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ABSTRACT

Noora Sassali: Pointing Gestures in Human-Robot Collaboration
Master of Science Thesis

Tampere University

Master’'s Programme in Information Technology

May 2025

The recent advances in machine cognition pave the way towards the fifth industrial revolution,
Industry 5.0, which envisions a future where robots work alongside humans in synergy. Interac-
tion modalities play a key role in improving communication fluency between the robots and their
human operators. The complementary use of modalities makes communication more robust, as
the systems are less dependent on individual input channels. Pointing gestures can be used as
an effective tool in collaborative applications, when interpreting speech commands is difficult due
to noise.

This thesis presents a tool for localizing pointing gestures using RGB-D stream and 2D pose es-
timation. The foundation is laid through a literature review, which introduces the core concepts
and the role of multimodality in Human-Robot Collaboration and explores the related works for
pointing gestures. The developed modules for gesture localization and target selection are pre-
sented alongside the relevant mathematical frameworks and methodology. The performance of
the tool was evaluated using quantitative and qualitative tests. A proof-of-concept integration into
a collaborative application, which included object detection, speech interpretation and feedback
modules, was implemented.

The gesturing tool reached an average accuracy of 3.0-3.3cm for the dominant hand, and 6.4—
6.7cm for the non-dominant hand, when 10 targets were pointed on a planar 80x60cm workspace.
Qualitative results revealed characteristics of the tool, such as area-wise performance differences.
Integration tests demonstrated the complementary use of gestures in decision-making, but also
revealed limitations of the used model in comparison to other existing methodologies.

In the future, the tool can be improved by examining the qualitative results further and developing
an optimization. Improving the tool algorithmically could enable the usage of both hands in target
selection, improving the usability of the tool. As the tests were conducted in a controlled laboratory
environment by one right-handed user, further testing is required to assess the usability of the tool
in real-world industrial environments.

Keywords: Human-Robot Collaboration, Human-Robot Interaction, Collaborative Application, In-
teraction Modalities, Multimodality, Pointing Gestures, Gesture Detection, Collaborative Robot
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TIVISTELMA

Noora Sassali: Osoittavat eleet yhteistydrobotiikassa
Diplomityd

Tampereen yliopisto

Tietotekniikan DI-ohjelma

Toukokuu 2025

Viimeaikaiset edistysaskeleet konedlyssa siivittavat kehitysta kohti viidennetta teollista vallanku-
mousta (Industry 5.0), joka maalaa kuvan ihmisen ja robotin saumattomasta yhteistydsté. Vuoro-
vaikutustavat ovat yhteistydérobotiikassa (Human-Robot Collaboration) merkittavdassa asemassa,
kun ihmisen ja robotin valista viestintdd halutaan sujuvoittaa. Vuorovaikutustapojen rinnakkainen
kayttd tekee kommunikaatiosta kestdvampad, koska riippuvuus yksittaistd kommunikaatiokanavaa
kohtaan vahenee. Osoittavia eleitd voidaan kayttaa yhteistydrobotiikan sovelluksissa tehokkaana
tyékaluna esimerkiksi silloin, kun puhekomentojen antaminen estyy taustamelun vuoksi.

Tama diplomityd esittelee tydkalun, joka kayttdd RGB-D kuvavirtaa sekd 2D-kehontunnistusta
osoitettujen kohteiden paikantamiseen. Tydn perusta rakentuu kirjallisuuskatsauksesta, joka kay
lapi tarkeimmat yhteistydrobotiikan konseptit, multimodaalisuuden aseman yhteistydrobotiikassa
sekd osoittavien eleiden paikannukseen liittyvédn aiemman tutkimuksen. Kehitetyt ohjelmistomo-
duulit esitetdan kaytettdvien matemaattisten mallien seka teorian taustoittamana. Tydkalun suori-
tuskyky arvioitiin kvantitatiivisten ja kvalitatiivisten kokeiden perusteella. Konseptitodistus (proof-
of-concept) suoritettiin integroimalla moduulit robotiikan jarjestelmaan, joka sisélsi hahmontunnis-
tuksen, puheentunnistuksen ja -synteesin moduulit.

Kehitetty osoitintydkalu saavutti 3.0-3.3cm:n keskimaaraisen tarkkuuden dominoivalla kadella ja
6.4—6.7cm:n tarkkuuden ei-dominoivalla kadelld, kun kymmenta eri kohdetta osoitettiin tasomai-
sella 80x60cm:n alueella. Kvalitatiiviset tulokset paljastivat eroavaisuuksia tyékalun aluekohtai-
sissa tarkkuuksissa. Integrointitestit havainnollistivat osoittavien eleiden kaytén vaihtoehtoisena
paatdksenteon valineend, mutta paljastivat myds kaytetyn mallin rajoitteet vastaaviin tyékaluihin
verrattuna.

Tulevaisuudessa tydkalua voidaan parantaa kehittdmalla optimointia tarkkuuden parantamisek-
si, hyddyntaen kvalitatiivisia testituloksia. Algoritmeja kehittamalla voidaan mahdollistaa molem-
pien kasien kayttd kohteiden valitsemiseksi, kaytettavyyttd parantaen. Koska ty6kalun testaami-
nen suoritettiin yhden oikeakatisen henkilén toimesta hallituissa laboratorio-olosuhteissa, lisétutki-
musta tarvitaan tyékalun kaytettdvyyden ja tehokkuuden arvioimiseksi teollisuuden olosuhteissa.

Avainsanat: yhteistyérobotiikka, ihmisen ja robotin vélinen vuorovaikutus, yhteisty6érobotiikan so-
vellus, vuorovaikutustavat, multimodaalisuus, osoittavat eleet, eleiden tunnistus, yhteistyérobotti

Taman julkaisun alkuperaisyys on tarkastettu Turnitin OriginalityCheck -ohjelmalla.
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Hypertext Transfer Protocol; the application layer protocol in the
Internet protocol suite

Industry 4.0. Refers to the fourth technological revolution and
digital innovations, where information and communication technol-
ogy are integrated into industrial production to form Cyber-Physical
Systems.

Industry 5.0. Refers to the fth technological revolution, personal-
izable autonomous manufacturing.
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Natural Language Processing
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faces.

The color model to represent colors on a display screen using Red,
Green and Blue light.

Red, Green and Blue color channels with an additional Depth chan-
nel for depth information.

Robot Operating System. An open-source middleware widely used
in robotics.

The original ROS framework, created in 2007.

The second generation ROS framework, created in 2015.
3D visualization tool for ROS

Transmission Control Protocol/Internet protocol

Default transport layer used in ROS1 framework for Messages and
Services. Utilizes standard TCP/IP sockets.

User Datagram Protocol

Transport layer used in ROS1 framework for Messages and Ser-
vices. Utilizes standard UDP datagram packets.

Virtual Reality
Voice User Interface
Wireless network protocols based on IEEE 802.11 standards

Windows, Icons, Menus, Pointer; a style of human computer inter-
action using the mentioned elements.

Remote Procedure Call protocol that uses extensible markup lan-
guage (XML).



1. INTRODUCTION

The fth industrial revolution, Industry 5.0 (15.0), is envisioned as a future where humans
work alongside robots in synergy. The next generation of robots not only understands
human operators, but recognizes their goals and expectations with anticipation. The ad-
vances in machine cognition pave the way towards greater productivity and ef ciency in
Human-Robot Collaboration. [1]

Multi-disciplinary eld of Human-Robot Interaction (HRI) investigates the interactions be-
tween humans and robots. The eld brings together robotics, cognitive science, human
factors, natural language, psychology and Human-Computer Interaction (HCI) to better
understand and shape interactions between humans and robots [2]. Human Robot Col-
laboration (HRC) is a branch of HRI focusing on the interaction between humans and
robots in a shared workspace, where tasks are performed in collaboration with varying
degrees of proximity. The research of HRC plays a key role in integrating human factors
into systems, enabling the human-centric progress of 15.0. [3]

Collaborative applications, also known as collaborative robots, aim for improved process
ef ciency and exibility by combining the cognitive knowledge and adaptability of humans

with robot's ability to conduct repetitive, industrial tasks [4]. Robots are expected to be-
come natural companions, which not only understand human operators but also learn
from them [1]. Collaboration is seen as an answer to the industry demands of mass cus-
tomisation and exibility [5]. However, the integration into real-life assembly lines requires
uent communication between the robot and human operators, while ful lling the high

safety demands of the working environment.

Exploiting and fusing interaction modalities holds promise in improving collaboration u-
ency. Multimodal interfaces integrate modalities such as gestures, touch, and speech
into the system. Pointing gestures are a frequently used modality to identify objects or
areas of interest in collaborative applications [6]-[8]. Gesturing has an advantage es-
pecially in industrial environments, where interpreting speech commands can be dif cult
due to noise. The complementary use of interaction modalities improves the reliability of
communication, as the system is less dependent on individual input channels.

This study explores the role and methodologies behind pointing gestures in HRC, to im-
plement and evaluate a tool for localizing pointing gestures in a collaborative workspace.



