Technical tests of the hand guidance were performed using a scaling factor of K = 1 and a
Reflexxes interpolated joint position controller [106]. Moving each link, we compared the
positions of the end-effector to the hand position, as well as tracked the desired joint state
provided by our algorithm, the control signal of the Reflexxes controller, and the actual
joint state of the robot. The robot used was an industrial KUKA KR-5 ARC manipulator
with no JTS. In Fig. 4.13 and Fig. 4.14 one can see the example where link 3 is moved.
The end-effector, and therefore link 3, motions follow closely the hand motions. One can
also see that, although the hand commands suffer from shaking as they were unfiltered,
the inertia of the robot filters out this signal and the joint states are smoother than the
commands. That said a tunable band-stop filter, or signal smoothing for small, shaky
hand motions could be a helpful addition.
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Figure 4.13: The x,y and z coordinate movements of the hand virtually pushing and
pulling link 3 compared to the end-effector position. One can see that the
end-effector movements follow closely the hand movements.

In Fig. 4.14 it is visible that the desired joint values follow closely what one would expect
from our command strategy, with the base joint (joint 1) and elbow joint (joint3) receiving
the majority of move commands. The non-zero move command from the shoulder joint
(joint 2) is due to the fact that when s3;, h; and h;_; are collinear, the projection angle is
zero, and therefore the next joint, joint 2, needs to perform the movement.

Finally we tested if there were any errors in replaying the trajectory captured by the hand
motion. This is mainly to prove that there is no lost data when capturing joint states with
their time stamps, or any unexpected stochastic behaviour in the system. In Fig. 4.15 one
can see the comparison between the robot joint angles of the captured trajectory and the
replayed trajectory. It can be seen that there are no deviations between them.

4.2.3.3 Tool Tracking

We performed two groups of tests. A static one where both the HoloLens and the tracked
input device are static and a dynamic one where both the HoloLens and the input device
move. To get directly the precision of the tracking we skipped the referencing step using
the point cloud. We took 1000 static samples before each test to find a transformation
that minimises the root mean square error between the ground truth position of the input
device obtain via the ART-3 tracking system and the transform of the input device position
in the HoloLens coordinate system.

For measuring the precision in static conditions, the input device and the HoloLens were
both placed in stationary positions one arm-length away. After calibrating the world coor-
dinate of the ART system, we gathered 5.000 samples of pose data for the pen pose seen
from the HoloLens and the ART tracker.

To measure the precision in dynamic conditions, we moved randomly through the room
again and gathered 10.000 samples of pose data in 5 experiments of 2.000 samples each.
The referencing was performed at the start as previously described.

The static tests have shown an average absolute positional error of 1.9 mm and an average
absolute angular error of 0.37°. In the dynamic case an average absolute positional error of
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Figure 4.14: Angles of the three joints down the kinematic chain from link 3. The tar-
get is calculated by our algorithm, the command is the value the Reflexxes
controller sends to the robot. The state is the actual angle of the robot joint.
The controller doesn’t distort the calculated target. The slight lag in the joint
states is due to inertia.

22.1 mm and an average absolute angular error of 3.87° were observed. Fitting a Gaussian
distribution to the positional errors gave the median of the positional error of -0.1 mm and
the standard deviation of 30.7 mm. The angular error distribution had a median of 0.22°
and a standard deviation of 5.39°.

Interesting to see is the non-Gaussian distribution of the stationary tracking error. This is
most likely due to the fact that the main error contribution is the IMU drift. Therefore the
quality of the tracking was based purely on the average absolute error. On the other hand,
while moving, independent error sources such as IMU drift, visual odometry errors etc.
add to a Gaussian distribution as per the central limit theorem. Thus the error in the dy-
namic case does follow a Gaussian distribution. The biases found in the error distribution
can then be used as ad-hoc corrections to the obtained tracking data.

The main contribution to the tracking error in the dynamic case seems to be the locali-
sation error of the HoloLens, as is noticeable from the difference between the static and
dynamic cases. In most cases the user will not move significantly while inputting trajec-
tories, thus the error is expected to usually be much closer to the static case than the fully
dynamic case.

Compared to four other state of the art commercial tracking devices (OptiTrack Flex3,
Qualisys ARQUS and MIQUS and the Vicon Vantage), the static position error is four
times higher than the average of the four devices (0.5mm) while the dynamic one is sig-
nificantly worse at 45 times higher. The achieved frame rate however is only 2.5 times
lower than the average of 100 frames per second.

In [107], Bérard et al. tested human input precision from various devices. It was shown
that mouse and stylus type devices have a human input precision of around 0.5 mm while
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Figure 4.15: The joint values of the robot while inputting the desired trajectory compared
to the joint values while the trajectory is replayed. One can see that the re-
play function doesn’t introduce any errors - no data is lost in the saved tra-
jectory compared to the execution and no unexpected behaviour is observed
when executing safed trajectories.

free-space devices have a precision of 5 mm. Thus the precision of the tracking in free
space without significant HoloLens motion is adequate. Assuming that when the input
device contacts a surface the precision will be approximately same to the mouse or stylus,
the tracking precision will need to be improved in those cases.

There are ways to further reduce the tracking error to achieve the necessary precision.
The most obvious one is to use newer generations of HMDs, like the HoloLens 2, which
have improved tracking capability. Additionally the use of sensors on the robot itself
may improve accuracy dramatically. In [98] it was shown that a laser line sensor on the
robot can be used to vastly improve the accuracy of user input to achieve sub-millimetre
precision. The input was given through the same input-device tracked here.

4.3 Conclusion

This chapter built upon the previously developed capabilities of mapping the environment
and referencing the robot via a HMD. We presented the current issues with setting-up the
workspace of robots. We have shown that the current methods are slow, expensive and
require expert knowledge. We proposed an approach where the map of the environment
is converted into a voxel occupancy grid. We have shown that this allows a quick setup of
the workspace without expensive equipment. This allows higher level motion planners to
plan collision-free paths, greatly easing the programming task.

We also reviewed the current robot programming paradigms and showed how the use
of HMDs can offer more intuitive ways of programming robots. We implemented three
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Figure 4.16: Tests with moving IR markers and a static HoloLens. The ground truth is
provided by an ART-3 tracking system: (a) Distribution of the positional
error of 5000 data points. The average absolute error is of 1.9mm (b) Distri-
bution of the angular error of 5000 data points. The average absolute error
is of 0.37°. To note is the non-Gaussian distribution of error due to the IMU
drift being the major component of error.
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Figure 4.17: Tests with moving IR markers and a moving HoloLens. The ground truth
is provided by an ART-3 tracking system:(a) Distribution of the positional
error of 10000 data points. The average absolute error is of 22.1mm (b)
Distribution of the angular error of 10000 data points. The average absolute
error is of 3.87°. In the dynamic case the error follows a Gaussian as per the
central limit theorem due to multiple independent error sources.

different programming options. The first one uses waypoints and the voxel occupancy grid
to plan collision-free paths. The position of the waypoints in the robot base coordinate
system and the projection of the points to the surface beneath are quality-of-life additions.
The second method sought to expand the hand guidance method to any robot, with or
without JTSs or other external sensors. The third method is meant to ease the use of smart
programming tools by implementing inside-out tracking on the HMD instead of relying
on immobile marker tracking systems that need extensive setup and calibration.

Of particular note in this chapter is the marker tracking error of 2.21 cm in the case when
the HoloLens moves compared to the static case in which the error was in the millimeter
range. During tests no referencing was used. This was another proof that the localisation
of the HoloLens itself has an error of around 2cm. When programming the robots, this
error will need to be mitigated. One possible solution is the one presented by Hartman et
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al. in [98], where the sensor on the robot is used to correct the error of the user’s input.
Alternatively the localisation precision of the HMD needs to improve considerably.

The part of the system pipeline for the robot environment setup is visible in Fig. 4.18. To
the left are the components running on the HoloLens HMD, while right of the line are the
components running on a PC with the ROS. In Fig. 4.19, 4.20 and 4.21 one can see the
components for the programming via holographic waypoints, hand guidance, and smart
tool tracking respectively.

We published several papers relevant to this chapter. In [33] we tested the mapping ca-
pabilities of the HoloLens, as mentioned in the previous section, and also showed how to
use the map to generate a voxel occupancy grid from workspace setup. In [108] and the
follow up paper [109] described the implementation of the HMD-based hand guidance
system. In [110] we described the general system architecture for HMD-based HRI sys-
tems, including workspace setup, referencing, programming and interaction. In [34] we
described the inside-out tracking via the HoloLens of tools equipped with IR markers.

In the next chapter we will present methods of safely interacting with the robot during
the execution of its task. Tracking of the human coworker inside the robot’s workspace is
paramount to achieve this. Another important aspect is deducing the intentions and targets
of the human coworker. The same methodologies allow us to implement collaborative
tasks both with lightweight CoBots and standard industrial robots.
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Figure 4.18: The setup components of the system pipeline. To the left of the line are the
components running on the HoloLens HMD, while right of the line are the
components running on a PC with the ROS.
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Figure 4.19: The mapping components of the system pipeline. To the left of the line are
the components running on the HoloLens HMD, while right of the line are
the components running on a PC with the ROS.
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So far we have seen how the use of HMDs can facilitate robot setup and programming.
A particularly important field in robotics is HRI. As robots get more widespread it be-
comes natural for them to interact and collaborate with humans. While at present the vast
majority of robots are used in industry and isolated from humans, there is a strong push
to reverse that, as human-robot teams often perform better than purely robots or humans.
The human coworker can help the robot with their higher cognitive skill while the robot
movements are faster, more precise and can easily carry heavy loads.

