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Abstract

Human-robot interaction (HRI) is a rapidly evolving domain focused on the
interaction between humans and robots, exploring robotic systems’ design, function-
ality, and social implications in various environments. Virtual Reality (VR) has
emerged as a valuable tool for evaluating HRI solutions before real-world deployment,
ensuring safety and scalability. The main objective of this thesis is to present a mul-
timodal interaction framework integrating speech and gesture recognition to enhance
collaboration between humans and robots in precision agriculture, particularly in
table-grape vineyards under the CANOPIES project, as well as in broader contexts
of indoor and outdoor logistics.

In collaborative robotics, where human-robot collaboration (HRC) is essential,
multimodal communication between humans and robots is crucial during each inter-
action. To address this challenge, building on a categorization of the information
content and speech act classification in the context of HRI in shared environments,
Speech and Gesture recognition pipelines were designed and integrated into HRI
architecture for cobots. Leveraging virtual reality (VR) as a testbed, the work
generates synthetic datasets to train robust gesture and speech recognition models,
overcoming the scarcity of real-world data in agricultural contexts. The framework is
empirically validated through VR-based user studies and field experiments, demon-
strating improved communication reliability in noisy vineyard environments and
reduced task completion times. Notably, the system emphasizes modularity, allowing
interchangeable components (e.g., pose estimators and speech classifiers) to adapt
to dynamic tasks. Key contributions include (i) a standardized gesture taxonomy
tailored to agricultural workflows, (ii) open-source datasets produced from both real
and synthetic sources, (iii) a synthetic data generation pipeline for pose estimation,
and (iv) a multimodal communication architecture augmented by large language
models (LLMs) for contextual reasoning using limited computational capacity in
agricultural logistics. By bridging virtual simulations and real-world deployment,
this research advances human-robot collaboration in precision agriculture, offering
interactive solutions for harvesting, pruning, and logistics tasks. The findings un-
derscore the potential of multimodal HRI and immersive technologies to address
collaboration between human expertise and robots and enhance safety and efficiency
across both indoor and outdoor collaborative environments.

Keywords: Human-Robot Interaction (HRI), Human-Robot Collaboration (HRC),
Virtual Reality (VR), Synthetic Data Generation, Multimodal Communication,
Gesture Recognition, User Evaluation, Large Language Models (LLMs), Precision
Agriculture, Collaborative Robotics.






Abstract

L’interazione uomo-robot (HRI) & un ambito in rapida evoluzione che si concentra
sull’interazione tra esseri umani e robot, esplorando la progettazione, la funzionalita
e le implicazioni sociali dei sistemi robotici in diversi contesti. La realta virtuale (VR)
si ¢ affermata come uno strumento prezioso per valutare le soluzioni HRI prima della
loro implementazione nel mondo reale, garantendo sicurezza e scalabilita. L’obiettivo
principale di questa tesi € presentare un framework di interazione multimodale che
integri il riconoscimento vocale e gestuale per migliorare la collaborazione tra esseri
umani e robot nell’agricoltura di precisione, in particolare nei vigneti di uva da tavola
nell’ambito del progetto CANOPIES, cosi come in contesti pitt ampi di logistica
interna ed esterna.

Nella robotica collaborativa, in cui la collaborazione uomo-robot (HRC) ¢ es-
senziale, la comunicazione multimodale tra esseri umani e robot riveste un ruolo
cruciale in ogni interazione. Per affrontare questa sfida, basandosi su una catego-
rizzazione del contenuto informativo e sulla classificazione degli atti linguistici nel
contesto del’HRI in ambienti condivisi, sono state progettate pipeline di riconosci-
mento vocale e gestuale, successivamente integrate nell’architettura HRI per i cobot.
L’utilizzo della realta virtuale (VR) come banco di prova consente di generare set
di dati sintetici per 'addestramento di modelli robusti di riconoscimento di gesti e
parlato, superando cosi la scarsita di dati reali nei contesti agricoli. Il framework e
stato validato empiricamente attraverso studi utente basati sulla VR ed esperimenti
sul campo, dimostrando una maggiore affidabilita della comunicazione in ambienti
rumorosi come i vigneti e una riduzione dei tempi di completamento delle attivita.
In particolare, il sistema enfatizza la modularita, permettendo ai componenti inter-
cambiabili (ad esempio, stimatori di pose e classificatori del parlato) di adattarsi a
compiti dinamici. I principali contributi della ricerca includono: (i) una tassonomia
standardizzata dei gesti adattata ai flussi di lavoro agricoli, (ii) set di dati open-source
generati da fonti sia reali che sintetiche, (iii) una pipeline per la generazione di dati
sintetici finalizzata alla stima delle pose e (iv) un’architettura di comunicazione
multimodale potenziata da modelli linguistici di grandi dimensioni (LLM) per il
ragionamento contestuale, con un utilizzo limitato delle risorse computazionali nella
logistica agricola. Collegando simulazioni virtuali e implementazioni nel mondo reale,
questa ricerca promuove la collaborazione uomo-robot nell’agricoltura di precisione,
offrendo soluzioni interattive per attivita di raccolta, potatura e logistica. I risultati
evidenziano il potenziale dell’HRI multimodale e delle tecnologie immersive nel
favorire la collaborazione tra esseri umani e robot, migliorando al contempo sicurezza
ed efficienza in ambienti collaborativi sia interni che esterni.

Keywords: Interazione uomo-robot (HRI), Collaborazione uomo-robot (HRC),
Realta virtuale (VR), Generazione di dati sintetici, Comunicazione multimodale,
Riconoscimento dei gesti, Valutazione utente, Modelli linguistici di grandi dimensioni
(LLM), Agricoltura di precisione, Robotica collaborativa.
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Chapter 1

Introduction

Human-robot interaction (HRI) is an emerging field focused on the interaction
between humans and robots, exploring robotic systems’ design, functionality, and
social implications in various environments. As robots increasingly integrate into
everyday life, from healthcare care [I57] to education and customer service [261],
the study of HRI has gained notable significance due to its potential to improve
efficiency, safety, and user experience. HRI is a multidisciplinary domain, incorpo-
rating perspectives from human-computer interaction, artificial intelligence, robotics,
natural language understanding, design, and psychology. As artificial intelligence
advances, research in HRI addresses the physical safety of interactions and the
social appropriateness of robot behaviour, often shaped by cultural criteria. A key
prerequisite for effective Human-Robot Interaction (HRI) is establishing a shared
understanding of the operational environment and the objects within it by humans
and robots. The embodiment of a robot places physical constraints on how it can
sense and act in the world, but it also represents an opportunity for interaction with
people. The physical makeup of the robot elicits people to respond in a way similar
to that in which they interact with other people. The robots’ human-likeness enables
humans to use their existing experience of human-human interaction in human-robot
interaction [271]. These experiences can help construct an interaction but can also
lead to frustration if the robot cannot meet user expectations [28].

Robots are classified based on design, functionality, and applications. Industrial
robots perform repetitive tasks in manufacturing using predefined scripts. Service
robots assist humans in dynamic environments like hospitality and healthcare, and
can be either static or mobile. Autonomous robots use Al to adapt and perform
tasks independently, while humanoid robots mimic human behaviors and expand
into sectors like healthcare. Collaborative robots (cobots) work alongside humans,
equipped with safety features to operate near them. Recent research in collaborative
HRI explores how humans and robots work together on shared tasks [95]. HRI
applications now span industrial, medical, agricultural, and space sectors. Studies
show that human-robot collaboration reduces task time and increases production
[137], improving overall system efficiency [91]. Effective collaboration relies on verbal
(speech) and non-verbal cues (gestures, visual, and tactile feedback), with multimodal
communication enhancing efficiency.
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Collaborative environments come in different configurations, such as one human-
one robot (diadic), two humans-one robot or one human-two robots (triadic), and
multiple humans - multiple robots(teams or groups) [100, [7]. Irrespective of the
configuration, Cobots have to share space with humans. Human safety is given
utmost priority in designing HRI architectures and solutions for cobot problem
space. As human safety is at play, there is increased interest in using virtual
reality (VR) to create simulated settings that closely mirror the real world [276].
Such VR environments aid in evaluating algorithms and approaches, while also
serving as a platform for training personnel. Despite advancements, developing
and validating HRI solutions still lacks rapid and efficient methods, often relying
on complex physical setups where humans interact with robots [68], resulting in
costly and time-consuming trial-and-error cycles. Under these circumstances, VR
offers a safe, cost-effective platform [I5I] for iterative testing and observation of
cooperative tasks in a virtual space. Since effective human—android interaction
involves detailed scrutiny of communication modes, sensor positioning, human-robot
distance, and the specific application domain, VR proves advantageous for verifying
HRI methodologies [123], assessing potentially risky actions [167, [I17], and training
users in specialised skills [163] 198, 258]. It further facilitates running multiple
experiments within condensed time frames.

1.1 What is Multimodality in HRI?

Humans perceive the world multimodally, integrating visual, auditory, tactile,
olfactory, and gustatory inputs. Even though all these senses are from different
sense organs, they provide coordinated information and enable humans to make
informed decisions. Multimodality refers to the integration of multiple commu-
nication channels—such as speech, gestures, visual cues, and body language—to
convey information and facilitate interaction. In Human-Robot Interaction (HRI),
multimodality is a cornerstone for effective communication, particularly in dynamic,
real-world environments where a single communication mode may not capture the
complexity of human intentions or context [257]. While humans naturally combine
verbal speech, facial expressions, gestures, and other non-verbal cues to convey
meaning, robots traditionally rely on a single modality, such as speech or visual cues,
which can be limiting, especially in noisy or visually complex environments [118].

In outdoor or noisy settings, like agriculture, speech recognition may be impaired,
making it essential for robots to rely on other modalities, such as gestures or visual
cues, to understand human communication [232]. Similarly, in more structured
indoor environments, multimodal communication allows robots to better interpret
user intentions by integrating speech, body language, and sensory cues like touch
or proximity. This enables robots to adapt their responses according to context,
improving collaboration and task efficiency. For example, in an agricultural context,
when verbal communication is hindered by background noise, a robot can use gestures
or visual cues for basic communication, while leveraging speech for more specific
or complex instructions [II§]. The goal of multimodal interaction in HRI is to
create systems that are not only more robust and flexible but also more intuitive for



1.2 AgRobotics 3

human users. By combining multiple interaction modes, robots can overcome the
limitations inherent in relying on a single modality and interact more naturally and
effectively with humans, making the interaction richer and adaptive. This thesis
emphasises the integration of both speech and gesture recognition systems, forming
a multimodal framework aimed at enhancing the efficiency, safety, and adaptability
of collaborative tasks in both indoor and outdoor environments.

The remainder of this chapter is organized as follows: Section discusses HRI
in agricultural robots. Section [I.3] presents the primary objectives and goals of the
thesis, while Section [1.4] outlines the research challenges addressed, the contributions
made to overcome these challenges, and a list of publications resulting from this
work. Finally, Section [I.5] provides an overview of the overall structure of the thesis.

1.2 AgRobotics

Agriculture has employed specialised machinery and automated systems for decades
to meet the growing demand for food production. Typically, one individual operates
each machine. As global food needs escalate and skilled labour becomes increasingly
scarce, production is shifting toward alternative solutions. Robotic systems in agri-
culture, or agrobotics, encompass a spectrum of tasks—including seeding, harvesting,
weeding, and crop monitoring- to enhance efficiency, reduce labour costs, and opti-
mise resources. By harnessing sensors, computer vision, and machine learning, these
robots can identify plant health, guide targeted pesticide or nutrient application,
and carefully harvest high-value crops such as strawberries and tomatoes [21], [280].
For instance, harvesting robots for high-value crops like tomatoes or strawberries
use imaging sensors to identify ripe produce and employ gentle grippers to avoid
damage [21]. Autonomous ground vehicles can navigate between rows of plants,
mapping weeds for targeted herbicide applications, whereas drones conduct aerial
surveys to assess plant vigour and detect disease hotspots. They should operate on
both scenarios; they must navigate unpredictable terrains and varying crop canopies
[229]-and controlled environments like greenhouses or vertical farms, which enable
more predictable conditions but demand delicate end-effectors and sophisticated
handling of perishable produce [223]. These technological advances address labour
shortages and boost consistency in farm operations, reflecting a trend toward greater
automation in modern agriculture [30].

Despite their potential, agricultural robots face significant challenges in reliability,
adaptability, and cost-effectiveness, especially when handling soft, non-uniform crops
under diverse environmental conditions. As a result, this field increasingly focuses
on incorporating human-centred design principles, leading to the rise of cobots that
emphasise safe, intuitive, and flexible interaction with human operators. This human-
robot collaboration enhances scalability in demanding agricultural contexts and helps
bridge the gap between full automation and human expertise. Ultimately, overcoming
these technical, economic, and design hurdles will be pivotal for maximising the
benefits of agrobotics across both outdoor fields and controlled-environment facilities.
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Harvesting table grapes is a delicate task that demands careful handling to
preserve the quality of the fruit. Vineyards featuring expansive canopies and trellis
systems create a distinctive setting requiring precise harvesting methods, offering
opportunities and challenges for implementing intelligent farming solutions. Tools
ranging from robotic harvesters and pruning devices to autonomous sensing and
monitoring systems can elevate precision agriculture by complementing human
labour. Indeed, when seamlessly integrated into existing farming practices, robotic
innovations can help reduce labour costs, minimise environmental impact, and
consistently deliver premium-quality table grapes to the market.

1.2.1 CANOPIES: Collaborative Human-Robot Interaction in Pre-
cision Agriculture

The CANOPIES projectﬂ is a Horizon 2020-funded European research initia-
tive aimed at transforming human-robot collaboration in the domain of precision
agriculture, particularly for permanent crops such as table grapes. It envisions
seamless cooperation between human workers and autonomous robotic systems to
perform labour-intensive tasks, including harvesting and pruning, within complex
and dynamic outdoor vineyard environments. To realise this vision, the project
focuses on the development of advanced methodologies in Human-Robot Interaction
(HRI), Human-Robot Collaboration (HRC), and Multi-Robot Coordination (MRC),
enabling safe, efficient, and intuitive joint task execution.

The research emphasises safe human-robot coexistence in shared workspaces—whether
involving physical contact or not—by empowering robots with capabilities to antici-
pate human motion, particularly of the torso and arms. Additionally, the project
promotes natural and efficient communication between humans and robots, foster-
ing mutual awareness of intentions, which is critical for smooth and coordinated
task performance. CANOPIES also integrates human-like bimanual manipulation
to enhance robot dexterity and enable intuitive collaboration. Programming of
robotic behaviours is achieved through Learning by Demonstration (LbD), allowing
non-expert users to train robots via demonstration. Furthermore, adaptive learning
mechanisms are implemented using human-in-the-loop approaches to manage unex-
pected events. At a broader systems level, the project explores robust coordination
strategies among multiple robots working in tandem on shared tasks. Collectively,
these efforts aim to establish a new paradigm in collaborative robotics that can
support sustainable, safe, and productive agricultural practices.

Building on these technological advancements, this thesis investigates effective
HRI strategies in outdoor collaborative settings through empirical experimentation.
Evaluations are conducted in the challenging context of table-grape vineyards, where
close coordination between human workers and robots is essential. In parallel, the
research extends to logistics and delivery scenarios, analysing the performance of
ground robots in both indoor and outdoor environments. The overarching objective
is to develop functional and context-aware HRC methodologies for use in agriculture

"https://canopies.inf.uniroma3.it
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and related sectors by leveraging state-of-the-art robotics, artificial intelligence, and
interaction design principles.

Within the CANOPIES framework, two primary categories of ground robots are
deployed (see Section [9.4):

e Farming Robots (FR) are designed to collaborate directly with human
operators in agronomic tasks such as grape harvesting and vine pruning.

e Logistic Robots (LR) support operations by managing the transport and re-
placement of boxes containing harvested or pruned material, and by facilitating
delivery-related tasks in both indoor and outdoor contexts.

The farming robot is equipped with two anthropomorphic arms, allowing it to
mimic human-like bimanual actions during pruning and harvesting. It includes a
dedicated platform with removable boxes for collecting produce. In contrast, the
logistics robot is engineered with multiple modular containers and a box-exchange
mechanism that enables efficient swapping between full and empty boxes during
operation. These design features support close human-robot coordination in two
critical vineyard tasks: pruning, which ensures long-term vineyard health, and
harvesting, which requires precise collection of ripe grape clusters. The humanoid
design of the farming robot enhances task fluidity and safety in shared spaces. To
fully harness the potential of HRI and HRC in such environments, the establishment
of robust, real-time communication protocols is essential. These systems must
ensure operational safety, protect crop integrity, and support effective task execution.
Consequently, continuous innovations in both hardware and software are vital to
overcoming existing communication and coordination challenges and driving the
future of intelligent, user-centric agricultural robotics.

1.3 Objectives of the Thesis

The primary objective of this thesis is to develop a robust, efficient, and reliable
interaction framework that elevates non-verbal cues and gestures to a central role
in Human-Robot Interaction (HRI) within collaborative settings, while simultane-
ously recognising speech as a key communication channel. The proposed system
effectively tackles the challenges posed by noisy or visually demanding environments
by emphasising non-verbal elements—such as hand gestures, body poses, and other
expressive cues. At the same time, spoken commands remain essential for conveying
detailed instructions and facilitating natural collaboration, particularly when pre-
cision and clarity are paramount. Ultimately, speech and gestures work together
within a multimodal pipeline, serving as complementary and supplementary forms
of communication that enhance the overall efficiency and reliability of HRI.

A core insight derived from analysing frequently exchanged information in outdoor
scenarios is that no single modality can address every communicative challenge.
Consequently, this thesis targets the interplay among gestures, non-verbal signals,
and verbal utterances to strengthen the robot’s comprehension of human input, while
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also enhancing safety by minimising misinterpretations that can arise from relying
solely on speech, particularly in noisy or visually obstructed conditions. Although
much of this research focuses on agricultural fields as primary outdoor environments,
these multimodal interaction strategies equally apply to indoor settings such as
warehouses, hospitals, or service sectors—where cluttered layouts, varied lighting, or
acoustic constraints may pose additional challenges. By integrating both speech and
embodied signals, robots can better navigate shared spaces, interpret user intentions,
and seamlessly coordinate tasks with human teammates. Moreover, employing this
consolidated approach in controlled indoor simulations allows for comprehensive
testing of hardware and software components, ensuring the interaction framework
remains robust and adaptable across a broad spectrum of operational contexts.

To refine and validate these interaction strategies, Virtual Reality (VR) simulations
serve as a critical test bed for preliminary experimentation. VR enables the creation
of synthetic data given the input modality ranging from Audio, 2D, character and
3D model data, allowing virtually unlimited data to train and test the algorithms
for controlled and safe user studies. These synthetic datasets also support pose
estimation and gesture recognition research, alleviating data scarcity issues that
frequently hinder real-world data collection [250]. By combining both speech and
non-verbal cues in a multimodal pipeline and rigorously evaluating this pipeline in VR
environments, the thesis demonstrates how an HRI system can reduce ambiguity and
miscommunication, leading to more fluid and resilient Human-Robot Collaboration
(HRC).

Overall, this thesis presents a cohesive multimodal framework in which gestures,
body language, and vocal commands work together to streamline communication
between humans and robots. Through this integrative approach, the proposed
system aims to advance HRI in tasks ranging from vineyard maintenance to logistics,
ultimately paving the way for safer, more efficient, and context-adaptive collaboration
in diverse indoor and outdoor settings.

1.4 Research Challenges in HRI and Contributions

Human-Robot Interaction (HRI) poses unique challenges depending on whether
the environment is controlled (indoor) or dynamic (outdoor). Indoor environments,
such as manufacturing and warehouse settings, offer stable conditions, including
reliable lighting and connectivity. However, even in these controlled settings, HRI
systems must be designed to adapt to rapid changes in workflows, roles, and tasks.
In contrast, outdoor environments—such as agriculture or search and rescue opera-
tions—introduce further complexities, including fluctuating weather, uneven terrain,
ambient noise, and limited connectivity. These environmental variables complicate
robot operation and disrupt essential communication channels, such as speech recog-
nition and visual perception, both of which are crucial for real-time decision-making
and task coordination.
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Table 1.1. Mindmap: Research Challenges to Contributions

Research Challenge

Contributions Addressing the Challenge

RC1: Categorisation
and Classification of

Communication in
Outdoor HRI

C1: Innovative categorisation of content information
C2: Classification of delivery modalities for non-verbal
cues

(C3: Spoken utterance understanding system for complex
communication

C4: Speech act recognition using intonation cues

Based Evaluation and
VR Integration

RC2: Data Scarcity | C5: English and Italian transcribed speech dataset
for Outdoor Multi- | C10: Gestural dataset at multiple distances with syn-
modal HRI thetic augmentation
C13: Hybrid dataset combining synthetic and real-world
data
RC3: Simulation- | C7: VR-based user study comparing IVE and NIVE

C8: Virtual simulation environment for multimodal data
synthesis

C11: 3D object generation pipeline for cost-efficient sim-
ulations

C12: Pose estimation benchmark using synthetic VR
data

RC4: Robust Gesture
and Speech Integra-

tion for Collaboration

C6: Speech-based pipeline using content information and
frame semantics

C9: Definition of feasible gestures for outdoor HRI
C14: Gesture recognition pipeline supporting virtual,
real, and hybrid datasets

C15: Gesture recognition for small logistic robots in
indoor/outdoor use

C16: VR-based study on multimodal communication
feasibility

C17: Modular architecture for spoken and gestural input
integration

RCbH: Context-Aware
Multimodal HRI with
LLMs

C18: Integration of Large Language Models for context-
aware interaction
C19: Reformulation of HRI framework using State Ma-

chines for task handling

RC6: Deployment on

Resource-Constrained
Edge Devices

C20: Multimodal HRI deployment on Jetson Orin for
real-time interaction
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Fluctuating lighting conditions in outdoor environments, for instance, pose signifi-
cant challenges for visual systems, while ambient noise from machinery or natural
elements like wind or foliage further impedes speech recognition. Furthermore, the
lack of reliable connectivity in outdoor settings restricts real-time data exchange
between robots and human operators, which is essential for synchronising actions
in collaborative tasks. These challenges are compounded by data scarcity, particu-
larly in agricultural settings, where collecting diverse and representative datasets
for training machine learning models is labour-intensive and costly. Additionally,
outdoor robots often operate with limited computational resources, which restricts
their ability to process complex tasks under time-sensitive conditions.

Addressing the challenges of Human-Robot Interaction (HRI) requires innovative
solutions that are adaptable to both indoor and outdoor environments. This thesis
identifies key challenges specific to these domains and provides solutions aimed
at enhancing the effectiveness and reliability of HRI. This section outlines the
research challenges this thesis aims to address and discusses their impact on HRI
systems. Proactively identifying and tackling these hurdles makes refining hardware
and software components possible, facilitating more natural, efficient, and robust
Multimodal Human-Robot Interaction (MHRI). Although the primary focus lies
in precision agriculture, the resulting strategies are adaptable to various context-
sensitive applications, including diverse indoor and outdoor robotic collaborations.
The [Table 1.1]summarised the following challenges and contributions.

e RC1: Categorisation and Classification of Communication in Out-
door HRI:
A fundamental challenge in collaborative outdoor HRI is the lack of systematic
frameworks to categorise content information and associated delivery modali-
ties. The absence of structured taxonomies for interpreting spoken language
and non-verbal cues (e.g., gestures, prosody) hinders effective communication
between humans and robots in dynamic agricultural settings.

e RC2: Data Scarcity for Outdoor Multimodal HRI:

Addressing the scarcity of outdoor collaborative HRI datasets is essential
for evaluating algorithm performance and system efficacy. The chances of
speech misrecognition and spoken utterances varying with different accents
are high, and the lack of speech commands in the context of agriculture
makes it more challenging to have a proper interaction. Pose data and gesture
recognition algorithms were not applied to the agricultural context. Defining
and generalising the gestures and collecting data across variable environmental
conditions and user behaviours remains a critical bottleneck.

¢ RC3: Simulation-Based Evaluation and VR Integration:
Conducting field experiments in real agricultural environments poses logistical
and safety constraints. Therefore, selecting the appropriate virtual reality ex-
perience—Immersive (IVE) or Non-Immersive (NIVE)—for simulating outdoor
HRI scenarios becomes essential. The challenge lies in ensuring that virtual
simulations provide realistic, transferable insights to real-world deployments.
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e RC4: Robust Gesture and Speech Integration for Collaboration:

Seamless collaboration in HRI requires effective multimodal integration of
verbal and non-verbal communication. Challenges include designing robust
pipelines that process spoken language, gesture input, and contextual awareness
simultaneously, particularly in noisy, variable, and unpredictable outdoor
environments such as vineyards.

RC5: Context-Aware Multimodal HRI with LLMs:

Integrating Large Language Models (LLMs) into HRI frameworks introduces
challenges related to latency, contextual understanding, and computational
complexity. Outdoor collaborative robots must manage multiple modalities
in real-time while maintaining high responsiveness, requiring LLMs to be
modular, efficient, and aware of both physical and linguistic context.

RC6: Deployment on Resource-Constrained Edge Devices:
Deploying advanced HRI systems in field conditions necessitates real-time
performance on resource-limited edge devices. Challenges include low-latency
processing, minimal power consumption, and reliable operation without depen-
dence on cloud connectivity. Each module in the pipeline must be optimised
for hardware constraints typical of mobile agricultural robots.

In response to the key challenges outlined in Section the following presents
the research contributions made to address those challenges. Each contribution
targets specific aspects of multimodal Human-Robot Interaction (HRI), advancing
both theoretical understanding and practical implementations. The preliminary
identification of communication categories (Speech Acts), which was crucial for the
methodology (refer to [subsection 3.1.1)), the analysis of vocal utterance data, and the
development of the Spoken Human-Robot Interaction pipeline without LLMs (refer
to Chapter [6]) was a significant effort and key collaboration from my colleague Sara
Kaszuba. The user study on Immersive and Non-Immersive Virtual Experiences
(refer to which was also a collaborative effort, saw my contribution in
system development.

C1.

C2.

C3.

C4.

Developed an innovative categorisation system for content information in
the context of Human-Robot Interaction (HRI) within collaborative outdoor
environments.

Established an original classification of delivery modalities linked to content
information, tailored for HRI involving non-verbal cues in outdoor teamwork
scenarios.

Designed an accurate content information recognition system to enhance the
robot’s understanding of spoken utterances from human teammates, enabling
it to handle complex statements involving multiple communication acts.

Developed an enhanced speech act recognition system for collaborative robotics
that utilises intonation analysis to reduce ambiguity and improve the robot’s
ability to differentiate between user requests and informational utterances by
analysing pitch variations in vocal expressions.



10

1. Introduction

C5.

Ce.

Cr.

Cs.

Co9.

C10.

C11.

C12.

C13.

C14.

C15.

C1e6.

C17.

C18.

Created a transcribed textual speech dataset in English and Italian from
recorded vocal utterances to facilitate HRI research in collaborative outdoor
scenarios, specifically focusing on table-grape vineyards.

Established a speech-based pipeline for collaborative robotics that leverages
content information identification and frame semantics.

Conducted a user study to determine the appropriate type of VR experi-
ence—distinguishing between Immersive Virtual Experience (IVE) and Non-
Immersive Virtual Experience (NIVE)—for validating approaches and experi-
menting with novel HRI solutions.

Presented a virtual simulation environment to synthesise and extract several
types of data.

Defined an innovative set of feasible gestures for interacting with ground robots
in outdoor collaborative environments.

Acquired a gestural dataset from field participants performing gestures at four
different distances and developed a synthetic data pipeline using virtual avatars
in simulated environments to enhance gestural interaction in collaborative
scenarios reducing Sim-to-Real gap.

Extended an image-to-3D model pipeline to generate 3D objects from text
and image descriptions for use in virtual simulations, significantly reducing
the cost of creating virtual environments.

Established pose estimation benchmark on synthetic data using the virtual
simulator for validating pose datasets.

Integrated synthetic and real data to create a hybrid dataset, and presented the
results on the performance of algorithms trained with this data in real-world
scenarios.

A novel and adaptable gesture recognition pipeline capable of training and
evaluating virtual, real, or combined datasets, incorporating diverse pose
estimation and Convolutional Neural Network (CNN) algorithms.

Extended gesture recognition algorithms to detect hand-based gestures in small
logistic robots for both indoor and outdoor scenarios.

Assessed the feasibility of multimodal communication in collaborative contexts
by conducting VR-based user studies.

Developed a multimodal modular architecture that effectively recognises and
processes both spoken and gestural information from human teammates, facili-
tating the integration or substitution of specific components and enhancing
the overall capabilities of HRI systems in outdoor collaborative environments.

Extended the defined multimodal architecture to incorporate Large Language
Models (LLMs) to enhance existing accuracy and ensure modularity for intro-
ducing context-awareness in indoor and outdoor collaborative robots (cobots).
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C19.

C20.

Reformulated the HRI framework to incorporate State Machines, enhancing
task management and decision-making in complex scenarios.

Deployed the multimodal HRI solution on edge devices (e.g., Jetson Orin) for
logistic robots, enabling real-time processing with low-latency task execution
in practical applications.

1.4.1 List of Publications

A significant portion of the research contributions presented in this thesis have
been showcased and published in international conferences, workshops, and a journal.

P1.

P2.

P3.

P4.

P5.

P6.

P7.

Sandeep Reddy Sabbella, Sara Kaszuba, Francesco Leotta, Pascal Serrarens
and Daniele Nardi. 2023. Evaluating Gesture Recognition in Virtual
Reality, Workshop Your Study Design, HRI’ 23.

Sandeep Reddy Sabbella, Sara Kaszuba, Francesco Leotta, and Daniele
Nardi. Virtual Reality Applications for Enhancing Human-Robot
Interaction: A Gesture Recognition Perspective. In ACM Inter-
national Conference on Intelligent Virtual Agents (IVA’ 23), Sept 19-22,
2023, Wiirzburg, Germany.ACM, New York, NY, USA, 4 pages, https:
//doi.org/10.1145/3570945.3607333.

Sandeep Reddy Sabbella, Sara Kaszuba, Francesco Leotta, and Daniele
Nardi. Gesture Recognition for Human-Robot Interaction through
Virtual Characters. 15th International Conference on Social Robotics (ICSR’
23), Doha, Qatar, Dec 3-7, 2023.

Sandeep Reddy Sabbella, Pascal Serrarens, Francesco Leotta and Daniele
Nardi, Generating and Evaluating Synthetic Data in Virtual Real-
ity Simulation Environments for Pose Estimation, 2024 33rd IEEE
International Conference on Robot and Human Interactive Communication
(ROMAN), Pasadena, CA, USA, 2024, pp. 2319-2326, https://doi.org/10.
1109/R0-MAN60168.2024.10731179.

Sandeep Reddy Sabbella, Alexia T. Salomons, Francesco Leotta, Daniele
Nardi. Assessing Multimodal Communication in Human-Robot In-
teraction: A User Study 16th International Conference on Social Robotics
(ICSR ’24), Odense, Denmark, Oct 23-26, 2024.

Sara Kaszuba, Sandeep Reddy Sabbella, Francesco Leotta, Pascal Serrarens,
and Daniele Nardi. 2023. Testing Human-Robot Interaction in Virtual
Reality: Experience from a Study on Speech Act Classification, In
Proceedings of International Workshop on Virtual, Augmented, and Mixed-
Reality for Human-Robot Interactions, Stockholm, Sweden (VAM-HRI’ 23).
ACM, New York, NY, USA, 8 pages.

Sara Kaszuba, Sandeep Reddy Sabbella, Francesco Leotta, and Daniele
Nardi. Speech Act Classification in Collaborative Robotics. 32nd IEEE
International Conference on Robot and Human Interactive Communication,
IEEE RO-MAN 2023, Busan, South Korea.
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P8. Sara Kaszuba, Julien Caposiena, Sandeep Reddy Sabbella, Francesco
Leotta, and Daniele Nardi. Empowering Collaboration: A Pipeline for
Human-Robot Spoken Interaction in Collaborative Scenarios. 15th
International Conference on Social Robotics (ICSR’ 23), Doha, Qatar, Dec 3-7,
2023.

1.5 Structure of the Thesis

This thesis is structured as follows, with each Chapter briefly summarised to
highlight its key contributions.

Chapter 2: Literature Review

This Chapter presents a comprehensive review of the foundational concepts, datasets,
and methodologies relevant to Human-Robot Interaction (HRI). It begins by explor-
ing the theoretical underpinnings of speech acts as a communication framework in
HRI. The discussion then shifts to pose estimation techniques, covering 2D and 3D
approaches, along with single-person and multi-person estimation, highlighting key
datasets and benchmarks essential for robotic perception. The role of Virtual Reality
(VR) and immersive technologies is examined, particularly in their application to
HRI research and synthetic data generation for training machine learning models.
Additionally, the Chapter delves into core HRI principles, focusing on collaborative
speech, gesture-based interaction, and multimodal communication strategies that
enhance human-robot collaboration. The Chapter concludes by synthesising key in-
sights from the literature, providing a foundation for the subsequent methodological
approach.

Chapter 3: Methodology

This Chapter presents a systematic approach to evaluating and integrating multi-
modal interaction techniques in designing the collaborative framework for human-
robot interaction in a table-grape vineyard scenario. It begins by identifying and
categorising speech acts, establishing the foundation for effective communication
between humans and robots. The methodology then details the theoretical principles
behind speech and gesture recognition systems as key communication channels for
outdoor environments. Additionally, it explores the role of virtual reality as an
experimental platform for controlled testing and discusses synthetic data generation
techniques to address data scarcity. Finally, the Chapter outlines the integration of
speech, gestures, and other multimodal cues within the HRI framework, enhanced
by large language models (LLMs) for adaptive reasoning in dynamic environments.

Chapter 4: Virtual Reality Applications in HRI

This Chapter explores the integration of Virtual Reality (VR) as a key tool in HRI
research, particularly for evaluating collaborative robotic systems in a controlled
environment. It begins by detailing the essential system setup, including hardware
and software components, as well as the multimodal interaction techniques (speech,
gestures, sound, and light signals) used to develop realistic HRI scenarios. The role
of VR as a testbed is then examined, highlighting its capability to simulate complex
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real-world conditions for risk-free prototyping and data collection. The Chapter
further presents a user study comparing immersive and non-immersive configurations,
designed to evaluate predeployment interactions between humans and robots. Speech
act recognition experiments are incorporated to validate collected vocal utterances
and assess the efficacy of different interaction modalities. Additionally, insights from
internal deliverables authored by PaleBlue are included to describe the simulated vine-
yard scenario, enriching the fidelity of the VR model. The Chapter concludes with an
overview of experimental findings, discussing both the effectiveness and limitations
of VR-based approaches in advancing HRI research and real-world robot deployment.