The tool is designed to complement the existing modalities such as object detection,
speech interpretation and speech synthesis. The tool enables using localized gestures
as an ingredient in multimodal algorithms, taking a step towards more robust and uent
HRC.

Research Objectives and Approach

The development process is guided by three research questions:

* RQ1: What is the role of multimodal interfaces in Human-Robot Collaboration?

* RQ2: What is an ef cient way to implement and integrate pointing gestures into
collaborative applications?

* RQ3: How does the developed tool perform in comparison to existing solutions?

Fig. 1.1 illustrates the research timeline, and the results of the process in relation to the
research questions.

Figure 1.1. The research plan.

The research begins by exploring the rst question through a literature review, which lays
the foundation for the implemented tool. The core concepts of HRC and multimodality are
discussed, to review the role of interaction modalities in collaborative applications.

The second research question continues the literature review, shifting the focus from the
overall view to gesturing tools in particular. The localization methods for pointing gestures
are discussed; the existing solutions and scienti ¢ research are explored to nd a suitable
approach and comparison points for the developed tool. An overview of the application
eld in HRC is given, to showcase how pointing gestures are exploited and integrated into
a variety of robotic systems.



Based on the literature review, a framework for the implemented tool is presented. The
nal research question centers on the evaluation of the prototype. Both quantitative and
qualitative analysis are performed to draw conclusions of the tool performance. Addi-
tionally, a proof-of-concept integration into a collaborative application is implemented to
conclude the analysis of the tool performance, its limitations, and relevancy in real-world
applications.

Tracing the path laid out by the research plan, the thesis is organized as follows. Section 2
dives into the literature review, discussing HRC and the role of multi-modality in HRC. The
related works for the localization of pointing gestures are presented. Section 3 introduces
the methodology for implementing the gesturing tool, the used target selection algorithms,
and the system setup. Section 4 describes the conducted experiments and the used
evaluation metrics in detail, followed by the results and analysis presented in Section 5.
Section 6 returns to the presented research questions, interpreting the gathered results
and discussing the future work. Finally, Section 7 concludes the work, summarizing the
study.

The study was carried out under the Cognitive Robotics research group at Tampere Uni-
versity. Part of the thesis content was used for a scienti ¢ publication, which was under
review at the time of writing.



2. BACKGROUND

Advances in machine learning have accelerated research in many elds, including Human-
Robot collaboration (HRC). The research of the eld has increased steadily over the past
decade, as illustrated in Fig. 2.1. In 2024, 876 documents were published using keyword
"human-robot collaboration" or "HRC" [9].

Figure 2.1. Documents per year in Scopus academic database, using keywords "human-
robot collaboration”, "HRC". [9]

This section provides a brief literature review to situate the developed gesturing tool within
the broader framework of HRC. In section 2.1, the background of HRC and the concept
of collaboration are discussed, alongside the relevant safety standards, opportunities,
and challenges of the eld. Section 2.2 gives an overview of interaction modalities, mul-
timodality, and its role in HRC. Finally, Section 2.3 concludes the literature review by
presenting the most relevant works related to the localization of pointing gestures.

2.1 Human-Robot Collaboration

Human-Robot Interaction (HRI) is a multi-disciplinary eld investigating the interactions
between humans and robots. The eld emerged in the mid-1990s and early years of
2000, bringing together researchers from robotics, cognitive science, human factors, nat-



ural language, psychology, and HCI [2]. Goodrich et al. [2] de ne a HRI problem as
"understanding and shaping the interactions between one or more humans and one or
more robots".

The interaction can vary from physical to non-physical, such as activating features by
pressing buttons or giving voice commands. In industry, human operators are often sep-
arated from robots for safety reasons. Bauer et al. [10] classify the workspaces into ve
distinct types: cell, co-existence, synchronization, cooperation, and collaboration [10].
Each type describes how the work environment is divided and what the level of interac-
tion is.

A cell represents a traditional work environment, where there is no cooperation between
the human and the robot. The robot workspace is clearly separated and safeguarded;
the safety risks for the human are minimized. In a co-existence setup, the human and the
robot work near each other but share no common workspace. A synchronized environ-
ment has a shared workspace, but the human and the robot never interact the same time
in it. A cooperative environment allows both the robot and the human to work the same
time, but always on different products. Finally, a collaborative environment enables the
robot and the human to work on the same product. [10] Fig. 2.2 illustrates the workspaces
beyond traditional robotic cells.

Figure 2.2. Workspace de nitions in HRC. Adapted from [10].

Collaborative robots, i.e. 'cobots', are designed to address the challenges of collabora-
tive workspace. Invented by Colgate et al. in 1996, the cobots were initially described to
manipulate objects in collaboration and provide assistance to the human operators [11].
More recent sources de ne cobots as entities which both understand collaborator’s inten-
tions and predict his or her actions, adapting their behaviour accordingly while providing
assistance in various tasks [4], [12].



Varying de nitions exist to make a distinction between collaboration, interaction, and co-
operation [5]; there is ambiguity in the use of terminology, as discussed in the review
of HRC in manufacturing by Dhanda et al. [3]. Steps towards uni ed terminology have
been taken by International Organisation for Standardisation (ISO) in the third edition of
standards for industrial robots, ISO 10218-1:2025 [13] and ISO 10218-2:2025 [14]. The
standards de ne "a collaborative task™" as "a portion of the robot sequence where both the
robot application and operator are within the same safeguarded space” [13], [14]. The in-
terpretation considers any interactions (Fig. 2.2) within the same safeguarded space as
collaborative. The revised standard ceases the use of terms "collaborative operation” and
"collaborative robot" to speak of collaborative applications instead. A collaborative appli-
cation contains one or more collaborative tasks, but can also include non-collaborative
tasks [13], [14].

When collaboration is interpreted according to ISO standards, collaborative scenarios can
be classi ed according to the degree of collaboration. The categorization is based on the
relations between a collaborative system, its operator, work pieces and the processes
being performed on the work pieces. [5], [15] Fig. 2.3 illustrates the different categories
of the scenarios: independent, simultaneous, sequential, and supportive.

Figure 2.3. Scenarios of HRC based on the level of collaboration.



In an independent scenario, the operator and the robot work on separate work pieces and
the processes are individual. In a simultaneous scenario, the operator and the robot work
on separate processes, but on the same work piece at the same time. Simultaneous
work requires spatial awareness from the robot; the robot has to avoid intervening in
operator's space, maintaining the safety. In a sequential scenario, the operator and the
robot perform sequential processes on the same work piece. In a supportive scenario,
the operator and the robot work on the same process on the same work piece. The task
cannot be performed without the both entities and requires uent understanding between
the robot and the operator. [5]

2.1.1 Safety standards

While the tool developed in the scope of this thesis is not directly deployed to industrial en-
vironments, this subsection aims to give a brief overview of the existing safety standards
to emphasize the crucial role of safety in HRC. For a more comprehensive overview, the
survey by Li et al. [16] provides an in-depth analysis of safety in industrial HRC settings.

Safety is one of the main concerns when deploying robotic applications to the market.
While robotic applications may reduce the physical strain from human operators by han-
dling hazardous or physically challenging tasks, they can introduce new risks in the work-
place caused by, e.g., robot malfunctions, human errors or cyber security issues [17]. In
European Union, Machinery Directive 2006/42/EC [18] is enforced to the legislation of
each member state to ensure free circulation of machinery on the internal market while
protecting people against the unavoidable risks that arise when machines are produced.
The directive aims to make machines safe by design and highlights the importance of
preventive measures and risk mitigation.

The design of machinery and machinery systems is standardized by international bodies
such as ISO and International Electrotechnical Commission (IEC). International standards
form the necessary concepts and design principles for safety assurance, and are adopted
as baselines for speci ¢ regional or industrial standards. The machinery standards are
divided to three types: A-standards for basic machinery design, B-standards for generic
machinery design and C-standards for speci ¢ machinery design. [16] Examples of each
machinery standard type are given in Table 2.1.

Type A machinery standard, 1ISO 12100:2010 [19], gives general guidelines on making
a risk assessment and reduction for achieving safety in the machinery design. Type B
standards develop upon ISO 12100:2010, describing the generic requirements and char-
acteristic of safety standards. ISO 12100:2010 de nes two categories for type B stan-
dards: B1 and B2 standards [19]. B1 standards cover particular safety aspects; e.g., ISO
13849-1 and ISO 13849-2 de ne the design of safety-related parts of control systems,
and their validation procedures. B2 standards are focused on performance requirements;



Table 2.1. Examples of relevant machinery standards and their types.

e.g., 1ISO 13850 de nes emergency stop function and principles for its design.

ISO has established two type C standards for industrial robots, ISO 10218-1 [13] and
ISO 10218-2 [14], to ensure the operator's safety when working with robots. 1ISO 10218-1
sets safety requirements for designing the robots, gives tools for conducting a risk assess-
ment and de nes methods of suf cient veri cation and validation. Similarly, the second
standard ISO 10218-2 de nes the requirements and methods on robot systems and their
integration. Supplementary technical speci cation ISO-TS 15066:2016 [20] for collabora-
tive robots is incorporated into the third edition, ISO 10218-2:2025, to address the safety
requirements for industrial robots in collaborative applications.