The main issue is ensuring that the robot doesn’t injure the human during the interaction
step, as most industrial robots are heavy and do not possess adequate sensors to detect
collisions. Additional methods of ensuring the safety of the human need to be taken.
This usually comes in the form of speed and separation monitoring - the position of the
human is tracked, the speed of the robot is decreased as the human gets closer. The
robot may be stopped if the human gets too close. The position of the human is tracked
through external sensors (mounted in the robot workspace) such as cameras, laser sensors
or pressure plates. We shall than once again endeavour to make a mobile, easier to use
system with the same capabilities.

Once the safety of the human coworker is ensured an important component in any team,
namely knowing the intentions of the other team member, needs to be addressed. Humans
have a good sense of the intention of their human coworkers. Robot teams likewise can
share data to facilitate their collaboration. Most humans do not have an intuition of the
intentions of the robot. Likewise the robot needs an algorithm to try to predict the human’s
intention from sensor data. HMDs offer the display capabilities to properly visualize the
robot’s intention to the human, while possessing enough sensors to allow an algorithm to
evaluate the intentions of the human.

5.1 Person Tracking

To ensure the safety of the human in the robot workspace knowing their position is
paramount. This allows the usually heavy and rapidly moving robot to slow down around
the human or to completely avoid the space surrounding the human themselves by replan-
ning its trajectory. Finally we may stop the robot if the human gets too close. To allow
the robot to perform its task as efficiently as possible, the safety zone around the human
should be minimized as much as possible, while still ensuring their safety.

This section describes the current methodology of safely tracking people inside the work-
ing environment of the robot. These methods use sensors mounted around the workspace
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of the robot and are therefore immobile and usually require extensive calibration to work
properly. We propose a completely wearable method that does not require extensive cali-
bration and is of course completely mobile.

5.1.1 State of the Art

The use of laser sensors or laser curtains is the de facto standard in industry at the moment
[111]. The use of cameras, usually with redundant cameras and ToF sensors is also quite
popular. Such systems include the commercially available PILZ SafetyEYE as well as the
system presented in [112]. Vogel et al. used a projector and a multiple camera system
to detect safety-zones violation [113]. Based on joint states and velocity, the projector
makes a light curtain on the table around the robot. The cameras capture the contour and
compare it to the predicted visible contour. If the two do not match a safety violation is
detected and the robot stops. This can be thought as a reconfigurable laser curtain based
on the robot state.

In [114] pressure plates were installed in the floor, with a projector only indicating the
safety zones to the human coworker. The plates allowed discrete person tracking, mean-
ing that multiple safety levels can exist in the system. Corrales ef al. [115] used a motion
capture gyro-suite to track joint rotations of a skeleton model of the human. The transla-
tion of the human however accumulated significant drift and soon became imprecise. To
mitigate this a UWB-based tracking system was implemented for transnational tracking,
rendering the system static.

The use of Deep Learning (DL) allowed the use of simple, cheap camera systems to
track people, be it in the form of bounding boxes [116] or full skeleton tracking ([117],
[118]). Although simpler and cheaper than previous methods, the system still requires
multiple, fixed cameras to deal with occlusions and redundancy. Another thing to consider
is the intrinsic safety issues of pure machine learning approaches. The classical CNN
approaches suffer from a lack of explainability. Namely if an error occurs, it is hard
to pinpoint exactly what caused the error. Likewise it may be hard to determine if the
approach will work in all cases or when it might fail except through extensive testing.

Hoang et al. [119] use the HoloLens to setup safety zones manually. An additional au-
tomatic cylindrical safety zone is featured around the user and moves with the HoloLens.
The size of the cylinder is however unspecified and we would like to avoid unnecessary
waste of collision-free space for the robot.

5.1.2 Proposed Approach

Our approach consists of a HoloLens and two IMUs (MPU9250 9-DOF IMU on an Texas
Instruments SensorTag CC2650) worn around the user’s wrist. The sensor tags provide
connectivity to the PC directly via Bluetooth. IMUs are compact enough to be worn by the
user without almost any weight increase. They are also very cheap, meaning they would
not increase the cost of the system significantly. IMUs measure linear acceleration in 3
axis, angular velocity in 3 axis and usually feature a magnetometer in 3 axis. To measure
the pose i.e. the position and orientation, the IMU measurements need to be integrated
or summed. This accumulate drift - the pose estimation error grows larger the longer
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Figure 5.1: The start arm positions. One can see the differentiation between left and right
arm, the referenced robot as well as the spatial mesh.

the system is used, like in the approach proposed in [115]. On the other hands SLAM
algorithms do not accumulate significant drift !. Thus one way to exploit IMUs, while
keeping the system mobile, is to pair them with a device that runs a SLAM algorithm, like
the HoloLens.

We would like to minimize the safety space around the user, while still avoiding collisions.
A body safety cylinder can be used for the head and body, like in [119]. The position of
the cylinder is taken from the localization data of the HoloLens. Each of the arms are
covered by two cylinders, one for the upper arm and one for the forearm and hand. The
pose of the cylinders can be calculated from the wrist tracking data provided by the IMUs.
The human shoulder has 3 degrees of freedom, like a spherical joint or three orthogonal
rotational joints. The elbow has two degrees of freedom of which one, the rotation of the
forearm around its axis can be ignored, as the cylinder is rotationally symmetrical around
that axis. This gives four degrees of freedom to be determined, which is easy to calculate
given the 6-DOF delivered by the IMUs. The kinematics of the human arm can be seen in
Fig. 5.2.

The length of the upper arm and forearm, and therefor the length of the cylinders can be
easily determined from the user height [120], though care has to be taken as it may not
always be accurate [121]. The height itself is easily obtainable from the HoloLens, as an
inbuilt function already estimates the ground plane for more robust localization.

We assume the user already mapped the robot’s workspace and performed the referencing
step. To start the tracking the user extends both arms in front of the HoloLens and per-
forms the Hold gesture. The HoloLens does not differentiate between the left and right
hand. We take the leftmost detection as the left hand and the rightmost as the right. We
also use this method of differentiation whenever there are multiple hand detections from
the HoloLens. This provides a well defined start position. After this simple setup the

'Provided the device re-observes and already observed landmark. This is called loop-closure and is the
main method to bound drifting. Otherwise errors will still slowly accumulate producing a slight drift.
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Figure 5.2: Kinematics of the human arm.

tracking system is activated, and the user can go about the robot cell performing their
task. The starting position, together with the referenced robot can be seen in Fig 5.1.

To note here is that the HoloLens detects the position of the hand and not that of the IMUs
themselves. However as IMUs provide only the relative position and orientation change
from the start pose, this difference does not present a problem.

The orientation of the IMUs and the direction of gravity are estimated using the Madwick
filter [122]. For position estimation we tested a Kalman filter and a combination of low
and high pass filters. In the former we first pass the input through a median filter of
window size three. In the later we reduce the measurement noise of the acceleration with
a low pass filter. After the first integration giving speed and the second giving position we
use high pass filters to partially eliminate drift.

To fuse the measurements from the IMUs and the HoloLens, in case of the Kalman Filter,
we add the position as a measurement alongside acceleration. The position measurement
is taken as the HoloLens measurement when the hand is in the FoV of the sensor, or as the
previous position estimate in case it is not. For the low and high pass filter combination
we simply substitute the previous value of the measurement with the HoloLens tracking
data when available.

For both methods, first the gravity vector, estimated by the Madwick filter, is subtracted
from the acceleration reading.
ar = aj™ — g 5.1)

In the case of the Kalman filter, we first run a median filter with window size 3 over the
input signal. The filtered signal is then fed to a linear system without a control signal:

-%k|k71 = Ai“kfukfl;yk = Cuxy, (5.2)
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Where the state matrices were defined as in (5.3):

1 At LA
A=|0 1 At |;C=(0 0 1) (5.3)
00 1

The observation covariance matrix R, transition covariance matrix Q and initial state
covariance matrix P, are defined as in (5.4):

00 O
R=(02.);Po=10 0 0 |;
0 0 afwc
02 0 0 S
Q=0 01 o0
0 0 1074

Where o2, is derived from the standard deviation of the IMU listed in the technical man-

ual, in this case 1 mm .

Instead of the Kalman filter, a combination of low and high pass filters may be used to
reduce drift. First, a low pass filter is applied on the acceleration vector:

A = Qpay + (1 - Oélp)ak (55)

A high pass filter to partly mitigate drift is applied together with the summation to get the
speed:

Uk = QppUk—1 + Qhp QAL (5.6)

And similarly for position:

Sk = Qpp,sSk—1 + Qpp VR AL (5.7)

Where, in our case, oy, = 0.2, app,, = 0.99 and gy, o = 0.95.

We regard the hand tracking position of the HoloLens as precise. We transform the hand
position as detected by the HoloLens to the IMU reference frame, using the transformation
matrix calculated during the calibration step:

Stimu = T}Znu * St,hi (58)

In the case of low and high filter combination we merely substitute s;_; in (5.7) with sy ;.
from (5.8). In the case of the Kalman filter we expand the system to include position
observations. The position observations are taken either as s; ;»,, when the HoloLens
measurement is available, or as the previous a posteriori estimate Zj_1,—; when that is
not the case. The observation matrix then becomes:
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C=(1 01 (5.9)

and the observation covariance matrix:

R = (1004 0 ); (5.10)

O-(ICC

Note that the observation covariance for the position is purposely kept low to indicate the
high fidelity of the measurement, be it the HoloLens hand detection or the a posteriori
estimate, which are both the most precise measurements of the system.