Chapter 5: Synthetic Data Generation and Evaluation

This Chapter underscores the role of synthetic data generation in advancing HRI
research, particularly within the table-grape vineyard application domain. Given
the logistical and ethical challenges of real-world data collection, a VR simula-
tor—developed specifically for this project—facilitates the acquisition of spoken
and gestural data in controlled environments. Additionally, virtual avatars generate
large-scale pose estimation datasets, enabling detailed analyses of simulated human
motion. The Chapter further explores how text/image-to-3D modelling accelerates
prototyping by transforming standard figures into structured digital objects, en-
hancing virtual simulation fidelity. Finally, a validation framework is introduced to
compare synthetic datasets against real-world benchmarks, ensuring the reliability,
scalability, and generalizability of results for HRI applications.

Chapter 6: Spoken Human-Robot Interaction

This Chapter presents a speech-based framework for Human-Robot Interaction,
focusing on verbal communication as a key modality in outdoor collaborative envi-
ronments. It begins by exploring speech act classification principles and evaluating
existing Speech-To-Text (STT) and Natural Language Understanding (NLU) tech-
nologies to inform the development of a robust recognition pipeline. A user study is
introduced to assess various Text-To-Speech (TTS) tools and libraries, analysing
their effectiveness for generating robot responses in the table-grape vineyard sce-
nario. The Chapter then outlines the architecture of a speech-driven interaction
system, addressing challenges in interpreting human vocal expressions and refining
classification strategies. The speech recognition and classification pipeline, developed
as part of my colleague Sara Kaszuba’s work, serves as a stepping stone for further
advancements using LLMs, forming the foundation for subsequent improvements
in human-robot communication. Implementation details and empirical findings
underscore the pipeline’s efficacy in outdoor collaborative environments, highlighting
how each module contributes to a cohesive architecture that enhances human-robot
communication.

Chapter 7: Gestural Human-Robot Interaction

This Chapter explores the design and evaluation of a gesture-based interaction
framework for Human-Robot Interaction (HRI), focusing on both full-body and
hand gestures in collaborative environments. The discussion begins by establish-
ing a taxonomy of context-aware gestures tailored to application domains such
as viticulture-based workflows (pruning and harvesting) and indoor logistics. It
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then outlines data acquisition protocols leveraging virtual avatars in simulated
environments to train robust recognition models. A comparative analysis of ma-
chine learning and deep learning approaches is conducted, centring on three pose
estimation techniques — MediaPipe, MoveNet, and VitPose — combined with
convolutional neural networks, trained across real, virtual, and hybrid datasets.
Emphasis is placed on the VR-based experimental design, which provides scalable
data generation and controlled testing conditions. Finally, the Chapter presents
an innovative gesture pipeline that integrates multiple recognition algorithms to
enhance accuracy and resolve ambiguities. These findings establish the groundwork
for a cohesive multimodal framework that combines gestures and speech, which will
be further explored in the next Chapter.

Chapter 8: Enhancing Collaboration with Multimodal Interaction

This Chapter underscores the importance of integrating complementary and redun-
dant communication channels to create a robust and efficient multimodal interaction
pipeline for human-robot collaboration. Building upon the previously developed
speech pipeline, it introduces the fusion of vocal and gestural inputs to enhance
communication in outdoor settings. The Chapter details the proposed architec-
ture, covering how speech and gestures are acquired, processed, and merged using
multimodal fusion techniques. A demonstrative simulation showcases the system’s
effectiveness, and user studies analyse key usability factors—including efficiency,
memorability, and trust—based on both participant feedback and technical perfor-
mance measures. These findings provide a strong foundation for future human-robot
interaction studies across diverse application domains. Finally, while this architec-
ture is initially designed for future integration with Large Language Models (LLMs),
their implementation will be explored in later extensions to enhance adaptability for
both indoor and outdoor robotic platforms.

Chapter 9: Conclusions and Future Directions

In summary, this work advances human-robot interaction by integrating speech
and gestural inputs to enhance collaboration in both indoor and outdoor scenarios.
Despite these contributions, challenges persist in adapting to varying environments
and refining seamless communication. Future efforts will focus on improving the
robustness of recognition algorithms, exploring more large language models for richer
context understanding, and developing adaptive, user-centred designs that further
streamline interactive processes in diverse operational settings.
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Chapter 2

Literature Review

2.1 Preambles for HRI: Speech Acts

Speech Act Theory offers a comprehensive approach for interpreting human speech
in the development of conversational agents, thereby enhancing the robot’s ability
to understand user intentions and respond effectively [219, [245]. This theory serves
as a foundation in the study of communication, language use, and interaction within
Human-Robot Interaction (HRI), stemming from the seminal works of philosophers
John Langshaw Austin and John Searle. Austin introduced the concept in 1962, which
Searle further developed, defining speech acts as actions performed through utterances
[18, 219]. These acts extend beyond mere information exchange, encompassing
various nuances such as politeness, urgency, and emotion, which significantly influence
the effectiveness of communication.
Speech acts are categorized into three primary types:

1. Locutionary Acts: These focus on the literal meaning of words and sentences,
such as naming objects or describing situations.

2. Illocutionary Acts: These represent the speaker’s intent behind an utterance,
encompassing commands, requests, and assertions.

3. Perlocutionary Acts: These pertain to the effects an utterance has on the
listener, which can range from inducing beliefs to triggering actions.

Austin’s initial framework and Searle’s subsequent expansions [I8] 219] have
significantly influenced Natural Language Processing (NLP), particularly in analyzing
and interpreting human interactions. Their categorization into assertives, directives,
commissives, expressives, and declarations has paved the way for protocols in agent
communication, from early models like KQML to the current FIPA standards
86, 183].

Understanding speech acts is crucial in HRI, especially in contexts where humans
and robots share physical spaces, such as collaborative robotics. The precise interpre-
tation of speech acts, particularly from human to robot, is vital for ensuring safety
and operational continuity. Misinterpretations or delays in response to speech acts
can have varying consequences, underscoring the importance of promptly classifying
and responding to these communicative acts to prioritize safety-critical alerts. This
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nuanced understanding and classification facilitate the deployment of specialized
mechanisms for comprehending and reacting to different categories of speech acts,
enhancing both human safety and interaction efficiency. A comprehensive discussion
on Speech Acts Theory detailing its significance to the HRI architecture designed is
discussed in Chapter

2.2 Pose Estimation Datasets and Benchmarks

Pose estimation has become a pivotal task in computer vision, involving the identifi-
cation of the configuration of body parts in a given image or video [I141]. Recent
advancements in this field have revolutionized applications such as human-computer
interaction, robotics, and augmented reality. This section reviews the state-of-the-art
(SoTA) methods in pose estimation, covering both 2D and 3D estimations, single-
person and multi-person tracking, significant datasets, and available benchmarks,
with a focus on the findings from [233]. Pose estimation methods are critical for
recognizing human gestures in HRI [44]. Benchmarks such as MPII and COCO
datasets have facilitated advancements in this area [147]. This topic will resurface
in Chapters [5] and

2D Pose Estimation

2D pose estimation involves detecting keypoints such as joints or landmarks of
a human body in two-dimensional images. The key challenge lies in accurately
identifying these keypoints despite occlusions, varying body poses, and complex
backgrounds. In recent years, deep learning techniques have dominated 2D pose
estimation. Notable SoTA models include the stacked hourglass network [172],
which uses a multi-resolution approach, and OpenPose [44], which achieves real-time
performance. The key component of these models is the use of convolutional neural
networks (CNNs) for feature extraction and heatmap regression for predicting joint
locations. Despite significant progress, challenges such as occlusion, cluttered scenes,
and varying body poses remain. Methods like part affinity fields (PAFs) [44] and
the use of attention mechanisms [54] have been proposed to address these issues.

3D Pose Estimation

3D pose estimation involves determining the 3D coordinates of human body joints
from either monocular images or video sequences. Recent SoTA methods in 3D
pose estimation rely heavily on deep learning models, such as the work presented
by [192] and [124], which estimate 3D poses from a single image by combining 2D
keypoint detection with depth prediction. More recently, models like VoxelPose
[267] and Monocular 3D Human Pose Estimation via Graph Convolutional Networks
[144] have further improved accuracy by leveraging graph-based representations and
volumetric data. The main challenge in 3D pose estimation is the inherent ambiguity
in depth, especially from a monocular image. To mitigate this, multi-view systems
and multi-frame approaches have been proposed, such as in [I56].
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Single-Person Pose Estimation

Single-person pose estimation refers to detecting the pose of a single human in an
image or video sequence. For single-person pose estimation, the majority of SoTA
methods use convolutional neural networks. The pioneering work of [172] introduced
the stacked hourglass network, which provides high accuracy for single-person pose
detection. More recently, methods like HRNet [255] have significantly improved the
accuracy of keypoint detection through multi-resolution representations. Challenges
in single-person pose estimation often arise from complex poses, occlusions, and
background interference. To address these, current models focus on using context
information and more sophisticated network architectures, such as HRNet [255],
which maintains high-resolution representations throughout the network.

Multi-Person Pose Estimation

Multi-person pose estimation aims to detect and track the poses of multiple indi-
viduals in a single image or video sequence. Multi-person pose estimation builds
upon the same techniques used in single-person pose estimation but introduces
methods for resolving the association of keypoints to different individuals. OpenPose
[44] is one of the earliest models to solve this problem, using part affinity fields
(PAFs) to link body parts to the correct person. More recent methods, such as
Mask R-CNN [I08] and PoseNet [243], have improved multi-person tracking by
introducing instance segmentation and spatial-temporal consistency. The primary
challenge in multi-person pose estimation lies in the efficient handling of occlusions
and overlapping body parts. Solutions include tracking by detection, temporal
consistency modeling, and leveraging the geometry of human poses [146].

Significant Datasets and Benchmarks

Several large-scale datasets have been introduced to benchmark the performance of
pose estimation algorithms and benchmarks have been introduced to evaluate pose
estimation models.

Dataset Description Type
COCO [147] Large-scale dataset for 2D pose estimation | 2D, Multi-person
MPII [14] Human pose dataset for 2D estimation 2D, Single-person
Human3.6M [116] Dataset for 3D pose estimation 3D, Single-person
PoseTrack [13] Multi-person pose tracking 2D, Multi-person

Table 2.1. Significant Datasets for Pose Estimation

Benchmark Description Type
COCO Keypoints [147] 2D pose estimation 2D, Multi-person
Human3.6M [116] 3D pose estimation 3D, Single-person
PoseTrack Challenge [13] | Multi-person pose tracking | 2D, Multi-person

Table 2.2. Benchmarks for Pose Estimation
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Pose estimation has seen significant advancements in recent years, with deep
learning methods such as CNN architectures and Generative Adversarial Networks
(GANS), providing impressive results in both 2D and 3d scenarios. The introduction
of large-scale datasets and evaluation benchmarks has accelerated progress in this
field. However, challenges such as occlusion, varying body poses, and multi-person
tracking remain important areas for future research. Pose estimation is one of the
crucial component for gesture recognition and its importance extends to effective
non-verbal human-robot interaction. Algorithms used as sub-components in the
HRI architecture are detailed in Chapter [3]and [7]

2.3 Virtual Reality (VR) and Immersive Technologies

Collaborative robotics in precision agriculture is a recently explored area, and
researchers have only begun studying HRI in such scenarios. To this aim, the
growing interest in immersive and non-immersive VR in evaluating HRI studies
in other disciplines led to adopt VR in both its forms to conduct experiments
in collaborative robotics for agriculture. However, to the best of our knowledge,
there are no available works investigating Immersive Virtual Experience (IVE) and
Non-Immersive Virtual Experience (NIVE) in such a scenario.

The evaluation of immersive VR with respect to non-immersive applications, in
terms of learning effects on middle school students with ASD, is presented by Carreon
et al. in [50]. In such work, the authors, through a user study, showed that the
students achieved notable learning improvements in both experiences, screen-based
VR and head-mounted display VR. Interestingly, a significant increase in learning
gain, user enjoyment and concentration emerged from the immersive experience
described in [I60], where Mahmoud et al. conducted an experimental analysis by
comparing the impact of immersive and non-immersive systems in learning. The
effectiveness of immersive VR in teaching medical students practical skills and
clinical interventions is demonstrated by Omlor et al. in [I84]. In this article,
the authors compare students’ learning experiences through VR-viewer and non-
immersive screens. Similarly, the potential of IVE in teaching crystal lattices was
presented in [252]. Vergara-Rodriguez et al. highlight how the level of immersion
could influence relevant design aspects, in particular usability, ease of use, motivation
and interactivity.

At the same time, Renganayagalu et al. compared immersive and non-immersive
experiences in maritime education to train and improve seafarers’ skills in [202]. In
such a study, higher motivation and preference have been demonstrated towards
immersive training simulator engines than non-immersive ones. Stronger memory
performance associated with users participating first in the immersive experience
emerged from [251], where Ventura et al. conduct a user study with a few people
performing a task in IVE, then in NIVE; while, another group began with the task
in the non-immersive scenario, moving then to the immersive experience.

2.3.1 Synthetic Data Generation for Robotics

The generation of synthetic data addresses challenges in acquiring large-scale anno-
tated datasets for training machine learning models in robotics [242]. Techniques
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such as domain randomization and simulation-to-real transfer have improved model
generalization [196] and can be learned in detail in Chapter

As the synthetic data and the simulations are use-case and application-specific,
there is no single state-of-the-art system for benchmarking or evaluating the per-
formance of the simulation environments. However, for the virtual character, the
benchmark lies in how photorealistic and natural compared to actual humans.

Synthetic data can be of help in pose estimation tasks. State-of-the-art techniques
for pose estimation and gesture recognition [214] are evaluated according to different
metrics. Tkeda et al. [I14] highlights how synthetic data can be leveraged to
train 6D pose estimation networks. They address the challenge of domain gaps
between synthetic and real data by proposing a novel sim-to-real instance-level
style transfer technique, improving the realism of synthetic data and achieving
better pose estimation performance. Belke et al. [31] present the generation of
synthetic data (6D pose estimation) based on the production requirements, followed
by an evaluation of the algorithms to assess the generalization performance from
generic benchmark datasets to custom industrial datasets. A. G. Florea et al. [87]
explore the benefits and challenges of artificially generated datasets on one 3D pose
estimation model and the ML model transfer learning process.

Engemann et al. [79] proposed AutoSynPose, an automated system for generating
synthetic datasets to estimate 6D object pose (position and orientation). This
method addresses the challenge of time-consuming manual data collection and
labeling. AutoSynPose leverages the Unreal Engine 4 (UE4) game engine to create
diverse virtual environments with varying lighting and backgrounds. The generated
data includes RGB, depth, and class segmentation images suitable for training
machine-learning models for 6D object pose estimation tasks. Juraev et al. [121]
highlight the limitations of real-world data for training fall detection systems. They
demonstrate how synthetic data augmentation can improve the performance of
human pose estimation models in real-world scenarios like elderly fall detection.
Clever et al. [56] describe a physics-based method that simulates human bodies at
rest in a bed with a pressure sensing mat and present PressurePose, a synthetic
dataset with 206K pressure images with 3D human poses and shapes. This article
presented PressureNet, a deep learning model that estimates human pose and shape,
given a pressure image and gender.

Robots trained in simulated environments can be programmed to respond safely
and effectively to human gestures and actions. Buxbaum et al. [43] present the use
of a simulation environment for HRI in manufacturing industry settings. Mohsen et
al. [I61] developed an effective method of creating a virtual environment in Unity for
performing simulations on industrial robots, mobile robots, and autonomous vehicles
(AGV-s) from the safety perspective for humans. Krupke et al. [135] introduced
an open-source software toolkit for combining the Robot Operating System (ROS)
and Unity3D to versatile robotic applications involving virtual environments. Lier
et al. [I45] presented a ROS and MORSE [76] based simulation environment
for seamless integration with the robot’s ecosystem, e.g., NAOgi and ROS and
basic human-robot-interaction capabilities that can foster behavior modeling and
functional regression testing using PEPPER robot. Carbone et al. [47] presented a
simulation in the Unity game engine that builds fields of sugar beets with weeds in the
agricultural domain. Images were generated to create datasets that are ready to train
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CNNs for semantic segmentation. Shamshiri et al. [222] reviewed several professional
simulators and custom-built virtual environments that have been used for agricultural
robotic applications. A simulation case study was demonstrated to highlight some
of the powerful functionalities of the Virtual Robot Experimentation Platform.
Summarizing the works, researchers have been working with domain-specific synthetic
data and simulations for a while, yet a major challenge remains — the sim-to-real
gap. Overcoming this gap is essential for successfully deploying robots in real-world
HRI tasks. While large datasets are crucial for training high-performing machine
learning models, the quality of the data and domain randomization significantly
impact the model’s ability to generalize to real-world scenarios [242].

Several strategies can be employed to mitigate the sim-to-real gap. One such
approach involves incorporating real-world elements directly into the simulation.
This can involve importing specific objects as 3D assets, replicating entire scenes, or
including realistic poses or actions. Cutting-edge machine-learning models like VIBE
[132] can even be used to import real-world 3D body movements into simulations.
Essentially, the goal is to create "digital twins" of the real world within the simulation
to accurately represent key aspects in synthetic datasets.

The entertainment industry has been at the forefront of developing techniques
for creating visually stunning graphics with photorealism as the primary metric,
and these advancements are now being applied to generate more realistic synthetic
data for machine learning tasks. Advanced techniques like Generative Adversarial
Networks (GANs) [113], Low-Rank Adaptation (LoRa) [I11], and Stable Diffusion
techniques [204] are being actively integrated into large language models (LLMs)
and gaming engines to produce photorealistic synthetic data in various formats,
including audio, images, and videos.

2.4 Foundations of Human-Robot Interaction

Human-Robot Interaction (HRI) is an interdisciplinary field encompassing robotics,
artificial intelligence, psychology, and human-computer interaction [95] 65]. The
development of effective HRI systems requires understanding human behavior,
communication patterns, and interaction modalities [36]. This extensive review
covers speech modality in Chapter [6] gesture modality in Chapter [7] and multimodal
communication in Chapter

2.4.1 Collaborative Speech for HRI

Spoken communication has been identified as the most appropriate, intuitive and
natural means for exchanging information in such scenarios. To this aim, the majority
of the developed robotic systems, for both indoor and outdoor environments, employ
speech as the primary interaction channel. Speech-based interaction is crucial
for natural HRI, requiring advancements in speech recognition, synthesis, and
understanding [195]. Context-aware dialogue systems improve robot responsiveness
and engagement [273].

Briggs et al. tackle the problem of enabling taskable robots in [38], by proposing
pragmatic and dialogue-based mechanisms to interpret indirect speech acts frequently
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employed by humans in socially conventionalized contexts. Through empirical evi-
dence, the study showcases the efficacy of these mechanisms in deducing intended
meanings from indirect speech acts, encompassing a range of request forms encoun-
tered during the experiment. Hosseini-Asl et al. introduce SimpleTOD in [110],
a unified approach for task-oriented dialogue that surpasses previous benchmarks
on the MultiWOZ dataset [41]. The authors demonstrate that by utilizing a single
language model trained on all sub-tasks, SimpleTOD achieves enhanced performance
in dialogue state tracking, action decisions, and response generation. Hanna and
Richards analyse verbal communication from speech act perspective in Human-
Agent Collaboration (HAC) in their work [106]. In such study, authors describe the
structure of the agent’s speech acts, the intention behind them, their impact on
the person’s mental state, and the effect of human perception of such categories on
collaborative performance. In [I85], Onnasch and Roesler present a novel taxonomy
that encompasses multiple facets of HRI research, facilitating comparability and
generalizability of findings through predefined categories and structured comparisons.
Their taxonomy offers a valuable framework for analyzing and evaluating various
aspects of HRI, enhancing the understanding and advancement of the field.

2.4.2 Gesture Interaction for HRI

Gestures complement verbal communication, making HRI more intuitive [128].
Gesture recognition models leverage computer vision and deep learning to improve
real-time interaction [I69]. The state-of-the-art in gesture recognition for HRI
involves a variety of techniques that can be broadly categorized into the following
classification:

e Computer Vision-based techniques: These techniques use computer vision
algorithms to process images or videos of a person performing a gesture and
extract features that can be used to recognize the gesture. This can include
techniques such as skin color detection, motion tracking, and feature extraction.
These techniques are widely used in gesture recognition systems, as they can
provide accurate and real-time gesture recognition.

e Machine Learning-based techniques: These techniques use machine learn-
ing algorithms to train models that can recognize gestures from image or
video data. This can include techniques such as decision trees, Support Vector
Machines (SVMs), and deep learning-based techniques such as Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). These
techniques have become increasingly popular in recent years, as they have been
shown to be effective at recognizing gestures in real-time.

e Wearable-based techniques: These techniques use wearable devices, such
as smartwatches or smart glasses, to recognize gestures. These devices can use
sensors such as accelerometers or gyroscopes to detect and track the gestures.
This approach has the advantage of being non-intrusive, and it can be used to
recognize gestures in real-world scenarios, such as in a manufacturing plant,
where users may not be able to use a traditional camera-based system.
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Hybrid techniques: These techniques combine multiple input sensor modal-
ities, such as cameras, microphones, depth cameras, etc. to improve the
accuracy and robustness of gesture recognition systems. For instance, using a
combination of audio and video data can help to improve the recognition of
gestures performed in noisy environments, or using a combination of color and
depth cameras can help to improve the recognition of gestures performed in
different lighting conditions.

Virtual Reality-based techniques: These techniques use VR simulations to
generate datasets of gestures, which can be used to train and evaluate gesture
recognition systems.

Several challenges need to be addressed in gesture recognition systems for HRI
[48]. Some of the main challenges include the following:

Variations in gesture performance: People can perform gestures in different
ways, making it difficult for the system to recognize them consistently. This
can be due to factors such as age, gender, cultural background, or physical
abilities.

Occlusions and self-occlusions: Gesture recognition systems can be affected
by occlusions, which occur when part of the body performing the gesture is
obscured by another object or person. This can make detecting and tracking
the gesture difficult for the system.

Background noise and lighting: The performance of gesture recognition
systems can be affected by lighting changes or the presence of background
noise. This can make it difficult for the system to recognize gestures accurately
in different environments.

Real-time processing: Gesture recognition systems need to process and
respond to gestures in real-time, which can be challenging due to the high
computational demands of the system.

Privacy and security concerns: Gesture recognition systems can raise
privacy and security concerns, as they involve collecting and processing of
personal data. Ensuring that data is collected, stored, and used in a secure
and compliant manner is essential.

Scalability and Generalizability: Some systems are trained on a limited
set of gestures and people, making it difficult to generalize to new gestures or
individuals, limiting the system’s scalability.

Benchmarking and Standardization: There is currently a lack of bench-
marking and standardization in gesture recognition systems, making it difficult
to compare the performance of different systems and evaluate the progress of
the field.

Addressing these challenges will require a combination of advances in computer
vision, machine learning, and robotics, as well as a better understanding of the
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human factors involved in HRI. Most of the troubles addressed above can be solved
with the use of simulated virtual human avatars and will be detailed in the upcoming
section.

The recent advent of deep learning-based techniques such as Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have been shown
to be effective at recognizing gestures in real-time. Some of such approaches that
have been proposed for sign recognition include 2D CNN Models [237, 274], 3D
CNN Models[102] 228 28], GANs[2306, 234], Spatio-temporal networks and RNN
Models[213], [140]. These systems have been reported to have high accuracy in gesture
recognition tasks. Still, the accuracy may change depending on the data’s amount
and quality, and the model’s specific implementation. Recently, transformers and
their efficiency in speech and vision domains caught the attention of researchers. A
comprehensive review of temporal modeling in action recognition was performed in
the article by Elham et al.(2022) [221].

In recent years, researchers have made significant progress in developing new
techniques and algorithms to recognize, generate, and animate hand and body
gestures in virtual environments. With the advances in virtual avatars, several reviews
[119, 279] were being conducted on Human-Avatar Interaction (HAI) in virtual
environments, highlighting the importance of gesture-based communication and
rehabilitation. They discussed various approaches for animating avatars, including
motion capture, keyframe animation, and physics-based animation. This article [143]
presents the generation of human-like avatars from images, which involves learning
a generative model of the 3D avatar from a large dataset of motion-captured videos.
In the end, the authors demonstrated their method’s effectiveness in generating
realistic and diverse avatars for different poses and actions.

2.4.3 Multimodality in Human-Robot Interaction

Combining multiple modalities (speech, gestures, vision) enhances HRI robustness.
Multimodal human-robot interaction research centers on integrating speech and
gesture, as evidenced by studies such as Cutugno et al. [64] (2013), Deng et al. [272]
(2018), Rossi et al. [227] (2013), and Stiefelhagen et al. [231] (2007). Nine of ten
studies report speech and gesture as primary channels, with additional modalities
such as head orientation, hand sign, emotion recognition, and tactile inputs appearing
less frequently. The studies were identified through a systematic search of major
academic databases, including IEEE Xplore, ACM Digital Library, and ScienceDirect,
using keywords such as "multimodal human-robot interaction," "speech and gesture
in HRI," and "communication modalities in robotics." Inclusion criteria encompassed
studies that were published in peer-reviewed journals or conference proceedings
between 2013 and 2023. Integrated and modular architectures are common; for
example, Rossi et al. [227] (2013) describe a modular system that uses a late fusion
strategy with support vector machines, while Stiefelhagen et al. [231] (2007) employ
a joint particle filter framework for early fusion of audio and visual data. The
state-of-the-art in human-robot interaction combines speech and gesture recognition
through multiple fusion architectures, supported by studies showing high accuracy
rates in both controlled and industrial environments. Multimodal fusion techniques
improve context-awareness and adaptability [26]. A comprehensive analysis of these
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architectures is presented in

2.4.4 Key Findings

e Multimodal Interaction: Most studies focus on the integration of speech
and gesture. The use of additional modalities enhances interaction quality and
efficiency.

e Fusion Techniques: Different studies apply different fusion techniques. For
example, late fusion is used in some studies for integrating modalities at the
decision level.

e Performance Metrics: High performance metrics are reported, such as
accuracy, precision, and recall rates, indicating the effectiveness of the fusion
strategies.

Validation methods vary and include controlled experiments, real industrial case
studies, and simulated Wizard of Oz approaches. Quantitative performance metrics
are reported in several studies, demonstrating the robustness of the methodologies
employed. The findings support a methodological approach that builds on speech,
gesture, and multimodal communication interactions through a variety of fusion
techniques—semantic, late, and early—tailored to distinct application scenarios.



Table 2.3. Comprehensive Analysis of Included Multimodal HRI Studies

Study

Study Focus

Interaction Modal-
ities

Architecture Type

Validation Method

Key Components

Integration Method

Scalability

Cutugno et
al. [64], 2013

Deng et
al. [272], 2018

Luo et al. [I55],
2015

Maurtua et
al. [I12], 2017
Mead and
Matarié¢, [206]
2015

Rossi et

al. [227], 2013

Salem et

al. [I58], 2011

Stiefelhagen et

al. [230], 2004

Stiefelhagen et
al. [231], 2007

Strazdas et
al. [71], 2020

Multimodal communi-
cation

Human-robot interac-

tion
Information fusion

Industrial  collabora-

tion

Proxemics in communi-
cation

Robust communication

Robot behavior effects

Natural interaction

Humanoid robots

Natural interaction

Speech, Gesture

Speech, Gesture

Hand sign, Emo-
tion recognition

Speech, Gesture

Speech, Gesture

Speech, Gesture

Speech, Gesture

Speech, Gesture,
Head orientation

Speech, Gesture,
Head orientation

Speech, Gesture,
Head pose, Gaze,
Posture, Touch

Modular
ture

architec-

Robot control sys-
tem
Integrated system

Semantic approach

Data-driven models

Modular
ture

architec-

Not specified

Integrated system

Integrated system

Simulated system

Case study

Experimental study
Experimental proof
Industrial case stud-
ies

No mention found

Experimental study

Two  experimental

studies
Experimental study

Experimental study

Wizard of Oz study

Speech and gesture
modules, Fusion
module

Speech SDK, Ges-
ture algorithms

Hand sign recog-
nizer, Emotion
recognizer

Speech and gesture
recognition, Seman-
tic technologies
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Chapter 3

Methodology

This chapter presents a systematic approach to evaluate and integrate multimodal
interaction techniques in designing the collaborative framework for human-robot
interaction. The study establishes the cornerstone of effective communication be-
tween humans and robots by identifying and categorising distinct communicative
acts—commonly known as speech acts. The methodology outlines the theoretical
principles that underpin the development of speech and gesture recognition systems
as communication channels for outdoor settings like table-grape vineyards. It incor-
porates the use of virtual reality as an experimental platform and the development
of synthetic data generation techniques to address the issue of data scarcity. The
research prioritises analytical and algorithmic rigour to ensure that subsequent
experimental validations are robust and replicable.

The chapter is structured as follows: Section presents the theoretical back-
ground underlying speech act classification, outlining the frame semantics and
pragmatic principles used to interpret human utterances. Section further
details the various speech act categories relevant to this study. Section
reviews the different communication modalities—such as voice, gestures, sound, and
visual signals—and explains their respective contributions to effective human-robot
communication. Section illustrates using virtual reality as a controlled testbed
for simulating real-world interactions, while Section outlines the synthetic data
generation strategies that underpin the training of robust recognition models. Finally,
Section describes the integrated HRI architecture that merges speech, gestures,
and additional multimodal cues, augmented by large language models, to adaptive
reasoning in dynamic operational environments.

3.1 Theory of Speech Act Classification

The design and implementation of the collaborative framework for Human-Robot
Interaction have been examined from an agent communication perspective. The
identification of different message types, also known as speech acts, and the definition
of their meaning is of utmost importance to ensure a proper understanding and
efficient interaction between humans and robots. This analysis is essential to
comprehend what communication modalities are most commonly associated with
certain speech acts, and determine the interaction channels that are more suitable to
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be employed in outdoor collaborative environments, such as in the testbed table-grape
vineyard.

3.1.1 Speech Act Categories

The term speech act is used to identify a set of classes that differ according
to the informative content exchanged in HRI. The communication act categories
that emerged from our preliminary study conducted on VR solutions for HRI are
the following: “Information”, “Command”, “Alert”, “Request”, “Instruction”, and
“Greeting”, [126] shown in For this purpose, dedicated sections are
created to discuss each proposed discourse act, aiming to clarify their distinction
and usage in the context of table-grape vineyards. A detailed explanation of the
identified sub-classes of each speech act is also provided. However, only a subset
of the presented discourse categories is considered in this thesis, which includes
“Information”, “Command”, “Request”, and their combination. Special emphasis
is placed on human-to-robot communication, which explores ways to enhance the
robot’s comprehension of the informative content exchanged during the interaction.

Intention

Proximity
Environment

Trajectory

Current activity
Human presence

Agronomic element
Robot State

Motion

Welcome
Action
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Figure 3.1. Proposed speech act categories.

Source: [120]

Information

Information is one of the most frequently encountered speech acts in human-robot
interaction (HRI) experiments conducted in virtual reality (VR). Such exchanges
enable both humans and robots to inform their respective collaborative partners
about specific events and circumstances in the field, including intentions [16}, [164],
current tasks, measured distances from the target [164] or from a human collaborator
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[226], object properties [259], and trajectory details [I7]. Human presence, which
refers to awareness of a person within the environment—features are considered
as another relevant element in various studies [I75], as do positional relationships
with an object [82], [162] or teammate [I76], current status [226], and performance
outcomes [168] [226]. In these settings, bidirectional communication (from androids
to humans and vice versa) is typically preferred.

Intention

Intention refers to announcing planned activities or movements before they happen.
Robots and humans can better coordinate tasks, avoid collisions, and strengthen
trust by sharing upcoming actions. This is especially useful in environments like
vineyards, where farmers and robots navigate cramped spaces and delicate crops.

Key Points:

e Anticipating movements improves safety and efficiency.

e Understanding a partner’s intentions reduces the chance of accidental interfer-
ence or damage.

e Enhances overall trust and collaboration between people and robots.

Example:
Information__Intention (human, robot, moving left): A human tells a robot they
will move to the left, ensuring the robot takes this into account when planning its
trajectory.

Current Task

The current task aspect clarifies each agent’s immediate assignment. Human-
robot teams can determine when help is needed and reassign or reprioritise tasks as
necessary.

Key Points:

e Communicating real-time responsibilities ensures both parties stay informed.

e Reassigning tasks dynamically improves overall workflow and reduces down-
time.

e Encourages immediate assistance where it is most required.

Example:
Information__ CurrentTask (robot, human, leaves removal): The robot informs the
human that it is engaged in removing leaves, prompting the human to decide whether
to assist or proceed with another task.

Proximity

Proximity deals with safe and efficient spacing among humans, robots, and the
surrounding environment. Human-robot distance is a fundamental concept that
ensures safety and trust while performing tasks in the collaborative table-grape
vineyard scenario. To this aim, humans and robots must be informed about the
distance from each other and the object’s proximity. For instance, a notification
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about the depth from the cutting device (from the robot’s side) and the grape
cluster could be advantageous. Interpersonal distance is key in defining human-robot
distance when executing a shared task since it is fundamental for robots to avoid
colliding into humans’ private space, which could lead to a consequent reduction in
trust and safety [191]. Moreover, the position of the logistic robot on the field is
essential, as it should facilitate the box exchange mechanism between the farming
and logistic machine when the boxes carried by the farming robot are almost full.
Key Points:

e Establishes safe human-robot distances for tasks like harvesting and pruning.

e Considers linear and angular distances to facilitate accurate cutting or picking.

e Adapts robot positioning to a user’s preference (e.g., right-handed or left-
handed approach).

Examples:

e Information__ Proximity (human, robot, moving close to the grape bunches):
A human notifies the robot that they are approaching a cluster, ensuring it
maintains an appropriate distance.

e Information__Prozimity (human, robot, moving on human’s right side): Alerts
the robot of the user’s right-handed orientation, enabling safe and convenient
collaboration.

Agronomic Element

This category captures details about grape clusters, branches, and other vineyard-
related features (e.g., size, type, and colour). Robots assist by using image evaluation,
while humans provide complementary information from experience or direct observa-
tion.

Key Points:

e Sharing agronomic data (e.g., identifying hidden clusters) improves harvest
and pruning decisions.

e Helps align robot cutting poses to avoid damaging the crops.

e Supports managing box capacity for collected grapes or trimmed branches.