According to ISO 10218-2, the risk assessment of regular robot applications and robot
cells must address aspects, such as high energy movements across large spaces and
the selection and design of end-effectors to reduce risks. Collaborative applications
have to include additional considerations in the risk assessment, such as operator's pres-
ence in the safeguarded space with the robotic application and transitions between non-
collaborative and collaborative uses. The collaborative applications may incorporate one
or more safety functions to ensure safe interactions: hand-guided controls, speed and
separation monitoring, or power and force limiting. The standards specify the general
requirements for implementing the functions. [14]

This thesis follows the terminology as de ned in the third edition of ISO 10218 standards.
In addition to the terminology shift from collaborative robots to collaborative applications,
the standards de ne a robot application as "a machine comprising an industrial robot
system, workpieces, task program and machinery and equipment to support the applica-
tion and intended tasks" [13], [14]. The new terminology emphasizes the broad nature of



present day robotic systems; the system is no longer contained in a singular robot, but
builds up from data acquisition equipment, programmed logic, and other relevant parts
besides the robot. In addition, the standards highlight that only the application can be
developed, veri ed and validated as a collaborative application [14].

Besides the machinery standards, other standards have been established to address
speci ¢ aspects of system design and principles, applicable to HRC. Table 2.2 lists some
of the standards mentioned in the survey of Li et al. [16]. Mental workload has been
addressed in 1ISO 10075 [21]-[23] standard series. 1SO 26800 [24] presents the general
ergonomics approach for human-system interactions. A multi-part standard 1SO 9241
covers ergonomics of human-system interaction and human-centered design processes;
e.g., 1IS0O 9241-210:2019 [25] gives requirements and recommendations for human-centred
design principles and activities.

Table 2.2. Examples of other relevant standards when designing collaborative applica-
tions

Mental workload, ergonomics and human-system interaction are important aspects to
consider, when new collaborative applications and interaction tools are designed. Table
2.2 is not exhaustive, but gives an example of standards to consider, when developing
new solutions for industrial collaborative applications.

2.1.2 Opportunities and challenges

While automation traditionally seeks to remove the human from tasks performed, collab-
oration aims to create a space where both human and robot capabilities are maximized
[26]. Ideally, collaboration combines the cognitive knowledge and adaptability of humans
with robot's ability to conduct repetitive industrial tasks with precision [4]. The concept
of the fourth industrial revolution, Industry 4.0 (14.0), has kindled the research of HRC
by highlighting the potential of collaborative robots [27]. 14.0 started as a German gov-
ernment strategy project [28], aiming to transform manufacturing agents from physical
systems to Cyber-Physical Systems (CPS) by leveraging the use of Internet of Things
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(IoT) and real-time information exchange [1].

14.0 requires rapid and proactive responses to consumers' demands in manufacturing [5].
The trend of mass customisation [5] has drawn manufacturers attention to work environ-
ments that are more intelligent and adaptable for both needs of the market and tailored
products [3]. The exibility of collaborative applications answers the market demand with
the potential to increase productivity and ef ciency. The fth revolution, 15.0, addresses

the importance of sustainability and the human operator in the manufacturing loop; col-
laborative applications and human-robot synergy are seen as key enablers in the future
manufacturing [1].

The review by Dhanda et al. [3] highlights several emerging technologies bound to affect
the course of HRC in the future. The use of Arti cial Intelligence (Al) enhances exibil-

ity, ef ciency, collaboration, consistency and sustainability in manufacturing ecosystems.
While Al can give robots a greater independence and enhance the pro ciency in vari-
ous tasks, the challenges in data security, ethics and interdisciplinary cooperation have
to be addressed. Technologies like Large Language models (LLM) improve the human-
robot interaction, but lack the necessary transparency to explain or justify the outputs,
rising both liability limitations and safety concerns [3], [29]. Digital Twins establish a two-
way data exchange between physical systems and their virtual counterparts and have
the potential to improve interaction and well-being, besides the operational ef ciency and
resource utilization in HRC systems. Virtual Reality (VR), Augmented Reality (AR) and
Human-Cyber-Physical Systems (HCPS) have shown promise in assistive technologies,
improving ef ciency, ergonomics and job exibility. [3]

Challenges remain before the potential of collaborative applications can be fully realized.
The applications need to address concerns related to safety, stress, cognitive workload
and trust. The progress of HRC is likely to trigger socio-economical ripple effects, as de-
ployment of robots impacts human labour. [3] While the eld is dominated by engineering-
based narratives, disciplines such as psychology, sociology, and HCI should be incorpo-
rated into the research [27]. The eld needs to remain vigilant of unethical practices
involving robots and take steps to prevent them. [3]

Practical challenges of HRC include e.g., ergonomics; and the control, handling and ma-
nipulation of dif cult materials. The future collaborative systems are expected to possess
a higher level of understanding to navigate a variety of complex situations with compli-
cated semantics [3]. Symbiotic HRC requires a number of multimodal communication
techniques, to combine the complementing competencies of humans and robots [30].
This thesis focuses on the trend of multimodal communication in HRC, by exploring the
gesturing modality and its integration into collaborative applications in multimodal ways.
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2.2 Multimodal interaction

ISO vocabulary for sensory analysis [31] de nes sensor modality as "sensations mediated
by any of the sensory systems, for example auditory, taste, olfaction, touch, somesthesis
or visual modality". For humans it is natural to interact multimodally, using senses both
sequentially and in parallel to perceive new information and understand the surrounding
environment. Simultaneous sensory modalities help humans to estimate useful properties
of the world. [32]

Lahat et al. [33] de ne modality as an acquisition framework, that observers a phe-
nomenon or a system using multiple instruments, measurement devices or acquisition
techniques. Each modality is associated with one data set, and the setup accessing data
from multiple modalities is called multimodal. Complementarity is a key property of multi-
modality; a modality brings value, that is not obtainable or inferred from other modalities.
The authors de ne diversity as "a property, that allows to enhance the uses, bene ts and
insights —, in a way that cannot be achieved with a single modality".[33]

Multimodal data analysis explores the relationships, complementarity and mutual prop-
erties between the modalities. Multimodality is often connected to the concept of data
fusion. Lahat et al. [33] de ne data fusion as the analysis of multiple data sets, such that
different data sets interact and inform each other. Successful data fusion holds promise
for e.g., improved decision-making and answering speci ¢ questions about the system.
The need for advanced data fusion is present on many elds, from medical diagnosis to
Human-Machine Interaction (HMI). [33]

The modalities of HMI aim to a natural, ef cient and intuitive interaction. The eld stands
out due to its interactive nature: the data fusion not only interprets the human and ma-
chine outputs, but also conveys actively information between the systems. The human
user has often an active role in the choice of modalities and how they are used. The data
fusion and multimodal setup attempt to reach an optimal combination of data streams
both theoretically and technologically. Furthermore, the human factor in the loop requires
an ability to predict and adapt to the subjective cognitive preferences of the individual
users when designing the system. [33] The same properties are desirable in HRI, to
improve the interaction between humans and robots.

Modality fusion can be implemented at different stages of data processing. The sensor
level fusion takes its place in the early phase of the process, where raw data from different
sources is collected and combined. The synergies of modalities are captured, but the data
requires robust pre-processing algorithms for the high-dimensional data. Feature level
fusion focuses on characteristics relevant to the task by combining extracted features
from different modalities. The late decision-level fusion combines outputs from models
developed for each modality. [34] The stages are illustrated in Fig. 2.4.
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Figure 2.4. The levels of modality fusion.

Robotic systems include multiple modalities to acquire data from the system and its
surroundings. In this work, modalities are discussed in two categories: non-interaction
modalities and interaction modalities. Non-interaction modalities include e.g., object de-
tection, pose estimation and other data acquisition modalities that are part of the system
without establishing a direct communication channel to the user. In contrast, interaction
modalities are strongly tied to the eld HCI, as they present the means of communication
between the user and the system. This section aims to give an overview of multimodality,
concentrating on interaction modalities and their role in HRC.

2.2.1 Interaction modalities

Traditional HCI includes graphical user interfaces (GUI) and keyboards to deliver directly
encoded orders to the system. Other human-initiated modalities include, speech, ges-
tures, touch and haptics, eye-tracking and gaze-based interaction, and brain signals. The
modalities are illustrated in Fig. 2.5.

An insightful review of interaction modalities in multimodal interfaces has been performed
by Dritsas et al. [34]. The following paragraphs highlight the relevant points from their
work to give an overview of the modalities beyond traditional GUIs and keyboards, and
their core challenges. In addition, brain signal -based interaction is brie y discussed using
highlights from the review by Hu et al [35].