The results of the tracking algorithm in RViz can be seen in Fig. 5.3. One can see all the
different coordinate systems and transforms necessary.

Figure 5.3: The results of the hand tracking in RViz. The world coordinate system of the
HoloLens, the current position of the HoloLens, the position of the hands and
the referenced robot can all be seen.

5.1.3 Tests and Results

First we conducted two set of tests to determine which filtering strategy, the Kalman Filter
or the low pass and high pass filter combination, performs better. In the first set of tests
the IMU was left stationary for 20 seconds. In the second set of tests we printed out a
20x20cm square track, over which a person was moving the IMU following the track as
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-

(a) (b)

Figure 5.4: Kalman Filter in red, combination of high pass and low pass filters in blue.
(a) The error accumulation for 20s while the IMU was completely stationary.
(b) The error accumulation when the IMU was moved in a square pattern.

precisely as possible. This would not only give us a dynamic error, but the dynamics
would be consistent with the natural movement of a human arm. Each set constituted of
10 repetitions of the same experiment. The results can be seen in Fig. 5.4. One can clearly
see that the approach using the Kalman filter consistently performed much worse in all
the tests, both stationary or dynamic. Therefore it was decided to use the combination of
the low pass and high pass filters in further tests.

Drift of IMU

—— without HoloLens calibration
—— with HoloLens calibration (every 1s)
2.0 — with HoloLens calibration (every 2s)

15

Drift (M)
5

0.5

0.0

0 500 1000 1500 2000
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Figure 5.5: The results of the hand tracking with the HoloLens hand detection as base-
line. Pure IMU data in red, IMU data with HoloLens tracking provided every
second in green and every two seconds in blue. One can see that the error is
bounded provided that the HoloLens detects the hand from time to time. If
there is no detection from the HoloLens the drift is clearly noticeable.

Next we wanted to test the hypothesis that fusing the HoloLens SLAM localisation data
will help bound the drift. As an addendum, we put forward the hypothesis that the more
often the hands came into the field of view the less of an error we would have. As we know
that the HoloLens SLAM localisation error is bounded and around 2cm, we wanted to see
how do the IMUs tracking behaved with HoloLens hand tracking taken as the baseline.

To provide a baseline the hand was held in the FoV of the HoloLens’ tracking sensor at all
times in the "Hold" position. The user may move the hand and walk around, provided the
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hand is always visible to the tracking sensor. We artificially fed the HoloLens hand track-
ing data every 1 second, 2 seconds or never. The results are visible in Fig. 5.5. One can
see that without the HoloLens hand detection the error is not bounded and the measure-
ment drifts significantly (red curve). On the other hand, when the HoloLens detection are
fed to the sensor fusion, the error remains bounded. The addendum has also been proven,
in the sense that the more often the hand is seen by the HoloLens the less the average error
(every 1 second in green, every 2 seconds in blue). On the other hand the maximum error
is not that different, meaning that the maximum error is not that sensitive to the amount of
time between corrections. In Fig. 5.6 one can see an example of the 3D hand movement
measured by the IMU with HoloLens corrections (green points) compared to the hand
movement detected by the HoloLens itself (blue curve). In this example the HoloLens
data was sent to the sensor fusion every 2 seconds.

—— Hand position tracked by HoloLens

* Hand position estimated by IMU with HoloLens calibration

Figure 5.6: The 3D hand movement detected by the HoloLens (blue) and reconstructed
from the IMU with HoloLens corrections (green points). The HoloLens hand
tracking data was provided to the sensor fusion every two seconds. This
served to simulate the hands leaving the FoV of the HoloLens without setting
up an external tracking system, and provided a rough base for a qualitative
analysis of the proof of concept.

5.2 Human Intention Recognition

Another important element in providing safety to the human coworker, as well as increas-
ing overall efficiency, is the ability for the robotic system to recognize human intentions in
real time. Provided the robotic system recognizes the intention and the goal of the human
coworker, it has all the necessary information and enough time to plan a path that keeps
the human safe and does not interfere with their work, while at the same time retaining
optimal movement. Without intention estimation, the robot has to rely on reactive, sensor
driven control, which is sub-optimal and may pose the human to more risk. Beyond these
basic benefits, intention sharing is a crucial component in any team. Human teams ex-
hibit both implicit and explicit intention sharing. To further development of human-robot
collaboration, intention recognition is crucial on both sides.
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5.2 Human Intention Recognition

This section will present HIE based on the HoloLens. The HIE algorithm was developed
by Tomislav Petkovié, a project partner on the project Safel.og. Though the original algo-
rithm was developed for use in autonomous warehouses with Automated Guided Vehicles
(AGVs), we will also describe how to adapt the same approach for use in a collaborative
scenario with an industrial robot.

5.2.1 State of the Art

Anh and Pereira [123] reviewed the area of human intention recognition research, empha-
sizing its potential applications in decision making theory.

Lin et al. [124] used a fixed camera to observe objects and gestures that a human was
performing during preparation of a cup of coffee. The motivation was for a robot to
recognize human actions and help the human prepare the coffee by completing other steps
in parallel. The intention recognition was based on Markov decision processes.

In [125], Schlenoff et al. proposed an intention recognition system in the manufacturing
kitting domain. States are represented by a combination of spatial relations along with
cardinal direction information. The motivation is to train a robot assistant to help the
human coworker assemble a kit with various objects, such as nuts and bolts, that are then
provided to workers on the assembly line.

Bascetta et al. [126] proposed a human tracking and intention recognition system in an
industrial robot cell with an overhead camera. The human is tracked and based on the
position and velocities the intention was determined through a Hidden Markov Model
(HMM). The cell was divided into 5 areas, with each area being predetermined for col-
laboration, coexistence or interface. Such a system is intrinsically static and the areas and
modes of interaction in each area predetermined, limiting its flexibility.

In [127], intention recognition was used to estimate desired human motion during a tele-
operated robot welding task. The user performs the task remotely using VR. The intention
recognition is used to smooth the raw user input and provided smoother motions and better
welds, than using raw user motions.

A system based on an HMD and intended for human-robot collaborative task planning
was presented by Chakraborti et al. [128]. In the presented system, however, the human
coworker had to explicitly select and reserve objects it wished to interact with, slow-
ing down task execution and increasing the physical and mental workload of the human
worker.

Most of the approaches rely on the motion of the human itself. However in [129] gaze
was identified as an important factor at predicting human intentions. The correct human
intention while playing the game Ticket to Ride, was estimated 71% of the time, while
without it only 47%.

On the other side, showing robot intentions to the human coworker has already been
well researched. Dragan et al. [130] proposed a method to make robot motions more
legible to humans. However this requires adaptation of robot paths, making them less
efficient. In [131] proposed the use of AR as a way to communicate robot intentions
to the human. Such methods would not require adaptation of the trajectories. Walker
et al. [132] proposed different AR modalities to communicate motion intentions of a

81



5 Tracking and Intention Recognition

drone. These include showing the planned trajectory of the drone through waypoints
an lines with arrows, representing the drone as a floating eye whose gaze indicates the
intention of motion, or through other utilities such as a minimap - a HUD map that shows
the current position of the drone and the planned destination, and a pointer to show the
current location of the drone.

5.2.2 Proposed Approach

We will first introduce the approach proposed by Petkovié et al. in [32] for estimating
human goals based on their motion in an automated warehouse with AGVs. For a more
detailed description of the theoretical background, the reader is encouraged to refer to the

paper.

The system is described by a HMMs. A HMM is an extension of a Markov Decision
Proces (MDP) discrete time stochastic process represented as tuple (S, .4, T, R, ), where
S is set of states and A is set of actions. After an action a € A is taken, the system moves
from the current state s € S to a new state s’ € S. The conditional probability function
T(s,a,s") = p(s'|s,a) gives the probability that the system lies in s’ after taking the
action a in state s. Taking an action yields an immediate reward R(s,a). The goal of
the system is to choose the sequence of actions that maximizes the expected total reward
E(Y207 R(si,ar)). A discount factor y € (0, 1) reflects the preference of immediate
rewards over future ones. The HMM is an extension of MDP where the observation is also
a probabilistic function of the state, meaning that the underlying process is not directly
observable and, therefore, hidden.

To encode the environment a Voronoi diagram is used which partitions a plane into regions
based on distance to predefined points. Each region corresponding to a predefined point
contains all the points closer to the corresponding point than to any other. The Generalized
Voronoi Diagram (GVD) is a discrete form of the Voronoi diagram defined as the set of
points in free space to which the two closest obstacles have the same distance [133]. The
GVD can be constructed from an occupancy grid map, obtained either through an existing
floor plan or by mapping the environment vie e.g. SLAM. For estimating the goal of a
worker in an automated warehouse, a floor plan is available and therefore used to generate
the GVD.

The HIE is divided into an offline and online part. In the offline part the GVD is con-
structed based on the occupancy grid of the floor plan of the warehouse. It is possible to
insert additional nodes at arbitrary locations, but erasing generated ones except for dead
ends, is not allowed as it would impede graph’s connectivity. Goal nodes are therefore
added and dead ends discarded creating a set of nodes . It is assumed there is a finite
number of points of interest for the worker in the warehouse (e.g. the location of the task,
exits etc.). The D* algorithm [134] is used to find the optimal paths between each two
nodes and all the relative distances are saved in a matrix F, where element F; ; denotes
distance in pixels between nodes ¢ and j.