Examples:

e Information__ AgronomicElement (robot, human, specific grape cluster): The
robot identifies a particular cluster and informs the human, aiding precise
harvesting.

e Information__AgronomicElement (human, robot, pizzutello grapes): The human
specifies the grape variety, guiding the robot’s detection process.

Human Presence

Human presence highlights situations where new individuals enter the workspace
or when colleagues require assistance. The system maintains safety and supports
collaborative tasks by quickly notifying robots and humans.

Key Points:
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e Ensures awareness of additional people in the shared environment.
e Coordinates group work with multiple robots and human workers.
e Minimises risks by anticipating actions and presence in confined vineyard rows.

Examples:

o Information__HumanPresence (human, robot, X needing help): The human
indicates that another individual in the vicinity needs assistance from the
robot.

e Information__HumanPresence (human, robot, human approaching from the
right): Signals the robot to be aware of a new person nearby.

Environment

Environmental factors, such as weather conditions or obstacles (e.g., leaves or
stones), can significantly impact vineyard tasks. Continuous updates enable robots
and humans to adapt their strategies, especially when faced with sudden meteoro-
logical changes.

Key Points:

e Humidity, temperature, and time of day influence ripeness decisions.

e Obstacle detection (e.g., stones or leaf piles) ensures safe and uninterrupted
work.

e Timely notifications (e.g., stopping before a forecasted storm) protect workers
and crops.

Examples:

e Information__Environment (robot, human, time of ripeness for a specific grape):
The robot estimates when the grapes are ready for harvest based on environ-
mental data.

e Information__Environment (human, robot, presence of stones on the row): The
human alerts the robot about hazards in its path.

Robot State

The state category includes the operational status of robots and humans, indicating
battery levels, hardware malfunctions, or even speech, gesture and object recognition
confidence. Prompt awareness of these details guides strategic task decisions and
fosters faster troubleshooting.

Key Points:

e Combines activity-related status (e.g., full box) with internal conditions (e.g.,
hardware failures).

e Allows humans to track battery charge or hardware integrity, ensuring timely
maintenance.

e Communicating speech recognition accuracy helps humans refine their instruc-
tions.

Examples:



32 3. Methodology

e Information__State (robot, human, battery completely recharged): The robot
notifies the user that its battery is at full capacity and can resume tasks.

e Information__State (robot, human, listening state): Conveys that the robot is
actively waiting for further commands.

o Information_ State (robot, human, certain word not correctly understood):
Alerts the human to rephrase or repeat instructions for better clarity.

Command

A unidirectional speech act category, expressing the commands given by the human
to the robot, is represented by the Command class, in which two sub-classes have
been identified: motion, where the android has to reach a new position [162] [164],
change its velocity, or stop its operation [57, [I64]; and action, that consists of
performing specific activities, such as following a person [115} [I76], picking up [57]
or positioning an object [I127]. All messages that must be immediately executed by
the android belong to this group of information.

Action/Activity

Commands in this category instruct the robot to carry out specific tasks, such
as following a person, harvesting a grape cluster, or pruning branches. By issuing
precise directives, humans can guide the robot effectively in situations where simply
describing the destination or target is insufficient.

Key Points:

e Enables humans to directly request or guide a desired robot action.

e Includes follow commands for leading robots to a goal location.

e Facilitates targeted tasks like pruning or harvesting, where the human’s exper-
tise complements the robot’s capabilities.

Example:
Command__ActionActivity (human, robot, pruning a specific branch)
A human instructs the farming robot to prune a designated branch in the vineyard.

Motion

While movement is fundamentally an action, it warrants a dedicated category
due to its range of actions (e.g., reaching targets and adjusting speed). Motion
commands encompass speeding up, slowing down, stopping, or shifting to a new
position to enhance safety and efficiency during vineyard operations, presuming that
there are no obstacles or collisions in its path.

Key Points:

e Covers position adjustments (e.g., moving forward, sideways) and velocity
changes.

e Allows rapid reaction to obstacles or potential field damage (e.g., sudden stop).

e Facilitates navigation between corridors and fine-tuning robot approach for
pruning or harvesting.
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Example:
Command__Motion (human, robot, moving forward)
A human instructs the robot to move forward, helping it reposition for better access
to clusters or branches.

Alert

Notification of a dangerous situation is a fundamental aspect that needs to be
analysed when developing human-robot communication in CANOPIES. For this
reason, the bidirectional Alert speech act category is provided. Collision risk (higher
probability of human-robot collision [I75]), touch (the collision is verified, so the
person and the android are in contact [88]), error (about task execution), velocity
(reduction or increase of robot’s speed [166]), and motion (change in machine’s
motion trajectory [166]) belong to this classification.

Collision Risk

Alerts about a potential collision are essential for ensuring human safety and
preventing damage to the vineyard. These notifications can come from either humans
or robots, forming a bidirectional communication channel that increases trust and
system reliability. Early warnings help avoid collisions with grape clusters, branches,
or vineyard structures such as pergolas.

Key Points:

e Aims to prevent human-robot or robot-environment collisions.
e Fosters a safer, more robust architecture via bidirectional alerts.
e Minimises damage to crops and infrastructure.

Example:
Alert__CollisionRisk (human, robot, probable collision with the grape cluster)
A human warns the robot that it risks colliding with a grape cluster.

Touch

Touch alerts notify humans or robots that physical contact with agronomic
elements (e.g., grape clusters or branches) has occurred. Quick awareness of these
unplanned collisions allows the human to intervene promptly, potentially stopping
the robot’s operation to prevent further damage.

Key Points:

e Specifically addresses physical collisions already taking place.

e Prompts immediate intervention by the human if necessary.

e Particularly relevant for robots performing delicate tasks in cramped vineyard
conditions.

Example:
Alert__Touch (robot, human, impacting with the grape cluster)
The robot signals that it has made contact with the grape cluster, allowing the
human to take corrective action.
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Error

This category covers errors encountered during task execution or interpretation
(e.g., misheard commands, incorrectly performed actions). By quickly reporting these
issues, the system prevents further complications, conserves time, and maintains
operational efficiency. Errors can be divided into:

e Execution errors: The robot understood the instruction correctly but performed
it incorrectly.

o Interpretation errors: The robot misunderstood the command, gesture, or
signal, leading to an undesired outcome.

Key Points:

e Immediate alerts allow humans to intervene and correct or clarify the situation.
e Reduces uncertainty in communication and ensures safe collaboration.
e (ritical to maintaining trust and efficiency in dynamic field tasks.

Examples:

e Alert_Error (robot, human, wrongly understood a word): The robot informs
the human about a misunderstanding.

o Alert_Error (robot, human, throwing away a good grape cluster): The robot
executed a task incorrectly due to an error in processing.

Velocity

Velocity alerts inform the human of speed changes—critical for ensuring safety and
maintaining awareness of the robot’s movements. Knowing if the robot accelerates
or decelerates helps workers plan their actions and respond promptly if the robot’s
speed shift is inappropriate.

Key Points:

e Communicates speed increases or reductions during tasks.
e Ensures human awareness of robot dynamics.
e Enhances safety by avoiding unexpected robotic movements.

Example:
Alert__Velocity (robot, human, increasing velocity to reach the end of the row)
The robot notifies the human that it will move faster, helping the worker anticipate
and coordinate.

Motion

Motion alerts warn of significant trajectory changes. Notifying humans about
upcoming robot movements (e.g., a sudden rotation) enables them to prepare or
intervene if needed. Similarly, humans can alert the robot of unsafe moves, prompting
it to replan its route.

Key Points:

e Provides advance notice of major shifts in the robot’s orientation or path.
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e Strengthens trust by ensuring predictable motion in tight vineyard conditions.
e Allows the human to halt or redirect the robot if the planned motion poses
risks.

Example:
Alert_Motion (robot, human, farming robot’s body rotation of 180 degrees on the
right)
The robot reports its intention to rotate, giving the human time to adjust or
intervene.

Request

A Request is a unidirectional form of communication in which a human asks
the robot to undertake a particular action[259) [I71] or provide specific information
[162, [168]. Unlike a command, however, the robot is permitted to refuse or delay
fulfilling a request. This distinction is crucial: a command obliges the robot to
comply immediately, whereas a request gives the robot discretionary power to accept,
postpone, or reject.

Action/Activity

In this category, humans can request that the robot perform certain operations
or tasks, such as following the user to a target location (instead of merely being
commanded to do so). Typical applications include:

e Following a person: Minimises uncertainty by letting the human guide the
robot to a precise destination.

e Harvesting or pruning: Asking the robot to target specific grapes or
branches, thereby speeding up vineyard operations and dividing workload.

e Clearing debris: Removing fallen leaves or broken branches for a safer, more
navigable corridor.

These tasks overlap with those in the command category; however, as requests, the
robot may opt to defer or refuse depending on circumstances like task prioritisation
or environmental constraints.

Examples:

e Request__ActionActivity (human, robot, humans follow to reach the other row):
The human asks the robot to trail behind them to a different row without
providing strict instructions.

e Request_ActionActivity (human, robot, selection of all the branches to remove):
The human requests the robot to identify problematic branches, allowing the
robot to decide when to initiate the task.

Information

This subcategory pertains to instances when humans seek additional details from
the robot. Although this subclass bears resemblance to the Information speech
act discussed earlier in the [section 3.1.1} it now specifically describes the human’s
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request for knowledge rather than a spontaneously provided update. The focus of
these requests may include:

e Environmental conditions: Weather updates or obstacles in the vineyard.

e Robot state and intention: Battery status, ongoing tasks, or planned
movements.

¢ Human-robot proximity: Relative distance or orientation for safety and
convenience.

e Agronomic elements: The location, quality, or specific properties of grape
clusters and branches.

Example:
Request__Information (human, robot, time):
The human inquires about the current time, illustrating how the robot may supply
purely informative responses upon request.

Instruction

An Instruction is a unidirectional speech act where the robot offers guidance [70]
or advice to the human. Instruction information can be delivered visually, verbally,
or through multiple combined channels. Conversely, humans may also provide
step-by-step directions to the robot on completing certain tasks or navigating to
specific vineyard locations. These directions may involve:

e Performing specific hand motions [166] [175] or tasks.
e Locating and accessing hidden grape clusters.
e Choosing an optimal path to a vineyard destination.

Key Points:

e Enables the robot to coach humans, reducing uncertainties in complex agro-
nomic tasks.

e Merges various modalities (visual, spoken) for comprehensive support.

e Allows humans to supply robots with precise directives (e.g., how to reach a
particular cluster or corridor).

Greeting

Greeting emerges in social robotics as a way for machines to establish rapport with
human users. Such personalised and friendly interactions can bolster the human-
robot relationship [217]. A welcoming robot can heighten trust and smooth the
path for effective teamwork by tailoring greetings to the time of day (e.g., morning,
evening) or the worker’s context (e.g., starting or ending a shift).

Key Points:

e Builds a sense of familiarity and trust with human partners.
e Fosters a positive work atmosphere, improving collaboration and satisfaction.
e Demonstrates social awareness, which can be critical in team-based tasks.
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Examples of Combined Interactions

Following are some illustrative scenarios where multiple speech acts are combined to
support effective human-robot interaction (HRI). Each example specifies the speech
act categories in parentheses.

Example | Interaction Types Dialog Acts
o Information__ CurrentTask (robot, human,
, current task)
1 Request + Information | Request__Information (robot, human, finish-
ing harvesting the clusters of the row)
o Information__ CurrentTask (human, robot,
harvesting not completed)
o Request_ActionActivity (human, robot, har-
vesting grape clusters of the row)
) o Request_Information (robot, human, reach-
2 Request + Instruction ing the hidden cluster)
o Instruction (human, robot, cutting the leaves
surrounding the cluster)
o Command__ActionActivity (human, robot,
3 Command + Alert harvesting the grapes at the end of the row)
o Alert_Motion (robot, human, problem with
the motor)
] o Instruction (human, robot, teaching the spe-
4 Instruction + Alert | .ific grape type to harvest)
o Alert_Error (robot, human, camera sensor
not working)
5 Instruction + o Instruction (human, .robot, how to put the
Information harvested grape cluster in the box)
o Information (robot, human, learning the
movement)
o Greeting (robot, human, greeting)
6 Request + Instruction | o Request_ActionActivity (robot, human,

+ Greeting

teaching how to reach the field)

o Greeting (human, robot, greeting)

o Instruction (human, robot, exiting the Co-
operativa Agricola Corsira, turn right and then
move forward)

Table 3.1. Examples of Combined Interactions

3.2 Communication Modalities

Starting from the selected speech act categories and their classification based on
the informative content, different communication modalities that could be adopted

in HRI are presented here.

The selection of the main interaction channels is

reached from the preliminary study conducted on existing works concerning VR
tools for HRI experiments, as shown in For this reason, an in-depth
examination of voice, gesture, sound, visual signals, and other devices is provided
as the main delivery modalities. However, smartphones, tablets and augmented
reality technologies, such as smart glasses or head-up displays, could be adopted in
CANOPIES in order to guarantee a safer and stronger way to exchange information.
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Fach of these communication modalities will be briefly described in a dedicated
subsection, focusing on the gesture modality more while discussing their strengths
and weaknesses. However, an important aspect to be examined is the introduction
of multi-modality (combination of multiple interaction channels) to ensure more
stable, efficient, and natural communication between humans and robots, which will
also be analysed in a dedicated section.

Command Alert Request Instruction _I

v v v 4 v
v v 4
v v v
v v v

Table 3.2. The black v represent the outcome of our study, while the green v identify
the additional modality combinations that could be investigated within the context of
outdoor collaborative environments, such as table grape-vineyards.

3.2.1 Voice/Spoken language

The most natural way of communication in a Human-Human interaction is through
voice, so it is natural to adopt this channel also in vineyards for the exchange of
information between humans and robots. Indeed, from the analysis of HRI studies in
VR, spoken language emerged as the most used medium for information. However,
the improvement of the performance of such communication modules is another
relevant aspect to achieve with CANOPIES. This can be achieved by clarifying
ambiguous situations, giving suggestions to correctly complete a task [217], and
communicating the outcome [I68] of an action. Considering that one of the primary
goals is to develop a robust and efficient communication system, a bidirectional vocal
interaction is required so that both the robot (either farming or logistics) and the
human can vocally exchange information. Generally, when designing a Human-Robot
Communication, different aspects should be taken into consideration, in particular,
shared terms that are common to be found in a conversation concerning vineyard
activities, such as grape clusters, bunches, branches, harvesting, and pruning. Indeed,
voice is obviously the modality adopted to provide requests. In some situations,
a teammate could require either a detailed description or information [168, [171]
concerning the environment or a specific element of the vineyard. Frequently, requests
for performing an action [I15, 259], selecting an object or information about other
teammates’ tasks [162), [I76] could be provided (mainly by a human worker). In
summary, the idea is to develop a robot that is able to express concepts in a human-
like manner so that people feel comfortable and safe. For this reason, we also would
like to present a friendly and polite robot that greets a person when starting/finishing
the working day and thanks the human worker for their support, trying to prioritise
people’s requests. However, in outdoor scenarios such as vineyards, voice could not
always be the best modality to adopt due to the presence of noise, high uncertainty,
and misunderstandings. For these reasons, a solution could be the combination of
multiple interaction channels to overcome problems related to using a single modality.
To this aim, to strengthen communication, usually spoken language and gestures
are combined in systems requiring information exchange between people and robots.
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A detailed exploration of spoken Human-Robot Interaction (HRI) is provided in
Chapter [0}, delving into various technologies for capturing, recognizing, and synthesiz-
ing vocal utterances. It presents an overview and in-depth analysis of Speech-To-Text
and Natural Language Understanding modules in Section and Chapter [6] which
culminates in the creation of an advanced speech act classification system based on
textual sentences. This system, incorporated into the refined speech-based pipeline,
effectively identifies distinct speech categories such as "Command,” ”Information,”
"Request,” and "Complex” statements, the latter being a combination of the three
aforementioned categories. A speech act recognizer is developed to minimize the
robot’s uncertainty and incorrect recognition of the information exchanged during in-
teractions with human workers. This innovative recognizer utilizes spectrum images,
which relate to the intonation patterns of vocal expressions, to categorize the content
being communicated. Further research is undertaken to identify the most suitable
tool within the Text-To-Speech module for generating the robot’s verbal feedback.
As a result, a comprehensive architecture for Human-Robot Collaboration (HRC)
is proposed, designed to facilitate effective teamwork in outdoor settings, specifi-
cally within the context of table-grape vineyards. This architecture is meticulously
detailed, highlighting its applicability and effectiveness in real-world scenarios.

3.2.2 (Gestures

In a Human-Human conversation, gestures are often employed to clarify a concept,
to explain better how to reach a certain place and to provide commands [94]. Gestures
have been explored as a communication channel both in human-computer (HCI)
and human-robot (HRI) interaction. In these domains, usually, gestures unlock a
new communication channel to send intentional commands to a machine[48]. Indeed,
considering the preliminary study conducted on HRI experiments in VR, it emerged
that gestures are the preferred communication modality for the command speech act
category. Hence, when the interaction between humans and robots is required, as in
CANOPIES, such a channel could be exploited by a person in order to immediately
stop the machine’s activity by showing his/her opened hand to the mobile vehicle
[57, [164], but also to indicate the next position to reach by the robot.

Pointing gestures could be employed in different tasks, not only to show a precise
position to reach but also to specify an element [I15] of the vineyard (a certain grape
cluster, branch) or to indicate the person to follow [I76]. However, the introduction
of gestures in CANOPIES requires the robot to first detect the position of both a
human’s arm and hand and, secondly, to understand their meaning. Conversely, the
android should also be able to communicate with the person through gestures, by
translating a non-verbal behaviour into an understandable action. Unfortunately,
gestures alone would not be sufficient to develop a robust Human-Robot Interaction
system, because they could cause misunderstandings and uncertainty. Without a
vocal explanation, the meaning of some actions would be difficult to capture; as
for example, “pointing” is not a self-explanatory gesture thus, if a person points a
branch without providing any command or information to the android, the robot
would not know the action to associate to such interaction (cut, move, discard the
branch). For this reason, in order to disambiguate gestures, a combination with
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spoken language will be adopted, preferring a multi-modal approach rather than a
single communication channel.

This thesis explores gestural HRI in Chapter[7] by investigating the functionalities
of three pose estimation models: MediaPipe, MoveNet, and VitPose, integrated
with CNN networks, which are trained and evaluated on various gestural data
combinations (solely real, solely virtual, and a fusion of real and virtual). Simulated
data are collected by creating digital humans in the virtual environment of the
table-grape vineyards, while actual data are gathered directly in the real field.
Additionally, a novel gesture recognition pipeline is proposed, capable of employing
two distinct recognition algorithms to effectively disambiguate gestures.

3.2.3 Sound

From an analysis of contemporary HRI research in virtual reality, sound signals
emerge as the principal interaction channel for the alert speech act category. In
vineyard applications, these auditory cues may be necessary on the robot side to
warn human teammates of potential dangers, such as when immediate or time-
sensitive responses are required, critical events mandate redundant notifications, or
an operator’s awareness and feedback must be ensured. Various audible signals can
be considered by examining parameters such as the following:

e Distance: The performance of audible signalling devices is influenced by the
distance to be covered. As human workers move farther from the sound source,
loudness decreases. This principle is important for determining the coverage
area in the table-grape vineyard.

e Ambient Background Noise: The effective range of a sounder depends on
surrounding noise levels. Maintaining a signal output at least 5dB(A) above
background noise allows for clear communication, which is particularly relevant
in noisy vineyard environments.

e Pattern and Frequency of a Tone: Sound frequency and pattern strongly
affect the success of audible alerts. Lower frequencies travel farther and
penetrate structures more effectively. Varying frequency and temporal patterns
improve signal distinctiveness, which is vital in high-noise areas.

e Categories of Audible Signalling Devices: Two key categories include
electronic sirens (e.g. multi-tone alarms, buzzers) and electromechanical horns
(e.g. mini horns, signal horns). Electronic sirens are suited for emergency
signals, whereas electromechanical horns are better for industrial contexts with
mechanical signal tones.

Depending on the distance between humans and robots, different sound intensities
may be explored [32]. When people and androids are in close proximity, a higher-
frequency signal might be emitted to alert the user of unsafe conditions. However,
additional parameters such as pulse pattern speed, frequency, and intensity determine
the attention-capturing features of these sound signals. These factors correlate with
the priority level of an alert, indicating notifications, warnings, or error messages in
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the vineyard context. In particular, tonal signals should comply with recommended
design parameters (e.g. intensity, frequency range, and use of specific frequency
bands), while speed and fundamental frequency influence both perceived urgency and
reaction times. Louder and faster signals tend to shorten reaction times and heighten
perceived urgency, although a balance is required to avoid irritation. Further design
considerations include unpleasantness (without causing discomfort), composition of
sound bursts, synthetic or natural tones, duration, and prevention of interference
with previously learned responses. An extended audio signal may also prove helpful
when contact occurs between a robot and a human [88], or if the robot’s speed is
altered or its motion changes (e.g. moving in reverse). In industrial environments,
these auditory cues complement visual feedback by conveying information regarding
errors, idle conditions, ongoing tasks, or task completion, enhancing overall operator
awareness.

3.2.4 Visual Signals

Light signals constitute an emerging visual feedback modality for conveying
information and alert speech act categories within the table-grape vineyard context.
However, the pergola system is susceptible to light intensity, necessitating careful
consideration of signal devices, including beacons and towers. Strobe lights are
particularly noteworthy for generating high attention levels, with the choice between
LED and Xenon strobe lights influenced by factors such as operational temperature,
voltage requirements, and instant lighting capabilities. Intense sunlight may interfere
with robot-emitted lights, potentially undermining the effectiveness of visual cues
in bright conditions. Nevertheless, integrating light signals can improve human
awareness of the robot’s activities [88], thereby fostering trust in collaborative
scenarios.

LED-based indicators, placed horizontally at the robot’s back, front, and sides,
prove cost-effective, reliable, salient, and adaptable for expressing diverse states
through modulated parameters (e.g. colour, position, duration, and frequency).
Signal categories such as “Notification,” “Warning,” and “Error” help distinguish
urgency and importance, while patterns like Steady, Blink, Beacon, and Wipe may
be adjusted in speed and repetition. Motion parameters, including approach and
speed, also influence signal perception, guided by three dependent measures: urgency,
error, and difficulty to ignore. Furthermore, combining audio and visual cues could
be examined to enhance communication [127, 226]. In determining variables (e.g.
position, pattern, pattern frequency), design choices may draw on standard vehicular
lighting practices, ensuring familiar and intuitive cues for human operators.

In this thesis, light signals are integrated into the multimodal system to enhance
robot-to-human communication and awareness in simulation. Due to hardware
constraints, Sound emission and Light signals were not implemented in the real
world by the time of this Thesis. The robot utilises these signals within the virtual
table-grape vineyard environment to provide visual feedback during specific task
commands. In doing so, it considers the positioning and interpretation of illumination
indicators, similar to those employed on vehicles such as cars.
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3.3 VR as a Testbed for Human-Robot Interaction

Virtual simulators have gained prominence as they allow for rapid prototyping,
extensive algorithm evaluation, and the generation of synthetic datasets crucial for
training machine learning models, making them indispensable in advancing robotics
technology[53]. A realistic, interactive Virtual Reality (VR) simulator of the table-
grape 3D vineyard model was designed with grapevines, support structures, humans,
and other robots (see in the context of the CANOPIES project for
experimental activities, including data acquisition, evaluation of proposed solutions,
and user studies. The robot can observe and interact with this environment using
the same ROS interface as in the real world. To make this possible, a digital twin of
the robot used in the field was created with all its sensors like cameras, LIDAR, and
the humanoid upper body with positional, velocity, and force/torque feedback. The
physical interaction with the environment was implemented using a dynamic physics
model to achieve realistic feedback. In this simulation, we have two types of robots:
the farming robot, which has a humanoid upper body for harvesting and pruning
tasks, and a logistic robot, which has a storage capability for empty boxes or boxes
of grapes. The details of the Simulation Environment and how it incorporates HRI
testing is detailed in Chapter

The simulation scene can be configured with various parameters, such as the
number of vines, grape bunches, robots, type of digital humans, the position of
humans in the field, the positions of the grape bunches, and the type and number
of the robots in the simulated field. Additionally, the lighting conditions in the
environment can be adjusted to enable variation in the perception, including the sun’s
position in the sky, light colour, and intensity. These conditions can be generated
using a seed value, making it possible to run multiple tests in the same conditions.

The human avatars can be controlled by pre-recorded animations or live-action
through body capture devices. All the human and robot movements were subject
to dynamic physics and thus will collide and interact with the environment with
forces. The robot can observe these movements and environmental changes using its
simulated RGB(-D) and LIDAR cameras or force feedback.

The appearance and body proportions can be determined for all human movements
by choosing specific avatars. Finally, one or more human figures can be placed
anywhere in the field, which enables testing with occluded body parts or simultaneous
input from multiple humans. All these fused individual elements enable an extensive
range of conditions for training and testing the robots’ capabilities, which are
impossible in real-life possibilities.

In addition to the aforementioned features, the simulation supports user interaction
and control through speech, gestures, and multi-modal commands (a combination of
gestures and speech). The virtual characters within the simulation can also execute
gestures to direct the robot’s navigation and other functionalities. All commands
are communicated to the simulator using ROS messages, topics, and services.
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Figure 3.2. Simulation environment with a virtual character, farming robot and the logistic
robot in the simulated grape field

3.4 Synthetic Data Generation Strategies

Synthetic data is crucial in enabling robust training and evaluation for machine
learning models, especially in contexts such as gesture recognition, environment
perception, and advanced human-robot interaction. Real-world data collection
often poses logistical, ethical, or scalability challenges; hence, simulation-based
data generation has emerged as an efficient and flexible alternative. By carefully
designing virtual characters, environments, and interactions, it becomes possible to
capture diverse human motions and environmental states without the high costs and
limitations typically associated with on-site data recording.

A key aspect of this process is character creation. Tools such as Autodesk
Character Generator [19], Unreal Engine’s MetaHuman Creator [80], and Unity’s
Character Creator [246] were evaluated for their ability to produce a broad spectrum
of demographic and visual variations. Autodesk Character Generator was ultimately
selected for its adaptability in defining gender, age, ethnicity, and physical attributes,
ensuring that the generated characters reflected a wide range of real-world conditions.
Each model was verified for compatibility with Unity, including rig configurations
and file format requirements, thereby easing the workflow from character creation to
deployment within the simulation.

Animation extraction further refined realism by converting recorded human move-
ments into high-fidelity motion data. The DeepMotion [66] platform, for instance,
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extracts animations from RGB-D footage or motion capture sessions. These anima-
tions were then mapped onto virtual models and adjusted for joint accuracy, collision
handling, and visual consistency. By following strict guidelines on camera placement,
occlusion avoidance, and environmental lighting, the resulting animations closely
resembled actual human activity. Through the motion capture pipeline, time and
effort were saved, and the final animations reached quality benchmarks necessary
for credible synthetic datasets.

To enhance simulation fidelity, the same Intel RealSense D435i sensors used in
actual robotics hardware were integrated into the virtual environment, replicating
real-world perception constraints and output. Incorporating these sensors allows for
a seamless transition between simulated and real data, as the captured depth and
RGB information closely align with field conditions. Virtual modifications such as
lighting variation and configurable sound and visual alerts further enrich the dataset,
providing extensive coverage of potential use cases and edge scenarios. In summary,
these generation strategies forge a strong connection between simulation and reality,
affording both scalability and versatility in data creation. The forthcoming Chapter
on “Synthetic Data” will delve more deeply into each aspect of this pipeline,
detailing the methodological intricacies and key insights gleaned from implementing
and refining these approaches.

3.5 Multimodal Communication in HRI

A fundamental requirement for ensuring effective HRI is a shared understanding
of the operational environment and the objects within it by both humans and robots.
Collaboration in a shared space involves continuous interaction across multiple tasks
using different communication modalities. Verbal and non-verbal communication
cues serve as primary means of interaction with robots. While verbal communication
(speech) takes centre stage, non-verbal cues (gestures, tactile feedback, and visual
perception) play an equally pivotal role in engagement and environmental awareness.
The integration of these multimodal interactions enhances overall system efficiency.
This section introduces the core concepts of speech and gesture communication
modalities, followed by the proposed general architecture for multimodal interaction
and fusion. Additionally, the role of large language models (LLMs) in enhancing
contextual reasoning and improving multimodal communication in HRI is outlined.

3.5.1 Verbal Interaction

The speech processing pipeline plays a crucial role in verbal interaction and
follows a structured flow as shown in beginning with speech-to-text
(STT) conversion, followed by natural language understanding (NLU), semantic role
labelling (SRL), frame argument extraction, and speech act classification. Each
stage plays a critical role in ensuring accurate interpretation of human utterances,
particularly in dynamic, real-world environments such as precision agriculture.
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Action Execution

Figure 3.3. Speech processing pipeline structured flow

Speech-to-Text Conversion

The pipeline starts with speech-to-text (STT) processing, which transcribes spoken
commands into text. The accuracy of this conversion is crucial, as any transcription
errors can propagate through the pipeline, affecting subsequent natural language
processing tasks.

Natural Language Understanding (NLU)

Following transcription, the NLU module processes the acquired text to extract both
speech acts and frame semantics. This step ensures that the linguistic structure of
the input is correctly mapped to actionable meaning. The integration of semantic
role labelling (SRL) techniques facilitates the identification of frames—Ilinguistic
structures that describe real-world situations—based on the lexical resource FrameNet
[25]. Frames encapsulate events, relations, and objects, while their associated frame
elements (FEs) describe the roles of participants within those events [84), R5]. A
multilingual SRL approach was employed to generate a dataset of frame arguments,
leveraging a subset of sentences acquired through Jotform. Approximately 1,000
labelled sentences in Italian and English were manually validated, incorporating
additional linguistic information such as lemmas, part-of-speech (POS) tags, and
dependency structures extracted using the Stanza library. This process ensured
high-quality annotations for training SRL models.

Semantic Role Labelling and Frame Argument Extraction

FrameNetH [25] remains the most extensively utilised resource for researchers in-
vestigating frames and frame elements. It is commonly employed in the training
of Semantic Role Labelling (SRL) systems, which autonomously identify frames
and their corresponding arguments within a given sentence [165]. Semantic Role
Labelling (SRL) is a fundamental component of the pipeline, responsible for au-
tomatically recognising frames and their associated arguments within a sentence

1|https ://framenet.icsi.berkeley. edu/|
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[165]. By analysing sentence structure, SRL determines key aspects of an utterance,
answering questions such as: “Who did what to whom, when, where, and how?” [92].
Frame elements denote the participants or objects pertinent to a particular frame,
delineating the roles that various entities assume within that frame. Typical frame
elements encompass “Agent”, “Patient”, “Instrument”, “Location”, and “Time”,
among others. Frame arguments, in contrast, refer to linguistic expressions or lexical
items within a sentence that trigger the activation of a specific frame. These may
manifest as words, phrases, or even syntactic structures that indicate the presence
of a frame and its associated frame elements.

A crucial distinction exists between core and peripheral frame arguments. Core
frame arguments are indispensable for evoking a frame and typically include essential
components such as the “Agent” and “Patient”, which are fundamental to construct-
ing a coherent sentence within the specified frame. Conversely, peripheral frame
arguments serve as supplementary elements that, while not strictly necessary for the
activation of a frame, enrich the interpretation by providing additional contextual
details. These may include attributes, modifiers, and adverbial elements.

The practical application of these principles can be illustrated through an example
drawn from an activity in the context of a table-grape vineyard. Consider the
following statement: “The robot harvested all the ripe grape clusters in its row”. Here,
the frame corresponds to harvesting, with the following frame elements identified:

e Agent: the entity performing the harvesting action.

e Patient: the entity being cut.

e Location: the spatial setting where the event transpires.
The core frame arguments in this instance are:

e Agent: “robot”

e Patient: “grape clusters”

e Location: “its row”

The SRL model, trained using XLM-RoBERTa [59], enables multilingualism,
supporting applications in diverse linguistic contexts. For example, given the Italian
command “Posizionati a destra per raccogliere I'uva” (translated as “Position yourself
to the right for harvesting the grapes”), SRL identifies “Posizionati” (position) and
“raccogliere” (harvest) as the primary verbs. The corresponding frame arguments
include “Location” and “Purpose” for the first verb, and “Location” and “Theme”
for the second verb, capturing the essential components required for robotic execu-
tion. Recent advancements in Large Language Models (LLMs) have facilitated the
development of highly accurate SRL methodologies leveraging deep neural networks
[59, 60, [4].

Speech Act Classification

Once frame arguments are extracted, speech act classification determines the intent
behind the utterance. Speech act understanding is a subfield of natural language
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processing (NLP) concerned with analysing and interpreting the communicative
function of a statement. Speech acts can be categorised into directives, statements,
queries, and other functional types relevant to human-robot interaction. The system
employs a fine-tuned classification model, adapted to domain-specific requirements.
Traditional SRL methods often rely on generic frame definitions that may not align
well with specialised domains such as precision agriculture. To address this, the
proposed approach utilises separate models tailored to specific interaction cate-
gories, enhancing inference reliability in critical tasks where safety and precision are
paramount.

Frame-Based Representation and Action Mapping

Following speech act classification, the extracted information is structured into a
frame-based representation that enables robots to interpret and execute commands.
Each utterance is decomposed into a structured format, comprising a frame type,
associated arguments, and contextual attributes. An example representation of a
navigation command is shown below:

{
"frame": "Go",
"arguments": [{"direction": "Forward", "distance": "10",
"unit": "km"}],
"full_sentence": "Move 10 km forward",
"language": "En",
"speech_act": "Directive"
}

This structured representation provides a machine-readable format that informs
robotic decision-making. The extracted arguments, such as direction and distance,
are mapped to motion primitives, enabling effective task execution in real-world
scenarios.

The speech processing pipeline integrates multiple NLP components to achieve
robust and context-aware interpretation of spoken commands. Speech-to-text conver-
sion ensures accurate transcription, while NLU incorporates semantic role labelling
and speech act classification to extract meaningful intent. The adoption of a struc-
tured frame-based representation facilitates seamless mapping of linguistic input to
executable robotic actions. By fine-tuning models for domain-specific applications,
the framework enhances reliability, particularly in complex, dynamic environments
such as agricultural robotics. A comprehensive analysis of the entire collaborative
speech pipeline, including its implementation, evaluation, and empirical results, is
provided in Chapter [6] Additionally, the integration of speech-based interaction
within the broader multimodal HRI framework, encompassing gestures and other
communication modalities, is detailed in Chapter
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3.5.2 Gestural Interaction

Gesture recognition is another essential modality in human-robot interaction
(HRI), enabling intuitive and contactless communication. This non-verbal interaction
employs human pose estimation techniques to detect and interpret gestures, allowing
robots to respond to human commands in real-world scenarios. The methodology
follows a structured pipeline that includes pose estimation, body modelling, and
gesture classification.