The advances in automatic speech recognition and Natural Language Processing (NLP)
have made speech one of the most commonly used modalities. Speech is a natural inter-
action method and offers enhanced user experience by reducing the need for inputs such
as typing or manual manipulation. The modality is often challenged by noisy environ-
ments, accents, and the inherent variability and ambiguity in natural language. Modern
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Figure 2.5. Interaction modalities. Adapted from [4].

state-of-the-art models address the challenges of complex language tasks through deep
learning and neural networks. Speech recognition depends on ef cient noise Itering
techniques and robust pre-processing algorithms. In comparison to gestures, speech
recognition may take longer to process due to its temporal nature. [34]

Like speech, gestures free the user from physical contact with traditional interfaces. Ges-
tures are a natural, contextually rich modality to interact with the world. The non-verbal
modality depends on motion sensors, cameras and depth-sensing devices to capture the
physical movements of the user. Majority of gesture recognition systems rely on computer
vision and machine learning algorithms, to explore the spatial and temporal dynamics of
user movements. The challenges rise from making the distinction between intentional
gestures and unintentional body movements. Additionally, the gesture recognition needs
algorithms capable of adjusting to different users and varying environmental conditions,
such as occlusions and lightning. It is important that the user-centred concerns such as
fatigue and usability are taken into account, when gestural systems are designed. [34].

Touch and haptics are central modalities in consumer devices, such as smartphones and
tablets. Tapping, swiping and pinching are simple touch gestures, which enable user to
control systems at ease. The emerging multi-touch technologies enable more complex
gestures and interactions with multiple points of contact. The interaction and responsive-
ness can be further enhanced, by using tactile feedback such as vibrations, pressure
and force resistance. Limitations of the modality include occlusions of the view interface
during the interaction, and the lack of haptic feedback in less advanced applications.[34]
Tactile interfaces are not always suitable for industrial settings and the user interfaces
require careful usability design.
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Eye-tracking and gaze-based interaction require optical sensors or infrared cameras to
use the gaze direction as a modality input. The modality is hands-free and provides
seamless interaction especially in digital environments and scenarios where other modal-
ities are not practical. The modality is often applied in the elds of AR and VR, as the gaze
tracking can anticipate the user intentions and adjust the display interfaces accordingly.
As gestures, tracking gaze requires system to distinguish between deliberate and passive
movements, to Iter unintended actions. The modality has also ethical privacy concerns,
as the data can reveal sensitive information about the user. [34]

A less common modality, brain signal-based interaction, aims to establish a real-time
communication between the brain and the external world. The brain-computer interaction
envisions a future, where human consciousness is convertible into bits, revolutionizing
the existing traditional communication interfaces. The challenges of the modality include
brain channel modeling, modulation, signal processing and signal detection. Currently
the modality is mainly used in health care, to help people with disabilities to regain the
ability to communicate or move. Like eye-tracking, the modality has ethical and security
concerns, which should be addressed to safeguard user privacy, individual autonomy and
physical health. [35]

2.2.2 Multimodal interfaces

Interaction with computers is often multimodal: different tasks can include typing text
inputs, mouse clicks and hearing auditory output signals. However, the interaction is
often limited to a single primary channel for data input and a different primary channel
for output at a time. [32] For example, a voice command can be used to instruct a smart
home system in adjusting room lights; the command is auditory and unimodal, not a
mixture of multiple sensory inputs.

An interface is a shared boundary between two entities, across which information is
exchanged. Common human-computer interfaces include GUIs, Voice User Interfaces
(VUI), Command Line Interfaces (CLI), Brain-Computer Interfaces (BCI), Touchscreen,
and Gesture-based interfaces. The interfaces interpret user inputs and deliver the outputs
accordingly. Multimodal interfaces enhance the communication by incorporating multiple
input and output channels, such as gestures, touch and speech, into the picture [32]. In
the previous example adding modalities, such as gestures, could deliver the same in-
formation content alongside the voice command to make the smart home control more
robust.

The rst pioneering system to take advantage of multimodal interfaces, "Put That There"[36],
was introduced by Richard Bolt in 1980. The system included a Media Room, where the
operator could interact with a wall display using both voice and gesture inputs. Fus-
ing both voice commands, such as "create a circle there", and pointing gestures, the
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user could manipulate the spatial data on the screen. Numerous applications integrating
speech and gestures followed the system. Most of the early multimodal systems were
focused on different spatial tasks and map-based applications. [32]

The graphical interfaces were focused on using Windows, Icons, Menus and a Pointing
device (WIMP) ever since they were popularized by Macintosh in 1984 and copied to other
operating system workstations. The elements are used still today as a prominent part in
human-computer interfaces. As early as 1997, van Dam argued in his article [37] that so-
called "post-WIMP" interfaces with multiple, parallel modalities could take interaction into
a more natural, human-like level. Van Dam drew an idea of a butler-like interface, who
knows the context, taste and features of the human operator, and completes the tasks
with anticipation. Multimodality would enhance the communication by making it more
natural, approachable for users of different kinds. [37]

The concept of Perceptual User Interfaces (PUI) followed the view on post-WIMP inter-
faces. The PUI workshops began in 1997, in search of more natural user interfaces that
take advantage of the natural ways humans interact with the world. [32] PUIs were de-
scribed as highly interactive multimodal interfaces that utilize both machine perception
and human perceptual capabilities, using transparent and unobtrusive sensing methods
[38]. The terminology has shifted from PUIs to multimodal interfaces, in the more recent
endeavours to create more ef cient and user-friendly interfaces.

The advantages of multimodal interfaces are summarized in a timeless manner in the
article published in 2000 by Oviatt et al. [39]. While the article is focused on combined
multimodal speech and pen-based gesture interfaces, the advantages generalize and
apply well for the present day multimodal interfaces.

Multimodality permits a exible use of input modes, including both alternation and inte-
grated use of the modalities. The overuse of individual modalities is avoidable during the
extended usage of the system. Multiple modalities satisfy higher levels of user prefer-
ence, as the user has greater freedom of expression during interaction. The interfaces
enhanced by multimodality can accommodate a wider variety of users, environmental sit-
uations and tasks. In addition, the interfaces are more accessible, as they accommodate
individual differences: for example, a user with speech dif culties may resort to gestures
over speech. [39]

From a technical perspective, multimodality may enhance the performance of the sys-
tems. For example, a multimodal interface may support dis uent, shorter and more lin-
guistically simpli ed utterances compared to speech-only interfaces; the use of multiple
modalities may decrease the performance requirements falling upon a single input chan-
nels. The combined data from the modalities may result in greater precision, if the input
channels complement each other. Multimodal interfaces are more adaptable to chang-
ing environmental conditions. The interfaces can support enhanced error avoidance and
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ease of error resolution. [39]

In a more recent, comprehensive review of multimodal interfaces, Dritsas et al. [34] high-
light the opportunities of multimodal interfaces. Multimodal interfaces aim for a more
robust and exible communication than the traditional, unimodal interfaces. The com-
plementary use of modalities and context-aware input interpretation gives the system
reliability in diverse environments; ideally the multimodal interfaces adapt dynamically to
user's environment, tasks and behavior. [34]

Despite the potential of multimodal interfaces, many challenges persist in their develop-
ment. Data fusion is computationally expensive in real-time applications, as achieving
context-aware adaptability requires monitoring both environmental and user data. The
systems need to balance between the responsiveness and resource ef ciency depend-
ing on the application eld. Improving the data fusion requires advanced algorithms and
sensor technologies for optimizing the monitoring process while minimizing computational
overhead. [34]

The temporal nature of data fusion leads to challenges in synchronization. Different
modalities can produce data at different times due to variations in user behavior and
processing speeds. For example, gestures can be detected from the scene in real-time,
while speech-recognition requires time to interpret and process the commands. Synchro-
nization requires advanced algorithms to fuse the inputs accurately without latency. The
system has to be resilient for con icting inputs and have means for input prioritization,
besides continuous feedback loops and robust error-handling mechanisms. [34]

Multimodal systems pose a challenge to interface designers, as the development and
evaluation of the systems requires thorough understanding. [32] Engineering-dominant
narratives easily forget the concerns related to the cognitive load in the systems [27]:
increasing the modalities does not always reduce the cognitive load, but may increase
it as well [32]. Multimodality may lead to ef ciency, usability and accessibility, but these
outcomes are not guaranteed; rather, they are a result of careful, interdisciplinary design.
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2.2.3 Multimodality in Human-Robot Collaboration

Robotic systems have often multiple modalities that produce information about the sys-
tem and its surroundings, such as cameras and audio input devices. The raw data can
be interpreted and re ned in different ways, to perform actions, aid decision-making and
improve the ef ciency of the system. Robotic applications can include a variety of modal-
ity inputs, as illustrated in Fig. 2.6. This subsection gives a brief overview of multimodal
techniques in HRI, and some practical examples in HRC.

Figure 2.6. Different modalities of HRI. Adapted from [40].

The review by Su et al. [40] discusses the recent advancements in multimodal HRI, listing
common techniques for multimodal HRI. Computer vision allows robots to perceive and
understand their environment and the human actions. The applications include modali-
ties, such as object detection and object tracking, facial recognition, gesture recognition,
face and body language tracking for interpreting the emotions or intents of humans. NLP
is employed for speech recognition, Natural Language Understanding (NLU) and Gener-
ation (NLG); enabling bidirectional vocal interaction between the human and the robot.
Gesture recognition and identi cation can be used to interpret both static and dynamic
gestures. Emotion recognition allows robots to detect and comprehend human feelings,
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adapting to variety of social interactions. [40]

Shifting from HRI to HRC, review by Duan et al. [41] discusses the multimodal perception-
fusion-control in manufacturing. The lack of sensor recognition accuracy and stability
makes unimodal HRC unreliable; the environmental factors may cause failures in com-
mand execution and lead to mismatch of given and received commands. Multimodal
interfaces aim to equip HRI with more natural, powerful and engaging interaction experi-
ences. [41]. Multimodal applications in HRC can be categorized following the concept of
modality fusion presented in Fig. 2.4.