In the online part, the pose of the worker is tracked via the HoloLens HMD and mapped
to the occupancy grid. The pose of the mobile robots is obtained through the Fleet Man-
agement System (FMS) of the automated warehouse. The FMS is in charge of storing
the statues of each mobile robot as well as send them commands. The robots are repre-
sented as mobile obstacles with radius » = 1m. If a robot is located on a GVD edge,
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5.2 Human Intention Recognition

the edge is cut from the graph and the relative distance matrix F is updated using the D*
algorithm. With each pose update from the HMD, if the position on the occupancy grid
has changed or the orientation has changed more than £ from the last update, an inten-
tion estimation update is performed. First the association vector ¢, which associates the
observed worker’s pose with each of the nodes in set \V, is calculated:

0, an unobstructed straight line exists
c; = between the worker and the i-th node (5.11)
G(d;,0%) - ®(6;), otherwise.

Where G is a Gaussian function with variance o0 = 0.005, obtained experimentally, and
d; is the distance between worker’s position and i-th node’s location. The Gaussian is
modulated with the triangular function:

B(0;) = , (5.12)

T2
Where 0; € [—m, 7] is the difference between worker orientation and the angle at which
the worker sees i-th node. The function amplifies the association with those nodes the
worker is oriented at, as it is assumed the worker looks at the path it is planning to follow.

The isolation matrix I"*Y, where n is the total number of nodes and ¢ is number of goal
nodes, is defined as:

)b iEngt (5.13)
I 0 otherwise. ’

The association vector ¢ is normalized and the modulated approximate distance vector d
is obtained by multiplying it further with the distance matrix F and isolation matrix I:

d = cFL (5.14)

Each element of vector d represents the modulated distance to the respective goal.

To find out if the worker is moving towards or away from the goal,this distance is com-
pared to alternative worker positions and orientations. The difference r between the lo-
cation of the previous estimation update !’ and current worker’s position [ is calculated.
Then, a set of m = 16 equidistant points p on a circle around [" with the radius r is
generated.

Then, a set of m = 16 equidistant points p on a circle around [" with the radius r is
generated. For each point p; € p and potential worker orientation § € {—, —%, -y
the calculation of vectors ¢ and d is repeated and the result is appended to the potential
modulated distances matrix D. Computing the matrix D enables the validation worker’s
motion with respect to states it could be in, rather than to the state it had been to.

The distance vector d and the distance matrix D is used to validate worker’s actions
through the motion validation vector v:

max Dij —d
1<i<n
V= — - . (5.15)
maxD;; — min D;;
1<i<n 1<i<n
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If the worker is moving towards the goal, the corresponding value of v will be close to
unity, and if it is moving away from that goal, the corresponding value will gravitate to
zero. Before further calculations a discrete first-order low-pass filter on v is applied in
order to reduce the noise influence.

While worker’s actions, manifested as moving and turning, are fully observable, they
depend on the worker’s intentions, which cannot be observed and need to be estimated.
A HMM is constructed with g + 2 hidden states, where g is a set of G; known goals
in the warehouse. The other two states are (57, indicating that the intention estimation
cannot decide which goal the worker is moving to, and GG, which indicates that the worker
behaves irrationally i.e. doesn’t appear to have a goal. The state G, may be an indication
that the worker 1s in distress and can be used to send help. On the other hand the worker
may be moving to an unspecified goal.The hidden states allow the HIE model to save the
intention estimation history as probabilities P(G;).

First the transition matrix T9"2*9%2 i calculated:

[1—a 0 a 0 |
0 1l -« Qa 0
T=| : : (5.16)
B g l—gBb—v
0 0 ) 1-4]

Where the parameters have been obtained experimentally as follows: a = 0.5, 5 = 0.1,
v = 0.05, 6 = 0.1. The architecture and description of the matrix parameters can be seen
in Fig. 5.7. These parameters are set based on the desired behaviour of the system, e.g.
length of transition between states, how fast the algorithm becomes certain for a specific
goal etc.

Every time the worker moves or turns significantly, we estimate the worker intention
using the Viterbi algorithm [135], which is often used for solving HMM human intention
recognition models [136]. The inputs of the Viterbi algorithm are the hidden states set
S ={G, ...Gy, G2, G, }, hidden state transition matrix T, initial state II, the sequence of
observations O, and the emission matrix B.

Though the HMM framework generally assumes a discrete set of observations, the val-
idation vector v with continuous element values, represents the observation in this case.
Therefore an expandable emission matrix B is introduced and taken as input to the Viterbi
algorithm. Once a new validation vector v is calculated, the emission matrix is expanded
with the row B’, where the element B, stores the probability of observing v from hidden
state ;. The average of the last m vectors v is calculated and the maximum average value
¢ is selected. It is used as an indicator if the worker is behaving irrationally, i.e., is not
moving towards any predefined goal. The value of m decides how much evidence is to
be collected before the algorithm declares the worker irrational. If the worker has been
moving towards at least one goal in the last m iterations (¢ > 0.5), B’ is calculated as:

B' = (- [tanh(v) tanh(l—A) 0], (5.17)

and otherwise as:
B'=(-[01xy tanh(0.1) tanh(l—¢)], (5.18)

where ( is a normalizing constant and A is the difference of the largest and second largest
element of v.
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Figure 5.7: HMM architecture for HIE. Worker’s change of mind tendency is captured
by the parameter « and the parameter couple § and ~ set the threshold for
estimating intention for each goal location. Increasing 3 leads to quicker in-
ference of worker’s intentions and increasing v speeds up the decision making
process. Parameter ¢ captures model’s reluctance to return to estimating the
other goal probabilities once it estimated that the worker is irrational.

Finally, the initial probabilities of worker’s intentions are defined as:
II=1[0 ... 0 1 0], (5.19)

indicating that the initial state is G» and the model does not know which is the worker’s
intended goal.

The Viterbi algorithm then outputs the most probable hidden state sequence and the prob-
abilities P(G;) of each hidden state in each step. These probabilities are the worker’s
intention estimates.

Goals can change during the runtime of the HIE. Therefore it is possible to add and remove
goals during runtime. If a goal is removed, the goal is discarded from the calculation and
added to the unknown goal intention estimation G-. If a goal has to be added, its intention
estimation is set to max(min(P(G;),0.1) with 0 < ¢ < g and the I and T matrices are
expanded.
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The maximum number of goals this model can handle is limited because elements of
transition matrix T must be greater than 0. The only value of matrix T that depends on
goal number is probability of staying in G- state and equals to 1 — g — . The maximum
number of goals is calculated by applying the positivity condition to that expression:

Imaz = F_TWJ ; (5.20)

For the current value of parameters the model supports a maximum of 9 defined goals. In
practice if there are more than 5 defined goals the model will continuously estimate GG as
the most probable state.

For interaction with an industrial robot we assume the human is sitting or standing in
front of a table shared with the robot, on which objects are placed in predefined positions.
Instead of the position of the human coworker as in the original paper, we consider the
position of the hand in relation to goal objects. To simplify the calculations, we assume
there is a straight line between the hand position and each goal object. By doing that
we can forego the complex path planning step to determine the modulated distance and
instead use the euclidean distance to calculate the vector d that represents the distance
of the hand to each goal.We define an additional 32 points (instead of 16) p; on a circle
around the previous hand position !’ and a radius 7 equal to the distance between the
current [ and the previous [’ hand positions. We calculate the vector d for each point p;
and append them to the modulated distance matrix D.

Additionally we consider the gaze validation s of the HMD. The motivation being that
the user is more likely to look approximately towards the goal of the hand motion than
towards other goals. The gaze validation is calculated as:

g 0, — h g 0, — h >0
s; = |lo; —h|’ |lo; —h|| — (5.21)
0, otherwise.

Where g is the HMD orientation in the world coordinate system, o; is the position of
object 1 and h is the position of the HMD. We expand the motion validation vector v as
follows:

max Dij —d

1<i<n
V= — - - S (5.22)
maxD;; — min D;;
1<i<n 1<i<n

The rest follows exactly the previously described algorithm.

In regards to communicating robot intentions, the already shown methods of displaying
holograms over objects the robot wishes to interact with, or even virtual execution already
presented in Sec. 4.2 may be used. Therefore we did not pursue any research in that direc-
tion. One interesting addition would be the use of sound cues in parallel to the holograms
through spatial sound (virtual sound sources that emulate direction and distance). This
method would mitigate the relatively narrow FoV of current HMDs.
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(b)

Figure 5.8: First person view of the small test environment as viewed from the HoloLens
(a) and as viewed from the player perspective in VR (b).

5.2.3 Tests and Results

First we will described the results obtained in the original paper that we co-authored with
Petkovi¢. This will show that the HIE algorithm delivers precise estimations. We will then
proceed to describe the results of adapting the algorithm to interactions with an industrial
robot.

In [32], tests were conducted both in a small scale real warehouse, used for system testing,
with a user wearing the HoloLens HMD as well as in larger scale virtual warehouses,
where a real human user moved around in VR. First, experiments were performed in
the real warehouse with the user wearing the HoloLens. A mobile robot was moved
in the warehouse by manual control (due to safety reasons). The HoloLens tracked the
user’s position and orientation and this data was the input to the HIE algorithm. Then the
experiments were repeated with the same setup, goals and robot movement but in VR. In
Fig. 5.8 one can see the first person views in the real warehouse from the HoloLens as
well as in the VR warehouse. These experiments were conducted to test the validity of
using a VR environment for larger scale tests.