Human Pose Estimation

Human pose estimation is the process of predicting the spatial configuration of body
parts and joints from images or videos. It plays a crucial role in understanding
human actions and is widely applied in activity recognition, video analysis, and
augmented reality [45]. Pose estimation methods can be broadly categorised into
2D and 3D approaches:

e 2D Pose Estimation: This method estimates the two-dimensional loca-
tions of key body joints using visual data. Traditional 2D pose estimation
approaches relied on hand-crafted feature extraction techniques, while modern
deep learning-based models such as OpenPose, AlphaPose, and HRNet [264]
provide more robust and scalable solutions.

e 3D Pose Estimation: Unlike 2D approaches, 3D pose estimation predicts
joint positions in three-dimensional space, offering richer structural information
about human movement [I193]. This method is particularly beneficial for
robotics applications requiring depth-aware gesture recognition. Advanced
techniques also recover 3D human mesh representations from monocular images
or videos, enabling a more comprehensive analysis of body motion [283].

Human Body Modelling

To extract meaningful features from visual data, human pose estimation employs
various body modelling techniques. These models represent the body as a structured
entity, facilitating accurate gesture interpretation. The three primary models used
in pose estimation are

e Kinematic Model: Also known as the skeleton-based model, this approach
represents the human body as a set of joints connected by limbs, capturing
relative orientations and relationships between body parts [233]. It is widely
used for both 2D and 3D pose estimation but does not account for body texture
or shape.

e Planar Model: This contour-based model represents body shape using geo-
metric primitives such as rectangles and silhouettes. Active Shape Models
(ASM) [83] are commonly used to approximate human body contours and
extract shape-based features for gesture recognition [61].
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e Volumetric Model: Used primarily for 3D pose estimation, volumetric models
construct statistical representations of human body shapes and movements.
Methods such as GHUM and GHUML(ite) employ deep learning pipelines
trained on large-scale full-body scans to generate high-fidelity 3D human

models [265].

(a) Kinematic (b) Planar  (c) Volumetric

Figure 3.4. Human Pose Modeling: The three types of models for human body modelling

Source: [284]

Challenges

Accurate pose estimation remains a challenging task due to variations in human
appearance, clothing, occlusions, and environmental conditions. Factors such as
lighting, background complexity, and extreme body postures significantly impact
model performance. Additionally, small and barely visible joints, such as fingers, are
particularly difficult to track, requiring high-resolution image processing and robust
feature extraction techniques [55).

Pose estimation serves as a foundation for gesture recognition by mapping human
body movements to predefined commands. This thesis employs both full-body and
hand pose estimation techniques to enable gesture-based robot control. Architectures
such as DensePose and PoseNet [101], [189] are commonly used for activity and gesture
recognition.

In the proposed system, specific body and hand gestures are mapped to robot
commands, allowing seamless human-robot collaboration. The gesture definitions,
underlying algorithms, and classification techniques are discussed in greater detail
in Chapter [7, where empirical evaluations and implementation details are provided.
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3.5.3 Multimodal Interaction

Multimodal interaction in human-robot interaction (HRI) involves the integration
of multiple communication channels—such as visual, auditory, and tactile modali-
ties—to enhance system effectiveness and efficiency. This approach facilitates richer
information exchange, enabling robots to process diverse inputs and respond in
a human-like manner. Historically, HRI relied on unimodal communication, but
increasing robot integration in industrial settings has driven demand for multimodal
systems.

Key advantages include robustness in noisy or visually challenging environments,
combining speech with gestures mitigates ambiguities inherent to isolated modalities.
Gestures can point in the direction the robot has to move in case the speech command
does not explicitly say any direction. Likewise, if more modalities resonate the same
information, it can strengthen the accuracy of communication with the robot. Two
primary modality combinations are identified:

e Complementary: Distinct modalities convey unique information to form a
complete message (e.g., pairing the verbal command “Robot, move there” with
a pointing gesture).

e Redundant: Overlapping information across modalities reduces misclassi-
fication risks (e.g., reinforcing a verbal command with a confirmatory hand
gesture).

Fusion methods for integrating modalities, as outlined in [96], [139], include:
e Signal-level fusion: Synchronised homogeneous signals.
e Feature-level fusion: Synchronised inputs with shared information.

e Decision-level fusion: Heterogeneous modalities with differing temporal
scales.

e Hybrid fusion: Integration across multiple processing stages.

For table-grape vineyard HRI, where speech and gestures dominate, decision-level
fusion is prioritised. This method combines outputs from independent modality-
specific recognisers, offering modularity, simplicity, and adaptability to diverse
operational scenarios. While hybrid fusion could enhance robustness, decision-
level integration aligns with scalability and ease of deployment objectives, ensuring
compatibility with future recognition modules.

General Architecture for HRI

The preliminary multimodal HRI pipeline, designed to enhance collaboration
between humans and robots in the challenging outdoor environment of table-grape
vineyards, is shown in The proposed architecture illustrates both
human-to-robot and robot-to-human interactions. This structure will be refined as
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improvements are made to each communication modality detailed in the Chapters
[6] and [7] with the lessons learned contributing to the development of an effective
multimodal communication pipeline for HRI. The same architecture is adopted to
use LLMs and reciprocate information and commands between humans and the
robot.
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Figure 3.5. Preliminary architecture for multimodal communication in HRI.

LLMs in Multimodal HRI

Large Language Models (LLMs) enhance multimodality in Human-Robot Interaction
(HRI) by integrating heterogeneous sensory inputs (e.g., speech, vision, gestures) into
a unified decision-making framework. They can generalise the tasks based on example
prompts tailored to custom actions to span their functionality over similar tasks.
Their information exchange can be extended to all the sensory information, provided
they are connected in real time. Their capabilities are discussed in Chapter [8] these
include:

e Cross-Modal Understanding: LLMs like PaLM-FE [74] process multimodal
inputs (text, images, sensor data) by embedding them into a shared latent
space, enabling robots to interpret commands like “harvest the ripe grape
bunch” while referencing camera feeds.

e Contextual Continuity: LLMs maintain dialogue history and environmental
context, as demonstrated in [I52], where vision-language models align visual
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inputs with textual prompts for coherent robotic task execution.

e Intent Disambiguation: By parsing implicit meaning from multimodal
signals, LLMs resolve ambiguities (e.g., distinguishing "turn left" with a pointing
gesture). This aligns with [225], where LLMs disambiguate user intent using
real-time sensor data.

e Real-Time Adaptation: LLMs dynamically adjust robot behaviour based
on sensor feedback. For instance, [74] shows how LLMs enable robots to replan
trajectories upon detecting obstacles.

Synchronous Task Execution Using State Machines

State machines ensure deterministic task execution in dynamic HRI environments,
addressing concurrency and interruptions:

e State Representation: Tasks are modelled as discrete states (e.g., idle,
moving, grasping), a method validated in [77] for modular robot behavior
management.

e Transition Logic: Libraries like Pminsitz’onsE] enable event-driven transi-
tions (e.g., start, pause), ensuring atomic operations. This mirrors frame-
works in [I31], where states prevent resource conflicts.

e Concurrency Control:

o Mutual Exclusion: Only one task accesses shared resources (e.g., gripper,
wheels), critical for safety in collaborative robots [240].

o Interruptible States: High-priority tasks (e.g., emergency stops) override
active states, as in [39].

o Atomic Sub-States: Granular task division enables rollback, as seen in
industrial robot programming [142].

Integration of LLMs and State Machines

The synergy between LLMs and state machines enables context-aware HRI:

e LLM-Driven Transitions: LLMs generate state transition commands (e.g.,
"Terminate navigation") by interpreting natural language, as in [152].

e Feedback Loops: Sensor data (e.g., "object misplaced") triggers LLM-guided
state adjustments, similar to [225].

e Error Recovery: LLMs propose corrective actions (e.g., "Retry grasping"),
modifying state machine parameters dynamically [74].

Zhttps://github.com/pytransitions/transitions
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Chapter 4

Virtual Reality for
Human-Robot Interaction

Virtual simulators have become essential tools in the fields of robotics and human-
robot interaction (HRI), providing a safe and cost-effective platform for testing
and data gathering. These sophisticated digital environments enable researchers
to simulate complex robotic behaviours and interactions with humans without the
risks associated with physical experiments. They have gained prominence as they
allow for rapid prototyping, extensive algorithm evaluation, and the generation
of synthetic datasets crucial for training machine learning models, making them
indispensable in advancing robotics technology [53]. The notable evolution of virtual
simulators has transformed the landscape of robotics research, particularly since
the advent of advanced computational power and Al integration. As simulation
techniques improve, researchers can create highly realistic scenarios that closely
mimic real-world environments, facilitating more effective training and interaction
models. This shift enhances the development cycle of robotic systems and promotes
safer testing practices, as potentially hazardous experiments can be conducted in
a controlled virtual setting [I03], [9]. This chapter illustrates how the virtual real
simulation has been created and used as a tool for HRI. How was this system used
to understand the HRI dynamics of predeployment in real robots? A user study
was needed to understand immersive vs non-immersive experiences and ensure they
can operate effectively alongside human users in diverse settings. Explanations
of the hardware requirements, software features, and how the interaction between
humans and robots is developed within the virtual environment, including verbal
communication, physical gestures, light indications and sound, are described in this
section. However, to provide details about the simulated table-grape vineyard, some
information from internal deliverables authored by PaleBlue has been reviewed and
included in this section.

4.1 Virtual Reality Simulation Architecture

A Virtual Reality (VR) simulator of the table-grape vineyard was developed in
the context of the CANOPIES project for experimental activities, including data
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acquisition, evaluation of proposed solutions, and user studies. PaleBlueﬂ one of the
project’s partners, was in charge of creating the digital twin of the actual vineyard
in Agrimessinaﬂ premises, a table-grape producer in southern Italy (also a partner of
the project), where the final developed approaches would experiment on real robots.
Considering the difficulty in reaching Agrimessina to conduct preliminary analyses
and acquire the necessary data for speech and gestures, a table-grape vineyard in
Aprilia, in the Lazio region (central Italy), has been selected as a worksite for the
project.

However, given the logistical constraints of physically visiting the field multiple
times for data acquisition and approach evaluation, VR is leveraged in both immersive
and non-immersive forms to conduct HRI experiments on collaborative activities,
like grape harvesting and branch pruning irrespective of the seasonal changes and
table-grape harvesting cycle. Any data that is required to replicate is collected in
person during their respective seasons / yield cycles. To this aim, robots and humans
are able to communicate in the simulation environment similarly to how they do
in the real world: talking, listening, pushing, grabbing, and looking. Hence, the
input cues simulate the regular sensors: ears, hands, and eyes for humans, while
joint states, RGB(-D) cameras, and microphones for robots. Essentially, immersive
VR allows the user to “be part of the environment" by projecting them into an
entirely digitally generated world. In such a scenario, the person can manipulate
virtual objects and interact in the simulated environment as in a Human-Human
Interaction. On the contrary, with non-immersive VR, the user can see the virtual
scene through a screen without losing the perception of the real world. In the last
situation, generally, the person embodies a controllable simulated agent through the
keyboard or a joystick.

Ensuring prompt response, particularly when the robot moves in the scenario, or
its end-effector interacts with objects, such as grape bunches, are essential aspects
of the digital world. All interactions are locally computed to achieve this, with
only the outcomes synchronised across the network. distinguishes two
fundamental actor types involved in the VR farming environment: Robot Operating
System (ROS) actors tasked with controlling virtual robots and human agents.

e The Farming robot (robot actor) - implements the functionality for navigation,
harvesting and pruning of grape clusters.

e The Logistic robot (robot actor) - implements functionality for the transport
of boxes with and without grapes.

e Farmers (human actors) - real people who control 3D avatars.

e Spectators (human actors) - real people with some sort of interaction, e.g.,
voice interaction using a microphone and speaker, without avatars.

Each robot or human user is considered an individual client and operates a
distinct client application to interact with the simulation and ensure smooth motion
and communication. These interactions from robotic clients are translated into

"https://pale.blue
Zhttps://www.agrimessina.it/it
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different ROS actions, while those from human users are converted into input
and output for VR hardware. Each client will interact with its matching actor,
such as Robotic clients through ROS, VR clients through VR headsets, Desktop
clients through microphones /speakers and traditional display/keyboard/mouse
interfaces and finally, Mobile clients through microphones/speakers, touchscreens
and potentially any available built-in sensor.

Farming Farmers
Robot

Spectators

Logistic
Robot

Figure 4.1. VR system actors.

Source: PaleBlue simulation environment developed for CANOPIES project.

4.1.1 Simulation Engine Setup

Development of this solution is mainly done using a 3D simulation environment, but
for the robotic client, a separate part for the ROS interfacing is developed.

Unity 3D Engine

The simulation is realised using the Unity 3Iﬂ engine. This choice is because key
components required for the simulation are available off-the-shelf and, thus, do not
need to be developed separately. The Unity engine is a widely used 3D engine in
many gaming and professional projects to simulate 3D interactive environments.
It can simulate high-fidelity and high-performance 3D environments. The basic
functionality of the engine can be extended with many packages that provide
improvements and specialised support for specific needs.

Multi-user Environment

An extension package for Unity which supports multi-user training environment for
VR. Users can use VR headsets in a shared environment to execute tasks together.
They will be represented with full-body avatars and can use voice-interaction for
communication. This environment supports dynamic interaction between the users
which makes it possible to manipulate objects in a realistic way. All movements

3https://unity.com
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of the users and relevant objects are synchronised across the network such that
all users will experience the same situation at the same time. This extension has
been successfully used in various applications. The simulated model representing
the robot in the is a prototype under development, it is used purely as
representation and does not reflect the final stage of development of the robot.

Figure 4.2. Multi-user Environment representation with simulator and VR headset.

Source: PaleBlue simulation environment developed for CANOPIES project.

Unity-ROS Bridge

The Unity-ROS bridge is a ROS package which implements the interface between
Unity and ROS. Unity will communicate with this bridge using a TCP connection,
so it is possible to run this bridge on a computer different from the one running
the Unity simulation. It is also possible to run the bridge on Ubuntu while the
Unity simulation is running on Windows. The unity simulation can communicate
via an ROS interface using the ROS package. This allows us to send and receive
ROS messages via a TCP connection to a specific ROS package which handles the
interfacing between Unity and ROS. ROS topics, actions, states and parameters can
be realised in this way which enables us to implement simulated components like
sensors which communicate with other ROS components in the same way as the
original hardware devices do. The bridge will do the actual implementation of the
ROS topics, actions, states and parameters and forwards these interfaces to Unity.
It is also possible to implement functionality in this bridge itself for cases when it is
more fitting to do it there instead of in the Unity simulation.

4.1.2 Hardware Configuration

The system needs to be a distributed system where participants in the same simu-
lation environment can be located in different physical locations. For this reason,
we have separate hardware for each client and a central server to connect these
together. The hardware for robotic clients is divided into two components, both
fundamental for the overall system functionality. Starting from the left, the blue
computers in execute ROS software, while the black ones handle Unity 3D
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environment simulations. The VR setup for human clients encompasses VR hardware
(on the right), including headsets and controllers, and optionally, a PC to run the
3D software. For optimal performance, the specifications that are considered for
the various clients are presented below: For the hardware we distinguish 3 different
setups:

e ROS client: Minimum 8-core with GTX1650 or equivalent
e VR client: Minimum 8-core with RTX3070 or equivalent for PC-based VR

e Desktop client: Minimum 4-core with GTX1650 or equivalent

O B L
e

Figure 4.3. Distributed Simulation hardware architecture.

Source: PaleBlue simulation environment developed for CANOPIES project.

In order to facilitate rapid testing of the developed HRI approaches in ROS
before conducting VR user studies, PaleBlue ensured compatibility of the virtual
environment with Linux in a non-immersive setup. In this case, the software solution
comprised a ROS package and a Unity simulation, designed to run on Ubuntu 20.04
LTS for the robot client. On the other hand, for the VR client platform, after a
joint exploration of commercially available VR headsets that could suit our goals,
the Oculus Quest 2 in [Figure 4.4 was selected. This standalone headset offers
both an optional cable and cable-free experience for expanded versatility. With a
sharp display, powerful processor, and accurate motion tracking, users can engage in
an immersive experience with intuitive controllers. Although native VR software
support is lacking on Linux, using the Quest on its own or with a PC may require
a Windows computer. Spectator clients can join the simulated environment on
desktops (e.g., laptops) with Ubuntu 20.04 LTS or Windows, or on mobile devices
(tablets or smartphones) with iOS or Android.

4.1.3 Virtual Sensor Integration

The digital twins of both farming and logistics robots are equipped with various
sensors, positioned similarly to those on the real robot. This setup replicates the
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Figure 4.4. Oculus Quest 2 VR Device used in simulation for immersive experiences.

Source: Meta Oculus Quest 2 Product Page.

robot’s perspective, simulating their actual field of view. For the robotic interface,
several sensors need to be simulated. Each of these sensors replicates the actual
values to the simulation environment in real time and produces data on a ROS
interface. Due to the simulation’s computational complexity, the number and type
of sensors that can be included in the scene depend on the hardware specifications of
the computer running the simulation. However, it is expected that multiple sensors
can be used simultaneously in this setup. The configurations of the sensors can be
modified by providing a diverse URDF setup at the start of the simulation. RealSense
cameras on the end-effectors could be re-positioned to achieve optimal views for
tasks like harvesting and pruning. LIDAR and RGB-D cameras are essential to
validate human detection, perceive the grape bunches in the simulation, recognise
gestural commands, and ensure safety features like collision avoidance in the digital
world as presented in

1. 2 Ouster OS1 LIDARs on the mobile base of the robot.
2. 2 Septentrio GPS-RTK receivers on the mobile base.
3. 1 SBG Ellipse IMU on the mobile base.

4. 2 RealSense D435i RGB-D cameras, each mounted on an end-effector of the
robotic arm.

5. 1 RealSense D435i RGB-D camera inside the robot’s head.

RGB Camera

A colour or RGB camera is a standard component in the Unity 3D engine. A
free-hand RGB Camera was placed in the simulation, and configurable based on
the position coordinates to follow the human avatars and robots and to record the
environment with rostopic type Image_raw. It can be attached at any position in
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Figure 4.5. Farming robot with multiple sensors.

Source: PaleBlue simulation environment developed for CANOPIES project.

the scene, and its resolution, field-of-view, colour space, and related settings can be
configured as needed. Typically, the image captured by the camera is rendered on a
screen, but it is possible to capture this data and process ROS messages based on
the images captured by individual cameras. The sensor properties were calibrated
subjectively such that the output of the camera looks as it would be expected in
given situations.

Depth Camera

The simulated depth cameras actually consist of two sensors: the depth sensor and
the colour sensor. This matches the configuration of the real-world depth cameras
in which those sensors are separate as well. The depth sensor itself is not a stereo
camera setup like in the image above, but it is a single sensor placed in the middle
between the stereo cameras. For the depth sensor, the image is actually generated
from the depth map, colour map images and point-clouds of the unity camera. This
depth map is used internally by the unity camera to compute the occlusion of objects
in the camera. This is used to generate an image with the requested resolution
in which every point contains information about the distance to the closest object
at the given camera pixel. The depth values coming from the simulated depth
camera are very accurate as they are directly derived from the scene, as can be seen
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in This is the same as when using Gazebo. In real-world data, we have
random and systematic errors that are not simulated in this way.

Figure 4.6. Simulated Depth camera Point cloud.

Source: PaleBlue simulation environment developed for CANOPIES project

LIDAR

A lidar sensor is simulated using a rotating camera sensor with a sample size equal
to the real hardware lidar. For example, the Ouster OS1-64 will have a vertical
resolution of 64 pixels and a horizontal 360 degrees resolution of 1024 pixels with
a vertical field-of-view of 45 degrees. With a rotation frequency of 10Hz, the lidar
simulation needs to compute 64*1024*10 = 655,360 points per second. Like with
the depth camera, the default data produced by the simulated lidars is error-free.
These sensors were replicated using two approaches:

e 3D ray casting using graphics depth maps on the GPU: Depth maps
are basically used to determine which parts of the meshes are occluded by
other meshes and should, therefore, not be drawn. These were generated using
GPU to render in the 3D scene. This solution is very fast as it is executed by
the GPU, and data is already generated and made available in the GPU.

e Point Clouds The ROS point cloud is generated from the depth maps received
from the GPU. The intensity value is based on the grayscale value of the texture
of the mesh point of the point found by ray-cast. As this mesh point is not
influenced by lighting or shading it should have a similar value as the real-world
intensity value.
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GPS/IMU Sensor

For the moving base, IMU and GPS sensors are used to get information about the
position and orientation. The chosen sensors are the SBG Ellipse-E IME and a
Septentrio GPS-RTK system. The SBG sensor uses GPS-RTK data to get more
accurate location information. On the ROS side, the SBG sensor outputs the
combined data, so no direct interface to the Septentrio GPS sensor is needed. In
the simulation, only one sensor was placed to produce the same simulated data
in the same way as the SBG sensor does. The values of the GPS/IMU sensors
can be derived directly from the movements of the mobile base in the simulated
environment.

4.2 Virtual Simulation Environment and Interaction

The virtual grape harvesting and branch pruning activities are performed in a
3D environment that closely replicates the real testing site in Agrimessina. The
simulation environment in which the virtual representations of the robots and users
interacting through avatars work together and consists of the following components
to replicate the worksite vineyard in Aprilia, in the Lazio region (central Italy).

Ground and Boundaries

The terrain in the simulated environment is a deformable polygon mesh modelled to
provide a non-flat surface that resembles the actual ground and enables the slipping
of the mobile base tracks if they cannot move. These requirements can be fulfilled
with the use of a Terrain component from Unity Engine. The interaction of the
tracks of the mobile base with the ground is modelled by a Physic Material which
defines the static and dynamic friction of the ground. Loose objects like rubble
and rocks can be configured to the ground to mimic the real conditions of the
environment further. Other variables like small plants, dried leaves, foliage and grass
can be added at places around the plot, or random seed parameters generate them
at random locations on the ground by configuring in the simulator settings.

Support structure

The support structure is a permanent structure called trellis to support the growth of
the vines. It consists of vertical and diagonal concrete poles to guide the vine trunks
and support for the following items as shown in the Iron wires to support
the vine’s branches, the irrigation system and the cover structure; Tunnel-shaped
plastic cover supported by the arches; and an Irrigation system. All these components
were modelled as a static structure. This means that it is a permanent, unmovable
structure. It stops the movements of any object colliding with this structure without
movement. This includes collisions with the mobile base, the dual arm, humans,
grape vines and/or grape clusters.
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Figure 4.7. Virtual Simulation Environment trellis.

Source: PaleBlue simulation environment developed for CANOPIES project

Vegetation

The vegetation consists of the grapevines and the attached grape clusters. The
specific requirements set for the clusters depend on the setting for harvesting grapes
or pruning grape vines. Each plant will have the following additional characteristics
for the harvesting period: 1. 2-3 grape bunches per cane; 2. 2-3 canes per branch; 3.
4-6 branches per plant. This results in 16-54 grape clusters per plant and an average
of 32 clusters per plant.

The grape clusters will be a single model, meaning no movement between the
grapes within a cluster will be possible. The peduncle connecting the grape cluster
to the cane can be cut to remove the grape cluster from the cane. The simulated
farming environment has two stages of ripeness: one with the correct colour for
ripeness and the other with a (partially) green colour, indicating that the cluster
should not be harvested yet. These grape clusters are modelled after taking samples
from the worksite.

Figure 4.8. Types of grape clusters in the simulation.

Source: PaleBlue simulation environment developed for CANOPIES project

Boxes

The position of the boxes (with their contents) is synchronised when they are moving
in their local space. When a box has a fixed place on a robot and this robot moves,
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Figure 4.9. Vineyard at worksite after defoliating.

Source: PaleBlue simulation environment developed for CANOPIES project

the box position is not synchronised as it is not moving relative to the robot. These
boxes come with an ID when spawned given the position so they can be removed
from the environment using a ROStopic.

Environmental conditions

Environmental conditions such as light, dry weather and exposure can be parametrised
to specific settings to resemble day, night and specific sunlight directions. This can
be achieved by adjusting the colour temperature, directional light intensities, local
light intensities, and exposure value.

Figure 4.10. Simulated vineyard at different environment conditions resembling morning
and noon.

Source: PaleBlue simulation environment developed for CANOPIES project

Robot Clients

The robot clients replicate a real robot as a digital twin. The Canopies consor-
tium partner PAL Robotics provides the URDF file for both robots, which were
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automatically constructed from the URDF (Universal Robot Description Format)
description of the dual arm to ensure that it is the same as the real thing. This
model can be easily updated according to the prototype release and simulate the
robot’s movements, physics interactions and the sensors attached to the robot. The
communication with the simulated robot will use the same ROS topics and messages
as the real robot such that it is possible to use the same robot control software
with both the real and simulated robots. There will be two types of mobile base.
A farming robot with a dual arm executes pruning and harvesting activities, and
a logistic robot carries boxes for grapes and exchanges the boxes with the farming
robot. The mobile base can move around using the differential drive implemented
with two simulated tracks. This enables it to move forward and backwards, make
turns and rotate 360 degrees on the spot. The tracks will interact with the objects
on the ground which will result in a bumping movement when driving across uneven
terrain. When climbing small elevations in the terrain, the mobile base will pitch
and roll to follow these elevations.

Figure 4.11. Farming and Logistic robots with a human in virtual simulation.

Source: PaleBlue simulation environment developed for CANOPIES project

4.2.1 Human Avatars

The environment supports the introduction of multiple types of human avatars in a
scene. All of these human avatar types can be combined within the same environment
when necessary as shown in Static and animated humans may be added
using the dynamic scene configuration, which allows the system to specify each
human’s position, orientation, and appearance. The key distinction between static
and animated humans lies in the animator controller included with animated humans,
enabling them to play various pre-recorded animations, as detailed below.

1. Static Humans: These figures remain stationary and can serve as obstacles
that robots need to detect. An unlimited number of static humans may be
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introduced into the scene, either by using the dynamic scene configuration
process or by making ROS service calls.

2. Animated Humans: These are capable of movement based on pre-recorded
animations, which can be started or stopped through ROS commands. Each
animated human in the environment can run a unique animation selected
from a built-in library. Additional animations can be created, removed, or
modified within the Unity3D development environment using a separate build
configuration.

3. Controlled Humans: These characters are driven in real-time by a user
operating a virtual reality device. The device tracks the user’s head and hands,
and maps these movements onto the corresponding characters in the simulation.
The resulting poses are derived by applying inverse kinematics to the upper
body, combined with procedural animations for the legs.

Figure 4.12. Multiple Human Avatars in simulation environment.

Source: PaleBlue simulation environment developed for CANOPIES project

4.2.2 Virtual Human-Robot Interaction

This section describes the various methods of interaction between multiple humans
and between robots in the simulation environment.

Physical Interaction

Humans can interact physically with robots through actions such as grabbing or
pushing, resulting in forces exerted on the robot’s joints. These forces are reported
in ROS via the Joint States topic or through feedback from the Joint Trajectory
Controller state, mirroring the interface used by the real robot. If this force feedback
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is processed appropriately, the robot can behave in a compliant manner; if ignored,
it attempts to maintain its pose and resists external forces.

An impedance controller was placed to enhance compliance. This approach
adjusts the robot’s stiffness and damping gains, potentially leveraging the Tiago
impedance controller deployed in the Canopies robotic prototype. Dedicated topics
publish each simulated Series Elastic Element (SEE) at each joint. The impedance
controller was directly implemented and integrated into the simulation. When
collisions occur between the robot and a human, the resultant joint forces can be
applied to correct the robot’s motion. Without such corrections, the robot effectively
“fights" against human movements, generally prevailing due to its mechanical strength.

Human Hand Interaction The simulation applies dynamic physics only to the
avatar’s hands, allowing them to exchange forces with other objects. Other body
parts, such as the legs and head, remain kinematic and thus cannot be moved by
external forces. Consequently, collisions with the robot’s mobile base do not displace
the avatar’s legs or head; instead, the mobile base halts, regardless of its strength.
Hand forces are computed from the offset between the avatar’s hand in the virtual
space and the user’s real controller. Under normal conditions, this offset is zero,
ensuring that the virtual and real hands coincide. If the virtual hand collides with an
object, the robot and the avatar’s hand are prevented from penetrating it, whereas
the physical controller can continue to move as shown in The difference
in positions generates a proportional force, limited to 100 N for every metre of
separation.

Figure 4.13. Human hand and the controller position without collision vs collision. The
yellow arrow indicates the force applied to the robot.

Source: PaleBlue simulation environment developed for CANOPIES project

Users also experience a subjective form of force feedback through two main
mechanisms. First, the object’s visual response to applied forces (influenced by its
mass and friction) offers cues about its weight and inertia. Second, larger movements
are required to manipulate heavier objects, causing an internal sense of effort or
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muscular strain. Although the user’s muscles do not directly feel a counterforce, the
combined visual feedback and increased physical motion contribute to an overall
perception of force feedback.

Voice and Sound Interaction

Participants can interact orally within the table-grape simulation environment, mir-
roring real-world conversational dynamics. In immersive settings, headsets equipped
with integrated microphones and speakers facilitate voice communication, whereas
in non-immersive experiences, Bluetooth devices can serve the same purpose. Alter-
natively, the system supports virtual avatars equipped with simulated microphones
and speakers on the robots, thereby enabling flexible arrangements for speech-based
user studies.

Furthermore, to investigate methods of enhancing participants’ awareness of the
robot’s actions, PaleBlue integrated functionality within the simulation to load and
play custom sounds, thereby improving the auditory feedback provided to users.

Light Indications

To deliver notifications, alarms, and warnings, the robot can combine auditory signals
with indicator lights that activate in specific patterns to denote various conditions.
Humans and other robots readily perceive these visual cues, thereby enhancing the
clarity of the robot’s alerts.

Gestural Interaction

Human avatars employ dynamic physics for multiple hand poses, with button inputs
dictating specific gestures (see . Introducing gestural interaction in
the virtual table-grape vineyard environment is crucial for accurately representing
finger positions during gesture execution. Because hand recognition systems may be
sensitive to slight misalignments, a predefined library of hand and finger poses was
provided to PaleBlue to facilitate the study of gesture-based human-robot interaction
(HRI) in the simulator. Each custom-designed hand pose is linked to a controller
button, while the desired avatar gesture can be modified through ROS topics and
services. Furthermore, full-body gestures were integrated into avatars, which were
further discussed in Chapter [f|and [7}

AR

Figure 4.14. Various hand poses with controller input.

Source: PaleBlue simulation environment developed for CANOPIES project
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VR Applications in HRI

Virtual Reality (VR) plays an important role in human-robot interaction (HRI),
providing a controlled yet highly flexible environment for simulation-driven user
studies, bidirectional learning, and synthetic data generation. These environments
enable the replication of real-world scenarios while capturing a wide range of human
behaviours, making them invaluable for developing and refining interactive robotic
systems.

User Studies and Interaction Modelling Extensive user studies similar to the
section [section 4.3 can be conducted in VR environments to examine human-robot
interactions, incorporating participants with diverse body types and demographic
backgrounds. Systematic data collection has revealed a consistent improvement
in user scores across multiple interactions, indicating that participants gradually
adapt to the robot’s interaction style while developing a deeper understanding of its
intentions. By incorporating closed-loop feedback mechanisms, interaction models
are fine-tuned based on user responses, fostering a more intuitive and adaptive
collaboration in shared spaces.

Bidirectional Learning for Adaptive HRI For seamless human-robot collabo-
ration, bidirectional learning is essential. Robots must not only execute commands
but also perceive, reason, and respond to human intentions. Through gesture recog-
nition, pose estimation, and multimodal inputs, robots can adapt their behavioural
strategies over time, leading to a more natural and efficient interaction process.

Synthetic Data Generation in VR Simulations VR simulation environments
offer a particularly promising avenue for producing synthetic data to train and
evaluate Al-driven robotic systems. These environments can be customised to
replicate real-world conditions, facilitating data collection on pose estimation and
gesture recognition under controlled yet varied conditions. By simulating diverse
gestures, postures, and environmental factors (e.g., occlusions, challenging lighting,
or dynamic obstacles), developers can iteratively refine algorithms before deploying
them in real-world applications.

Beyond pose and gesture data, VR simulation can incorporate vocal utterances,
replicating natural multimodal human-robot interactions involving speech, auditory
cues, and voice commands. The ability to generate combined datasets that integrate
visual, skeletal, and auditory features significantly enhances the training of robust
recognition and dialogue systems, allowing robots to respond to more nuanced human
inputs.

Rapid Prototyping using Image-to-3D Modelling An additional advantage
of synthetic environments is their ability to facilitate rapid prototyping through
recently developing and thriving image-to-3D modelling techniques. By leveraging
automated 3D reconstruction, 2D images can be converted into high-fidelity 3D
environments, enabling researchers to create and modify virtual scenes that closely
resemble real-world settings. This technique significantly reduces reliance on physical
prototypes, streamlining the iterative design cycle for robotic applications.
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Robotic Simulators for HRC and Data Collection Robotic simulators serve
as critical tools for testing algorithms, evaluating human-robot collaboration (HRC),
and generating synthetic datasets. The simulation platforms like HumanTHOR
[210, 254], for instance, facilitates the benchmarking of HRC tasks by assessing
success rates and execution times. These simulators also enable zero-shot Sim2Real
transfer, allowing models trained in simulation to perform comparably in real-world
scenarios.

Advantages of VR-Based Simulators The cost-efficiency of VR testing min-
imises physical prototyping expenses while reducing the risk of costly design flaws.
Additionally, VR simulations allow for safe exploration of high-risk tasks, protecting
both humans and robotic systems. The iterative nature of virtual environments ac-
celerates the development process by enabling rapid modifications to robotic designs
without the constraints of physical testing. Furthermore, VR provides immersive
training environments, equipping human operators with the skills necessary for
effective robot interaction.