An example of sensor-level fusion is presented in the work of Poeppel et al. [42], which
introduces a framework for fusing point cloud data in HRC applications. The work is
motivated by improving the safety of humans in collaborative scenarios, by providing more
reliable multimodal data. Liu et al. [43] have presented a multimodal fusion architecture,
that combines speech command recognition, hand motion recognition and body motion
recognition via deep learning, performing a feature level fusion.

Decision-level fusion is well presented in works [7], [8]. Paul et al. [7] present a collab-
orative application that uses object recognition, verbal communication, user of interest
detection, gesture recognition and gaze recognition to generate task con gurations; mul-
timodality improves the task execution, reliability and enhances the overall user experi-
ence. Chen et al. [8] present a multimodal HRC setup, using gestures and speech. A
multi-threaded architecture enables more robust communication, by processing simulta-
neously gestures and speech. The con dence scores of gesture recognition and speech
recognition are integrated on decision-level, and the system is tested against different
environmental noises.

Symbiotic HRC is ideally multimodal and bidirectional, as discussed by Wang et al. [30].
Multimodal feedback is constructed from multiple modalities; robots can use a combina-
tion of visual and auditory signals, such as blinking lights and warning sounds, to give
feedback to the user effectively. [40] In the work of Lorentz et al. [44], the humanoid robot
Digit and its operator interact using both dialogue and pointing gestures; the human indi-
cates the desired object with pointing, and Digit veri es the selection by pointing towards
the assumed object. Constantin et al. [45] give an example of multimodal error correction
and its practical application in a steerable laser pointer robot.

2.3 Pointing gestures

Pointing gestures are traditionally localized by recognizing and locating the human in the
scene, and tracking meaningful parts of the body such as head and hands to determine
the pointing direction. Early gestural implementations for target localization relied on clas-
sical image processing techniques to extract and process feature maps from the scene.
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[46] Expansion to geometric framework through the application of stereo vision allowed
recovering the line along which the index nger is pointing and localizing the intersection
point on a two-dimensional plane [47]. The sequential and temporal nature of gesturing
has been investigated using different state models, such as Hidden Markov Models [48],
[49], to recognize the exact occurrence the gesture.

Currently pointing gestures can be ef ciently exploited with hand-held sensors, such as
wristbands with Intertial Measurement Units (IMU) [50]—-[52], but many works prefer com-
puter vision due to its low cost and non-intrusive nature. As the mainstream of vision-
based works estimate pointing gestures by projecting a vector between localized body
parts, the development tracks closely the advances in pose estimation. Commonly used
pairs for determining the pointing direction include e.g., head— nger [53], shoulder— nger

[44], and elbow-wrist [6], [54] combinations. Alternative approaches without pose estima-
tion include unsupervised learning [55], and probabilistic appearance-based frameworks
[56].

The limitations of interpreting pointed targets via linear extrapolation are discussed by
Herbort and Kunde in [57]. The work explored how an observer extracts the location
implied by another person's gesturing, and the related misinterpretations. The results
showed that the gesturing person has a tendency to extend the arm and move the index
nger between eyes and the pointed referent, while the observer interprets the gesture by
nonlinear extrapolation of the vector de ned by the pointer's extended arm and nger. The
further the targets were, the more estimates of the observers were biased toward a hor-
izontal axis passing through the pointer's shoulder. Observers systematically estimated
the targets of the pointing gestures too high. [57]

While the experiments in [57] were limited on the pointer's sagittal plane, the results reveal
the complexity of pointing gesture interpretation and the limitations of simple, geometric
models. Further work by Krause and Herbort [58], [59] continue the in-depth analysis
of pointing gestures and their interpretation. The studies reveal that the perception of
pointing gestures is not only affected by distance and observer's viewpoint, but also by
the interaction of vertical and horizontal aspects of the pointing gestures [59].

Applications of pointing gestures are numerous in HRC. As the application setups range
from oor-level setups to smaller table-like workspaces in varying environmental condi-
tions, there is no uni ed state-of-the-art scale to compare the implementations ef ciently.

Pointing gestures have been used for directing mobile robots to speci ed locations [60],
[61]. Similarly, the modality has been utilized in aerial robotics to guide drones towards
their intended targets [50], [54]. Other applications include requesting footwear in robot-
assisted dressing [62] and assigning pick and place tasks to the robot [44]. Industrial ex-
amples feature pointing gestures as a mean to select objects on conveyor belts [63] and
to localize targets in construction site tasks [64]. Pointing gestures are often accompa-
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nied by speech in multimodal systems and combining modalities facilitates the interaction
between the human and the robot [45], [52].

In this thesis, pose estimation with the linear extrapolation of shoulder-wrist body key-
points is used for localizing the gestured target within a planar workspace. The geo-
metric, vision-based approach is a low-cost and simple alternative for wearable devices
and complex models. Extending previous contributions, the study provides a rigorous
methodology and comprehensive analysis for evaluating directed gestures in common
robotic tasks. Object detection, speech detection and synthesis are included in the nal
proof-of-concept robotic system, to demonstrate the integration of modalities in a collab-
orative application.
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3. METHODOLOGY

Modules in distributed robotic applications can be divided into ve categories: data ac-
quisition, interpretation, re nery, decision-making and functionality. Data acquisition pro-
vides the means to sense user interactions and delivers raw data for further interpreta-
tion. Interpretation is responsible for relaying the data and sending trigger events to the
main logic. Re nery modules post-process the interpreted data to create new value for
the system. Both interpreted and re ned data are used by the functionality modules,
which provide functions and operations to the main logic using client-server communi-
cation. The main logic uses client interfaces to give operator feedback and mediate the
requested actions to their corresponding functional units. The relationships between the
entity categories are illustrated in Fig. 3.1.

Figure 3.1. Five different node categories in a collaborative application.

In the context of Robot Operating System (ROS), dashed lines describe internal messag-
ing, which is usually done via ROS topic publishers and subscribers. Solid lines describe
client-server communication, such as ROS actions and services. The dashed waves de-
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scribe sensory inputs such as cameras, microphones or wearable sensors. Solid waves
describe system's feedback or other output to the operator mediated by decision-making
logic. While the entities of the loop can be considered ROS nodes, the generalized model
does not rule out other means to implement the system.

The gesturing tool developed in the scope of this thesis falls into the category of re nery,
as it uses sensed data to produce new value for the application. As the tool itself does
not determine how the localized pointing gesture is used, a corresponding functional unit
to perform target selection was created. Due to compatibility requirements of Franka
Emika Panda robot, ROS1 Noetic was selected for the node development. Following sub-
sections discuss the frameworks and methodology behind the developed modules and
their integration into a collaborative application.

3.1 ROS - Robot Operating System

ROS is an open source meta-operating system widely used in robotics. The framework
was created in 2007 as part of the STAIR project at Stanford University and the Personal
Robots Program at Willow Garage robotics research company. The original design of
the framework was based on ve distinct goals; peer-to-peer topology, cross-language
development, managing complexity via micro-kernel design, code reusability, and open-
sourcing. The framework emphasizes code reuse in robotics research and development
to enable wider collaboration in the eld. [65]

The original framework lacked some features to adopt the framework from research-
centered foundation to the industry and commercial robots. ROS1 suffered from deliver-
ing data reliably over lossy links such as Wi-Fi, and had a single point of failure. Addition-
ally the framework lacked built-in security mechanisms. ROS2 was launched to address
these challenges and continues to develop, accelerating the deployment of robots to the
industry. [66].

As the experimental architecture of this thesis was created using ROS1, next subsections
describe the essential features of ROS1 and the libraries used to implement the software.

3.1.1 General concepts

The rst framework, also known as ROS1, creates a computation graph for ROS pro-
cesses. The network consists of ROS master, parameter server, nodes, messages, ser-
vices, topics and bags. [67]

ROS master acts as a nameservice, storing registration information for ROS nodes. it
is implemented using stateless HTTP-based protocol, XML-RPC. Parameter server runs
within ROS master and works as shared multi-variate dictionary for storing and retrieving
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node parameters at runtime. The dictionary API is accessible via XML-RPC libraries. [67]
Fig. 3.2 shows an illustration of ROS graph and the two communication methods between
nodes; topics and services.

Figure 3.2. A ROS graph and the two main communication types between the nodes,
topics and services.

ROS nodes are entities which carry out the computation in the network. Nodes connect
to each other using lookup information received from ROS master via XML-RPC API.
The communication between nodes is done by passing messages that consist of data
structures with typed elds. [67]

Topics implement publish-subscribe communication between the nodes with a ROS-speci ¢
transport layer using either standard TCP/IP sockets or UDP datagram packages; TCPROS
or UDPROS. The topics are used e.g., to broadcast sensor data to multiple nodes. They
are asynchronous and allow subscription from multiple nodes. [67] The sequence dia-
gram in Fig. 3.3 shows a typical communication ow with two nodes, using topics to
deliver messages.