In Fig. 5.9 one can see a selection of nine key moments of the real world experiment.
The same experiment was conducted in VR, except it ends on step (g) as the worker does
not have to take of the HoloLens and walk back to the entrance but merely stops the
simulation there. The resulting probability outputs of the HIE algorithm, for both the real
world and VR experiment, are shown in Fig. 5.10 with the key moments (visualized in
Fig. 5.9) marked on the graph.

Let us go through the key moments. Step (a) marks the beginning of the experiment. The
user then moves directly towards the purple goal, with the HIE estimation giving a high
probability that is the user’s goal. However, a mobile robot obstructs the path in step (b).
As the user didn’t immediately react to the obstruction and turned around the HIE marks
the user as irrational (as the user’s action do not show intention to reach any of the goals).
The worker turns around to an alternate path with all three goals being likely (step (c)).
The HIE therefore correctly outputs that the exact goal is unknown. At step (d) the worker
will either turn towards the brown goal or continue towards the cyan and purple ones. By
step (e) it is clear that the worker will not turn towards the brown goal, and the probability
for that goal quickly plummets. At step (f) the worker is near the cyan goal, but as the
robot blocks the only other way to the purple, the HIE can still not say that cyan is the
user’s goal. The worker starts turning around in place. The algorithm starts estimating
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(a) Initial position. (b) The worker moves towards (¢) The worker turns and
the purple goal, but the follows the path consistent
mobile robot obstructs the with going to all three
path. goals.
‘
(d) The worker is on a (e) The worker does not (f) The worker stopped near
crossroad. If it turns advance towards the brown the cyan goal and started
towards the brown goal it goal and continues towards turning around in place.
is obvious that it is the goal the cyan and purple goals.

wants to reach.

(g) The worker has taken the (h) Because the worker passed (i) End of the experiment.

HoloLens off and is brown goal and is moving
moving towards the brown backwards, the model
goal. estimates its behavior to be
irrational.

Figure 5.9: Key moments of the real world experiment in the small-scale laboratory ware-
house visualized in RViz.

the worker as irrational as they take off the HoloLens. They start walking back and the
estimate for the brown goal rises. At step (h) the worker passed all the goals and the
algorithm ones again estimates the user as irrational. The experiment ends at step (i) as
the worker exists the warehouse.

One can see that the only noticeable difference between the real-world and VR experi-
ments is at the start. This is attributed that in the real-world experiment the user needs to
start the program while wearing the HoloLens and wait for the program to finish loading.
This gives a bit of time before the user starts moving. In the VR experiment the user starts
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(a) Algorithm’s output in real world AR (b) Algorithm’s output in VR experiment.
experiment.

Figure 5.10: Comparison of the HIE output between the real-world and the VR exper-
iment. Intention estimations for the three goal locations are labeled with
respect to their color in Fig. 5.9 (brown, cyan and purple), the unknown goal
state is labeled black and the irrational worker state is labeled red. One can
see that the results are similar for both setups.

moving immediately towards the purple goal. However the start is semantically equiv-
alent and the rest of the experiment proves that VR is a good surrogate for larger scale
experiments.

Next we will present the results from a large scale VR experiment with 24 robots with
preset goals and planned paths. We will go through six key moments shown in Fig. 5.11.
The resulting goal probabilities with the key moments marked are visible in Fig. 5.12. In
step (a) the experiment starts. The worker starts moving towards the central isle but robots
block their path (b). As the worker is not proceeding towards any goal in this time-frame,
and stands and turns randomly the HIE declares them irrational. The worker can access the
yellow goal and, as they once again stand in place and look around, the estimate switches
between the yellow goal and unknown goal (c) and (d). The worker starts moving as the
path is now clear. The probability for the yellow goal drops and the probabilities for the
cyan and purple goals rise as the worker moves closer towards them (e). As the worker
turns toward the purple goal and starts moving towards it the probability for purple rises.
The worker reaches the purple goal and the experiment ends.

For the tests with the industrial manipulator, we predefined three spatial goals - a green
cylinder, a red cube and a blue sphere. They are placed on a table reachable by both an
industrial robot and by the human coworker. The first-person view of the setup is visible
in Fig. 5.13. The green cylinder is located to the left of the image over the left-most box
partly visible in the picture.

The first step was to experimentally test the optimal values of the HMM parameters which
were determined as o = 0.3, 8 = 0.05, v = 0.05, 6 = 0.1. Please refer to [137] for the
argumentation regarding the selection of parameters for this scenario.

We predetermined three sequences of goals. The first one is going from left to right,
trying to grab the cylinder, then moving towards the red cube and then to the blue sphere.
The second sequence is cube-cylinder-cube-sphere. The third sequence starts with the
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(a) Initial position. (b) The worker moves towards (c¢) Only the path towards the
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mobile robot blocks the but the worker does not go
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(d) The mobile robot blocks  (e) Mobile robot moved and  (f) The worker is at the purple
the worker’s advancement. the worker is going towards goal’s location which ends
The worker turns and the purple goal. the experiment.
moves while waiting for
the robot to move.

Figure 5.11: Key moments of theVR scenario of a larger warehouse with 24 mobile
robots, as visualized in RViz. Goal nodes are labeled with colored cubes.

sphere, cube then cylinder, then the user turns around until they turn again to the sphere.
The results are visible in Fig. 5.14. One can see that the outputs are as we would expect
them to be. When the user turns around completely they are declared irrational as we
would expect since no motion towards any goal is detected. When the user is in-between
goals the unknown state estimation rises as would be expected, but also the estimate for
the neighbouring object. In Fig. 5.14(a) one can see a small time interval where hand
tracking was lost, prompting the algorithm to switch to estimating the unknown/irrational
states. In Fig. 5.14(b) it can be seen that the transition from cylinder to cube lasts slightly
longer than back from cube to cylinder, due to the fact that the algorithm is reluctant to
estimate an already visited or skipped goal. One can also see the long transition between
the cube and the sphere, as the algorithm prefers the goal that has already been visited two
times. This shows that the estimation follows our intuition.

Additionally, we tested simple interactions between an industrial manipulator and the
human user. In the first one the robot was selecting goals randomly. Should the goal that
the HIE algorithm estimates be the same goal the robot is moving to, it would stop and
select a new goal. Additionally the HIE can be used remotely to select goals the robot
should move to. This indicates that the HIE may also be useful for telemanipulation.
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Figure 5.12: HIE output for the VR scenario with 24 mobile robots. Intention estimations
for goal locations are labeled with respect to their color in Fig. 5.11, the
unknown goal state is labeled black and the irrational worker state is labeled
red.

Although the tested environment was very simple, the goal of the test was mainly to
demonstrate that the HIE algorithm can be extended to HRI with an industrial robot in
addition to its intended use case in automated warehouses. If the environment is more
complex with obstacles preventing the human coworker from trivially reaching obstacles,
it could be argued that the shared workspace is not properly ergonomically setup. How-
ever, even in those cases, one may construct a 3D Vornoi diagram analogously to the orig-
inal 2D diagram presented before instead of using the simplified straight-line Euclidean
distance.

CPU: 31 fps (32.3 ms)

Peak: 193.6MB Limit: 900.0MB

Figure 5.13: The setup for the HIE test with an industrial robot. The goals are predefined
as a green cylinder (not visible, left of the image), a red cube and a blue
sphere.
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Figure 5.14: Three tests of the HIE algorithm adapted for the industrial manipulator setup
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5.3 Conclusion

In this chapter we presented two important tools in keeping the human coworker safe
while interacting with industrial robots. The first is a method for inside-out tracking of
the human inside the robot cell. The human is protected by a virtual barrier composed
of 5 cylinders - one for the head and the body and two for each hand, one for the upper
arm and one for the forearm and wrist. We made use of wrist worn IMUs to track the
human’s arms. The main disadvantage of IMUs is that they suffer from drift, that is, error
accumulation over time. For this reason the IMUs where paired with the HoloLens. The
HoloLens possesses both hand recognition and localisation via SLAM which does not
suffer from drift. This allowed the IMUs’ error to be bound and prevented drift.

The other tool is the detection of human intentions. The HIE algorithm was developed
by SafelLog project partner Tomislav Petkovi¢ and used in an autonomous warehouse
scenario. The algorithm was also adapted to function in a collaborative setting featuring
an industrial robot. The human intention estimation not only provides additional safety,
as the robot knows beforehand the actions of the human, but also makes the interaction
more intuitive and efficient, as the robot planning can be adapted in advanced, knowing
the intention of the human.

During the proposed human tracking approach, we used a very simple left-right hand dif-
ferentiation that may produce erroneous results if hands cross. Likewise the HoloLens is
only able to track the hands of the user if the user makes the "Hold" gesture. Finally the
hand tracking of the HoloLens provides only position, and not orientation, meaning that
the orientation component is not corrected. However the orientation estimation itself is
prone to less drift. This is due to the fact that IMUs measure angular velocity, meaning
a single integration or summation produces orientation, which accumulates errors signifi-
cantly slower than the double integration or summation needed to calculate position from
linear acceleration. Secondly the orientation estimation can benefit from the magnetome-
ter readings, reducing the drift further.

All of these issues can be alleviated by using more advanced tracking methods which
track the entire skeleton of the hand, like the one proposed in [97], or newer devices such
as the HoloLens 2 which feature inbuilt hand skeleton tracking.

There are also many other sensor fusion and filtering methods, as presented in [138], that
may be more precise and efficient. Improving the sensor fusion and conducting further
tests is an important factor to further develop this method in the future.