Challenges Despite its advantages, VR-based simulation faces several challenges.
Limited asset libraries constrain adaptability, as new robotic tasks often require
the manual integration of additional 3D models. While simulators may not be
cost-effective for short-term use, they prove to be cost-efficient over the long
term—provided they remain relevant and are constantly developed and maintained.
The Sim2Real Gap though solved in the case of CANOPIES project, remains a key
issue in general HRI applications, where the transition from simulated learning to
real-world deployment is hindered by visual inconsistencies, simplified physics, and
rendering limitations. Moreover, current XR frameworks often lack cross-platform
extensibility, making it difficult to adapt simulations across multiple VR headsets.

4.3 Immersive and Non-immersive User Studies

The application of VR in all its forms of experience (either immersive or non-
immersive) is highly employed in different fields of study, such as medicine, education,
industry, aerospace, architecture and history. Essentially, immersive VR allows the
user to “be part of the environment" by projecting him/her into an entirely digitally
generated world. It allows the person to manipulate virtual objects and interact
in the simulated environment as it happens in a Human-Human Interaction. On
the contrary, with non-immersive VR, the user sees the virtual scene through
a screen without losing the perception of the real world. Both immersive and
non-immersive cases have been considered to collect data, and conduct initial
experiments on people’s perception and the robot’s understanding. In particular, in
other application scenarios, it was demonstrated that acquiring data and evaluating
preliminary solutions or complete approaches in VR could provide multiple benefits in
terms of experimental settings, costs, and safety [I149]. Nevertheless, very few studies
cover the use of VR in collaborative robotics for precision agriculture scenarios.
However, none of the available works describe VR as a reliable solution for both
data acquisition and system evaluation. The developed simulation environment
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could be a reliable solution as it was made as a digital twin to the table-grape
worksite. Thus investigating the adoption of this novel technology to carry out
HRI-related experimental activities and collaboration between human workers and
robots, such as in grape harvesting and pruning is essential to enhance the robot’s
comprehension of the human (and vice-versa) while performing collaborative tasks in
CANOPIES application scenario, the interaction has been considered from an agent
communication perspective, by analysing the message type (speech act) exchanged
between people and robots.

Two user studies have been conducted in VR, differing in the type of experience:
immersive and non-immersive. In both experiments, the 81 participants involved
vocally interacted in Italian with the agronomic robot in the table-grape vineyard
simulated environment of the CANOPIES project, by providing utterances with
diverse tones and content details: Information, Command, Request, and a combi-
nation of them. Verbal feedback of the robot’s comprehension (as a classification
of the sentence provided in input by the person) was delivered to the user, along
with feedback in terms of the robot’s motion in the virtual world (in response to
the command execution). These user studies conducted in an Immersive Virtual
Environment (IVE) and Non-Immersive Virtual Environment (NIVE) were compared
to discuss participants’ feelings and identify the most suitable type of experience that
could be adopted for the upcoming experiments in the CANOPIES project. In both
studies performed in a virtual reality environment created in the project context,
the developed speech act classification system was only used as a tool to evaluate
and compare the two experiences. To this aim, the research questions addressed in
this section are the followings:

e QI: Is the IVE experience preferable to conduct user studies in the table-grape
scenario compared to NIVE?

e (Q2: How the experience in NIVE could influence users’ feelings of the immersive
world compared to people participating only in IVE?

4.3.1 Study Design

A series of user studies were conducted to compare immersive and non-immersive
virtual reality (VR) experiences for human-robot interaction (HRI) within the
CANOPIES project. The researchers primarily recruited students from the host
institution, based on the assumption that young adults would provide detailed and
meaningful insights into the adoption of such emerging technology. The studies were
carried out over one month in a dedicated laboratory, where student engagement
was notably high.

Before commencing the experiment, each participant was asked to sign a consent
form to allow voice recording during interactions with the virtual robot. Subse-
quently, a concise overview of the CANOPIES project and the objectives of the
experimental activities was provided. This explanation placed particular emphasis
on the agronomic robot’s capabilities, since participants would interact with it in the
virtual environment, and on various table-grape types (including “white pizzutello",
“black pizzutello", and “black magic") to enrich the interactive experience. Although
most participants had an engineering background, which might have limited their
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use of domain-specific terminology for vineyard-related tasks, their behaviour was
nonetheless observed throughout the study as the tasks changed. At the end of the
session, each participant completed a questionnaire comprising 23 statements, rated
on a 5-point Likert Scale from 1 (Strongly Disagree) to 5 (Absolutely Agree). The
questionnaire was based on the user study evaluation for immersive virtual environ-
ments (IVEs) presented in [238], with certain statements reviewed and adapted to
allow a balanced comparison between non-immersive virtual experiences (NIVEs)
and IVEs in line with the experimental goals. Vocal utterance data acquired during
this study was analysed and discussed in depth in section

Non-Immersive Experience

During a two-week period, 40 participants (32 male, 8 female) were involved in
evaluations using the Non-Immersive Virtual Environment (NIVE). Despite the
one-hour duration of the experience, a sufficient number of users participated.
Approximately 75% of these participants had prior experience with VR applications,
and 17.5% reported negative feelings towards VR usage in the past. Concerning
domain expertise, 27.5% had previous familiarity with vineyard activities, whereas
40% had worked with robots in the NIVE. In addition, 52.5% had interacted with
real robots on multiple occasions.

To run the CANOPIES non-immersive simulator (developed by PaleBlue, Norway)
and the accompanying speech system, an Alienware Aurora Ryzen Edition R14
computer was employed. This machine featured 64 GB of RAM and an AMD Ryzen 9
5950 X 16 core processor running Ubuntu 20.04, providing sufficient computational
power for the Unity Linux executable of the simulator. In order to minimise
background noise and record spoken commands, participants used a headset equipped
with a toggle to enable or disable the microphone. Within the NIVE, each user
controlled a virtual avatar—representing their own position—via keyboard inputs.
They could adjust the horizontal camera view using either the keyboard or mouse,
enabling them to observe the robot’s autonomous movements. These movements
were determined by the system’s interpretation of spoken commands, cross-referenced
with relevant terms in its knowledge base.

Immersive Experience

A separate set of studies focusing on the Immersive Virtual Environment (IVE) was
conducted over the course of one week. Similar to the NIVE experiment, the sample
primarily consisted of Master’s and PhD students in Engineering and Computer
Science, resulting in a group of 41 participants. Of these, 25 had previously taken
part in the NIVE, while 16 were new to the research. As before, there was a
higher representation of male participants (33) compared with female participants
(8). Approximately 61% had utilised immersive VR applications in the past, with
19.5% indicating negative experiences. Furthermore, 43.9% of participants were
knowledgeable about vineyard activities, 48.8% had worked with real robots, and
17.1% had experience with androids in immersive environments.

Two high-performance machines were employed for the IVE studies: the afore-
mentioned Alienware Aurora Ryzen R14 (running Ubuntu 20.04) for the speech



72 4. Virtual Reality for Human-Robot Interaction

system, and an Alienware x17 R2 notebook (running Windows 11 Home) equipped
with 32 GB of RAM, a 12th generation i9 CPU, and an Nvidia RTX 3080 Ti GPU.
The Alienware x17 was connected to an Oculus Quest 2 headset via an Oculus
Link cable, allowing real-time observation of each participant’s viewpoint during
the experiment. To limit potential discomfort, the maximum exposure in the IVE
was set to 30 minutes. A handheld Jabra microphone served as the communication
device, enabling participants to press a button to begin and end speech recordings.

In contrast to the NIVE, participants in the IVE were free to walk within a
2m x 2m space in the laboratory. This area facilitated physical movement in the
immersive vineyard, allowing users to monitor the robot’s activities and responses
as they navigated the environment. The robot’s motion in the IVE was not directly
controlled by the ROS-based speech system, as a robust connection between ROS
and Unity was not yet established. Instead, the robot’s actions—based on the user’s
spoken commands—were manually replicated using the Oculus Quest 2 controllers,
ensuring fidelity to the intended interaction despite the temporary limitations in
system integration.

4.3.2 Results and Observations

The outcome of the questionnaires from user studies in the NIVE and the IVE are
presented and discussed in this Section. Precisely, the results of the first 23 questions
are reviewed based on their measurement categories: Immersion, Presence, Engage-
ment, Flow, Emotion, Skill, Judgement, Experience Consequence, and Technology
Adoption.

Users’ impressions are compared by identifying two macro-groups: people involved
in the NIVE (40 subjects) and participants that took part in the IVE (40 subjects).
Moreover, users experiencing the immersive scenario can be distinguished into
two sub-groups: people participating only in the fully-immersive environment (16
subjects) and a set of users that first experienced the NIVE, then the IVE (25
subjects). Such a choice was driven by our interest in investigating how the experience
in the non-immersive scenario could influence users’ feelings of the immersive world
compared to people participating only in the immersive environment. Hence, the
three groups analysed in the measurements are summarised below:

e people participating only in the first experiment experiencing the NIVE
e people participating only in the second experiment experiencing the IVE

e people participating in the second experiment in the IVE, but they were first
involved in the NIVE study

All the questions with the corresponding average score, emerging respectively
from each of the aforementioned groups of participants, are available in [Table 4.1]
with the highest value for each statement emphasised in bold. At the same time, a
graphical representation is provided in Figure [4.15

However, an examination of the 81 returned questionnaires revealed that, in
terms of the Engagement category, most participants regarded the virtual world’s
visual elements as highly beneficial for interacting with the robot, thereby enhancing
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Measurement NIVE IVE IVE + NIVE

Statement . . .
Category Experience Experience Experience

1. The visual aspects of the virtual environment

helped me in the interaction. Engagement 4.18 4.25 4.32

2. I felt involved in the virtual environment

experience. Engagement 4.05 4.69 4.32

3. I could actively survey what was happening

in the virtual environment. Presence 4.48 3.94 4.56

4. I was able to examine objects closely. Presence 3.68 4.13 4.60

5. I could examine objects from multiple

viewpoints. Presence 4.25 4.31 4.40

6. I felt proficient in moving and interacting

with the robot. Presence 4.10 3.88 3.96

7. I could concentrate on the task rather

than on the devices. Presence 4.28 4.00 4.28

8. I was so involved in the virtual environment

that I was unaware of things happening

around me in the real world. Immersion 2.73 3.31 3.40

9. I was so involved in the virtual environment

that I thought I was in the scene. Immersion 2.50 3.06 3.68

10. I was so involved in the virtual environment

that I lost track of time. Immersion 2.83 3.19 3.48

11. T knew what to say and/or do in each scenario. Flow 3.50 3.38 3.92

12. I was not worried about people’s judgment

during the interaction. Flow 4.50 4.25 4.48

13. Personally, I would say the virtual

environment is a valid solution to

test the robot’s comprehension. Judgement 4.48 4.56 4.36

14. Personally, I would say the experience

in the virtual environment is exciting. Judgement 3.65 4.19 3.84

15. I felt confident using the keyboard/Oculus

Quest 2 and interacting through the headset/microphone

(depending on the type of experience). Skill 4.28 4.00 3.92

16. If T use the same virtual environment again,

the interaction would be faster and more spontaneous. Technglogy 4.13 4.06 4.04
Adoption

17. Using devices (headset, keyboard/Oculus

Quest 2, microphone) to interact in the simulated environment

L . . . Technology

is simple and practical (depending on the type of experience). Adoption 4.33 4.19 4.00

18. I would like to interact more often

with virtual systems similar to

. . Technology

this experience. Adoption 3.65 3.94 3.92

19. I suffered from fatigue, headache,

eyestrain, vertigo or nausea during my

interaction with the virtual environment. Experience 1.05 1.75 1.60
Consequence

20. I enjoyed the experience so much

that I felt energised at the end

of the experience. Emotion 3.40 3.56 3.40

21. During the interaction in the

virtual environment, I felt anxious. Emotion 1.48 1.81 1.44

22. I enjoyed dealing with interaction devices. Emotion 3.95 4.50 4.20

23. I felt natural interacting vocally

in the virtual environment. Emotion 4.35 3.56 3.92

Table 4.1. English translation of the proposed user experience questionnaire with average
scores from the three groups of participants.

their overall involvement. On average, responses in the Engagement category
received a score of 4 across all groups. The lowest mean (4.11/5) arose from the
group participating solely in the non-immersive virtual experience (NIVE), whereas
the highest mean (4.47/5) occurred among individuals who took part only in the

immersive experience (IVE).

When assessing the Presence category, several factors were considered, including
participants’ ability to manage the robot actively, inspect objects in the environment
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Figure 4.15. Graphic representation of the questionnaire responses. Non-immersive average
values are presented in red, while immersive ones are in green.

(e.g. grapes, leaves, and branches) from diverse distances and viewpoints, move freely,
interact with the android, and concentrate on the task rather than the hardware.
A comparison of responses from the three groups indicates that those who first
experienced the non-immersive scenario and then progressed to the immersive setting
demonstrated the strongest sense of presence in the IVE (4.36/5). By contrast,
participants involved exclusively in the immersive study reported a lower sense of
presence (4.05/5) than those who only engaged in the NIVE (4.16/5).

For the Immersion measure, which examines participants’ sense of time distor-
tion and awareness of the real environment, findings suggest that immersive scenarios
delivered a more pronounced sense of immersion compared to non-immersive ones
(2.68/5). Notably, the highest average value for immersion (3.52/5) was reported by
those who had previously taken part in the NIVE.

In evaluating Flow, an assessment was made of whether participants felt com-
fortable with the interaction, including what to say and how to act without concern
for external scrutiny when engaging with the virtual robot. Survey data reveal
that the highest average score (4.2/5) was achieved by the group who participated
in the IVE following a prior experience in the NIVE. Conversely, the lowest flow
score (3.81/5) was observed among individuals who only took part in the immersive
setting.

The Judgement category focuses on feedback regarding the suitability of the
virtual environment for evaluating the robot’s understanding of user inputs, as well
as its overall level of enjoyment. In this category, participants involved exclusively
in the IVE returned the highest average (4.38/5), while the NIVE resulted in the
lowest mean (4.06/5).

Skill was measured to gauge participants’ confidence using the relevant inter-
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action devices: the keyboard and headset for the NIVE, and the Oculus Quest 2
with a Jabra microphone for the IVE. The questionnaires indicate that those who
took part solely in the NIVE felt more comfortable with the equipment (4.28/5),
whereas participants who engaged in the IVE after the NIVE provided a lower score
(3.92/5).

Technology Adoption assesses the extent to which individuals are inclined
towards technology and the degree of interest they show in using it. Indicators
included participants’ beliefs regarding the potential to improve speed and commu-
nication through continued use, the practicality of the interaction devices, and their
willingness to engage frequently in either NIVEs or IVEs. The highest ratings for
technology adoption (4.06/5) came from those solely experiencing the IVE, followed
by the group that participated in the NIVE (4.03/5).

In the Consequence category, the questionnaire evaluated whether participants
experienced any adverse reactions (e.g. fatigue, headaches, eye strain, vertigo, or
nausea) while interacting in the environment. As anticipated, the IVE participants
reported the highest values. Notably, the group who participated only in the
immersive scenario yielded an average of 1.75/5, followed by those who had also
taken part in the NIVE (1.6/5). By contrast, the non-immersive cohort presented
the lowest mean (1.05/5).

Finally, the Emotion category aimed to capture both positive and negative
emotions experienced in each scenario. Positive indicators involved ratings of energy
post-experiment, preferences for the interaction devices, and the perceived natu-
ralness of verbal communication, whereas negative aspects centred on participants’
anxiety levels. Positive emotion scores appeared relatively consistent among the
three groups, ranging from 3.84/5 (those who participated in the IVE after the
NIVE) to 3.9/5 (the NIVE-only cohort). Nevertheless, the lowest level of anxiety
(1.44/5) emerged in individuals who had experienced the IVE following the NIVE,
while the highest was recorded in those who had taken part only in the IVE (1.81/5).

To test the statistical significance of the results presented in Figure a
two-tailed unpaired t-test was applied using p < 0.05 as a threshold. Notably, a
statistically significant difference in mean was identified for questions 3, 5, 8, 9, 16,
and 20, and borderline values (p ~ 0.055) were observed for questions 10 and 15.
Differences in mean for questions 17 (p ~ 0.06), 22 (p ~ 0.07), and 23 (p ~ 0.13)
were not statistically significant.

4.3.3 Discussion and Implications

Identifying the most suitable virtual reality (VR) experience for a user study can
be challenging. An analysis of questionnaire data indicates that six out of nine
measurement categories—FEngagement, Presence, Immersion, Flow, Judgment, and
Technology Adoption—received their highest ratings from participants in the immer-
sive virtual experience (IVE). Moreover, most users who had previously participated
in a non-immersive virtual experience (NIVE) preferred the immersive approach.
Nonetheless, extended use of the Oculus Quest 2 headset and the limited space for
user motion emerged as concerns in an open-ended question about negative aspects
of the experience.

Based on these observations, forthcoming experiments in the CANOPIES project
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predominantly employed immersive user studies to gather data and assess human-
robot interaction (HRI) methods that do not require individuals to stay in the virtual
environment for longer than thirty minutes or engage in extensive physical movement,
thereby reducing the risk of discomfort. Consequently, immersive approaches will be
avoided when a person’s mobility is necessary for evaluating specific solutions but
sufficient physical space is unavailable. Although teleportation can provide movement
in confined areas, researchers have found that this unnatural type of locomotion
may heighten motion sickness [253]. Therefore, non-immersive settings remain a
valuable alternative for more extensive HRI investigations and for evaluating robotic
performance across different regions of the virtual environment.



77

Chapter 5

Synthetic Data (eneration and
Evaluation

Understanding and interpreting human poses and gestures is indispensable for
creating natural interactions between humans and machines across collaborative
domains, such as smart manufacturing and precision agriculture. However, obtaining
real-world datasets can be expensive, time-consuming, and entangled with ethical
and logistical challenges. Synthetic data has gained prominence as an alternative to
address these obstacles. It allows researchers to generate extensive and varied samples
that accurately reflect human motions, gestures, and speech without incurring
the complexities of real-world data collection. In the context of human-robot
interaction (HRI), advanced simulation platforms enable the assessment of system
architectures for pose estimation, gesture recognition, and spoken dialogue under
realistic conditions. They also integrate environmental complexities and accurately
represent motions, interactions, and digital objects [63], helping developers refine
algorithms, accelerate deployment, and reduce costs.

This chapter details how synthetic datasets generated within such simulations can
support pose estimation, gesture recognition, and vocal utterances. It also examines
how text /image-to-3D modelling expedites prototyping by converting standard
figures into detailed objects that can be used in virtual environments. Combining
these techniques facilitates the creation of robust ground-truth data for early-stage
development, enabling faster iteration and safer, more cost-effective evaluation of
emerging HRI solutions.

5.1 Data Generation Strategy

Synthetic data was necessary for training machine learning models, especially for
tasks in computer vision and natural language processing. It allows the creation of
realistic and diverse datasets for training using virtual characters, enabling them
to exhibit lifelike behaviours, gestures, and expressions. However, one persistent
challenge is ensuring diversity within the generated data. The following sections
explain how synthetic data was generated for training machine learning algorithms
using the virtual simulation.
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5.1.1 Character Creation

Character creation presents several challenges while designing characters with vari-
ability as the process is time-consuming, has limited variability, has consistency
issues, repetitive tasks, iteration challenges, skill dependency, and scalability issues.
It demands meticulous attention to detail, making the achievement of consistent
results across multiple variations difficult. To overcome these challenges, alternative
approaches such as procedural generation or automation tools may offer solutions to
streamline the character design process and achieve more significant variability across
character sets. While Machine learning and Generative Al tools offer numerous
models for digital humans, integrating them into existing software platforms poses
several challenges due to configuration mismatches. Conversely, software solutions
like Autodesk Character Generator[19], Unreal Engine’s MetaHuman Creator[80],
and Unity’s Character Creator[246] empower users to sculpt, texture, and animate
characters with unparalleled detail, variability, and realism.

Autodesk Character Generator was chosen for creating characters as it offers
required diversity across various demographics, including gender, age, ethnicity,
skin colour, eyes, hair, type, body size, clothing, and height. With this tool, 30
unique characters were generated, comprising both male and female subjects with
several variations. Each character was meticulously customised utilising the tool’s
extensive library of body types, outfits, hairstyles, and physical attributes. The
character design process was aimed to ensure a balanced representation of various
demographics to capture the diversity of actual humans accurately.

While the character design option offers variability on several factors, the Generate
character tool also offers configuration to suit the needs of users based on what
software tool they are going use. illustrates how a user can tailor a
character’s features to their specific requirements. This customisation encompasses
everything from the character’s detail level (polygon density) to their facial expression
and even the file format in which the character is saved. All the generated characters
were then tested for compatibility with the rigs and the file format to fit the software
Unity Hub.

5.1.2 Animation Extraction

Motion capturing through videos using RGB-D cameras allows to recreate the motion
into animation using animation extraction tools. When conducting human motion
capture with the camera, focusing on camera placement, character positioning, and
ground motions is crucial. Positioning the camera 2-4 meters (6-15 feet) away from
the subject and keeping it stationary and perpendicular ensures optimal capture
conditions. Additionally, capturing the full body, half body, or face of the human
subject without any occlusions or objects obstructing the view is essential for accurate
tracking. When recording ground motions, angling the camera at a 3/4 angle helps
prevent key joint occlusions. These precautions can ensure smooth capture of
the motion for better animation and its extraction. Defined gesture motion for
each gesture was captured into rosbags at several distance settings using an Intel
RealSense D435i Camera, which has robust depth sensing capabilities and an inertial
measurement unit (IMU). These rosbags were processed into video clips per gesture
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Figure 5.1. A sample of the Characters generated compatible to unity after the designing

animation.

We used Deep Motion[66] tool for Animation extraction as it introduces a novel
and easy approach to streamline the process through the application of advanced Al
algorithms. Unlike traditional manual extraction methods, Deep Motion offers an
automated solution, aiming to reduce time and effort while ensuring the extraction
of high-quality animations. By analysing the video footage, motion capture data or
existing animations, Deep Motion employs precise algorithms to identify and extract
relevant motion data efficiently using real-time 3D body tracking technologies. To
ensure the highest quality animations, it is essential to adhere to specific video
capture guidelines discussed above while recording the gesture motion data. While
capturing gesture motion from the face and hands requires intricate details for facial
tracking and hand tracking algorithms to produce good animation, but doesn’t need
facial data.

To enhance the realism and quality of animations, DeepMotion’s motion capture
system includes features like the Physics Filter and Motion Smoothing. The Physics
Filter reinforces joint limits, addresses self-collisions, and reduces clipping to improve
animation realism. On the other hand, Motion Smoothing utilises advanced Al filters
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Figure 5.2. Virtual character with Grape field background in simulation

to remove jitter and enhance animation smoothness. Lighting and contrast play
crucial roles in motion tracking, with neutral lighting conditions and high contrast
between the subject and background recommended for optimal results. Additionally,
considerations such as clothing choice, foot locking, and video length restrictions
contribute to achieving high-quality motion capture results. Final animations were
downloaded with initial T-pose and I-pose options in .fbx format rigged to an empty
mannequin-like character to be fitted with the virtual human characters we have

created.
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5.1.3 Character Merge to Environment

In the process of merging character models and animations in Unity [247], several
key steps are typically followed. Firstly, the character model is imported into the
Unity project, ensuring it is correctly rigged as humanoid to enable animation.
Unity supports various rigging methods, including humanoid and generic rigging.
Gesture Animations were then imported and subsequently added to the project. An
Animator Controller is created to manage the animations, with each animation state
represented within the controller. Transitions between states are defined to ensure
smooth movement between different animations. Scripting can be employed for
more intricate control over animations, allowing for dynamic responses to characters
based on triggers. Once set up, the Animator Controller is attached to the character
model, integrating animations with the character’s behaviour. These animations
can be called using ROS commands whenever the character needs to perform the
intended gesture in front of the robot. When multiple characters are simulated, the
animator control can map one or many gestures to one or more characters, which can
be triggered by ROS commands that identify each character with a unique identifier.
Throughout this process, attention to detail was crucial for seamlessly integrating
character models and animations within Unity. There was no adequate metric for this
evaluation, so the animation’s effectiveness was measured through human observation.
Testing was essential to ensure that animations function as intended, which helped
identify any issues or inconsistencies, allowing adjustments for refinement and
optimisation of animations and their transitions. Under-performing animations were
discarded and re-recorded from different angles, which can capture the movement
optimally to generate the proper animation to map back into the simulation. These
steps created an immersive experience where characters move fluidly and respond
dynamically to the simulation environment, enhancing overall engagement.

5.1.4 Real-Time Data from the field

The real-time data was captured using Intel RealSense Depth camera D435i with
IMU and stereo vision in the table-grapes field in Aprilia (Lazio), a worksite for
the project. The gesture data was recorded after consent to use and publish it for
research purposes. To this aim, 8 persons from different age groups and genders
participated in recording the defined gestures, as shown in [Figure 5.4] These gestures
were recorded at the resolution 1280x720 at 30 FPS with depth RGB-D information.
The gestures were performed and captured at 4 different distance settings, starting
at 1.5 meters from the camera and increasing the interval by considering multiples
of 1.5, to store such information in RGB-D rosbags. All 21 gestures were recorded
into a single ROS-Bag file for each distance per person. All the files were then post-
processed to extract videos and frames of the performed signs based on the type of the
gesture(Static/Dynamic). Then, Mediapipe’s pose estimation algorithm was applied
to verify if all the key points of the poses were being detected. For convenience in
experimentation, 12 (11 static gestures + standing pose) were primarily considered,
with all belonging to the initiation and navigation of the robot in different directions.
For the purpose of classification, an extra class of Unknown Pose was added to
categorise a gesture out of these 12 classes. Finally, a balanced dataset of 25,192
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Figure 5.4. Real-time gestures captured in the table-grape field with different people at
various distances.

frames for these 13 classes was obtained after data augmentation. The methodology
for training and evaluating the gesture recognition algorithm using hybrid data
(combining real-world and synthetic datasets) is detailed in section including
its implementation and performance analysis.

5.2 Synthetic Data Creation

5.2.1 Gesture Synthetic Data

The Unity simulation system was utilised to capture the nuanced gestures enacted
by a cohort of 30 virtual characters, employing multiple cameras within the Unity
tool. This process involved meticulous attention to varying distances and angles,
ensuring comprehensive coverage. Iterative data collection sessions were conducted
to diversify the dataset, ranging from individual characters executing gestures to
simultaneous performances by multiple characters within a single frame as shown
in The methodological approach demonstrated significant potential
for producing the large-scale datasets required in the development of advanced
gesture recognition systems. Notably, the virtual data faithfully mirrored real-world
scenarios, enhancing the applicability and relevance of our findings.

With a focus on realism and diversity, our efforts yielded a corpus of 26,000 frames
of meticulously balanced virtual data representing a set of 13 distinct gesture classes.
These data were derived from a spectrum of animations characterised by varying
brightness, illumination changes, introduced noise, varying distances, varying camera
angles, and several other configuration possibilities listed in[Table 5.1] Such deliberate
diversification ensured the dataset’s robustness, scalability, and generalizability for
training deep learning algorithms. Consequently, our research lays a good foundation
for the advancement of gesture recognition technologies by ensuring that through
simulated data, there will not be an extensive need for vast and varied real-world
data collection, underscoring the importance of comprehensive and diverse data
produced using simulation can facilitate the development of computational models
in this domain.
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Figure 5.5. Virtual Human Avatars performing Gestures in the Virtual Simulation.

Unity Item | Configurable parameters

Position, Orientation, Color,

Intensity, No . of Sources

Position, Orientation,

Optical Characteristics, No. of Cameras

Position, Orientation,

Skin, Color, Texture, Hair

Plain Canopy,

Background | Field Canopy with grapes and leaves for harvesting,
Field Canopy with branches and twigs for Pruning
Rows and Columns of canopy, Leaf density,

Bunch density, Time of the day,

Light intensity, Ridges / No ridges for terrain,
Number and type of Robots, No. of characters
Table 5.1. Unity Editor and Simulation configurable items

Light source

Camera,

Character

Simulation

5.2.2 Additional Synthetic Data

In addition to the gesture data obtained from the simulated environment, the
simulated robot(digital twin of the actual robot) was equipped with a suite of sensors.
This indicates the capacity of the simulation environment to produce several sensory
and visual data for navigation and perception tasks. The Inertial Measurement Unit
(IMU) can navigate and interact with its surroundings with heightened awareness
and notifies the robot with precise orientation, acceleration, and angular velocity
information. By integrating IMU data into its control algorithms, the simulated
robot can maintain stable locomotion, adapt to changes in terrain, and execute
manoeuvres with certain agility. Similarly, in simulation, LiDAR sensors enable
the robot to create point clouds and detailed maps, accurately detect obstacles,
and plan collision-free paths, enhancing its navigational capabilities in complex
virtual environments. These sensors match the calibration of the real world in the
simulation, resulting in readily available data that can be used to test the robot’s
capabilities in the simulation so the algorithms can be translated without much
effort to the real robot.
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The robot is equipped with RGB-D cameras on either of the manipulator ends
to acquire perception data of the grape bunches and branches for harvesting and
pruning actions. All the RGB-D cameras used in both simulations and the real world
are Intel RealSense D435i to maintain the same configuration. The data acquired
from the head camera that captures both colour (RGB) and depth information
further enriches the simulated robot’s abilities to perceive the human behaviour and
gestures performed in front of the robot. This data helps the robot to recognise
objects, estimate their positions, and understand the spatial layout of its surroundings
with enhanced depth perception. The RGB data coupled with point clouds helps
estimate the bunch’s position, and the segmentation of the bunches in simulation
acts as ground truth for detection. Simulated odometry, based on wheel encoders or
visual odometry techniques, provides the robot with self-motion estimates, aiding in
localisation and mapping tasks within the virtual environment. Additionally, the
ability of the robot to produce lights and sounds in simulation adds an interactive
dimension, allowing it to convey information, alerts, and warnings and engage
with virtual entities or human users. By integrating these sensor modalities and
interactive features, the simulated robot gains a comprehensive understanding of its
surroundings and configuration to change the simulated environment to a custom
degree, letting us extract as much necessary data as possible and bridging the gap
between the simulation and the real world.

5.3 Enhancing Synthetic Data with 3D Model Genera-
tion

In the realm of synthetic data generation, the integration of advanced AI models
has revolutionised the creation of high-quality 3D assets from textual and visual
inputs, significantly enhancing the efficiency of virtual simulator prototyping and
data augmentation. A notable contribution in this field is Microsoft’s TRELLIS
model, which supports the generation of structured 3D latent representations from
text and image inputs [263]. The system enables the conversion of data into multiple
formats (e.g., .fbx, .0bj, .stl, and .ply), including Radiance Fields, 3D Gaussians,
and meshes, making it highly adaptable to different simulation environments.

5.3.1 Text/Image to 3D Model Implementation

The process begins with a text-to-image generation step, where Large Language
Models (LLMs) and text-to-image diffusion models are used to create structured
image representations based on textual prompts carefully describing the object
features and the view-angles for maximum feature visibility. These generated images
are aligned at multiple angles to provide a comprehensive visual dataset, facilitating
accurate 3D reconstruction.

To ensure high-quality model generation, background removal techniques are
applied to isolate the primary subject from the generated or real-world images. This
preprocessing step eliminates extraneous elements, preventing interference during 3D
reconstruction. The refined images are then passed into the TRELLIS model, which
converts them into structured 3D latent representations [203]. This modified pipeline
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enables the generation of realistic 3D assets from both synthetic text-generated images
and direct image inputs from local storage. Samples of the reconstructed grape

bunches and grape leaf are shown in |[Figure 5.6| and [Figure 5.7]

Figure 5.6. 3D Grape bunch generated using the image-3D model

Figure 5.7. 3D Grape leaf generated using the image-3D model

5.3.2 Data Diversity and Noise Inclusion

To improve the robustness of Al models, it is imperative to introduce diverse 3D
objects within synthetic training environments. Including multiple, non-repetitive
objects enhances the model’s generalisation capabilities by exposing it to a broader
range of scenarios. Additionally, controlled noise injection into the datasets further
strengthens model adaptability, particularly in applications requiring resilience to
real-world environmental variability.

5.3.3 Challenges in Multi-Object 3D Reconstruction

Despite significant advancements, reconstructing multiple objects from a single image
remains a complex challenge, particularly in cases of overlapping objects. When
objects obscure each other, critical visual features become indistinguishable, affecting
the accuracy of 3D reconstruction. Overcoming these limitations requires advanced
segmentation techniques capable of disentangling occluded elements and preserving
the structural integrity of each object. The scope of this research is beyond the aim
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of this thesis, and the research will continue to focus on expanding the scope of
3D model generation to encompass the entire scene reconstruction. This involves
sequential semantic understanding and object-level segmentation, ensuring that each
non-repetitive element in a scene is accurately modelled. Such advancements will pave
the way for the development of fully reconstructed virtual environments, providing
enhanced realism for synthetic data generation and Al training.

5.4 Performance Evaluation

This section presents the system setup, the metrics employed and the results obtained
during the evaluation.

System Setup

ROS Noetic was employed on an Ubuntu 20.04 LTS machine to operate the robot.
Additionally, virtual character development and evaluation were performed on
an Alienware x17 R2 equipped with 32 GB of RAM, a 12th-generation Intel i9
processor, and an NVIDIA RTX 3080 Ti GPU, running both Windows 11 Home and
Ubuntu 20.04 LTS. The simulation was made for Linux as an executable with the
possibility of changing the simulation environment with configurable settings. For
the synthetic gestural data frames, the Unity hub (V 3.7) and editor applications
(V 2021.3 - forward compatible) can run in either Linux or Windows systems. To
enable any further changes to the characters or animations, a separate git repository
was automated to produce a final executable with the changes incorporated as a
new version of the simulator to be used for the experiments.

Evaluation Metrics

Evaluation metrics are essential to measure how performant the trained models
are on the given data. Once human poses have been predicted, the predicted 2D
joint locations are compared with the ground truth annotations in the dataset.
Evaluation metrics are then calculated based on the difference between the predicted
and ground truth joint locations. A model is considered to have high performance
when it meets certain thresholds. These thresholds vary from metric to metric. A
list of comprehensive metrics used in pose estimation was listed in [214]’s evaluation
metrics section.