Services provide a simpli ed request-reply communication for the nodes. One or more
client nodes can request a de ned service from a server node. Unlike topics, services
are synchronous and normally include one client and one server. Services can be used
for actions requiring a response, such as checking a battery status. [67]

Bags are an additional feature to save and playback ROS message data, illustrated in Fig.
3.4. Rosbag commands can be used to store topics during a certain time frame into a bag
database. The recorded topics can be played later for developing and testing algorithms.
Besides the bag record mechanism, a variety of useful tools have been developed in ROS
community to visualize and debug the created programs.

On lesystem level, the ROS code is organized in packages which makes distributing
entities such as nodes and libraries easy. While the original ROS1 distributions used
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Figure 3.3. Sequence diagram of topic communication between two ROS nodes. The
initial negotiation for the communication channel is done using XML-RPC APIs, while
actual messages can be sent either using TCP/IP or UDP connection.

Figure 3.4. User can hand-pick topics for rosbag records. The database can be later
replayed to e.g., debug or develop code without actual sensor data.

a separate rosbuild system, the later releases use catkin build system [68] to combine
CMake macros and Python scripts for a more powerful package and build management.
The nodes implemented within the package can be initialized via bash terminal, using
commands rosrun and roslaunch . While rosrun is used for running singular code
les, roslaunch can be used to spawn multiple node entities at a time, de ned in one or
more XML con guration .launch - les. [67]
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3.1.2 Client-Server communication: actionlib

In larger robotic systems, some actions need to be executed asynchronously while main-
taining action status information. actionlib is an additional ROS1 library which sup-
ports executing long-running goals that can be preempted. The library includes a client
interface for sending server requests. [67] In the scope of this thesis, the action protocol
enables polling target selection from multiple server entities.

Fig. 3.5 shows a simpli ed sequence diagram of how action client and server communi-
cate over ROS via action protocol.

Figure 3.5. An example of simpli ed action client-server sequence.

Unlike ROS services, actions are asynchronous and the client server can cancel the
request when the action is still processed. The client can utilize server feedback to track
the process. The server feedback, status and result are published as ROS topics, making
process tracking accessible to nodes outside the client-server communication.

3.1.3 RViz

RViz is a 3D visualization tool for ROS. The tool is particularly useful for debugging and
visualizing a variety of topics. The application has plugins for e.g., Movelt! motion
planners and camera calibration. Fig. 3.6 presents a screenshot of RViz GUI with the
motion planning plugin for Franka Emika Panda and visualization markers.
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Figure 3.6. Screenshot from RViz GUI.

In the scope of this thesis ROS1 release [69] of the tool is used. RViz can be used for
visualizing the output topics of the implemented gesturing module.
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3.2 Gesture Pointer node

To use gestures as means to communicate with the system, gesture_pointer module
was developed. The main task of the module is to establish a planar workspace and
recognize when pointing gestures occur towards the workspace. The operator can use
pointing gestures much like a laser-pointer, to con rm objects of interest and interact with
the robot. An illustration of the tool is shown in Fig. 3.7.

Figure 3.7. The concept of gesture pointer.

As the tool was developed with Intel RealSense D415 camera, the camera submodule of
the package is dependent on aligned depth-to-color stream and pyrealsense?2 library.
The use of the library is limited to CameraSubscriber class interface, which features
functions for subscribing an RGB-D stream and functions for de-projecting 2D image co-
ordinates into 3D coordinates and vice versa. Following subsections give an overview
how the module is structured, explain the mathematical framework for establishing the
workspace and localizing the pointed targets within it. In addition, necessary theory be-
hind projection (3D to 2D), deprojection (2D to 3D), and coordinate frames are presented.

3.2.1 Inputs and outputs

Fig. 3.8 presents the necessary entities for launching a gesturing node. Two ROS nodes
need to be launched in prior to the gesturing node itself: a camera node and a 2D pose
estimation node.
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Figure 3.8. Data ow diagram.

The camera node has to publish three topics; RGB stream, aligned depth-to-color (D)
stream, and camera intrinsics. The RGB stream is directly used by a 2D pose estimation
node implemented within OpenDR project [70]; the pose estimation is based on Open-
Pose [71] and detects human body keypoints as 2D image coordinates. The keypoints
are subscribed by GesturePointer node, which utilizes the keypoints for shoulders and
wrists to detect the pointed targets.

The gesturing node has an instance of CameraSubscriber class, which subscribes
RGB-D stream and camera intrinsics. The class interface includes getter functions for
the latest RGB and depth frames, and functions for coordinate deprojection (from 2D to
3D) and projection (from 3D to 2D).

The gesturing node outputs three different ROS topics: the localized point on plane, a
projection stream, and visualization markers. The visual outputs are illustrated in Fig.
3.9. The projection stream in Fig. 3.9a shows the borders of the user-de ned workspace
and visual cues for the localized gestures. The stream can be used to direct the gestures
better and troubleshoot possible issues with gesturing. The localized point consists of
a timestamp and the pointed coordinate (X;y;z) 2 R® with respect to the camera co-
ordinate frame or workplane frame. The visualization markers for Rviz create spherical
points for the localized points on plane, as illustrated in Fig. 3.9b.
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(a) Projection stream (b) Rviz markers

Figure 3.9. Visualization outputs of the gesturing module.

3.2.2 Plane in 3D space

A workspace is an area, where the robot and operator can interact with the objects and
areas of interest. Mathematically, a planar workspace can be de ned as a 3D plane.
Three non-collinear points are required to de ne a plane. Let P1,P, and P3 be points with
coordinates (X;V;z) 2 R® on workspace plane W.

Let P5P;, P5P3 2 RS2 be two vectors between the points on the plane. The cross-product
of the vectors is the normal vector v 2 R? of the plane

V= PPy P3P (3.0)

where v ? P;Py;v ? PiP;.
The vector can be normalized to a unit normf = (a;b;9 2 R®

\Y

Wkt (3-2)

where is a very small number added to the denominator to prevent division by zero and
computational errors. The workspace plane and its normal are illustrated in Fig. 3.10.
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Figure 3.10. The equation of workspace plane can be constructed using 3 known points.

A plane in R can be de ned using the normal vector fi = (a;b; 9,
ax+ by+ cz+ d=0: (3.3)

Constant d in Eg. 3.3 can be solved by using a known point on the plane, e.g., P; =
(X3;Y3: 23),

d= axz3 by cz; (3.4)
d= (axz3+ by + cz): (3.5)

Eq. 3.5 can be expressed as an inner product of the normal vector and the known point,

d= hf;P;zi: (3.6)

Using equations 3.1, 3.2 and 3.6, constants a;b;cand d can be computed and the
workspace plane is de ned.

A gesturing workspace requires 3D corner coordinates P;, P, and P3 for the desired
workplane. The fourth point P, is collected to complete plane limits. Two different meth-
ods for establishing the workplane are implemented; GUI method, and ArUco method, as
illustrated in Fig. 3.11.

The GUI method (Fig. 3.11a) captures the initial depth frame and shows it to the user.
The user can click the corners of the desired workspace directly, to de ne the plane. The
method is straight-forward and easy to use, and the depth frame visualization helps to
inspect the depth stream quality and valid points for the corners. Once the 2D coordinates
of the corners have been fetched, they are deprojected into 3D points using depth stream
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(a) GUI method (b) ArUco method

Figure 3.11. Two methods for establishing 3D plane.

and intrinsic camera parameters.

Alternatively, the user can de ne plane corners with ArUco markers of pre-de ned size
using RGB stream (Fig. 3.11b). The module includes a separate roslaunch le, which
uses aruco_ros package [72] to fetch and save the four marker positions into a .csv le.
The user can enable the use of .csv le before running the gesturing node. In addition,
the code includes a ag to save the used coordinates into cache les, speeding up the
tool launch.

3.2.3 A pointed target on a plane

The direction of pointing gestures can be estimated by a vector between localized body
parts, such as shoulder and wrist joints. Let Pg be the 3D coordinate of the shoulder joint
and P,, the 3D coordinate of the wrist joint. The line between the joints is a directional
vector U

u= PsPy: (3.7)

If the dot product of u and the plane normal fA result in zero, then u and i must be
orthogonal,

u A=0) u? f: (3.8)

Intuitively this means, that the pointing gesture PcP,, is parallel to the plane, not pointing
towards it. Therefore, only the cases where directional vector U intersects with the plane
are considered

iu hj> (3.9)
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where is a threshold value very close to zero.