On the HIE side, using an HMD with eye tracking sensors and hand skeleton tracking
would massively increase the landscape of intentions that could be recognized, while
increasing precision. Furthermore the position of the objects (goals) could be generated
online instead of being predefined by using an object detection algorithm. We have tested
the YOLOv4 network [139] for that purpose. The preliminary tests will be described in
the next section. Integrating object detection into the intention estimation framework is
an important point in further developing this system.

The part of the system pipeline responsible for tracking the human and estimating their
intention is visible in Fig. 5.15. To the left are the components running on the HoloLens
HMD, while right of the line are the components running on a PC with the ROS.

In regards to published worked, the inside-out tracking of the human was presented in
[110]. In [32] Petkovi¢ presented the HIE algorithm based on hidden Markov models. We
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provided the sensor data from the HoloLens and conducted the tests in a real automated
warehouse and in one simulated in VR. The HIE algorithm was slightly modified and
reused in [137], where it was applied to detect the intentions in a collaborative setting
between a human and an industrial robot.

This chapter concluded the main components of the end-to-end HRC system. Throughout
the previous chapters we have seen how to map the environment, reference objects inside
the environment, setup the workspace of a new robot, program it, and finally interact with
it, all through the use of a completely mobile HMD device. The next chapter will present
the envisioned system workflow, communication between devices and the software com-
ponents of this system.

S
cg

o] MU HoloLens
Sensor Fusion

ROSEridge

rach
Human Infention — ] Human Infention
Estimation [ Rosérige Estmation

Figure 5.15: The interaction and tracking components of the system pipeline. To the left
of the line are the components running on the HoloLens HMD, while right
of the line are the components running on a PC with the ROS.
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In the previous three chapters we have introduced the various components necessary for
implementing a completely wearable HRI system. First, in Chapter 3, we introduced
different ways to use the HoloLens to construct a map of the environment. Based on
this map we proposed methods to locate the industrial robot in the map and calculate the
coordinate transform between the robot and the HoloLens coordinate systems. In Chapter
4, we first presented how to convert the map of the environment into a representation
of obstacles and how to add no-go zones. This is important for planning collision-free
trajectories. Next we presented three different methods for programming industrial robots
using the HoloLens - via Holographic waypoints, via generalized hand guidance, and via
inside-out tracking of smart tools. Finally, in Chapter 5, a method for inside-out tracking
of human coworkers and establishing a safety zone around them has been proposed. A
human intention estimation algorithm has also been proposed to supplement safety as well
as making the interaction between robots and humans more intuitive.

This chapter will act as a practical synthesis and show how the different components work
together to form an integrated HRI system. The system is distributed over two devices,
the Microsoft HoloLens and a desktop computer. When interacting with multiple robots,
it is assumed each robot has its own connected computer, with the appropriate urdf, 3D
models, hardware interfaces etc. The software components themselves on the computer
side, however, would remain the same.

An important consideration is the limited processing power of the HoloLens. The program
running on the HoloLens should always run at a minimum of 60 FPS, otherwise we risk
the user getting dizzy or nauseous [140]. Therefore we offload as much processing as
possible to the desktop computer, keeping the visualization and interaction components
on the device as well as some data preprocessing.

6.1 Desktop Computer

For implementing the system on the computer side we used the Melodic distribution of
ROS. In ROS, different programs and scripts are abstracted as nodes. Nodes communicate
with each other via topics (messages that are broadcasts and can be subscribed to by
different nodes), services (functions that nodes may offer and other nodes may request)
and actions, which were not used in this thesis.

The computer communicates with the robots using KUKA’s Robot Sensor Interface (RSI)
interface. In [141] the communication over RSI and the KVP server were compared. It
was found that there is a 120 ms lag in the RSI compared with the 50ms for the proposed
approach. using the KVP. Still, in most cases, the RSI interface should suffice. The
hardware interface and joint state publisher nodes take care of the communication with
the robot and convert the RSI messages to topics and vice versa. The ROSBridge node
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takes care of converting the incoming WebSocket JavaScript Object Notation (JSON)
messages from the HoloLens to topics and services.

The PCL library was used for working with point clouds. A ROS wrapper was used to
implement the programs as ROS nodes. For working with 2D images OpenCV was used
in the same way.

ROS nodes can be written either in C++ or Python, while both OpenCV and PCL are
written in C++. Therefore the majority of nodes were written using C++, with a few taken
from student projects (like the hand tracking using the IMUs) are written in Python.

For Movelt a small setup step is needed to generate the robot configuration files. This is
done through a setup GUI provided by the Movelt package itself.

The urdf and the robot meshes are assumed to be available. There are two sets of meshes,
the collision and visual ones. The collision meshes can be simplified for faster collision
checking, but they can also be the same as the visual meshes.

The tf2 node is used as a storage of coordinate system transforms in the system. The
OctoMap can be saved and read from a .bt file.

6.2 HoloLens

The HoloLens Programs are made using the Unity SDK and written in C#. The MRTK
toolkit, developed by Microsoft to facilitate developing programs for the HoloLens and
other MR headsets, was also extensively used due to its collection of ready-to-use holo-
grams (game objects) and scripts for interacting with the HoloLens itself. The ROS#
package developed by Siemens provides useful tools for importing urdfs and communi-
cation with ROS over ROSBridge using JSON messages.

For reading and preprocessing the raw sensor data, a co-program was written in C++
with the HoloLensForCV libraries. HoloLensForCV is based on open CV and designed
to easily interact with the sensor onboard the HoloLens. In the future, this co-program
should be directly integrated into the Unity project itself, so that the user needs to start a
single program.

As previously mentioned, the communication is based on ROS#, but there are other al-
ternatives. In a recent paper Allspaw et al. [142] benchmarked different Unity to ROS
communication implementations. It was found that ROS# has the worst performance.
Therefore in the future the communication interface should be reconsidered to be based
either on ROS.NET developed by the University of Michigan, or the ROS-TCP-Connector
made by Unity itself.

6.3 Pipeline

The program pipeline can be seen in Fig. 6.1. First, using the HoloLens UI the IP address
of the computer connected to the desired robot can be entered and a connection established
(Fig. 6.2). Once the connection is established the urdf and the visual and collision meshes
are communicated to the HoloLens to be visualized. The user then walks around the
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robot workspace to map it. Here the spatial mesh that the HoloLens builds by default
is visualized, while depth sensor data are streamed to the computer and used to build a
point cloud of the environment. The mesh was used for visualization as it requires less
processing due to it being readily available from the HoloLens’ memory itself and acts as
a useful proxy for the area mapped.

Once the user is satisfied with the mapped region, they position the seed hologram near
the robot base. With the voice command "Send Mesh" the mapping step is finalized and
the robot registered. Its points are removed from the point cloud and and OctoMap repre-
sentation of the environment created. Using the voice command "Get Map" the OctoMap
can be visualized through the HoloLens. The individual voxels can then be moved and
removed. Using the voice command "Add Obstacle"” virtual obstacles representing no-go
zones for the robot manipulator may be added. Finally, with the voice command "Refurn
Map" the edited OctoMap including the virtual obstacles are sent back to the computer
for post processing and the creation of the final OctoMap.

The robot can now be programmed using the three different methods described in Chap-
ter 4. If one wishes to use the waypoint method (see Sec. 4.2.2.1), they can add new
waypoints via the "Add waypoint” voice command. When all the waypoints are placed
the user invokes the planning through the "Plan Path"” voice command. The poses of the
waypoints are sent to ROS where Movelt is used to plan the trajectory. Once the planning
is finished the trajectory is sent back to the HoloLens where the Holographic robot exe-
cutes the path. Then, if the user is satisfied with the trajectory, they can execute it with the
real robot using the voice command "Execute path".

When using the second method, hand guidance (see Sec. 4.2.2.2), the user just approaches
the robot and uses the drag gesture to push and pull different robot links. Using a floating
menu the user may record the motions of the robot by pressing the "Record" button. The
recording can also be paused or deleted. When the robot teaching is finished the user can
use the "Replay" button to execute the taught trajectory.

The third and final method is tracking of external tools (see Sec. 4.2.2.3). For this method
the user needs a tool outfitted with IR markers, as well as a text file describing the positions
of the various markers in the marker coordinate frame. The user may use the tool to draw
the path of the robot. This path could be sampled and a planning request may be sent to
Movelt analogous to the waypoint method.

Once the programming is completed the human is tracked inside the robot working area
while the robot executes its task. If the task is collaborative, HIE may be used to better
plan for robot trajectories, as described in Sec. 5.2.3.

6.4 Discussion and Future Work

The presented system pipeline is conceptual, as not all the system components were in-
tegrated into the proposed pipeline. That said, several overlapping pipelines were imple-
mented. For example, the user could map the environment, reference the robot, create
the Octomap, and use Movelt for path planning with only only two programs, one on the
HoloLens and one in ROS. The Movelt path planning however was done through the RViz
package with the Movelt plugin.
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Figure 6.1: The proposed system workflow and communication
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Figure 6.2: The Ul menu to select the IP of the desired computer

The robot programming through waypoints featured a mapping and referencing step, as
well as direct communication with Movelt to plan, visualize and execute the trajectory
on the real robot, however the OctoMap representation was not used in this this case.
Similarly, the hand guidance featured mapping and referencing as well as direct control
of the industrial robot through communication with ROS Control. Again the Octomap
wasn’t integrated.

The tool tracking method was not combined with the rest of the framework including the
mapping and referencing. It also was not used to directly program a robot. It merely
served as a demonstration of how a wide variety of robot programming methods can
be integrated into a system based on HMDs. The integration would be easy enough,
as proceed as described previously. The trajectory of the tool would be sampled and a
planning request sent to Movelt.