Several metrics were used to evaluate the performance of human pose estimation
(HPE) models. Precision, Recall, and Object Keypoint Similarity (OKS) [170] are
the most popular metrics for evaluating 2D multi-pose models [284) 170], while
Percentage of Correct Parts (PCP), Percentage of Correct Key points (PCK), and
Percentage of Detected Joints (PDJ) evaluate single-pose models [173] [72]. Mean Per
Joint Position Error (MPJPE) is generally used for 3D pose estimation. However,
the Unity editor calculates the Z Coordinate of the joint based on the Fuclidean
distance from the centre of the camera in the scene. For this reason, MPJPFE based
on 2D joint coordinates was calculated. In this case, the evaluation is based on the
hypothesis that Unity editor-provided joint coordinates are considered ground truth.
Mediapipe’s Pose (Trained on BlazePose 33 3D landmarks) [29] and YOLOv8s-Pose
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Gesture No Occlusions With Partial Occlusions (min 2 joints)
Actions PCK | PDJ | PCK | PDJ PCK | PDJ | PCK | PDJ
@0.2 | @0.2 | @0.5 | @0.5 MPJPE @0.2 | @0.2 | @0.5 | @0.5 MPJPE

T-Pose 86.6 | 86.6 100 100 9.71 85.1 | 85.1 95 96 11.3
Attention 86.6 | 93.3 100 100 7.55 83.3 | 89.2 97 97 9.12
Move_ Back 80 86.6 100 100 8.41 76 82.1 96 96 10.28
Move__ Front 80 80 100 100 7.04 74 71 95 96 12.4
Move__Left 86.6 | 86.6 100 100 7.21 82 84 96 96 8.67
Move_Right | 86.6 | 86.6 100 100 7.26 82 84 96 96 8.92
Pause 93.3 100 100 99 7.78 91.2 100 92 92 8.23
Resume 53 53 100 98 13.71 51 51 92 92 14.53
Standing 86.6 | 86.6 100 100 7.61 85.1 | 85.1 100 100 8.1
Start 86.6 | 86.6 100 100 9.64 84 84 98 98 10.64
Stop 783 | 79.2 95 96 11.54 73.2 | 73.4 91 91 13.89
Terminate 63 66.6 94 94 12.27 60 63.3 88 89 13.72

Table 5.2. Evaluation of 2D key points on the joint coordinates of the virtual characters at
threshold 0.2. Unity-generated joint coordinates (Ground Truth) vs MediaPipe-generated
joint coordinates (Predictions)

(Trained on OpenPose 17 2D landmarks) [120],[45] predictions on the virtual human’s
joints with the simulation background were evaluated against the synthetic data to
validate if the models trained on real data can detect the joint coordinates properly.
As the evaluation is based on the joint coordinates alone, PCP, PCK, MPJPE, and
OKS metrics were chosen to evaluate the effectiveness of detecting joint coordinates
of virtual characters with and without occlusions by pose estimation algorithms.
PCK, PDJ works better for the higher values with a range of 0-100%. MPJPE gives
better results with lower values, and OKS = I means a perfect prediction matching
all point switch ground truth. All these metrics were evaluated at threshold = 0.2
and 0.5, where the threshold was the Fuclidean distance between the left and right
hip joints.

Results

Several frames of the virtual human were collected with 1280x960 resolution at
four distance settings from the camera. These distances were maintained constant
throughout the evaluation of 30 characters. Different gesture actions were considered
for the evaluation. Though initially 21 gesture actions were defined, we evaluated
the static poses resulting in 12 gesture actions and character’s T-Pose discarding
the 13th UNKNOWN class. These gestures were performed without any occlusions
and with partial occlusions to the joints by objects or other virtual characters in the
simulation. The following results in [Table 5.2 and [Table 5.3 suggest that the pose
estimation algorithms can accurately detect the coordinates in virtual characters
and vice-versa. It was observed that a greater distance from the camera, combined
with multiple occlusions, led to diminished accuracy in joint coordinate detection.
The OKS results were always in the range of 0.01 to 0.09. These results support
the claim that synthetic data can indeed be a valuable tool for gesture recognition
through pose estimation and can reduce the effort of creating and labelling data.




88 5. Synthetic Data Generation and Evaluation

Gesture No Occlusions With Partial Occlusions (min 2 joints)
Actions PCK | PDJ | PCK | PDJ PCK | PDJ | PCK | PDJ
@0.2 | @0.2 | @0.5 | @0.5 MPJPE @0.2 | @0.2 | @0.5 | @0.5 MPJPE
T-Pose 86.6 | 86.6 100 100 10.03 82.1 | 82.1 95 96 11.94
Attention 86.6 | 90.6 100 100 9.05 84.4 | 87.4 93 93 10.12
Move_Back | 86.6 | 86.6 100 100 8.93 80.1 | 80.1 93 93 10.79
Move__Front | 73.3 80 100 100 8.99 70 73.3 93 96 10.27
Move__Left 73.3 | 73.3 100 100 8.82 70 70 93 93 10.68
Move_Right | 73.3 | 73.3 100 100 8.87 70 70 93 93 10.58
Pause 86.6 | 86.6 100 100 9.51 83.3 | 8.3 | 91.1 | 91.1 11.23
Resume 56.6 | 56.6 93 93 12.04 51.1 | 51.1 89 89 13.93
Standing 80 86.6 100 100 9.49 82.3 | 82.3 98 98 12.78
Start 80 80 100 100 7.28 78 78.3 98 98 9.64
Stop 73.3 80 93 96 12.54 71.2 | 70.3 89 89 14.51
Terminate 66.6 80 100 100 12.76 63.3 | 63.3 | 88.3 89 14.79

Table 5.3. Evaluation of 2D key points on the joint coordinates of the virtual characters
at threshold 0.2. Unity-generated joint coordinates (Ground Truth) vs YOLOv8s-Pose
generated joint coordinates (Predictions)

5.5 Discussion

A synthetic dataset generation strategy based on the employment of a VR environ-
ment was introduced. This strategy has been applied to the challenging scenario of
precision agriculture and of the CANOPIES project. The quality of the generated
dataset has been evaluated by checking the quality of pose estimation, which is a
fundamental aspect of many tasks in human-robot collaboration, including gesture
recognition.

Other existing datasets, such as SURREAL [250] and Human 3.6M [116] datasets,
offer high visual realism and annotation precision. Yet, this VR-based synthetic data
generation stands out in terms of cost-effectiveness, ease of customisation, and the
ability to create targeted scenarios for specific evaluations. This flexibility is beneficial
for testing the robustness of pose estimation algorithms under controlled conditions
like occlusions and varying distances, making it a valuable tool for benchmarking
pose estimation and gesture recognition research.

The proposed approach represents a solution that can be generalised to any
environment where acquiring real datasets can be challenging due to the nature of
the environment and the effort needed. Dataset acquisition is indeed a challenging
task in many learning tasks where knowledge is not general (as in the case of LLMs),
being instead specific to the application scenario.

The proposed approach indeed has its own limitations. Developing a virtual
environment that accurately mimics the real one can be challenging. Consequently,
algorithm evaluations should not rely solely on synthetic data but should also
incorporate real data.

Similarly, while this chapter advocates the use of synthetic data generation
methods for training, incorporating a subset of real-world data with synthetic data
helped mitigate the sim-to-real gap and improve model robustness and generalisation.
This "hybrid data" strategy, which combines the strengths of synthetic and real data
to enhance model performance, is discussed in the next chapter.
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Chapter 6

Spoken Human-Robot
Interaction

Verbal communication plays a pivotal role in information exchange, whether
between humans or between humans and robots. Owing to recent advances in Natural
Language Processing (NLP), speech has emerged as a vital medium for interacting
with robotic systems. Indeed, numerous platforms employ voice as the principal input
and output modality. This chapter offers a comprehensive exploration of the factors
that prompted the design of our speech recognition pipeline, tailored to enhance
interaction in outdoor collaborative settings. It presents preliminary investigations
and assessments of existing Speech-To-Text and Natural Language Understanding
technologies. Furthermore, a user study examining various Text-To-Speech tools
and libraries is introduced, shedding light on participants’ impressions and offering
an in-depth review of their suitability in table-grape vineyard environments. The
chapter then transitions to the architecture of a speech act classification system,
discussing both the obstacles encountered and potential strategies for refining the
robot’s interpretation of human vocal expressions. Finally, it provides insights into
the developed speech-driven pipeline, encompassing preliminary experiments and
application scenarios.

6.1 Vocal Utterance Dataset

The increased demand for developing agricultural systems and applications inspired
many researchers to collect and distribute diverse datasets within the research
community. However, regarding the vineyard scenario, most of the released data
consists of crop and/or fruit images required to train computer vision algorithms and
perform perception tasks, such as fruit detection, identification and segmentation,
disease recognition, and colour identification. To the best of our knowledge, there is
no spoken or textual dataset available for conducting studies and analyses on HRI in
similar scenarios. The scarcity of data, also present in other applications for outdoor
collaborative environments that require continuous interaction between humans and
robots, led us to gather and share the transcription of spoken utterances within
the research community. Users interested in the experiment were asked to sign a
consent document to record their voices. Considering the speech acts discussed in
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the previous section as a basis, the data was collected separately with three different
scenarios, one for each category under investigation:

e Information (22 questions)
e Command (20 questions)

e Request (20 questions)

The customised questionnaires were created through the Jotformﬂ platform to
reach, with our forms, as many participants as possible. Jotform was chosen for
its practicality in utterance recording, facilitating speech acquisition from the user
perspective and, consequently, speeding up the entire data collection process. In all
three forms, we described the general context and some technical terms that users
could exploit in generating the vocal responses. Additionally, to avoid uncertainty or
misunderstanding in the description of the scenario, a representative image followed
each question. Such pictures (some captured from the simulation environment,
others in the real field, and a few taken from the web) illustrate tasks, activities,
actions, and vineyard elements such as grapes, leaves, branches, and the pergola
system.

Participants

Given the difficulties in recruiting a sufficient number of vineyard operators for the
data collection, we relied upon Bachelor’s, Master’s, and PhD students in Engineering
in Computer Science at our university. Hence, at the end of the acquisition process,
we reached around 40 participants with each form (most of the users provided vocal
utterances for all three forms). However, we noticed that people who participated
in the data acquisition process were mainly males between 18 and 30 years old.
Regarding the level of experience with robots and expertise in the vineyard, we
detected quite balanced robotic skills among the participants, with half of them
having good proficiency or interacting several times with a robot. Nevertheless,
looking at the expertise in the vineyards, we noticed that most people had little
knowledge about the activities conducted in such an environment. However, such
results are reasonable since we mostly spread the forms with Bachelor, Master, and
PhD students in Engineering in Computer Science at our university. From this
point of view, unfortunately, recruiting a sufficient number of vineyard operators
was impossible. In addition, we imagine such kind of system to be more of interest
to the next generation of digital farmers, of which young students may represent a
reasonable proxy.

Utterances

The data acquisition process of the Information, Command, and Request speech
act categories lasted around two months. At the end of this period, we collected
around 1,800 vocal utterances with their corresponding textual transcriptions. All
the details concerning the data analysis are provided in[Table 6.1} such as the number

"https://eu.jotform.com/
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of sentences before and after removing duplicated utterances and the final number of
statements obtained after rearranging them according to the category of the content
information they represent.

From [Table 6.2 it is clearly noticeable that the categories involved in the sentence
adjustments are Command and Request. Such an outcome is reasonable, as the
difference between the two aforementioned classes could be very subtle from the
user’s perspective. We listed under the ‘Command’ speech act, all the sentences
provided by the human that the robot must execute in the short term, such as
"Turn left", "Harvest the ripe grape bunches", or "Remove all the dry branches". At
the same time, utterances asked by the person that do not require an immediate
interruption of the robot’s activity have been included in the ‘Request’ class. For
instance, sentences belonging to this category are "Can you tell me your battery
level?", "Could you help me in harvesting these grapes?", "How many damaged
grapes have you identified?".

Sentences
Speech Act | with duplicates | without duplicates | after category adjustments
Information 900 804 804
Command 728 517 665
Request 719 534 342

Table 6.1. Analysis of the acquired data

Request sentences
False | True
Command sentences | False - 11

True | 200 -
Table 6.2. Utterances belonging to the incorrect category.

6.2 Speech Pipeline Tools: Evaluation and Selection

This section introduces analyses and investigations of various modules related to
speech, specifically focusing on the challenges in the robot’s acquisition of human
utterances (Speech-To-Text) and the recognition of content information (Natural
Language Understanding). Moreover, a user study was conducted to gather human
perceptions of how the robot conveys information through various speech synthesis
libraries and tools (Text-To-Speech). Such an aspect is fundamental for enhancing
trust and establishing a stronger relationship between humans and robots.

6.2.1 Speech-To-Text

In developing the Natural Language Processing (NLP) pipeline for the CANOPIES
project, a preliminary survey of existing speech recognition libraries and systems
was undertaken. Given the environmental constraints of table-grape vineyards,
identifying the most appropriate Speech-To-Text solution was crucial for ensuring
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reliable and robust communication between humans and robots. Consequently,
both online and offline systems were evaluated using English and Italian utterances,
including DeepSpeech [107] (offline), Vosk [51] (offline), Sphinx (offline), and the
Google Web Speech API (online) [277]. This review considered transcription accuracy,
internet connectivity requirements, and model availability across multiple languages.

DeepSpeech [107], an open-source Speech-To-Text library developed by Mozilla,
uses state-of-the-art machine learning techniques and offers training options over
custom datasets to achieve better results. Nonetheless, it was set aside due to
uncertainties regarding its ongoing support and its recognition performance being
less impressive than anticipated. In the correctly transcribed utterances
are illustrated. The vocal information given in input does not include subordinates.
However, it is noticeable that even with short and straightforward statements, the
library provided the right transcriptions in 16 out of 30 cases (approximately 0.53%).

Vocal Utterance

Yes

No

Yes

Help me

Can you help me in this?
Right

Left

Left

What time is it?

What time is it?

What's the weather for today?
Remove these branches
Remove these bunches
Remove these bunches

Can you show me pizzutelio grape?
Can you show me the grape?
Can you show me the grape?
Goodbye

Goodbye

See you later

See you later

See you later

Go forward

Go back

Go right

Go left

Let's start working

Put the grape bunches in the box
Put this grape in the box

Grape

Figure 6.1. DeepSpeech recognition results. The green

Recognized:

Recognized Sentence

1 yes

! no

: yes

: help me

: can you help me in this

: right

: last

: left

: they

: time is it

: what's the weather for to day
: remove these branches

: remove these banks

: remove these bunches

: you saw me in withered

: can you show me the great
: can you show me these great
: good by

)

: later

: you later

: see you later

: go forward

: go back

: go right

: we left

: let's start working

: the great bear in the box
: to this great in the box

great

Corresponding?

represents an utterance correctly

understood, while the red X identifies a wrongly transcribed sentence.

Furthermore, most spoken sentences are repeated twice (sometimes even 3 times)

before the system recognises the utterances properly. Subsequent tests focused on
Sphinx, an offline Python-based speech recogniser, and the Google Web Speech
API. While Sphinx permits relatively swift adaptation to new languages without an
internet connection, its recognition accuracy did not meet expectations. By contrast,
the Google Web Speech API delivered high transcription accuracy with multiple
language options but relied on constant connectivity [277].



6.2 Speech Pipeline Tools: Evaluation and Selection 93

Voskﬂ was finally examined as an offline open-source toolkit with support for
numerous languages and dialects. It provides various model sizes according to the
target platform’s requirements and desired accuracy. One of the advantages of
Vosk is its scalability and precision in providing utterance textual representation, as
demonstrated in In the presented examples, all the vocal sentences are
different from each other, with 8 out of 11 adequately written by the system. It is
noticeable that in the remaining 2 cases, one word is misunderstood, and in the last
statement, which is the longest among all, only two words are wrongly interpreted by
the model. Vosk demonstrated solid results even with smaller models, which proved
sufficient for voice-based tasks in diverse scenarios. From these assessments, Vosk and
the Google Web Speech API emerged as the two most promising candidates for use in
table-grape vineyards. However, the lack of a dependable internet connection in the
field led to the selection of Vosk as the Speech-To-Text module for the CANOPIES
project.

Vocal Utterance Recognized Sentence Corresponding?

Robot prendi I'uva

Robot

Robot prendi l'uva e mettila nella scatola
Potresti darmi una mano

Taglia questo ramo

Vai alla tua destra

Spostati alla tua sinistra

Seguimi

Vieni con me

Che tempo fa oggi

Quanti gradi fanno oggi

Figure 6.2. Vosk recognition results. The green « represents an utterance correctly
understood, while the red X identifies a wrongly transcribed sentence.

6.2.2 Natural Language Understanding

Hermit-NLU, a hierarchical multi-task system with a multi-layer representation of
dialogue acts, frames and frame elements presented in [4], is a baseline for developing
a robust Natural Language Understanding (NLU) module. Since the network is
trained on the NLU-Benchmark dataset and structured with scenario, action, and
entity information, their corresponding association with speech acts, frames, and
frame elements is required. Unfortunately, such a dataset is unsuitable for our
purposes as it includes multiple home assistant task domains and conversational

Zhttps://github.com/alphacep/vosk-api
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exchanges among individuals. Therefore, the dataset presented in Section 4.2.1
was explicitly collected for the table-grape vineyard collaborative environment and
used to analyse frame semantic identification and argument extraction. At the
time of conducting such an investigation on multilingual frame semantic parsing,
there was no stable and reliable system capable of understanding specific verbs or
actions conveyed in a text written in a language different from English. Since the
data acquired for our application scenario was in Italian, the initial solution was to
translate the acquired utterances into English. Hence, the preliminary NLU speech
pipeline composed of 5 modules, as in is described.

e Acquisition
Evaluations are performed on the vocal utterances collected with Jotform ques-
tionnaires. People interacted with the system using diverse equipment during
the data acquisition process. Most participants used mobile phones, comput-
ers, and tablets, in combination with external devices such as microphones,
headsets and headphones, to reduce environmental noise while recording the
spoken sentences.

e Speech-To-Text
The choice of the Speech-To-Text recogniser was derived from the initial
analysis conducted on existing online and offline state-of-the-art systems and
libraries. Since Vosk has demonstrated to provide the most accurate utterance
transcriptions, with a limited percentage of uncertainty and misrecognised
words, it was employed in this module.

e Punctuation Restoration

The punctuation restoration applied to the transcribed text is one fundamental
step introduced in the proposed NLU pipeline that is necessary for proper
sentence identification. The addition of this intermediate module is required
in order to obtain a more accurate sentence translation. Indeed, punctuation
restoration generally helps to separate utterances with diversified content
information, clarify a concept and, in some cases, identify a particular sentence
belonging to the category. For instance, there is a higher probability of
associating a statement to the "Request' rather than to the "Command" or
"Information" class if it ends with a question mark (7). Therefore, the model
in [99] is experimented. However, its limitation in the supported punctuation
(only 5 types) motivated us to look for a more accurate system. Hence, the
Bert restore punctuation model by Hugging Face[ﬂ7 is chosen for this purpose,
being able to manage more English language punctuation than the previously
tested network, such as: exclamation marks (!), question marks (?), dots (.),
commas (,), hyphen (-), colon (:), semicolon (;), apostrophe (’).

e Translation
The lack of an open-source, robust, multilingual system for frame semantic
parsing inspired us to consider the idea of sentence translation. Therefore,
a translation module is included in the presented NLU preliminary pipeline.

3https://huggingface.co/felflare/bert-restore-punctuation
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o))

However, to identify the most suitable translation system, two different Trans-
former models from Hugging Face are evaluated: the multilingual (mBart) for
multilingual machine translation in [269], which manages sentence transcription
in any of the 50 covered languages, and the Helsinki-NLP /opus-mt [241] model
available for Italian-to-English translation. One of our goals is to design a
user-friendly system that ensures collaboration and enhances communication
between humans and robots, so multilinguality has a key role. For these
reasons, Helsinki-NLP /opus-mt models are tested and employed to support
sentence translations from any language to English.

Frame Semantic Parsing

The frame semantic parser represents the last stage of the proposed NLU
pipeline. The network works only with English sentences, being trained on
FrameNet. Since it is not feasible to pass the original utterance (in any other
language differing from English) directly to this system, it is necessary to
perform sentence translation before accessing this module. The outcome of
the Frame Semantic Transformer, described in [52], is the identification of
the trigger, frame, and frame arguments associated with a specific sentence
provided in the input. The network, developed on top of the T5 Transformer
model [199], can accurately identify frame and frame arguments in a certain
utterance.

@ python Text Toxt

i |y B
OSK [ faimn l

JotForm

1A

sssssssssss

Figure 6.3. NLU speech pipeline for frame semantic parsing.

The outcome is obtained by passing the collected Italian sentences through all the
modules of the developed pipeline. Hence, such a system can extract information
about frame semantics and associated frame arguments from most of the analysed
utterances. Additionally, verb identification through Part-Of-Speech (POS) tagging
libraries [I86] and their association with some predefined frames is investigated.
Verb recognition is fundamental to proceed in understanding the roles in a sentence
through the employment of Semantic Role Labeling (SRL) systems, such as the SRL
model using contextualised word embeddings, Graph Convolutional Network (GCN),
Biafne Attention mechanism (BiLSTM) and syntactic features [22], Unify-SRL [59]
or InVeRo-XL [60]. All these applications leverage Bert or XLM-RoBERTa language
models to perform multilingual SRL.
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6.2.3 Text-To-Speech

Text-to-Speech (T'TS) technology has undergone significant advancements, transform-
ing how machines communicate with users across various domains, including adaptive
technologies, virtual assistants, and robotics. TTS plays a fundamental role in facili-
tating natural speech synthesis from written text. In CANOPIES, where machines
collaborate with people in dynamic table-grape vineyard environments, selecting the
most appropriate T'TS library is crucial. Challenges such as environmental noise,
weak internet connections, and the need for efficient HRC define the significance of
this choice. Addressing and mitigating environmental noise in CANOPIES requires
reliable Robot-To-Human communication, complemented by headsets to enhance
user comprehension. Moreover, handling weak internet connections in this outdoor
domain necessitates a TTS library capable of robust performance under limited
bandwidth situations. Furthermore, ensuring efficient HRC entails carefully consid-
ering the robot’s answer time, emphasising the importance of selecting a library that
minimises latency and delivers human-like fast responses. In order to determine the
most suitable TTS application for CANOPIES and similar scenarios where HRC is
essential, a comprehensive analysis of common T'TS libraries and tools, both online
and offline, is conducted. The investigation involved technical assessments and user
studies to identify the optimal solution to employ in environments characterised by
dynamic challenges and where seamless communication between humans and robots
is paramount.

Library Selection and Criteria Definition

TTS library selection focuses on two primary features: the number of supported
languages and the internet connection requirements. Given the objective of devel-
oping a multilingual system, the support of diverse languages is a crucial aspect.
Moreover, addressing the challenge of an unstable internet connection in our appli-
cation scenario required an online and offline analysis of common TTS libraries and
frameworks. Five tools are identified to conduct the investigation, with the first one
working online and the others offline:

1. gTTS with Google Translate API (online)
2. PyTTSx with eSpeak (offline)

3. Mbrola (offline)

4. SVOX PicoTTS (offline)

5. Bark with pre-trained AI models (offline)

A set of criteria is defined to evaluate the selected TTS applications and identify
the most suitable one for the table-grape vineyard scenario. This evaluation involves
categorising criteria into two groups: technical and human. The technical class
encompasses parameters essential for the system’s technical analysis, including
processing time, Mean Opinion Score (MOS), RAM, and CPU usage. In contrast,
human criteria, as outlined in [IT], are necessary to comprehend how users perceive
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the robot’s voice, focusing on factors like intelligibility, expressiveness, artificiality,
and suitability. An explanation of each criterion is provided below:

e Technical criteria:

o Execution Time: Time required by the system to generate a vocal
utterance from a textual sentence.

o Performance: RAM and CPU usage percentage.

o Mean Opinion Score (MOS): Measure to evaluate the overall subjec-
tive quality of audio.

e Human criteria:

o Intelligibility: How easily and accurately listeners can understand the
generated speech

o Expressiveness: The ability of the system to convey emotions or nuances
in speech.

o Artificiality: How natural or human-like the synthesised speech sounds.

o Suitability: The generated speech fits the intended context or purpose.

The analysis considers four utterances varying in the informative content and
sentence length. These are evaluated in both Italian and English, which represent
the two main languages that have to be supported by our system. Three brief
statements cover the "Information", "Command", and "Request" categories, while
the longer subordinate encompasses multiple classes.

Technical Analysis

As part of the technical assessment, the time taken by each T'TS system to generate
spoken output from a textual sentence is compared. This measurement is conducted
using Python’s time module E] The box plots in clearly illustrate the
variation in average processing times among the evaluated systems. Mbrola and
PicoTTS prove to be the fastest, requiring 0.04 and 0.05 seconds, respectively,
whereas Bark is the slowest at approximately 35 seconds. [Table 6.3| summarises the
results for the selected TT'S modules, ranked according to their average computation
times (in seconds).

Python cProfile E] was employed to examine RAM and CPU usage, enabling the
identification of the T'TS library with the least computational overhead. As illustrated
in each application—except Bark—demonstrates nearly negligible RAM
consumption (close to zero) and maintains CPU utilisation below 10% for the short
durations during which it is active.

“https://docs.python.org/3/1library/time.html
Shttps://docs.python.org/3/library/profile.html
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Figure 6.4. TTS libraries execution time lower than 0.3 seconds (PyTTSx, Mbrola and
PicoTTS) are provided on the left, while the ones requiring more than 0.3 seconds are
presented on the right (¢TTS and Bark).

Rank | Library | Language | Language Average | Total Average
1 | Mbrola étjglﬁ‘; 8:82;; 0.0423
2 | Pico TTS étfgﬁf‘; gzgigz 0.05
I e
s e
I = =

Table 6.3. TTS libraries ranked by average computation time (in seconds) on both Italian
and English statements.

The pre-trained model in [I54] was employed to compute the Mean Opinion
Score (MOS) following the approach outlined in [260]. In this procedure, eight test
sentences (four in English and four in Italian) are generated by each of the selected
TTS libraries, and the resulting WAV files are then input to MOSNet. This technique
automatically evaluates newly produced vocal outputs without human feedback. This
offers valuable insights for researchers and engineers seeking to determine which tool
or library generates the most natural and high-quality speech. The distribution of
MOS values, depicted in peaks between 3.5 and 4. Typically, MOS scores
range from 1 to 5, with 1 signifying the lowest perceived quality and 5 the highest.
Higher MOS ratings are generally linked with natural or human-like utterances,
whereas lower values indicate a high degree of artificial-sounding outputs.

User Study

A Jotform questionnaire was administered to gather insights into how individuals
perceive various synthesised robot voices. A total of 36 participants (24 men and
12 women), predominantly young adults from Sapienza University, took part by
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Figure 6.5. Graphical representation of CPU and RAM consumption over time for PyTTSx,
Mbrola,PicoTTS (on top) and gTTS, Bark (at the bottom).
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Figure 6.6. MOS distribution associated with vocal utterances generated through PyTTSx,
Mbrola, PicoTTS, gTTS and Bark.

evaluating both Italian and English vocal samples generated by the chosen TTS
libraries. The study examined several criteria, adapted from [I1] and tailored to the

research context:

e Intelligibility: "Can you clearly understand what the robot says?"

e Expressiveness: "How is this robot’s voice perceived, from monotonous to

expressive?"



100 6. Spoken Human-Robot Interaction

e Artificiality: "Does this voice sound like a robotic voice?"

e Suitability: "Is this voice appropriate for any of the robots presented below?"

A 5-point Likert scale was used for the first three criteria. For intelligibility
and artificiality, 1 indicated "Not at all", and 5 indicated "Yes, absolutely", while
expressiveness ranged from 1 ("Very monotonous") to 5 ("Very expressive"). To
assess suitability, images of farming and logistics robots used in the CANOPIES
project [205] were presented, and participants were asked to assign each synthesised
recording to one, both, or neither of the robots based on their appearance.
illustrates each participant’s evaluations for the Italian and English samples, yielding
72 responses per TTS system. Regarding intelligibility, the number of "Agree" and
"Strongly Agree" responses indicated that gTTS (68) and Bark (63) most effectively
conveyed the intended message, followed by PicoTTS (41). A similar trend was
observed in expressiveness, with gT'TS (42) and Bark (34) emerging as the most
expressive tools. In contrast, Mbrola (65) and PyTTSx (64) ranked highest in terms
of artificiality, suggesting that these libraries produced the least human-like sounds.
For suitability, Bark (55) and gTTS (54) were deemed most appropriate for the
robots, although PicoTTS also received favourable feedback for use in the project
scenario.

Intelligibility Expressiveness
= Strongly disagree Dsagree Weither agree nor disagree Agrea  mm Strongly agree = strongly disagree Osagree Nether agree nor disagree Ao mm Strongly sgree
mbrola mbrola
bark bark
Pico TTS. Pico TTS
PyTTSX PyTTSX |
Artificiality Suitability
W Strongly disagree Disagree Neither agree nor disagree Agree  EEM Strongly agree = For none of them Only for the Agronomic Rebot Only for the Logistic Robot W For both robots

mbrola 62 mbrola

PyTTSx

TS

Figure 6.7. A graphical representation of users’ perception of intelligibility, expressiveness,
artificiality and suitability across the selected libraries.

PicoTTS demonstrated the most significant potential for table-grape vineyard
applications based on technical outcomes and participants’ impressions. Its re-
source efficiency, reflected in low CPU/RAM consumption and swift text-to-speech
conversion, proves especially valuable in the CANOPIES setting, where internet
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connectivity is unreliable. Although gTTS excelled in several areas, it was excluded
due to its dependence on a stable internet connection. Despite Bark’s popularity,
its high computational requirements in terms of CPU/RAM usage and lengthy
processing times rendered it unsuitable for this particular application scenario.

6.3 Speech Act Classification

This section examines the system’s implementation and reports on the performance
of the speech act classification models designed to facilitate the robot’s comprehension
of human utterances. The training dataset comprises 1,800 Italian sentences collected
through Jotform, as outlined in Section 4.2.1, while the evaluation relies on 3,364
utterances obtained from user studies conducted in NIVE and IVE, detailed in
Section 4.3.1. The results indicate potential misclassification issues that may arise,
including misunderstandings of individual words, extended pauses during speech
(prompting the system to segment a single sentence into multiple parts), and an
absence of intonation analysis. These challenges must be carefully addressed to
develop an effective speech-based collaborative pipeline.

6.3.1 System Implementation

The necessity of a modular and robust system that could exploit the speech
act classification to simplify the robot’s comprehension of the specific information
content led us to develop a preliminary ROS framework for spoken interaction
between humans and robots. Several existing works that identify speech as the
primary communication modality, based on old ROS versions, were used as baselines
in developing our system [90, [78, [I38]. In particular, the preliminary framework
was implemented on ROS Noetic in Ubuntu. The proposed pipeline used for both
immersive and non-immersive experiments is presented in

Output
Speech-To-Text Natural Language Understanding Feedback

Text

Voice

N
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Figure 6.8. Developed ROS speech pipeline.

The first module is the Speech-to-Text, which is responsible for acquiring human
spoken utterances and converting them into their textual representation through
Vosk [12], an offline open-source speech recognition toolkit. Vosk was chosen for its
higher accuracy in utterance transcriptions, also with the smallest models, and for
supporting different languages. Since our final goal is to develop a robust and reliable
system with whom people are expected to interact spontaneously, there is a higher
probability that allowing communication in different languages (for foreign human
workers) could improve communication with the robot. Subsequently, the textual
transcription of the utterance is processed by the Natural Language Understanding
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module. Such a component introduces punctuation in the sentences using the Bert
restore punctuation model by Hugging Face to simplify the process of speech act
classification. For instance, a question mark at the end of a statement has a higher
probability of associating the sentence with the ‘Request’ class rather than the
‘Command’ or ‘Information’ categories. The speech act classification model was
trained on the dataset acquired through Jotform by adopting the AutoGluon library
[81] for Natural Language Processing (NLP) tasks. Such an automated machine
learning library was chosen since it could select the best training parameters by
optimising them for the final goal (in our case, a classification problem). However,
another relevant advantage of this library is associated with the existence of a specific
predictor for supporting multimodality, which could help us improve our final system.

Finally, based on the sentence prediction class obtained through AutoGluon, the
Interaction Manager performs some checks to verify if any of the words of the
sentence appears in the system’s knowledge and generates a message that is sent to
the speakers, so to provide vocal feedback of the robot’s speech act understanding
("Information", "Command", "Request" or a combination of different categories
in case of subordinate sentences) by exploiting PicoTTqﬂ for the Text-To-Speech
module. Therefore, when the android recognises an utterance belonging to the
‘Command’ class, a motion message is sent to the virtual robot’s motors, attaining
the corresponding motion in the simulated environment (both immersive and non-
immersive). Nevertheless, even if a different category is identified, the robot provides
feedback to the user by moving its head and looking around to give a feeling of
comprehension.

6.3.2 Classification Results

The evaluation results on the robot’s speech act understanding of the utterances
collected in immersive and non-immersive experiences are presented and discussed
here. By the end of the NIVE and IVE experiments, we acquired 5,180 vocal
recordings and their corresponding textual transcription. However, after removing
duplicated sentences (mostly belonging to the Command category), the number of
statements we achieved for the final evaluation was 3,364. As anticipated in Section
the speech act classification network could assign one of the following classes
to the input utterance: ‘Information’; ‘Command’, ‘Request’ or a combination of
these categories in case of a complex subordinate. The outcome of our evaluation is
represented in and available at this link.

From this analysis, it has been noticed that the sentence misclassification depends
on one (or multiple) issues:

1. Misunderstanding of one or more words in the sentence due to ambient noise,
words not pronounced clearly or similarities with other terms

2. Prolonged pause between words within the same sentence, causing the system to
separate it into different statements, to each of which one (or more) categories
will be assigned

Shttps://github.com/gooofy/py-picotts
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Figure 6.9. Confusion matrix of all the 3364 sentences in the test set.

Since our goal is to primarily evaluate the developed speech act classification
module in an ideal situation, in which comprehension failures are not detected
and propagated among the pipeline by the speech recognition module, all the
acquired sentences were double-checked and the ones belonging to the first (346
statements) and second issues (63 statements) listed above were fixed, by listening
to the recordings collected during the IVE and NIVE user studies. Hence, we ran
the speech act classification module on the corrected sentences to identify the issues
presented previously from these classification outcomes.

In both cases, the performances of the category classification network increased
when working with precise transcribed sentences. In particular, from the 63 state-
ments previously misunderstood, in the recent analysis: 46 were correctly classified,
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Figure 6.10. Confusion matrix of the corrected sentences belonging to 63 long pauses.