The intersection point of the direction vector and the plane, P;, can be calculated using
the shoulder point and the direction vector towards the wrist point

Pi=Ps+1t u (3.10)
Pi=(Xs;¥siZs) + t (XusYui Zu) (3.11)
Pi=(Xs+ tXujYs + tyu; zs + tzy); (3.12)

where t 2 R is an unknown factor towards the direction vector. By plugging the intersec-
tion point Eq. 3.12 into Eq. 3.3, t can be solved

a(Xs + txy) + blys + tyy) + ¢(zs + tzy) + d =0: (3.13)
axs+ by + cz + d+ t(axy, + by, + ¢z) =0: (3.14)
t(axy + by, + cz)) = (axs+ by + cz + d) (3.15)

(axs + bys + ¢z + d) |
(axy + by, + cz)

(3.16)

The denominator and numerator of Eq. 3.16 can be expressed using dot products

(hh;Psi + d)
t= - : 3.17
Mui ( )
Finally, plugging factor t into Eqg. 3.10,
(M ;Psi + d)
P = P+ 1

which solves the 3D coordinate of the intersection point.

As pose estimation always introduces some noise to shoulder and wrist point estimates,
the gestured position is stabilized by buffering. The published position is a running aver-
age of ve samples located within the workspace.

After the point on workspace is localized, the timestamped value is published as ROS
topic (/gesture_pointer/left_pointer , lgesture_pointer/right_pointer ) and
Rviz marker (/gesture_pointer/left_marker ,/gesture_pointer/right_marker ).
Additionally, the 3D point is projected back into 2D image coordinates to publish a projec-
tion stream topic (/gesture_projection ).
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3.2.4 Projection and deprojection

Both projection and deprojection functions are used in the gesturing node. De ning the
plane and localizing shoulder and wrist points requires 3D coordinates; deprojection from
2D pixel coordinates to 3D camera coordinates. On the other hand, the localized pointing
gesture is projected back to 2D image coordinates, to visualize the pointing gestures in
the projection stream. Deprojection requires the pixel coordinate (U;Vv) 2 Z? from RGB
stream, the corresponding depth value from aligned depth stream, and camera intrinsics
as illustrated in Fig. 3.12.

Figure 3.12. Transforming pixel coordinates into 3D camera coordinate space

The developed node uses the projection and deprojection functions provided by
pyrealsense2 library. This subsection gives a brief mathematical foundation for the
deprojection and projection functions using the simpli ed non-distorted pinhole camera
model. The aim is to uncover the theoretical foundations of the projection and deprojec-
tion functions in CameraSubscriber class, for camera-agnostic implementations.

The pinhole camera model is a commonly used imaging model in computer vision, to map
the relation between 3D world coordinates to 2D pixel coordinates. Let (X¢; Ve, Zc) 2 R®
be a point in 3D camera coordinate space. The plane at focal length z = f, forms the
image plane (focal plane) where 3D points are projected. The point (Xc; Yc; Z¢) is mapped
to the point on the image plane, (x;;y;) 2 R?, as illustrated in Fig. 3.13. [73]

By using the similar triangles (Fig. 3.14), the image coordinates can be solved

) = (f Reng Yoy,
(Xis i) (fZC,fZC). (3.19)
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Figure 3.13. The pinhole camera model: a 3D coordinate is projected to the 2D image
plane. Adapted from [73].

Figure 3.14. Deriving image coordinate y;. Similar triangles solve the linear mapping
from Euclidean 3D space to 2D space. Adapted from [73].

As the image coordinates are discretized from analogous signals to digital, the focal length
is converted to pixel units separately in X;y-directions; fy;f,. Let p, be the horizontal
width of the pixel, and p, the vertical height of the pixel, then



35

f, = (3.20)

B~

The pixel coordinate frame is usually located at the top-left corner of the image, as illus-
trated in Fig. 3.15. The translation can be expressed using the horizontal ¢, and vertical
pixel offset ¢, from the left and top edges to coordinate frame origin. Plugging Eqg. 3.20
into Eq. 3.19 and adding the offsets, the pixel coordinate (u;Vv) 2 Z2 for the 3D point can
be solved,

u= fXZ_C+ Cx
V= fy&+ C: (3.21)
Zc

Figure 3.15. The pixel frame is typically located at the top-left corner of the image.

If the pixels are non-square an additional skew parameter S is added to equations; for the
normal cameras with square pixels, S = 0. Now,

u= f,—=+ s 4 Cx
Zc Zc

V= y&+ Cy: (3.22)
Z;

Generalizing Equations 3.19-3.22, the linear mapping from Euclidean 3D space R® to
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Euclidean 2D pixel space Z? is

X Y, Y,
(Xei Y Zo) 7! (fx5=+ s5= + o fy 5=+ q): (3.23)

Similarly, given pixel coordinates, camera intrinsics and the depth value Z., a 2D image
coordinate can be deprojected back to a 3D point

vV ooy

fy ;zc"f %.70): (3.24)
y

u

(u;v;Ze) 7! (Zc
fx

Equations 3.23 and 3.24 give the simpli ed mappings between the 2D and 3D spaces, for
non-distorted pinhole model. The camera parameters are often given using a compact
matrix format,

2
Eo fy cyz (3.25)

The values of intrinsic camera matrix K are the internal parameters of the camera, pro-
vided by the manufacturer.

3.2.5 Coordinate frames

A robotic system can include multiple coordinate reference frames, such as joint and
sensor frames. A common, xed world coordinate frame combines the available data
from different sources. In this particular use case, the robot base link forms the root
node for the world coordinate system and is used as a reference frame for e.g., object
detection. The camera is added to the transformation tree by performing an extrinsic
camera calibration. In ROS based systems, transformations are usually handled using
tf2_ros library [74] and Movelt! [75] plugin for calibration.

When a robot base link is used as a reference frame, the gesturing plane aligns conve-
niently with Xy-axis, making z value constant for all points residing on the plane. With
dimensionality reduction to 2D, interpreting the gestured point is intuitive with respect to
the workspace. Similarly, a separate coordinate frame at the workplane corner reduces
the complexity and enables 2D interpretation for the plane coordinates when no robotic
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system is involved. Fig. 3.16 illustrates the analogy between the reference frame setups.

Figure 3.16. Creating a separate reference frame for the gesturing tool helps interpreting
the pointed location with respect to the used workstation.

Let workspace plane W be a rectangular area and P, the origin corner for the new work-
plane coordinate frame. The desired orientation for the corner frame can be calculated
using the plane normal i de ned in Eq. 3.2 and a direction vector from a corner to an-
other, e.g., Py to P,. First, a rotational axis r is calculated by computing and normalizing
the cross product of camera z-axis unit vector, 2 = [0; 0; 1], and the plane normal,
ry = z . (3.26)
1~ a2 - .
1z )
The rotation about the new axis can be calculated

1 =arccos f): (3.27)

Applying the rotation 1 about the axis r4 results in a frame orientation that is aligned with
the xy-plane of the workplane W. The frame orientation can be computed as quaternion

q: =[xy, zZ;w]; (3.28)
where
- 1y,
w = cos ( > );
X;Y;Z=1q sin(El): (3.29)

The process for solving the rst quaternion is illustrated in Fig. 3.17.
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Figure 3.17. The rst quaternion: aligning z-axis with the plane normal.

After the xy-planes align, X and y axes are rotated about the plane normal fi to align
coordinate axes with the right angle formed at corner P;. Two vectors are needed for
solving the rotation angle: a unit vector that follows the right angle of the table in X or y
direction, and the corresponding unit coordinate axis for quaternion qz. In this work, the
logic is presented using y-axes.

First, a directional unit vector @ in the table y-direction is formed,

- P2 P (3.30)
jiP2  Pajj’ '
Quaternion g; can be converted into 3 3 rotation matrix R,
2 3
1 2(y?>+ 2% 2(xy wz) 2(xz + wy)
R = § 2(xy + wz) 1 2(x*+ 2% 2(yz wx) z : (3.31)

2(xz  wy) 2(yz+ wx) 1 2(x*+ y?)

Using the rotation matrix, y-axis unit vector of the orientation can be solved

2 32 3
1 2(y?’+ 2% 2(xy wz) 2(xz + wy)

0]
§ = E 2xy + wz) 1 2(x%+ z3)  2(yz wx) zglz (3.32)
2(xz  wy) 2(yz+wx) 1 2(x2+y?) O

2
§ = El 2(x2+ 9L - (3.33)
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The rotation about the normal fi is computed as a dot product of y-unit vectors in Eq. 3.30
and Eq. 3.33,

, =arccos @): (3.34)

Before computing the second quaternion, the sign of angle 5 needs to be veri ed. The
cross product of y-axis unit vectors describes the rotation axis for the angle. The rotation
axis is compared to the plane normal fA by taking a dot product,

2 iy B n o0
° , it &) n<o (3.35)

If the dot product is negative, the rotation axes are in opposite directions and the angle
needs to be corrected by negative sign.

The second quaternion is solved similar to Eq.3.29, this time rotating about the normal,

dz2 = [X2; Y2; Z2; Wo; (3.36)
where

W, = COS (?2);

X2;Y¥2;Z2 = nsin (?2): (3.37)

The rotations g1 and g, are combined by performing a quaternion multiplication,
2 3
WiX2 + XiWo + Y1272 Z1Y>

WiYz + YaWo + 23Xz X1Zp
0201 = : (3.38)
W1Zo + Z1Wo + X1Y2  YiXo

WiW2  XaX2  YiYo Z12p

The process for solving the second quaternion and the nal frame orientation is illustrated
in Fig. 3.18.
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Figure 3.18. The second quaternion: aligning the rst orientation frame ¢ to the right
angle of the workplane corner.