The tracking of the human was not tested with the safety cylinders nor with a moving
robot slowing or stopping based on the distance of the user, Although it was connected
to the referencing step and the position of the head and hands of the user were saved and
updated in the tf2 node.
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Finally, the HIE was not integrated into the previous pipeline. It was tested with different
scenarios as described in Sec. 5.2.3 including with a moving robot, and integrated into
ROS, but not the rest of the pipeline.

Large scale user tests would also be beneficial, though numerous papers have already
proved the benefits of using AR in HRI, especially in the field of programming [105].
Still, some components such as the OctoMap workspace setup, are novel to our approach,
and further user feedback would be extremely useful.

To make this research commercially and practically feasible, the first step would be to
integrate all the parts into a single framework, with the user launching one program on the
HoloLens and one on the computer connected to the robot. The Ul should also be greatly
improved and made streamlined. The use of the HoloLens 2 would ease the interaction
where gestures are concerned, as it possesses full hand skeleton tracking. The skeleton
tracking and the eye tracking would also be very beneficial in expanding the HIE capabili-
ties. Further improvements would be integrating faster and more efficient communication
between the HMD and the computer, as well as the communication between the computer
and the robot.

Another open question is how to improve the referencing and tracking precision, and test
the cases where the localisation precision of the HoloLens presents a bottleneck in the
HRI scenario. Identifying failure cases and mitigation strategy would help elucidate the
minimum needed requirements of any future HMD if it is to be used for HRI.

The HIE in particular could actually be used in all of the components, as it could also
improve the HMI to the HMD and the presented system is general.

A more long term goal would be perhaps to focus less on an established interaction
pipeline and more on using the components as a set of tools that the user can use to
program their own HRI. This would mean that the user is able to use the HMD and AR
to author their own HRI programs and pipelines. This was proposed as future research
opportunity by Suzuki ef al. in their extensive survey on AR-based HRI [11]. Accord-
ing to the survey there were only two research papers about the subject. The first one
by Suzukier al. uses AR and a Swarm UI - a swarm of robots as a user interface, to
program other interactions for the Swarm Ul [143]. The other, more closely related, is
the GhostAR by Cao et al. [144]. The framework utilizes an AR "ghosts" of the user
to synchronize the interactions between robots and humans. A collaboration model was
developed which takes the real-time captured motion as inputs, maps it to the previously
authored human actions, and outputs the corresponding robot actions to achieve adaptive
collaboration.

6.5 Conclusion

This chapter showed the specific implementation of the components presented in the pre-
vious chapters and puts them in the context of program pipeline. Although the entire
pipeline itself was out of the scope of this work, we have demonstrated how different
components have been integrated into their own overlapping sub-pipelines which further
demonstrates that the implementation of the proposed pipeline is feasible. We also pre-
sented future system improvements to make the system more practical.
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In the next chapter we will present other interesting applications of HMDs that are not
directly connected to the envisioned HRC pipeline, but may yet be useful in the broader
scope of HRC. These are namely moving object tracking, HMDs as a data source for L{D,
and HRI design.
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We have reached the final chapter of this work. Through the previous chapters we pre-
sented algorithms and methods to implement a full HRI system for HMDs.

In 2008, Bill Gates predicted that by 2025 there will be a robot in every home. Though
that might be the case for robots like the Roomba, freely programmable robots are still
far away. In industry, collaborative robots are becoming increasingly popular, with easier
lead-through programming and safety for human coworkers. In 2023, Intrinsic, an alpha-
bet company, launched their beta version of the Flowstate. Flowstate is a workflow-based
programming environment that uses programming blocks. It also features an integrated
simulator. Such a concept however is not knew, and it remains to be seen if such a system
truly enables lay-users to program real industrial robots. Still it shows a drive to bring
robots to small enterprises and allow users to program and interact with robots without
any training in robotics.

This thesis proposes a paradigm shift, where robot programming takes place in-situ, and
is mediated by HMDs, wearables and AR. This makes robot setup and programming
more transparent and intuitive than alternative methods. Smart devices that support AR
interaction, and which possess the sensors needed for the algorithms proposed here, are
already widely available. Although HMDs are still not widely used, they are becoming
ever more common. Judging from the current trends it is not far-fetched to assume that
HMDs will become a very common device in the electronics’ consumer market.

Outsourcing sensors and interaction modalities to smart devices makes robot cells cheaper
and less complex. It also allows a single user to interact with several robots, without the
need for every single robot cell possessing the sensors needed for intuitive programming
and HRI. This makes production lines that utilize robots cheaper.

To achieve functional safety, the system can be extended with a wearable safety vest based
on UWB ranging.

This final chapter will present a short summary of this work. We will discuss the results
and the issues faced as well as possible improvements. We will then attempt to draw
conclusions and suggestions on how to generally implement HRI systems using HMDs.
Finally we will present future directions of research.

7.1 Summary

In the first chapter, Chapter 1, we outlined the main motivation of this work, namely
to make robots more intuitive to program and interact with, without increasing the com-
plexity and cost of industrial robot cells. We also outlined the contributions. Shortly,
the main ones being developing all the components for an end-to-end system. Although
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programming industrial robots via HMDs has been a very popular research topic, to the
best of the author’s knowledge, no holistic system such as the one here has ever been pro-
posed. Parallel to this, some components and methods are completely novel. Particularly
the mapping and setup of the robot’s working environment, the general hand-guidance
framework and the HMD-based HIE.

Chapter 2 introduced the concept of AR, mixing digital content into the real world which
is interactable in real-time and registered to real world objects, and how AR is applied
to the field of robotics. We then went through the possible hardware implementations
of the AR, depending on the system mobility and display technology. We motivated the
selection of an HMD as the device of choice for implementing the vision of this work.
We then describe in depth the Microsoft HoloLens, our HMD of choice, it’s hardware and
capabilities. We shortly introduce other wearables - digital devices possessing sensors and
connectivity that are worn on the human user, and how they are applied to HRI. Finally we
present SDKSs, libraries and programs that are universally useful for developing AR-based
robotic applications.

In Chapter 3 we described the first basic components of the system, the mapping and the
referencing. We map the environment by using the raw depth sensor data of the HoloLens.
We convert the depth data frames to a point cloud and register it to the rest of the map. We
discard points closer than 1m to eliminate interference from the user’s hands, and point
further than 3.3m as they become too noisy. ICP registration between the point cloud
frames did not contribute to the overall precision. We filter the point cloud with a voxel
grid filter to maintain a uniform point density. We than apply an outlier removal filter,
removing any points with less than 9 neighbours sin a Scm radius. A post-processing
step consisting of MLS smoothing and a RANSAC plane detection, where all points in
the vicinity of the plane are mapped to the plane itself was implemented and showed to
produce better results. Comparing the point cloud of the IPR robot hall generated with
this method and one taken with a FARO laser scanner with a 1mm precision showed that
75% of the points lie within a 3.6 cm distance from the laser scanner baseline. Three
referencing methods were proposed. We chose the method where the user places a seed
hologram as a first guess and then an ICP registration step improves the guess. Even
though the RMS distance between the referenced robot point cloud and the environment
point cloud is around Smm for solid user guesses, other tests suggest that the error between
the robot hologram and the real world robot are slightly above 2cm. This is due in large
part to the HoloLens localization error which, through several different tests, was found
to be around 2cm.

Chapter 4 presented a method to use the mapping and referencing to represent the workspace
of an industrial robot. We used an OctoMap environment representation. Firstly a k-d tree
of the point cloud is constructed, speeding up nearest-neighbour searches. The robot
points are removed based on the closeness of environment points and the points of the
referenced robot model. All the points outside the reach of the robot are also removed to
speed up calculation. The remaining point cloud is filtered with a voxel grid filter with
the voxels being the same size as the voxels of the OctoMap. Finally a binary OctoMap
is created from the point cloud. The OctoMap is overlaid over the real-world workspace
on the HoloLens. Here the user can edit the OctoMap and add no-go zones to the robot.
Once the user finished editing the OctoMap, the new OctoMap is sent back to the ROS
computer, where the edited components are snapped back to the voxel grid. This Oc-
toMap can now be used for collision-free planning using Movelt, Numerous tests have
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shown almost no collisions, with a few edge-cases solved by padding the OctoMap with
voxels of half the size as the original ones. Three different methods to program robots
via HMDs have also been presented. The first consists of placing holographic waypoints,
whose position in the robot coordinate system, available after referencing, is sent to the
Movelt to generate a trajectory. This method is similar to others proposed in different
works, with the main difference being that a proper path planner is used which can calcu-
late collision- free trajectories. The general hand guidance uses the developed referencing
algorithm and the in-built hand tracking capabilities of the HoloLens HMD to emulate the
hand guidance capabilities of CoBots on any industrial robot. No additional sensors are
required. It was shown that the algorithm is able to successfully emulate hand guidance,
with the user pushing and pulling any link of the robot. The third method used the IR
reflectivity stream of the HoloLens for inside-out tracking of smart tools equipped with
IR markers. Such tools are quite popular for intuitive robot programming yet require an
external marker tracking system to work. We tested the accuracy of the tool tracking using
an ART-3 marker tracking system. Our tracking method achieved a static position error of
1.9 mm and angular value of 0.37°. In the dynamic case, where the HoloLens itself moves
significantly the positional and angular errors were 22.1mm and 3.87° respectively. The
large dynamic error may once again be attributed to the HoloLens localization error.