Metric Set 1 | Set 2 | Set 3
Sentences 3,364 346 63
Revised X 4 v
Correctly classified 2,746 186 46
Misrecognised 346 - -
Prolonged pauses 63 - -
Intonation necessity 209 84 10

Table 6.4. Analysis of the acquired data

10 were wrongly recognised due to intonation issues, while an incorrect category
was assigned to the remaining 7, as shown in Similar results were
also encountered with the 346 statements that previously contained one or more
misinterpreted words. Indeed, after sentence correction, 186 were associated with the
suitable class, 84 fell under the intonation issue, and 76 were not located adequately
by the speech act classification system, as presented in The illustrated
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results are summarised in [Table 6.4
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Figure 6.11. Confusion matrix of the corrected sentences belonging to the 346 misrecog-
nised.

6.4 Collaborative Speech for HRI

At the beginning of this chapter, it was established that speech serves as the most
intuitive and natural means of communication for collaborative robots functioning in
indoor and outdoor settings. Although several applications address spoken Human-
Robot Collaboration (HRC), no single system unifies multilingual capabilities, multi-
user interaction, offline functionality, robust data logging, safety mechanisms, and
modularity. Within the CANOPIES project, the solution must seamlessly integrate
with perception, motion, and manipulation modules on a physical robot platform.

In light of the constraints observed in existing systems, this section introduces a
novel speech-based communication pipeline—entirely grounded in speech acts and
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frame semantics—to improve collaboration between humans and robots in outdoor
environments. Each module of this architecture is explained in detail, with particular
emphasis on the aforementioned features. Furthermore, an analysis of the average
CPU time required by each module is provided to illustrate the efficiency of the
implemented system.

Consequently, a more streamlined pipeline was developed without relying on Large
Language Models (LLMs) for generating spoken outputs. Nonetheless, LLMs were
incorporated in subsequent development phases, as detailed in Chapter || Overall,
this approach yielded a comprehensive and flexible system that can be deployed
effectively in a wide range of real-world collaborative scenarios.

6.4.1 System Architecture and Implementation

The developed spoken pipeline for empowering collaboration between humans and
robots in outdoor environments, specifically in table-grape vineyards, is presented
in The system has been implemented with a special emphasis on the
following features, which are especially important in the context of the CANOPIES
project:

e multilingual: the user has the chance to engage with the robot using any
of the following supported languages: English, French, German, Italian, or
Spanish. The android will communicate using the same language spoken by
the human.

e multi-user: the robot can manage requests from multiple users by recalling
who made each request.

e offline: no module within the speech pipeline necessitates an internet con-
nection, making the system fully operational in an offline capacity and viable
even within environments featuring limited internet connectivity.

e robust: data logging is pivotal in robotics, enabling transparency and informed
decisions. Hence, the implemented logging strategy is straightforward yet
effective. Every module input is logged, safeguarding against communication
disruptions between nodes by ensuring swift troubleshooting and seamless
operations. Each log is saved in a dedicated JSON file, to facilitate efficient
retrieval and analysis.

e safe: the system preserves human safety by notifying the user about criticality
issues when unexpected situations are encountered by the robot.

e modular: each module of the pipeline has its own dedicated ROS package to
allow future changes and improvements.

The system was developed based on the proposed modular architecture in section
[6.4.1], which consists of 7 modules, each with a dedicated section explaining the
motivation behind the implementation choices and providing further details. The
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Figure 6.12. The proposed speech-based architecture.

communication between modules occurs through the use of ROS topics. The pro-
posed pipeline is closely aligned with frame semantics, drawing upon a predefined
set of English frames encompassing general-purpose and domain-specific predicates.
Since FrameNet and other existing repositories do not offer frame elements that
are intuitively applicable and easily extendable to precision agriculture scenarios,
a custom collection of predetermined elements—such as "Theme," "Location," "At-
tribute," "Possessor," and "Time"—was defined to minimise user effort in interpreting
the robot’s understanding. Although the framework is developed with table-grape
vineyards in mind, it is deliberately structured to enable adaptation to various
application contexts. In practice, modifications to the Dialog Manager and Task
Manager allow the pipeline to be tailored to individual project requirements.

Speech-To-Text Module

The Speech-to-Text (STT) module captures vocal inputs from users and transcribes
them into textual commands. This module ensures that spoken instructions are
processed efficiently, even in dynamic and noisy environments. The identification
of the most suitable tool for the Speech-To-Text (STT) module is of fundamental
importance to ensure stable and robust communication between human workers and
robots in CANOPIES. Obtaining accurate transcriptions from speech with a low
percentage of uncertainty and a minimal number of words erroneously recognised
is already challenging in indoor environments. It becomes even more difficult in
outdoor scenarios. When developing a voice-based system, external factors like an
unreliable internet connection and disruptive background noise can compromise the
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quality of interaction. To this aim, Vosk ﬂ an offline open-source speech recognition
tool supporting multiple languages, has been employed in our pipeline. It has been
demonstrated to be particularly precise in vocal utterance transcriptions also with
smaller models.

Prior to starting the interaction, to load the appropriate Vosk model, the user
is requested to indicate the preferred language for communication with the robot
among the following ones: English, French, German, Italian, or Spanish.

NLU Module

The Natural Language Understanding (NLU) module is responsible for analysing
the textual transcription received from the STT component. It identifies key elements
such as intent, speech acts, and frame semantics and ensures that commands are
correctly classified and contextualised before being processed by higher-level decision-
making components. Therefore, the process of punctuation restoration is of significant
importance to split long and complex sentences into shorter (atomic) ones, allowing
for the precise assignment of a speech act, representing the informative content
exchanged during an interaction with each of them. For instance, in Human-to-
Human Interaction, it is common for people to use a combination of sentences
belonging to different speech act classes while communicating, such as a "Command",
followed by an "Information" and concluding with a "Request"’, as in: Turn left,
there is a ripe grape on your left, do you need help in harvesting it? is illustrated in
the Before entering the process of frame elements prediction, utterances
in languages other than English must undergo a translation phase. To this aim, we
considered the Helsinki-NLP /opus-mt [241] translation models, which can transform
a statement from any of the four other languages supported by the system to English.
However, to obtain the frame elements prediction of a sentence, information about
words, lemmas, positional tags, dependency heads and frames must be provided as
shown in Therefore, Stanza library [I86] has been employed to collect
the first four required data. The frames, instead, have been defined by us through
a lemma-frame association, representing the robot’s knowledge and allowing the
system to precisely classify novel utterances. The combination of a frame with the
associated speech act class is called a frame group.

Turn left, there is a ripe grape on your left, do you need help in harvesting it?
Information Request

Figure 6.13. Speech act identification by dividing the long sentence based on punctuation.

Decision Manager

At the heart of the developed speech pipeline, the Decision Manager (DEM)
emerges as a pivotal orchestrator, adeptly managing issues and tasks in real-time.
This module cleverly navigates through a network of features and concepts, ensuring
prompt issue resolution and task execution. It verifies input consistency, resolves

"https://github.com/alphacep/vosk-api
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Figure 6.14. A training sample of the SRL system

ambiguities, and determines the appropriate response based on available multimodal
cues. It acts as the central control unit, ensuring that interactions are coherent
and task execution follows user intentions. Moreover, it demonstrates flexibility
when encountering new frame groups provided by the NLU module. For the sake of
brevity, from now on, the term frame is intended as a combination of the predicate
and associated frame elements.

In normal operative conditions, for each received frame group, the DEM module
sends a "handle frame" request to the Dialog Manager. Depending on the presence of
an associated executable task, the Task Manager may be engaged for task execution.
Additionally, task execution is concluded by reproducing an auditory response to
indicate its completion. Fundamental features of the frame definition are: remarkably
fast response generation and error handling. For instance, if a user queries the system
regarding the color of grapes and provides an unrelated term, such as "airplane’, the
DIM immediately provides an issue message, clarifying that "airplane" is not a valid
color for grapes.

Dialogue Manager

The Dialog Manager (DIM) orchestrates seamless human-robot interactions
by managing conversation flow. Upon receiving a frame, the DIM logs it in the
speaker’s conversation history and validates it.

e Invalid Frames: The DIM promptly generates an “error” message to guide
the conversation.
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{
"CHECK": {
"request": {
"args": [
{
"name": "object",
"values": {
"grape": [true, null, false],
"temperature": [false, false, falsel,
"ground": [false, false, falsel
}
1,
{
"name": "quality",
"yalues": [
'bad",
"good",
"ripe"
]
1,
{
"name": "color",
"yalues": [
'purple"”,
"pink",
"green"
]
}
1,
"handle": "handle_check"
}
2 }
}

Figure 6.15. Single frame definition example.

e Valid Frames: The DIM checks if the frame is linked to an external task:

o If yes, it retrieves the associated task and generates a “start task” message.

o If no, and the frame pertains to a local operation (e.g., adding a speaker),
a “result” message is produced.

For first-time interactions, the system stores the user’s name, surname, and
spoken language and assigns a unique identifier(UUID), while archiving the full
conversation to ensure continuity in future interactions. If no active conversation
exists, the module initiates a “conversation introduction” message to establish
context.

To enhance inclusivity, the DIM detects the speaker’s language preference
and translates responses accordingly.

A key improvement in the CANOPIES project is the introduction of frame
definitions, stored in a structured JSON file as shown in [Figure 6.15 These
definitions categorise actions into:

e Targets (e.g., grape or temperature)—the main subject of the action.

e Arguments (e.g., quality or color)—additional details refining the request.
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Furthermore, the system validates argument values to prevent misinterpretations.
For instance, if a user inquires about grape quality, the system recognises valid
responses like bad, good, or ripe. If an invalid term, such as airplane, is provided,
the DIM instantly issues an error message, maintaining dialogue integrity.

This structured approach ensures fast response generation, efficient error
handling, and precise user intent recognition, significantly enhancing Human-
Robot Interaction.

Task Manager

The Task Manager (TM) is characterised by strategic capabilities and essential
traits that ensure smooth task completion and management. It oversees the execution
of assigned commands, prioritising and queuing actions based on the received
communication input. It interacts with the physical robot, ensuring that the system
responds effectively to user instructions. The TM iterates over each task, starts
the assignment, and executes it. Once a task is accomplished, the module verifies
whether an outcome is returned (e.g., the quality of the grapes) and notifies the
DEM about its completion. In order to associate each task with the service in
charge of execution (e.g., the quality checking module in CANOPIES), the TM is
configured with a list of available services and their association with predicates and
frame elements.

Issue Harvester

The Issue Harvester (IH) is responsible for gathering, transforming and managing
issues within the developed speech system. When a new problem arises, the TH
module turns it into an actionable issue that can be easily managed. The IH acts
similarly when encountering new errors, by converting them into issues through a
defined transformation process. It ensures that the robot can notify the user when
assistance is required, enhancing system reliability and safety. These issues fall into
one of the following categories: "error" and "problem" refer to which are
then forwarded to the DEM for appropriate management. This process is then
repeated iteratively, underscoring the module’s commitment to addressing issues in
a systematic and efficient manner.

Text-To-Speech Module

The Text-To-Speech (TTS) emerges as a dynamic component for seamless commu-
nication. Once a response is formulated, the TTS module generates verbal feedback,
ensuring bidirectional communication between the human and the robot. PicoTTSﬂ
library, an offline open-source speech synthesiser supporting multiple languages,
has been employed in our pipeline. Carefully designed, this module encompasses a
variety of advanced elements that are arranged together to transform written inputs
into engaging spoken outputs. A key aspect is its ability to work with different
languages. Indeed, before generating the spoken output, the T'TS verifies if the
requested language is compatible. Such comprehensive analysis ensures that the

Shttps://pypi.org/project/py-picotts/
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Severity Level

Type of Issue

Description

1

Minor Error

Such issues are associated with minor software errors that do
not interfere with task execution. The error is only logged,
and human safety is preserved.

Minor Problem

These issues involve minor problems in task execution. The
issue is logged, and the user is vocally notified by the robot
about the problem with the current task. Human safety is
preserved.

Major Problem

These issues relate to significant problems in task execu-
tion. The issue is logged, and the robot vocally notified the
user about the problem encountered. The android requests
human support and prioritises the person’s suggestions for
overcoming the obstacle. Human safety is preserved.

Major Error

These issues involve critical software errors or hardware
malfunctions where human safety is not ensured. The system
stops the execution of the ongoing task, deletes all queued
tasks, blocks the DEM runtime from accepting new tasks,
and vocally notifies the user of the major error.

Table 6.5. Issue categorisation and explanation

verbal interaction feels authentic to the user, in line with the project’s aim of fostering
meaningful engagement. The TTS dexterously handles different types of commands
using a decision framework.

When receiving a "say" command, the module works on the provided text to create
audio recording for playback. This process is supported by a well-organised file
management system that safeguards generated audios while efficiently clearing space
by removing older recordings. In response to a "play" command, the T'TS quickly
confirms the presence of the specified audio file, allowing smooth playback. In case
the audio file is missing, the module’s error handling promptly intervenes. Hence,
this proactive issue management strategy enables developers to swiftly identify
and fix problems, promoting an efficient development process. After concluding its
internal checks, the TTS module plays the audio, delivering the synthesised speech
to the user.

6.5 Empirical Results and Discussion

In evaluating our HRI pipeline, we conducted preliminary experiments by engaging
Italian, English and French native speakers. Each user was requested to vocally
introduce three sentences in their native language, formulating each utterance ten
times. Participants wore a headset to communicate, in order to minimise background
noise and closely replicate the ideal way in which the interaction between humans
and robots would occur in practical scenarios. Furthermore, French and Italian
participants were also encouraged to interact in English. Communicating in a non-
native language played a crucial role in determining the error rate linked to the STT
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module, as well as the count of inaccurately recognised speech acts and misclassified
frame elements in the NLU component.

The time between the end of the user’s utterance pronunciation and the start of
the system’s response was recorded and analysed. The outcomes of our investigation
are summarised in which presents specific information such as the input
sentence, interaction language, speech act, frame semantics, and both the worst
and the best response times. provides details about the average time
required by each module. On average, we observed that the STT module accurately
transcribed vocal utterances 8 times out of 10 when users interacted in English, even
if it was not their native language. Regarding NLU, this module was expected to
utilise more time to process the sentences since first, the prediction of the speech act
was made, then the association of the frame elements, which are both computationally
expensive. On the other hand, TTS was not expected to employ more than 1 second
to reproduce the utterance vocally, but it was noticed that in the final value, the time
required to generate, save, open and play the audio was also taken into account. The
system appropriately generated error responses when faced with sentences containing
information beyond its knowledge. For instance, frame semantics were not generated
for the sentence "Hello, can you cook?". In this case, the system did not recognise
the frame "cook", resulting in a response notifying the user: "I do not know how to
cook".

The pipeline’s issue management was showcased in a French context, where
the robot was queried with the prompt, "Can you check the grape?'. In such a
scenario, the robot could not assess the fruit’s condition due to a major problem.
The issue stemmed from the ripe grape being previously harvested by a human
worker. Consequently, the robot informed about the missing cluster and inquired
whether the person could address the issue, as illustrated in In case of
confirmation, the speech pipeline prioritises tasks subsequently communicated by
the user.

Precisely, once the ST'T module transcribed the vocal utterance into its correspond-
ing textual transcription, the NLU component analysed the sentence by identifying
the "Request" speech act along with the frame "CHECK" and element "grape". Such
information was passed to the DEM, in order to verify if the data received from the
NLU was valid and forwarded them to the DIM, while generating the "check grape"
task to be handled by the TM. However, the task could not be executed due to the
disappeared grape, and the TM sent a message to the IH in order to manage the
encountered "major problem" to whom criticality 3 was assigned. Such issue was then
communicated back to the DEM, so to inform DIM to provide a "Suggestion" to the
person. Hence, this interaction between the modules is fundamental in our pipeline
when an issue is encountered by the robot, so the user can assist in resolving it. In
such cases, the robot prioritises the user’s subsequent commands by placing them at
the beginning of both the "Frame List" and "Task List" ensuring the completion of
the current task before moving on to the next one.
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Sentence Language | Speech Act | Frame Semantics | Worst time | Best time
COME-AFTER__

Follow me English Command FOLLOW-IN-TIME | 2.0109 s 1.6553 s
(me)

The ground is wet English Information BE_EXIST 4.2523 s 3.8717 s
(ground)

Can you help me? English Request ?rr]?eI)JP 3.1524 s 2.7651 s

Allez a droite GO U

(Go to the right) French Command (right) 8.7831 s 7.1507 s

Le raisin est malade . BE_EXIST o .

(The grape is sick) French Information (grape, sick) 11.559 s 9.2889 s

Pouvez-vous vérifier les raisins? CHECK

(Can you check the grape?) French Request (grape) 9.6143 s 7.3952 s

Muoviti avanti lentamente . GO .

(Move forward slowly) Ttalian Command (forward, slowly) 9.6244 s 77365 s

Le foglie sono secche . _ . BE__EXIST )

(The leaves are dry) Italian Information (leaves, dry) 10.6146 s 8.0871 s

Riesci a esaminare il terreno? . CHECK

(Can you examine the ground?) Italian Request (ground) 10-499's 3715 s

Table 6.6. Evaluation on the HRI speech pipeline.

Sentence STT NLU DEM DIM TTS

Follow me 0.0007 s | 1.1117 s | 0.0049 s | 0.0097 s | 0.7301 s

The ground is wet 0.0016 s | 1.1613 s | 0.0021 s | 0.0115 s | 2.8913 s

Can you help me? 0.0013 s | 1.1303 s | 0.002s | 0.0228 s | 1.7923 s

Allez & droite

\textit{(Co to the right)} 0.0003 s | 6.4374 s | 0.0065 s | 0.0067 s | 1.4604 s

Le raisin est malade 0.0023s | 7.7119 s | 0.002s | 0.0116 s | 2.7797 s

\textit{(The grape is sick)}

Pouvez-vous vérifier les raisins? g

\textit{(Can you check the grape?)} 0.0008 s | 6.7171 s | 0.0063 s | 0.0067 s | 1.5798 s

Muoviti avanti lentamente 0.0016 s | 6.8703 s | 0.0047 s | 0.0072's | 1.5592 s

\textit{(Move forward slowly)}

Le foglic sono secche 0.0018 s | 6.4003 s | 0.002s | 0.0097 s | 2.6335 s

\textit{(The leaves are dry)}

Riescl a esaminare il terreno? 0.0011 s | 6.4513 s | 0.0047 s | 0.0076 s | 1.6583 s

\textit{(Can you examine the ground?)}

Table 6.7. Average time required by each module of the HRI pipeline.

HUMAN REQUEST: ['Can you check the grape?']
ROBOT ANSWER: ['I am checking grape']
ROBOT PROBLEM: ['The grape I was trying to check disappeared']

ROBOT SUGGESTION: ['Are you able to fix the problem?', 'Please respond only by yes or no']
(1 minute passed)
ROBOT ANSWER: ['I did not receive your response, so I am ending the current task']

Figure 6.16. System’s issue management.

Additionally, based on these findings, it also emerged that handling multiple
languages might result in translation delays influenced by both input sentence and
response lengths. However, in the best cases, the interaction time was below 10
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seconds [224] on CPU, showcasing the real-time capabilities of our system and the
potential for significant processing time reduction in the NLU module when the
pipeline is run on a GPU. Additionally, participants expressed particular appreci-
ation for the system’s response speed, transcription accuracy, and comprehension
correctness, underlining their interest in future interactions with the real robot.
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Chapter 7

Gestural Human-Robot
Interaction

Non-verbal communication cues play a pivotal role in human-robot interaction
(HRI), enabling intuitive collaboration in environments where speech alone is in-
sufficient due to noise, distance, or cultural barriers. Non-verbal communication,
such as gestures and facial expressions, can convey a lot of information about a
person’s intentions, emotions, and attitudes. Since non-verbal interaction conveys
much information about a person’s intentions, emotions, and attitudes and brings
continuity or completes the communication [249], enabling robots to understand and
respond to human signals is crucial to bridge the interaction gap. As discussed in
Chapter [T}, in agricultural settings like vineyards, where fluctuating illumination
and machinery noise disrupt traditional communication channels, gestures provide a
robust alternative for conveying commands, directing attention, and coordinating
tasks. This chapter advances gestural HRI by establishing a taxonomy of context-
aware gestures tailored to viticulture-based workflows for CANOPIES project, such
as pruning and harvesting, and designing a scalable gesture recognition pipeline
validated across virtual and real-world domains. Building on synthetic data gen-
eration techniques (Chapter [5), gesture datasets curated using virtual avatars in
simulated environments, train pose estimation models to interpret both full-body and
hand-centric gestures, and evaluate their performance on indoor/outdoor logistics
robots and outdoor farming robots. Through rigorous testing in virtual reality
and field experiments, these systems demonstrated that gesture-based interaction
improves safety, efficiency, and adaptability in shared workspaces, thereby establish-
ing the groundwork for integrating gestures and speech into a cohesive multimodal

framework to be discussed in Chapter

7.1 Gesture Taxonomies and Data Acquisition

There were several definitions of gestures based on the applications and their usage
context, yet most still need to be standardised. Regarding industrial applications,
gesture definitions change according to the type of industry and context used.
General movement and context-specific gestures were defined to generalise and
standardise the signs in the industry. These were defined after following some
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gestures for communicative purposes [235] in HRI and from the gesture language
between human-human and human-robot and in the workspace for the CANOPIES
project. The total of 21 defined gestures consists of 10 dynamic and 11 static signs,
where 9 gestures can be performed using two hands, while the rest are with one hand.
Some gesture definitions were specific to the CANOPIES project [CUT, CHANGE
BOX, RECEIVE, TAKE], while the rest are generic to ground robots. Human
workers in the table-grape field will be working along with robots in performing
agricultural activities, which require at least one hand in most cases to instruct the
robot, without interrupting their activities. The 9 gestures that need two hands
can have any other tools in the hands of the human in most scenarios. [Table 7.1
explains the gestures defined and how the gestures are performed, and the pictorial
explanations for each gesture are shown in

7.1.1 Full-Body and Hand-Centric Gestures

Functional human-robot gestural interaction has been explored since the late 1990s
when the recognition of six different arm gestures was used to control a wheeled
robot. Gesture-based interaction has been traditionally paired with speech-based
interaction to enrich the communication spectrum, and it can substitute speech
entirely in noisy environments or be used to substitute such tools as teach pendants
when human operators can not get their hands free. Since the first attempts, gesture
recognition has been used in different applications to interact with robots. User-
defined hand and finger gestures have been coupled together with face identification
to allow people with disabilities to control an intelligent wheelchair [136].

In general terms, providing a universal definition of gesture remains a challenge,
as existing literature lacks a single, overarching classification. However, in the
specific context of human-robot interaction (HRI), it is possible to define gestures
within a functional framework [194]. The concept of functional gestures is widely
accepted in the literature, yet often remains implicit, as most works developing
gesture-based Human-Machine Interaction (HMI) techniques and frameworks do not
explicitly define the term. From an analysis of state-of-the-art literature, functional
gestures in HMI scenarios can be described as trajectories of body motion or static
poses, intentionally performed to convey meaningful information or interact with
the surrounding environment. In this context, we will refer to functional gestures
simply as gestures.

By identifying human-performed gestures to facilitate control or communication
with devices, gesture recognition enables intuitive and contactless interaction. Ac-
cording to [48], Gestures are body actions that humans intentionally perform to affect
the behaviour of an intelligent system. The concept of intention is fundamental
to this process, as gestures inherently express meaning and purpose. Recognised
gestures may include waving, pointing at an object or device, opening a hand, clap-
ping, touching both hands or sign language movements. These air gestures provide
a natural and seamless mode of interaction, offering an intuitive alternative to
conventional input methods in human-robot collaboration. Thus, gesture recognition
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Gesture Gesture Description Type Body
Command Parts

Involved
Start Start the gesture module Dynamic | Two Hands
Stop Stop the current command (can be used on Static One Hand
multiple commands)
Pause Pause the current action until resume command Static Two Hands
is given
Resume Resume the action from the Pause command Static Two Hands
Dynamic
Attention Get the attention of the Robot (This can be used | Dynamic One Hand
to take commands from another person in the
field of view of Robot)
Take an item (Object | To give the human a tool or some object or grape Static One Hand
Detection in bunch (Place object in the Hand of the human)
Human’s hand)
Receive an item To give the Robot a tool or some object or grape Static One Hand
(Hand and position bunch (object in the Hand of the human)
Tracking)
Point an item? Point an object or area in the field of view of Dynamic One Hand
Robot (Object detection enabled and finger
pointing direction will be tracked)
Move forward Ask the robot to move forward. (Default distance | Dynamic One Hand
will be set based on the available space for the
robot to move.)
Move backward Ask the robot to move backward. (Default Dynamic One Hand
distance will be set based on the available space
for the robot to move.)
Move Left Ask the robot to move Left. (Default distance Static One Hand
will be set based on the available space for the
robot to move.)
Move Right Ask the robot to move Right. (Default distance Static One Hand
will be set based on the available space for the
robot to move.)
Turn Left Ask the robot to Turn left. (Default check will be | Dynamic | Two Hands
set based on the available space for the robot to
move.)
Turn Right Ask the robot to Turn Right. (Default check will Dynamic | Two Hands
be set based on the available space for the robot
to move.)
Turn Around/Back Ask the robot to Turn back (180). (Default check | Dynamic One Hand
will be set based on the available space for the
robot to move.)
Slow down Ask the robot to slow down (moving or any task) Dynamic One Hand
Stop executing The robot will stop executing any work it is Static Two Hands
Everything doing. This includes the movement. (Robot will
continue to be in pause if the previous command
is paused before this gesture)
Cut the bunch; Start | Start cutting the grape bunch(es). It can be Static One Hand
Pruning; Start combined with a pointing gesture to cut a specific | Dynamic | Two Hands
Harvesting bunch. To begin the activity of pruning. (The
same gesture of Harvesting can be used as the
activities take place in different timelines)
Change the basket To change the baskets in the truck when the Dynamic | Two Hands
basket is full. Detection algorithm will estimate if
the bunch is full.
Follow me Ask the robot to follow the human. Dynamic | Two Hands

Table 7.1. Full-Body Gesture definitions. Applicable for General UGV’s and CANOPIES.
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STOP PAUSE
ATTENTION RECEIVE TAKE Object
Object
TURN RIGHT | TURN LEFT
MOVE BACK | MOVE MOVE LEFT MOVE RIGHT
FORWARD
SPEED UF STOP TURN AROUND | POINT AN ITEM
EXECUTION OR AREA
i m
CUT (TWO VARIATIONS) CHANGEBOX | SLOW DOWN
Figure 7.1. Full-Body Gesture definitions based on the workspace ethic and human

communication. Applicable for general UGV’s and CANOPIES.

serves as a crucial bridge between human intent and robotic response, enhancing

both usability and interaction efficiency.
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Most of the literature and the implementations point towards 1. Full-body
gestures, 2. Hand gestures. Full-body gestures are being used in systems through
pose detection and other techniques based on depth; the same applies to Hand
gestures.

(a) (b)

Figure 7.2. General representation of keypoint mapping of Full-body (a) and Hand (b) for
pose estimation and gesture recognition.

7.1.2 Pose Estimation using MediaPipe

MediaPipe offers a sophisticated framework for human pose estimation, enabling
researchers and developers to detect and track human body landmarks in both
two-dimensional and three-dimensional space. This technology represents a sig-
nificant advancement in computer vision applications, providing accessible tools
for implementing complex pose detection systems across various platforms. The
framework implements BlazePose, a lightweight neural network pipeline capable of
predicting 3D landmarks of the human body in real-time, including detailed hand
representations, from a single monocular image [29]. This technology runs efficiently
on most modern mobile phones and browsers, democratising access to sophisticated
pose estimation capabilities.
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Full-Body Pose Estimation

The BlazePose framework employed by MediaPipe represents a significant ad-
vancement in on-device pose detection technology. It utilises a machine learning
solution designed for high-fidelity body pose tracking, inferring the 3D coordinates
of 33 joint points on the whole body in real time from each frame of RGB video [148].
The system implements a sophisticated pipeline that processes input images through
several stages to ensure consistent performance across different input sources and
environmental conditions.

The Z-coordinate in the framework represents depth, with the hip midpoint
serving as the origin. Smaller values indicate proximity to the camera, creating a
consistent spatial reference system [I48]. This dimensional representation enables
applications to interpret not just the position of body parts within the frame but also
their spatial relationships in depth, providing critical information for applications
requiring spatial awareness of human positioning.

Recent evaluations demonstrate MediaPipe’s performance metrics, with improve-
ments showing average accuracy increasing from 71.76% to 93.52% through optimi-
sation techniques [I48]. However, researchers note that pose estimation accuracy is
highly dependent on camera viewing angle and the specific exercises performed, with
accuracy decreasing under less favourable conditions [69]. These findings highlight
the importance of controlled implementation environments for applications requiring
high precision.

3D Keypoint Representation and GHUM Model The three-dimensional
keypoint system in MediaPipe transforms flat image detections into spatially mean-
ingful representations through the integration of the Google Human Model (GHUM),
a parametric 3D human model. This statistical human shape and pose model
captures correlations between body parts to ensure consistent pose estimations
[266]. The GHUM model supports both moderate-resolution (10,168 vertices) and
low-resolution (3,194 vertices) representations, providing flexibility for different
processing capabilities [266].

Rather than solving inverse kinematics for given 2D skeletal models, the framework
employs a heuristic optimisation method that directly adjusts camera-relative body
angles and intra-body joint angles to match 2D projected humanoid models to
2D skeletal models [130]. This approach addresses the depth ambiguity problem
by incorporating loss functions that consider the deviation of centre of mass from
supporting feet and appropriate penalty functions for natural joint angle rotations
[130].

The GHUM lifter neural network takes concatenated 3D body and hand landmarks
as input and outputs mesh parameters, employing an MLP-Mixer architecture that
processes 75 tokens (33 body landmarks as shown in and 42 hand
landmarks) [97]. This architecture transforms the landmarks to produce GHUM
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Figure 7.3. MediaPipe Pose estimation landmarks

Source: [29)]

state parameters for pose and shape, enabling high-fidelity reconstruction of human
forms from detected landmarks. Comparative evaluations show the BlazePose GHUM
Holistic approach achieves a Mean Per Joint Positional Error with Procrustes
Alignment (MPJPE-PA) of 78mm and MPJPE of 121mm, outperforming other

methods while operating an order of magnitude faster [97].

Hand Pose Estimation

MediaPipe’s hand pose estimation technology represents a specialised subset of its
human tracking capabilities, focusing on the detailed articulations of human hands.
The system employs a dual-model approach comprising a palm detection model and
a hand landmark model working in concert to provide comprehensive hand tracking.
The landmark detector identifies 21 specific hand keypoints, creating a detailed
skeletal representation of hand positioning that captures the complex articulations
of fingers and palm [29].

The spatial transformer approach crops high-resolution hand regions from input
images, enabling detailed analysis without requiring the entire pipeline to process
full-resolution images. This optimisation allows for efficient processing while main-
taining the fidelity necessary for tracking fine hand movements. The system further
implements intelligent tracking to minimise computational demands, using bound-
ing boxes defined by hand landmarks from previous frames to localise hands in
subsequent frames [97].

Integration with Full-Body Tracking The BlazePose GHUM Holistic approach
addresses limitations of standard on-device body landmark prediction by including
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hands and fingers, enabling unified motion capture for the entire body. The inte-
gration of hand landmarks (21 per hand) with the 33 body landmarks creates a
comprehensive skeletal representation that captures both gross motor movements
and fine manipulations [29].

This holistic approach provides a unified representation for applications ranging
from avatar control to gesture detection and motion analysis. The system outputs
handedness classification to distinguish between left and right hands, enabling
applications to implement hand-specific interactions and analyse bimanual activities.
This classification proves particularly valuable for applications requiring detailed
understanding of which hand performs specific actions [97].

MediaPipe’s pose estimation framework provides researchers and developers with
sophisticated tools for human pose tracking in three-dimensional space. The inte-
gration of BlazePose with the GHUM model creates a powerful system capable of
detailed full-body and hand pose estimation from single monocular images. Despite
current limitations in certain environmental conditions and with non-standard body
types, the technology demonstrates impressive accuracy and efficiency across diverse
implementation scenarios.

7.1.3 Hybrid Dataset

The hybrid dataset represents a synergistic integration of virtual (synthetic)
data (VD) and real-world data (RD) at different percentage combinations, as
detailed in sections [5.2.1] and [5.1.4] respectively. This combined dataset leverages
the complementary strengths of both data sources to enhance the robustness and
generalizability of gesture recognition models.

The synthetic component, generated using the Unity simulation framework (Sec-
tion , comprises 26,000 frames of gesture data from 30 virtual characters.
These data incorporate diverse variations in illumination, camera angles, noise, and
distance configurations, ensuring scalability and controlled environmental diversity.
Conversely, the real-world component (Section consists of 25,192 frames cap-
tured in a table-grape vineyard using an Intel RealSense Depth camera. It includes
gestures performed by 8 individuals across age groups and genders, recorded at
multiple distances (1.5-6 meters) under authentic field conditions. Both datasets are
aligned to 13 classes: 12 static gestures for robot navigation/initiation, one standing
pose, and an "Unknown" Pose class for outlier detection.

By merging these datasets, the hybrid dataset achieves a total of 51,192 frames,
balancing the realism of physical-world dynamics with the scalability and variability
of synthetic data. This combination mitigates the inherent limitations of each
individual dataset: synthetic data, while versatile, may lack nuanced environmental
interactions, whereas real data, though authentic, is resource-intensive to collect.
The hybrid approach ensures broader coverage of scenarios, including variations
in lighting, occlusions, human demographics, and background complexity, while



7.2 Gesture Recognition Pipeline 125

maintaining class consistency. This integration not only amplifies training data
volume but also reduces overfitting risks by exposing models to both idealized and
real-world conditions. Subsequent experiments (Section demonstrate that
models trained on the hybrid dataset exhibit improved generalization, particularly
in challenging field environments, compared to those trained on purely synthetic or
real data alone.