After solving the workplane orientation Eq. 3.38, the static transformation between the
camera coordinate frame and the workplane frame can be published using tf2_ros pack-
age [74]. The transformation allows de ning targets with respect to the workplane frame
and publishing the gesturing data as simple 2D coordinates.

In the scope of this work, 2D coordinate frame is only used if ArUco markers de ne the
workplane. The placement of the markers, especially the exactness of the right angle
used for the second rotation, affects directly the accuracy of the frame orientation. ArUco
markers are a more reliable method to establish strictly rectangular areas when compared
to the GUI approach. It is possible to enable similar logic for the GUI approach with minor
code changes, but the correctness of frame orientation requires a manual calibration and
evaluation from the user.

The code repository [76] provides an ArUco board of size 80 60 with static markers of
size 8cm at each corner of the rectangular area. The code uses ArUco marker 100 as the
frame origin and the direction vector from marker 100 to 101 to derive the second quater-
nion. However, using the general principles presented in Eqg. 3.26—3.38 the other corners
can be used similarly for deriving the frame orientation, with minor code alterations.

3.3 Snap to target node

As pointing gestures are mostly used for selecting targets such as objects or locations,
snap_to _target module was developed. The package forms a ROS action server inter-
face to respond target selection client calls, falling into category of functional modules in
the collaborative application (Fig. 3.1). The module consists of main class SnapActionNode
to implement the action server, and an abstract class SnapStrategy. Each snap node
has an instance of SnapStrategy that de nes an algorithm for locking into workspace
target. The class diagram of the module is shown in Fig. 3.19.
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Figure 3.19. Class diagram for SnapActionNode

The system may have multiple snap action servers running with different selection algo-
rithms. For example, a gesture-object strategy uses pointing gestures and detection coor-
dinates derived by an object detection model to select a target. Speech related strategies
rely on a direct speech input; when the operator utters the name of an object or location,
a target group or an individual target is chosen. The abstraction allows creating more
complex algorithms with multiple modalities as long as the common interface, abstract
methods of SnapStrategy, are implemented. The decision-making unit can request tar-
get selection from the servers in parallel and choose the target from responses based on
speed or other criteria.

An example of client-server communication using speed criteria is shown in Fig. 3.20.
The decision-making logic requests a target from multiple strategies, and when one of
the servers responds other actions are pre-empted.
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Figure 3.20. An example of client-server communication between the main logic and
multiple Strategy action servers. The target is selected based on speed criteria.

To test the gesturing tool, two simple strategies were implemented. The rst strategy
computes Euclidean norm between the known targets and the positions published by the
gesturing tool. The selection is made using mean over N = 15 gestured point sam-
ples, given the radial distance of samples from the mean is less than 5cm. Thresholding
with radial distance ensures the gesture is stable enough to be interpreted as selection.
The strategy is illustrated in Fig. 3.21, and can be used for picking up targets from the
workspace.

Figure 3.21. A simple strategy for Pick target selection.

The second strategy is used for area selection. Similarly to previous method, the mean
gestured point over N = 15 samples is computed and used only if the radial distance
from the mean remains less than 5cm. If the mean position falls into limits of prede ned
areas, the selection is made. If gesturing is out of bounds, the pointed mean position is
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compared to existing area center points, and the nearest area is selected. The strategy
is illustrated in Fig. 3.22 can be used for selecting a place location from the workspace.

Figure 3.22. A simple strategy for Place target selection. If the gesturing does not fall
into limits of prede ned areas, the mean position is compared to area center points.

In addition to gesture based strategies, the module includes speech strategies for loca-
tions and objects. The user can select a target by uttering keywords: either a target
group (e.g., "small bolt") when multiple similar objects are present, or a singular target
(e.g.,"screwdriver"). When the target group is selected, a gesture based strategy is initial-
ized by the main logic, to make a selection from the objects of the same category.

Following the de nitions laid out in Section 2.2, the interaction modalities (speech, ges-
tures) are not necessarily fused in the implemented strategies, but the combinations ob-
ject detection—speech and object detection—gestures are multimodal. The client-server
communication presented in Fig. 3.20 enables the parallel use of modalities, and can
be considered a primitive form of decision-level fusion. Full decision-level fusion would
be reached, if the speed criteria is changed to some other criteria that evaluates multiple
responses from the strategies together. The strategies for target selection are straight-
forward and simple, designed for testing the gesturing tool in common Pick, Place, and
Give scenarios. The algorithms can be further improved in the given snap_to_target

framework, to handle more complex and advanced scenarios, such as non-convex, asym-
metrical areas.

3.4 System setup

Intel RealSense D415 camera was used for implementing the gesturing tool, after per-
forming a set of camera calibrations (dynamic target, on-chip, tare and focal length) as
instructed by the manufacturer. The manufacturer has informed <2% depth accuracy at
2m, out of the factory. Testing setup included a PC with Nvidia GTX 1080Ti 11GB GPU
to run gesturing, snap to target, pose estimation and object detection nodes. The nal
integration setup included Franka Emika Panda 7-DoF robot with Intel RealSense D435
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as an end-effector camera. A second PC with no special hardware was used to control
the robot and run some of the ROS1 nodes included in the application. The setup is
illustrated in Fig. 3.23.

Figure 3.23. System setup for collaborative application.

The object detection was based on the model developed in a thesis project by Ojanen [77].
Movelt! controller interface used in the system was provided by Parikka [78]. A speech
transcription node developed in OpenDR project [70] and audio_commomROS package
[79] were used for creating the speech interpretation and feedback for the system. The
tool, documentation on its use, and designed 80x60cm testing boards are provided in an
open-source repository [76].
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4. EXPERIMENTS

Both quantitative and qualitative testing were performed to evaluate the gesturing tool.
Numerical results form the baseline accuracy for the tool. Qualitative testing takes the
gesturing tool into context of collaborative applications by using snap_to_target module
to study gestures in target selection. The testing setups for quantitative and qualitative
tests are illustrated in Fig. 4.1.

(a) The gquantitative test (b) The pick test setup (c) The place test setup
setup

Figure 4.1. Quantitative and qualitative test setups in 80x60cm workspace.

Final tests integrate the gesturing and selection methods into a real collaborative applica-
tion. The integration showcases how gesturing can be used as one of the modalities to
perform decision-making for typical robotic actions: picking, placing and giving objects.

It is noteworthy that all the tests were concluded by a right-handed person, which is likely
to contribute to asymmetry of the results. While the gesturing tool includes a projection
stream to give real-time feedback of the pointed target, it was not used for visual cues
during the testing. Only shoulder-wrist combination for the tool was used, as it performed
signi cantly better than the elbow-wrist variant in the chosen use scenario.

4.1 Quantitative testing

Quantitative testing measures the accuracy and precision of the tool. Ten ArUco targets
were created and placed on the workspace table. Ground truths were computed as mean
position over N = 100 samples, using aruco_ros [72] package. The positions of the
targets are illustrated in Fig. 4.1a, which shows the used testing board.

Two different methods for de ning the workplane were tested separately: RGB marking
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the ArUco approach, RGB-D the GUI based approach. ArUco approach used the ArUco
marker poses derived from RGB stream as the ground truth, while GUI approach used
ArUco pixel coordinates derived from the RGB stream and the aligned depth stream to
de ne the marker poses.

The user pointed at each target, and N = 100 localized gestures were collected. The
error € was calculated as an Euclidean norm between the mean ground truth and the
gestured position,

p
e= X2+ y2+  zZ (4.1)

The error was computed with respect to the camera frame as 3D coordinates.

After testing the framework in camera coordinate system, the tests were repeated using
absolute positions with respect to the workplane frame as ground truth. The purpose of
the second setup was to validate the tool setup that publishes gestured points in more
intuitive workplane frame coordinates (z = 0).

4.2 Qualitative testing

A set of qualitative tests were conducted using the pick and place selection methods
implemented in snap_to_target module.

The pick test ow included four bolts fB1;B2;B3; B4g laid out on the middle of table in
a square formation, with side distance |. The setup is illustrated in Fig. 4.1b. The bolt
locations were de ned as absolute coordinates with respect to the workplane coordinate
system. The gesturing for target selection was then performed 10 times per each bolt,
over a set of different distances | = f40; 30; 20; 10; 8; 6; 4; 2gcm. Success rates (%) for
correctly evaluated selections were computed.

The place test ow, shown in Fig. 4.1c, focused on area selection. Three square targets
of size | = f20; 10, 5gcm were moved on a workplane of size 80 60cm and gesturing
was performed 10 times to each area. Success rate-% was computed and the offsets in
area units were recorded.

4.3 Integration tests

Both gesturing tool and snap_to_target module were integrated into a collaborative
application with 7-DoF Franka Emika Panda robotic arm. The application consists of a
behavior tree-based decision-making logic and ROS servers for functionalities such as
speech interpretation, speech synthesis, and robotic control. The operator could initiate
pick, place and give ows by uttering the corresponding command to the system. Three
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