Inside-out tracking and the intention estimation of the human coworker is introduced in
Chapter 5. The tracking was done using the HoloLens HMD and two IMUs on the
wrist. The main concept is that the IMUs allow tracking of the arms of the user while
not in the field of view of the HoloLens, making it possible to construct a virtual safety
barrier around the user consisting of five cylinders - one around the head and the body
anchored to the localisation of the HoloLens, and two for each upper arm and forearm
calculated using the data of the IMUs. This would allow for safe HRI while presenting
more opportunity for interaction. The main issue with IMUs is that they accumulate drift,
meaning that the localization error continues to increase over time. This can be solved
using the HoloLens’ in-built hand detection and localisation, which does not accumulate
drift. As the hand moves into the field of view of the HoloLens’ sensors, the drift can be
bound by fusing the IMU and HoloLens hand tracking data. Two different filtering and
sensor fusion strategies have been tested - a Kalman filter approach and a combination
of low and high-pass filters. The latter proved superior in tests. Tests with the HoloLens
showed that this method indeed bounds the drift of the IMUs. A method to calculate the
arm parameters and joint states was also presented, although no safety tests with the robot
were made. The intention estimation was based on the framework developed by Petkovi¢.
The intention estimator is based on a HMM, with states corresponding to each goal, one
for the unknown state (when the system cannot decide about the exact goal) and one for
irrational worker (when the system detects the user is not following any of the goals). In
the original collaboration paper, the HoloLens localisation was used in an autonomous
warehouse and it was shown that the system is able to deal with moving obstacles, AGVs
in this case, and with adding or removing goals online. It was also shown that the estimator
follows human intuition about which goal the user is moving to, both in a small scale test
in a real test warehouse with the HoloLens, and in larger scale tests in VR. The work
was extended to not only use the pose of the HoloLens, but also the tracking of the hands
to determine which object the user wants to grab or interact with in a collaborative task
with an industrial robot. The original system was used with minor modification to include
hand movement and some minor changes to the parameters. It was shown that the original
framework is capable of handling this scenario as well.
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In Chapter 6 all the components were brought together into a holistic system pipeline. We
described the implementation of the systems on the two main components, the HoloLens
and a desktop computer running ROS. The pipeline was described and it was shown how
such a pipeline could support the user all the way from setting up the robot working en-
vironment to programming it to interacting with it in a safe way. Although the entire
pipeline was not implemented, several overlaying pipelines were. That shows that con-
structing such a pipeline is feasible. Possible improvements to the pipeline were also
discussed.

7.2 Discussion

The system presented in this work represents the first endeavour to develop an end-to-end
interaction system to make using robots easier and more intuitive. Though we have de-
veloped this system for the Microsoft HoloLens, thought has been put into making the
algorithms as device agnostic as possible. In some cases, such as for mapping and ref-
erencing, we proposed several methods depending on what could be the possible sensors
or accessible data. In the end, however, the applicability on other devices relies on the
device developer themselves and whether they allow access to sensor or relevant data or
not.

The second important point to address is the lack of user studies. There are several rea-
sons for that. Throughout this paper we have referenced other authors and their research
containing user studies that prove AR-based HRI improves the user experience and in al-
most all cases lowers the mental load. The main issue with most user studies in robotics
is usually their small sample size, though with a large number of paper the overall sam-
ple size becomes adequate for the conclusions presented. As this is a large pipeline with
many components, any user study of the entire system would be long and necessitate a
large number of participants to draw proper conclusions. Second, it is unclear how to
obtain a baseline. Should the users try to setup the robot cell and program the robot arm
for a task using classical industrial methods? These usually take a long time and require
such expert knowledge that the average person or even robotics student does not posses.
Perhaps an appropriate measure would be to take only lay users that have never worked
with a robot and have them setup the robot cell and program a simple task. Here again we
run into the issue of sample size and lack of a baseline or alternative approach. Another
issue we face is that the system would require quite a bit of work to develop a proper, easy
to understand UlI. A bad UI would skew the results no matter how good and efficient the
actual system is.

Thus possibly the most important point to further develop the system is to construct a
user-friendly UI over the entire pipeline. This would then allow large scale user tests both
with professionals and lay users. It is our opinion that such tests would greatly benefit not
only the entire system, but also specific components and allow the research community to
obtain practical best practices for implementing their AR-based HRI algorithms.

Perhaps the largest and most influential bottleneck of the system was the HoloLens’ lo-
calization error of around 2cm. The localization error is dependent on several factors,
including the amount of features in the environment, lighting, the motions performed etc.
It was however found that both in an autonomous warehouse setting and in the robot hall,
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the error should be expected to be slightly higher than 2cm. As it was seen this error in-
fluences the referencing precision, meaning the error propagates through the other steps,
as well as the quality of the environmental map and the precision of the tool tracking,
which don’t rely directly on referencing but do on the localization. In the mapping tests
it was found that 75% of map points within 3.6 cm distance from ground truth taken
with laser scanner. Again most of that error could reasonably be attributed to the error of
localisation.

It is very hard to get a reliable assessment for the localisation error for most HMDs. The
newer generation of HoloLens, according to the research by Soares et al. [145] has a
similar localization error to HoloLens 1, though they compared the position of the hand,
which probably introduced an additional error source. In [146] a HoloLens 2 was mounted
on a KUKA arm in a monotonous environment to provide the baseline. Several metrics
were calculated. The maximum error between the end and start points of a circular motion
were found to be 49.3 mm. The maximum error between the predefined path and the
closest point on the HoloLens 2 was measured to be 7.9mm. However when the traveled
path was compared, the maximum error rose to 1220.1 mm. The featureless environment
was selected so that the localization data relies mostly on the IMU which shows large
drifts. In [147] the hologram stability was tested and the maximum error to be 6.2 mm
while citing other work that went up to 9.6 mm. Naturally this is not a good measure of
the localisation accuracy itself. It is safe to assume that the localization accuracy of the
newer generation is comparable to the HoloLens 1. Other HMDs or custom localization
algorithms may be needed to push this error to the millimeter range, which would be
adequate for the proposed applications.

If the robot has precision sensors for completing its task, these may be relied upon to
improve the final accuracy of the program itself like in the method proposed by Hartman
et al. [98].

Switching to the HoloLens 2 however would have benefits such as hand skeleton tracking
and eye tracking. Hand skeleton tracking in particular would make the hand guidance
and the intention estimation algorithm much more user friendly, as it wouldn’t rely on
specific gestures to track. Eye tracking combined with the hand skeleton tracking could
also improve and extent the intention estimation not only to which is the user’s goal but
also which action the user is intending to preform. Newer devices offer hand and eye
tracking as well as better quality and form factor.

On the computer side, integrating ROS 2 would provide real-time control capabilities. Al-
though lack of real-time control didn’t have any effect on the research presented here, it is
foreseeable that it would be a beneficial feature to have in a practical system. Connection
options between the computer and the robot should also be considered and improved to
reduce lag. Finally, as already mentioned, using another framework for communication
between the HMD and the computer could further reduce lag, as shown in the paper by
Allspaw et al. [142].

Also to note for the practical usability of this system is the safety aspect. Although this
system can be used out-of-the-box with collaborative robots, as they are already safety
certified to work alongside humans, it would be impossible to do so with standard indus-
trial arms. The main issue here being that the system proposed here, relying on consumer
hardware, would not be able to comply with all the norms for a safety certification. For
example we cannot guarantee real-time operation of the entire system. It would take great
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effort to do so and probably additional custom hardware would be required. The more
practical solution would be integrating a safety vest, such as the one developed by Koncar
for the SafeLog project, to provide functional safety. This vest relies on UWB ranging
and safety computers and it was already demonstrated to be safety certifiable. The system
would require slight modification to the robot cell in the form of several UWB transceivers
mounted on the robot itself as well as a safety computer connected to the emergency stop
of the robot. An additional benefit would be that the UWB ranging data could be used to
improve the localisation accuracy of the HMD.

7.3 Outlook

When digital computers were first introduced, they were cumbersome and specialized
equipment. Only with the advent of better HMIs did they become an ubiquitous tech-
nology. These HMIs included better input devices such as the computer mouse and the
floppy disk, but also better UI such as graphical interfaces.

For robots to achieve the same, they require better HMIs. As robots are spatial systems,
they need HMIs that can comfortably handle 3D spaces. HMDs offer plenty of sensors
and input methods as well as providing spatial visualization through AR. HMDs are fully
mobile and can be complemented with other wearable systems to extend their capabilities.
Mobility is extremely beneficial in future applications where robots outnumber the human
workers, as it allows single users to interact with many robots. Throughout this work
we have developed novel algorithms to prove than HMDs can be used for everything
from robot set up to human interaction with robots. In a recent work, Lauritsen et al.
[148] showed that HMDs and AR can also be useful in the installation and deployment of
industrial robots. Thus, HMDs are an appropriate choice of an HMI that can handle every
step of the robot use.

The next step of this research would be to implement an integrated holistic system, with
interfaces to different robots and robot manufacturers. Further goals would be to make
the user interaction more fluid and preform user tests and implement a test-feedback-
improvement cycle. As previously mentioned, increasing localisation accuracy, improv-
ing communication between devices and allowing real-time control of the robot through
the desktop computer are all open challenges.

Once a practical working system is achieved, such a system should then be modified
to become an AR-based HRI programming environment to further the development of
different apps and use cases. The components already developed would then constitute
the basis of the HRI functions of the system. Combining these functions and adding new
ones would drastically increase the ease and range of use cases for industrial robots.

We hope this works provides a good overview of what can be done with HMDs in the field
of HRI and that some may get inspired to pursue this line of research and further develop
this promising research area. Thank you for reading.
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