7.2 Gesture Recognition Pipeline

The necessity of a modular and robust system that could exploit gestures in
HRI to enhance the robot’s comprehension of specific information motivated us
to develop an innovative application for recognising gestural interaction between
humans and robots. The proposed architecture is implemented on ROS Noetic, on a
computer running Ubuntu 20.04 LTS. The system and its evaluation are deployed on
an Alienware x17 R2 with 32 GB of RAM, a 12th-generation i9 CPU, and a Nvidia
RTX 3080 Ti GPU notebook. The pipeline, presented in Figure 6.8, is created for
training and evaluating the gesture recognition model on:

1. Exclusively gestural data generated from human avatars.

2. A combination of virtual and real information.

The developed architecture consists of two main pathways. The first one, depicted
by a continuous black line, serves as a reference or ground truth during experiments
with alternative models. It also functions as the primary direction for assessing the
data, extracting pose landmarks, and determining the gesture class for Real-Time
Data (RD), Virtual Data (Synthetic Data) (VD), or a combination of data sources.
The second pathway, represented by the blue line, involves gesture evaluation using
either a CNN or a Transformer model. This pathway acts as a supplementary
algorithm to improve the final gesture classification. Hence, the pipeline design is
highly flexible, allowing for the use of either RD, VD, or a fusion of real and simulated
information. Additionally, users can employ one or both recognition algorithms in
the process. Indeed, depending on the configuration, either of the pathways can
behave as a complete framework. This adaptability enables the incorporation of one
or more detection models into the pipeline to suit specific needs.

7.2.1 Implementations and Empirical Results
Experiment Design

The experimentation was conducted in three distinct phases to answer the research
question, "How do the models trained on Hybrid data perform in real-
world?". The first phase generates more virtually simulated data by creating
additional virtual human characters as discussed in the section[5.1.1l These characters
were mapped to the extracted gesture animations. For the preliminary investigation
of this phase, the simulation environment recorded the gestures performed by these
characters through multiple cameras using the Unity tool from various distances
and angles. These characters are mapped to 7 gestures of the extracted gesture
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Figure 7.4. Gesture Pipeline for generation and evaluation on virtual simulated data. Blue
and black lines indicate the flow of data into two models, which can act as individual
recognition for a unified pipeline based on data and model configuration.

animations, out of which 6 are static, and 1 is a dynamic sign. The selected motions
belong to the initiation and navigation of the robot in different directions. Moreover,
to be able to recognise also the signs out of the chosen classes, an extra category of
Unknown Pose is introduced for classification purposes.
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Figure 7.5. Initial gesture recognition pipeline using Mediapipe

The Second phase of the experimentation uses Mediapipe’s pose estimation [29] to
evaluate the generated data as discussed in section The recorded frames were
evaluated to check if the key points were being recognised and at what threshold and
taken as a base score. In the case of virtual simulated data, the identified keypoints
were evaluated using Unity-generated joint coordinates as the ground truth. A
Convolutional Neural Network (CNN) of 8 convolutional layers was trained on the
key points obtained by running the pose estimation algorithm and utilised to classify
the avatar position into one of the predefined gesture classes. These results were
depicted in This laid the foundation for the initial gesture recognition
pipeline using Mediapipe.

In the third phase of the experimentation, more suitable deep-learning approaches
are adopted to train diverse systems on the acquired data. These experiments
and evaluations are based on the hypothesis that a model trained on the hybrid
data can be used to identify the gestures both in simulation and the real world. A
suitable deep-learning approach was adopted to train a network on such data. The



7.2 Gesture Recognition Pipeline 127

network was trained only on real data, Virtual-simulated data, and hybrid data.
This dataset was explained in the section [7.1.3] Mediapipe’s model and the trained
CNN models were compared against each other using variations of training data.
After evaluations, the possible data combinations (virtual-real) were evaluated to
improve the network’s performance. Hence, the network with the best performances
will be deployed to a virtual robot in the simulation, being able to see the virtual
human avatar performing gestures so that the virtual robot will communicate or
execute the corresponding actions based on the gesture commands given by the
virtual character. The users in the simulation will have control of choosing gestures
via a keyboard (input device) in a non-immersive experience and with the hand
controllers in an immersive experience based on the device. All these experiments
will further be catalogued for system enhancements, and the model’s performance
evaluation will be conducted on real-world data by deploying such an approach into
the real robot. The same experiment was repeated with various combinations of RD
and VD with simple multiples of 10, i.e., for example, 30% RD + 70% VD from their
respective frames contribute to the combined dataset for training and evaluating the
network. Two 2D pose estimation deep-learning approaches were identified to train
on such data.

1. MoveNet(single pose)(Thunder) [239] uses MobileNetV2 as its backbone, fol-
lowed by Centernet with a depth multiplier of 1.75.

2. ViTPose [268] with YOLO V5 as its backbone for person detection, followed
by a transformer block to estimate the key points.

These networks were pre-trained on the MS COCO Human Keypoint Detection
dataset and then fine-tuned on the defined gestures. The same CNN was adopted
with modifications to the input layer to incorporate the changes in the keypoint
data structure, but the rest of the layers remained the same to have consistency
across these 3 algorithms. These pose algorithm-based CNNs were trained on real
data, virtual-simulated data, and several combinations of data with train-val-test
proportions of 70-15-15% on the data. The fixed test data was set to validate
real, virtual, and combination data. Mediapipe’s model and the trained models
were compared using variations of training data. A probability weight-based voting
ensemble between the two best models determines the gesture class to communicate
to the robot for task execution. This two-model approach was employed as the
final recognition pipeline as shown in [Figure 7.4for real-world deployment, as false

positives were reduced.

Emperical Results on Synthetic Data

The evaluation results on gesture recognition through pose estimation using the
virtual simulated data are presented and discussed in this Section. By the end of
the two phases of experiments presented previously, 3,380 frames of gestures were
acquired from all 30 characters for 8 (7+1) gestures. However, after post-processing
the frames for inconsistencies and left with 3,096 frames for these classes. All these
frames were passed through Mediapipe’s pose estimation algorithm for estimating
the key-points. As mentioned in section the pose classification network (CNN)
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could assign one of the 741 gesture classes to the input frame. To this aim, the
outcome of this evaluation is presented in From this analysis, it was
noticed that the gesture misclassification depends on one (or multiple) issues:

1. Pose occlusion with any other item or person in the simulation.

2. Camera angle for the character as the parts of characters occlude some of the
keypoints in certain angles.

3. Lack of brightness and animation inconsistencies.

Figure 7.6. Pose detected on Virtual Human Avatars performing animated gestures in the
table-grape field simulation.

The overall performance accuracy in all the classes was recorded to be 94%, whereas
the individual classes’ precision ranged between 92 - 98%. The recorded fl-score
was 0.94. Since the primary goal is to evaluate the developed gesture recognition
module and classify the gestures in an ideal situation in which gesture failures are
not detected and propagated among the pipeline by the gesture recognition module,
all the acquired frames were double-checked and the ones that are inconsistent with
the animation were removed Hence, the gesture classification network was run on the
corrected frames to identify the issues presented previously from these classification
outcomes. In future, additional pose estimation networks will be evaluated on this
data to draw comparisons between the networks and evaluate their performances
in hybrid data settings. The outcome of the evaluation is presented in
and
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Figure 7.7. Confusion Matrix for 7 Gestures and an Unknown gesture class.

Class Name Precision | 1-Precision | Recall | 1-Recall | f1-score
Start 0.92 0.08 0.91 0.09 0.91
Stop 0.93 0.07 0.97 0.03 0.95
Move left 0.95 0.05 0.95 0.05 0.95
Move_ right 0.95 0.05 0.98 0.02 0.96
Turn_left 0.96 0.04 0.97 0.03 0.97
Turn_ right 0.93 0.07 0.98 0.02 0.96
Pause 0.98 0.02 0.99 0.01 0.98
Unknown 0.92 0.08 0.83 0.17 0.88
Accuracy 0.94

Misclassification Rate 0.06

Macro-F1 0.94

Weighted-F1 0.94

Table 7.2. Training performance statistics for 7 gestures and the Unknown gesture class.
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Emperical Results on Hybrid Data

After evaluations, [Table 7.3 shows the possible data combinations (virtual-real)
and the respective network’s performance. All these experiments were catalogued
for system enhancements and the model’s performance. Evaluations were conducted
on both real-world and virtual data by employing these models using the camera on
the robot.

Train Data Test Data Mediapipe +CNN MoveNet + CNN VitPose + CNN
Real | Virtual | Real | Virtual | Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score
100 - v X 0.85 0.85 0.74 0.74 0.80 0.80
100 - X v 0.81 0.81 0.71 0.70 0.79 0.79
- 100 v X 0.95 0.95 0.76 0.76 0.85 0.85
- 100 X v 0.97 0.97 0.78 0.78 0.85 0.85
80 20 v v 0.83 0.82 0.68 0.67 0.71 0.70
70 30 v v 0.85 0.85 0.69 0.69 0.72 0.74
60 40 v v 0.89 0.89 0.71 0.70 0.74 0.74
50 50 v v 0.91 0.91 0.72 0.71 0.78 0.78
40 60 v v 0.91 0.92 0.73 0.72 0.79 0.79
30 70 v v 0.93 0.93 0.74 0.73 0.81 0.81
20 80 v v 0.94 0.93 0.76 0.76 0.83 0.83
100 100 v v 0.97 0.96 0.78 0.77 0.86 0.86

Table 7.3. Results of evaluations conducted on various data combinations and various Pose
estimation + CNN algorithms. Accuracy and F1-Score readings are evaluated on test
data samples. Train Data represents the percentage combinations of real and virtual
data used to train the models. v' represents data used to test and X marks not used.
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Figure 7.8. Confusion matrix for 13 Gesture classes using 20% RD and 80% VD.

By the end of the experimentation, various data combinations were evaluated and
it was observed that the models trained on full RD and VD datasets performed better
due to the availability of more training data. However, As the goal is to use the
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combination data, the 20-80 ratio of RD-VD models performed close to the full data
combination. It was also observed that Mediapipe + CNN performed superior to
others as the model evaluates 33(3D) landmarks where, whereas the MoveNet model
evaluates 17(2D) landmarks and the ViTPose model 25(2D) landmarks. Based on
observations, more landmarks result in more features to learn, leading to the model’s
better performance. The outcome of this evaluation is presented in

7.2.2 Performance in Indoor and Outdoor Settings

The gesture recognition pipeline was deployed across two distinct robotic plat-
forms—the Farming Robot (FR) and the Logistics Robot (LR)—achieving a com-
bined accuracy of 94% under diverse operational conditions, including fluctuating
lighting, variable target distances, and heterogeneous hardware configurations in the
person’s hand. Failure in recognition resulted from several factors, such as partici-
pants’ clothing being blended with the background and baggy clothing hindering
joint recognition. Tall participants under the canopy faced difficulties with the ‘stop’
command, often misclassified as ‘move backwards’ due to hand position similarities.
Camera placement also impacted gesture recognition accuracy. Cultural factors
may also play a role. For example, Italian participants’ natural inclination to use
more gestures compared to other cultures may impact the performance of gesture
recognition systems, increasing the number of false positives. The Farming Robot
employed gesture commands to navigate in the field during harvesting, subjected
to outdoor environmental variances. In real-world collaborative scenarios—where
users might be carrying tools or objects, reaching around corners, or moving through
crowded spaces—arms and torsos can quickly become obscured. However, full-body
gestures are unaffected by the tools in the hand as the recognition algorithm does
not take hand key points into consideration.

In indoor environments, the robot employs a MediaPipe-based hand gesture
recognition system to facilitate intuitive user commands such as opening and closing
the lid, following a person, stopping, and displaying the battery level ( [Figure 7.9)).
These commands were chosen for their practical relevance in day-to-day use and
distinguishable hand gestures. The robot’s (Segway E1) physical constraints were
considered specifically as its fixed height of 1.15 meters and its downward-facing
camera placement made it impractical to rely on full-body gestures since body
movements or poses would often fall outside the camera’s field of view or become
distorted due to the steep viewing angle. Instead, focusing on hand gestures within
a close interaction range of 0.5—1 meter ensured the robot could reliably capture
and process the necessary landmarks, even in tight or cluttered indoor spaces.

To achieve high recognition accuracy under these constrained conditions, the
standard MediaPipe hand landmark detection framework was optimised for close-
range interaction. This involved tuning parameters such as detection confidence
thresholds, region-of-interest scaling, and tracking stability settings, all of which
improved precision when a user’s hand is very close to the camera. Extensive testing
in controlled indoor lighting conditions demonstrated a 98% recognition accuracy,
underscoring the robustness of the approach for everyday deployment. From a
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Figure 7.9. Hand-gestures and their respective commands for logistic robot

computational standpoint, the entire gesture recognition pipeline was deployed on
an NVIDIA Jetson Orin edge processor-enabled Segway E1 delivery robot. This
processor meets the computational expense of running the robot within a small power
footprint, which is critical for a mobile, battery-powered robot that needs to maintain
real-time performance. Even with all the overhead required for vision-based detection
and the subsequent gesture classification, the system maintained a solid 25 frames
per second (FPS) throughput. This rate was found to be sufficiently responsive for
seamless user interaction while staying within the robot’s computational and energy
constraints.

Finally, by including hand gestures, the system remains adaptable to different
robot types and scenarios based on their hardware configurations and is robust to
occlusions and partial hand visibility. In the case of robots with small stature, the
hands of the human often stay within view of the downward-facing camera, and the
optimised hand landmark detection can handle brief periods of partial occlusion.
As a result, the robot can consistently recognise user commands without needing
large, exaggerated motions, making the overall interface more natural, efficient, and
user-friendly in indoor settings.
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Chapter 8

Enhancing Collaboration with
Multimodal Interaction

Multimodal interaction is a key advancement in improving communication between
humans and robots. Traditionally, HRI has been limited to unimodal exchanges,
predominantly relying on either speech or gestures. However, integrating multiple
modalities—such as speech, gestures, and visual cues—enhances the robustness,
adaptability, and naturalness of interactions. This chapter explores how multimodal-
ity strengthens collaboration by improving the accuracy of command interpretation,
reducing ambiguity, and increasing the efficiency of task execution in real-world
scenarios.

Humans naturally employ multimodal communication, often combining speech
with gestures, facial expressions, and other non-verbal cues to enhance clarity.
In HRI, multimodal integration allows robots to overcome challenges posed by
environmental conditions, such as background noise or poor visibility, by leveraging
redundant or complementary information. Redundant interaction occurs when the
same information is conveyed through multiple channels, reinforcing the message
and increasing recognition accuracy. For instance, a user saying, "Move there"
while pointing towards a location provides redundant cues that allow the robot
to determine the intended destination with greater confidence. Complementary
interaction, on the other hand, occurs when different modalities contribute distinct
pieces of information that together form a complete message. For example, a user
might say, "harvest the grape bunch" while pointing at a specific fruit, where speech
provides the action, and the gesture provides the target object.

The architecture presented in this chapter is designed to support multimodal
interaction by systematically integrating speech and gesture inputs into a multimodal
fusion-based decision-making pipeline. This architecture consists of multiple core
modules that enable real-time processing, information fusion, and action execution.
Notably, the architecture is designed with modularity in mind, allowing for the future
integration of Large Language Models (LLMs) to extend its capabilities. While
LLMs are introduced later in the chapter, the foundational modules remain the
same, ensuring that multimodal interaction is handled consistently and efficiently at
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the core.

8.1 Multimodal Interaction in HRI: Integrating Speech
and Gestures

The Multimodal Human-Robot Interaction (MHRI) architecture builds upon the
Collaborative Speech Pipeline Architecture presented in [subsection 6.4.1] extending

it with gesture-based interaction and multimodal fusion. The architecture consists
of the following additional modules and is shown in [Figure 8.2

8.1.1 Gesture Acquisition and Recognition Module

The Gesture Acquisition module collects visual input from the camera feed to
identify user gestures and transforms it into a ROS message. This message is
published to the dedicated ROC topic ready to be subscribed by the pipeline. The
Gesture Recognition module discussed in subscribes to this topic and
classifies the detected movements into predefined categories, allowing the system
to interpret non-verbal commands accurately. The designated topic to which the
Gesture Recognition module is subscribed becomes the channel for this publication,
ensuring a seamless flow of visual data within the system.
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Figure 8.1. Multimodal Human-To-Robot Interaction pipeline handling Speech and
Gestures
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8.1.2 Multimodal Fusion Module

This module integrates speech and gesture data to determine whether they convey
complementary or redundant information. It plays a crucial role in ensuring the
robot accurately interprets the user’s intent by cross-referencing multiple input
sources. The schematic information flow between these communication modules is

shown in

For the remaining seven modules—Speech-to-Text, Natural Language Understand-
ing, Decision Manager, Dialogue Manager, Task Manager, Issue Harvester, and
Text-to-Speech — refer to [subsection 6.4.1] where they have been discussed in detail.
Below, we illustrate examples of how these modules function in the multimodal
interaction pipeline:

e Speech-to-Text & Gesture Fusion: When a user says "Move left" while
pointing in a direction, the Speech-to-Text module transcribes the speech, and
the Gesture Recognition module interprets the pointing gesture. The Decision
Manager validates the consistency between the two inputs before instructing
the robot.

e Dialogue Manager Handling Ambiguity: If a user gives an ambiguous
command like "Go there," the Dialogue Manager engages in a clarification
dialogue by asking the user to specify the destination.

e Task Execution through Multimodal Input: If a worker in an agricultural
setting says, "Pick that grape" while pointing, the Task Manager prioritises
executing the harvesting action only after confirming the gesture-defined object
with the vision system.

e Issue Harvester Detecting Errors: If the robot misclassifies a command
due to background noise, the Issue Harvester logs the error and prompts the
user for clarification to ensure safe operation.

Task Manager (TM)

TM module (discussed in oversees task management, including the
addition of new assignments to the task list and notifies the Decision Manager upon
their completion. Tasks are appended to the list with a designated name and an
ID for identification in case a termination request is received. When an issue is
encountered during the task execution, this module kills the current assignment
after receiving termination instructions from the Decision Manager. This module
was upgraded to a state machine that handles other modules on the described
architecture for seamless information exchange and control of the hallucinations of
LLMs. Command tasks available for execution by the robot encompass:

e stop: halts the current task, signalled with a red illumination of the entire
LED strip at the robot’s rear
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e go_forward: prompts the robot to move forward with intermittent green light
signals until a "stop" command is received

e go_backward: initiates backward movement, signalled with intermittent red
light and a high-frequency "beep" until stopped

e turn_right: rotates the robot 90° right, emitting orange light signals from the
right corners

e turn_ left: turns the robot 90° left, illuminating orange LEDs at the front and
back left corners

e turn_ 180: prompts a 180° rotation

e check: enables the robot to perform verifications of specific elements in the
vineyard based on frame argument values

e harvest: lifts the robot to gather ripe grapes

e prune: involves cutting dry or broken leaves or branches

Light signals and sounds enhance user awareness in both virtual simulation
and real scenarios. Indeed, actions can be executed either by the digital or the
actual robot by adjusting the topics where the messages are sent. Due to hardware
constraints, lights and sound emission hardware were not installed on the farming
and logistic robots in the CANOPIES project. However, these modules were tested
in the simulation environment using the designed multimodal communication fusion
architecture. Communication with the "Visual Perception" module, responsible for
assessing grape attributes, such as "briz level”, "colour’, "size", and "position of the
grape bunch’, is facilitated through a function that actively parses this data in a
JSON file. Accessing grape-related details within a specific frame is more efficient,
empowering the robot to provide particular information and users to provide requests
or commands related to grape ripeness, cluster count and harvest plans.

8.1.3 Hybrid Decision-Level Fusion for Multimodality

Before integrating LLMs, multimodality was achieved by leveraging deterministic
rule-based processing in combination with sensor fusion techniques. The system
relied on structured mappings between speech and gesture inputs, using predefined
grammar-based recognition models to interpret commands. While effective, this
approach had limitations in handling ambiguous or complex instructions, as it
required predefined scenarios and lacked contextual adaptability.

By employing a hybrid decision-level fusion approach, the architecture was able
to combine complementary and redundant inputs effectively. Complementary multi-
modal fusion allowed gestures to fill in missing details when speech was insufficient,
while redundant fusion improved recognition confidence by cross-verifying multiple
input sources. This ensured reliable interaction in challenging environments, such as
agricultural settings where auditory and visual conditions can fluctuate.
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The architecture was designed with the flexibility to extend over several models and
algorithms in mind, ensuring that the same core modules responsible for interaction
handling would remain functional even with the introduction of LLMs. Adding
LLMs is an enhancement rather than a replacement, allowing the system to extend
its capabilities without disrupting the fundamental processing pipeline. A user
study was conducted using the simplified version of this system to assess multimodal
interaction in HRI and check what interaction comes on top. The user study
conducted with this systemic approach is discussed in the next section.

8.2 Assessing Multimodal Communication in HRI

A user study was conducted in a virtual simulation environment to evaluate
the effectiveness of multimodal interaction in HRI. The primary objective was
to compare the usability, efficiency, and user preferences of speech-only, gesture-
only, and multimodal interaction modalities. Previous studies have established the
robustness of multimodal communication, but limited research has explored user
experience factors such as trust, perceived competence, and perceived discomfort.
The study aimed to address these gaps by analysing how different communication
modalities impact user satisfaction and performance in a controlled yet realistic
setting.

8.2.1 Study Design and Experimental Setup

This user study was conducted to evaluate the effectiveness of multimodal interac-
tion in HRI. The study simulated real-world conditions with varying background
noise levels and illumination changes, mimicking outdoor environments where such
interactions are most applicable. The same system (refer to and en-
vironment setup were utilised for all input modalities. A Jabra SPEAK 510 USB
Bluetooth audio device was used for the speech input, which can toggle the micro-
phone on/off to reduce noise when the user is not speaking. Intel’s RealSense D435i
Camera served as the vision input for the gestures. Both devices were employed for
multimodal interaction.

The primary motivation for conducting a multimodal interaction study stems from
the challenges encountered in outdoor environments. As discussed in the introduction,
these settings are frequently noisy, posing difficulties for a single modality to provide
all the necessary information for effective robot performance. This study investigates
the impact of multimodal input, precisely the combination of speech and gestures, on
user experience. Each modality has been individually assessed to comprehensively
evaluate this impact, resulting in three distinct input settings: speech, gestures, and
multimodal interactions. During our experiments, if speech input proves inadequate,
the robot prompts the user for additional details using either speech or gestures.
If speech fails to provide the required information, gestures take precedence. This
approach ensures the robot can accurately interpret commands and execute tasks
effectively, capitalising on the strengths of both modalities to tackle the complexities
of outdoor settings.
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m{)nd%lfitty Age | Male | Female | Other n 01: rf (fe;‘ ay
Speech-only | 25.60 20 10 0 0
Gestures-only | 26.43 25 5 0 0
Multi-modal | 30.43 21 7 1 1

Table 8.1. Experimental groups

The gestures designed for the CANOPIES project (refer to were
carefully curated to ensure they do not overlap with any natural spoken gestures,
making it challenging for participants to learn how to interact with the robot using
these gesture-based modalities. If a participant were first to experience the gesture-
only modality and then the multimodal setting (or vice versa), they would have an
advantage in the second experiment, which could undermine the study’s validity. A
between-subjects design was employed to prevent bias, ensuring participants engaged
with only one modality during the study. This design decision aims to maintain the
integrity and validity of the research findings.

Participant Demographics

To conduct the experiments, we recruited 90 participants from the Dipartimento
di Ingegneria Informatica Automatica e Gestionale Antonio Ruberti (DIAG) at
Sapienza University and the Istituto Tecnico Agrario Emilio Sereni in Rome. All
data collected were anonymous, with no personal identifiers. Participants had no
speech impairments or physical disabilities, enabling them to participate in any of
the three modalities without constraints.

The participants were evenly divided into three groups, with 30 individuals per
group. Among the 90 participants, 66 identified as male, 22 as female, 1 as ‘other’,
and 1 preferred not to disclose their gender. Educational backgrounds varied: 11
participants were in high school, 6 had completed high school, 14 were enrolled
in a bachelor’s program, 32 were pursuing a master’s degree, and 27 were either
pursuing or had completed a doctorate. The average age of the participants was
27.49 years. presents the mean age and gender distribution of each group,
while illustrates the education level distribution per group.

Regarding prior experiences, 52 participants had interacted with virtual reality
(VR) before. On a 7-point Likert scale (ranging from ‘never’ to ‘daily’), participants
rated their experiences with robots in VR at an average of 3.18, indicating infrequent
interaction with simulated robots. Similarly, their experience with real robots
averaged 3.15 on the same scale. Lastly, when asked about their experience in
vineyards, the average score was 3.08, suggesting limited familiarity with vineyard
environments.

Virtual Reality

The proliferation of virtual reality (VR) technologies has opened up new avenues
for studying human-robot interaction (HRI) in various contexts [23]. The efficacy
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Figure 8.3. Distribution of participants’ level of education per group.

of utilising VR for HRI research in agriculture has been demonstrated within the
CANOPIES project. Moreover, the logistical challenges associated with transporting
both the robot and participants to a vineyard environment have been addressed by
conducting experiments within a simulated environment. In this simulated setting,
participants’ real actions, such as speech or gestures, directly influence the behaviour
of the simulated robot, allowing for a more controlled and efficient study of HRI
interactions.

Tasks

All participants, regardless of group, were tasked with instructing the robot to
complete specific actions. During the task, participants in all groups stood within 2
meters of the simulation display. The tasks were designed to be identical across all
groups and involved navigating the robot to three boxes placed in the field. The
boxes were positioned to the right, in front of, and to the left of the robot’s starting
point (see . Participants were required to navigate the robot to each box,
and upon approaching each one, the robot would automatically collect it. Once all
boxes were collected, participants had to direct the robot to harvest a grape bunch.
Instructions were to be conveyed in the participant’s assigned modality.

The instructions included six commands: move forward, move backwards, turn left,
turn right, stop, harvest. Since the participants were Italian, the vocal commands
for the speech and multimodal groups were given in Italian. However, the system
could be set to other languages if necessary. The specific Italian commands used
were: ‘vai avanti’ (move forward), ‘vai indietro’ (move backward), ‘gira a sinistra’
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Figure 8.4. Participant’s initial view of the simulation, each red circle depicts the placement
of a box and was not part of the simulation.

(turn left), ‘gira a destra’ (turn right), ‘fermati’ (stop), and ‘raccogli’ (harvest). The
associated gestures for the gestures and multimodal groups are shown in

8.2.2 Measures and Instruments

A comprehensive questionnaire was administered to assess the participants’ expe-
riences after interacting with the robot to gauge key concepts: usability, trust,
perceived competence, and discomfort. The complete questionnaire is presented
in Since the participants were native Italian speakers with varying levels
of English proficiency, the questionnaire was translated into Italian and reviewed
by individuals proficient in both languages to ensure clarity and accuracy, thus
mitigating potential language-related ambiguities.

Usability

The Alternative Usability Scale (AUS) was employed to evaluate usability, which was
extensively validated and researched [8]. This questionnaire includes a single item
for each usability component, rated on a 7-point Likert scale ranging from ‘strongly
disagree’ to ‘strongly agree’. This allows for the analysis of learnability, memorability,
efficiency, satisfaction, and error recovery, which are the five components of usability
defined by Nielsen’s Five-Factor Model [174].

Additionally, the perceived effort expended during the experiment was also
assessed. This included mental and physical effort, measured using the Subjective
Mental Effort Questionnaire (SMEQ)[215] and an adapted version of the SMEQ),
respectively. The SMEQ asks users to rate the effort expended on the interaction on
a scale from 0 to 150, as depicted in Objective usability measures were
also employed to assess the participants’ performance. Task duration was used as a
critical metric, measuring users’ time to complete the tasks [89]. This timing was
used to evaluate relative user efficiency, comparing participants’ task completion
times with expert users.
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Move forward Move backward Turn left

Turn right Stop Harvest

Figure 8.5. Gesture commands

Perceived Competence and Perceived Discomfort

Both competence and discomfort are social perceptions of robots that can be
measured using the Robotic Social Attributes Scale (RoSAS), a standardised 18-item
questionnaire designed to assess perceived competence, warmth, and discomfort [49].
Given the CANOPIES robot’s utilitarian nature, the warmth subscale was excluded
from the questionnaire [I53]. A detailed breakdown of the items evaluated in the
RoSAS subscale can be found in Each item was evaluated by participants
on a 7-point Likert scale to determine the extent to which each item accurately
describes the robot.

Trust

In the experiment, trust was one of several measures assessed, necessitating a concise
questionnaire to minimise user burden. This led to the selection of a 3-item trust
questionnaire [190]. Additionally, since one of the items overlapped with the Robotic
Social Attributes Scale (RoSAS) reliability measure, only two items were included:
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Sforzo molto grande

Extreme effort
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Figure 8.6. Subjective effort scale

Competence items | Discomfort items
Reliable Scary
Competent Dangerous
Knowledgeable Aggressive
Interactive Strange
Responsive Awful
Capable Awkward

Table 8.2. RoSAS items

‘The robot is trustworthy’ and ‘I can trust the information presented by this robot’.
Both items were evaluated on a 7-point Likert scale, ranging from ‘strongly disagree’
to ‘strongly agree’.

8.2.3 Study Results

To facilitate statistical analysis of mental effort and physical effort, the participants’

inputs had to be transformed. The increments of 10 were categorized from 0 to 14 in
ascending order (e.g.,0-10 was turned into 0, 11-20 was turned into 1, and so on). The
error recovery item from the usability scale was reversed and then averaged with the
other four usability items (memorability, learnability, efficiency, and satisfaction). In
order to assess the internal validity of usability as a single measure, Cronbach’s alpha
was computed [33]. This yielded a value of 0.55, which is below the established 0.70
needed to deem the validity acceptable, and thus usability is not further analysed
as a single measure, but rather as separate subcomponents [33]. The two items of
trust were averaged into a single trust measure, this measure yielded a Cronbach’s
alpha of 0.76, and thus trust can be analysed as a single measure. Additionally, the
six items of perceived competence and the six items of perceived discomfort were
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Table 8.3. Average scores (scaled from 0 to 1)

Measure Speech Gestures Multimodal
* Relative user efficiency  0.21 0.46 0.50
Efficiency 0.62 0.70 0.59
Satisfaction 0.78 0.77 0.77
Memorability 1.00 0.84 0.69
Learnability 0.92 0.91 0.80
* Error recovery 0.50 0.39 0.47
* Mental effort 0.20 0.20 0.30
* Physical effort 0.00 0.25 0.26
Trust 0.72 0.68 0.63
Perceived competence 0.67 0.72 0.66
* Perceived discomfort 0.15 0.09 0.17

* Measures marked with an asterisk indicate negative aspects, where lower scores are better.

averaged into two single measures, these items yielded a Cronbach’s alpha of 0.86
and 0.71, respectively, meaning that both items can be used as single measures [49].

To ensure the quality of the data, the resulting variables were checked for outliers
within each group using the interquartile range (IQR) method [209]. Thereafter, the
data was scaled on a range of [0,1] for each variable, and outliers were imputed with
the mean for each variable in their respective groups [I77]. After the transformations
were completed, the mean score of each variable was calculated for the three groups,

which can be seen in [Table 8.3

In order to determine the most suitable test for comparing means, it is essential
to assess the normality of the distributions. The Shapiro-Wilk test, recognised as
one of the most robust formal normality tests, particularly for small sample sizes,
was employed for this purpose [200] [10]. Using a significance level of o = 0.05, the
following variables within each group demonstrated normality:

e Speech: relative user efficiency, memorability, physical effort, and perceived
competence.

e Gestures: relative user efficiency, efficiency, trust, and perceived competence.

e Multimodal: relative user efficiency, error recovery, trust, and perceived
competence.

Among these, relative user efficiency and perceived competence were the only
variables that met the normality assumption across all three groups. Given that
not all variables exhibited a normal distribution, a non-parametric method was
employed to compare differences between group means. The Kruskal-Wallis test was
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Table 8.4. Average scores of pairwise comparisons with significant differences

Measure Speech Gestures Multimodal
* Relative user efficiency 0.21 0.46
* Relative user efficiency 0.21 0.50
Memorability 1.00 0.84
Memorability 1.00 0.69
Learnability 0.92 0.80
* Mental effort 0.20 0.30
* Physical effort 0.00 0.25
* Physical effort 0.00 0.26

* Measures marked with an asterisk indicate negative aspects, where lower scores are better.

employed to assess the difference between groups [93]. [Table 8.4| provides an overview
of pairwise comparisons with statistically significant differences across group means,
with detailed explanations of each variable presented subsequently.

Relative User Efficiency

The analysis revealed significant differences in relative user efficiency, with a
p—value < .001, indicating statistical significance at o = .05. However, the Kruskal-
Wallis test alone indicates only that there is a significant difference among at least two
of the three different groups. To delve deeper into these discrepancies, Dunn’s test was
employed as a post hoc analysis [75]. Subsequent analysis using Dunn’s test unveiled
significant differences between the gestures and speech groups, as well as between
the multimodal and speech groups, both yielding p-values < .001. Conversely, no
significant difference was observed between the gestures and multimodal groups.

To evaluate the practical significance of these discrepancies, Cohen’s d and Cohen’s
U3 were computed. These differences can be seen in The table can be
interpreted as follows: the differences between the 1%¢ group and the 24 group yield
a difference, the effect size of this difference is expressed in Cohen’s d, in which
a value greater than |0.8| indicates a large effect size, a value greater than [0.5
indicates a medium effect size, and a value larger than |0.2| indicates a small effect
size [58]. Furthermore, Cohen’s U3 indicates the ratio of participants from the first
group that scores higher than the mean of the second group [58]. For example, the
comparison between multimodal and speech modalities resulted in a Cohen’s d of
1.69, indicating a large effect size. Additionally, a Cohen’s U3 value of 0.96 was
obtained, signifying that 96% of the multimodal group will be positioned above the
mean of the speech group [58].

Memorability

The differences in memorability between modalities were found to be statistically
significant, with a p — value < .001, which is below the established o = .05. The
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Comparison of Relative User Efficiency Across Groups
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Figure 8.7. Comparison of relative user efficiency

Table 8.5. Cohen’s d and Cohen’s U3 of significant differences

Measure 1t Group 2™ Group Cohen’s d Cohen’s U3

* Rel. user efficiency  Gestures Speech 1.49 0.93
* Rel. user efficiency Multimodal Speech 1.69 0.96
Memorability Speech Gestures 1.05 0.85
Memorability Speech Multimodal 1.30 0.90
Learnability Speech Multimodal 0.66 0.75

* Mental effort Multimodal Speech 0.55 0.71

* Physical effort Gestures Speech 1.64 0.95

* Physical effort Multimodal Speech 1.32 0.91

* Measures marked with an asterisk indicate negative aspects, where lower scores are desirable.

post hoc analysis yielded a p — value = .01 for the differences between speech and
gestures, and a p — value < .001 for the differences between multimodal and speech.

Learnability

The Kruskal-Wallis test for the differences between means in learnability yielded a
p — value = .04, which is below the established alpha and thus meets the criteria for
statistical significance. In a post hoc analysis, a p — value = .04 was obtained for
the differences between multimodal and speech.

Mental Effort

The differences between mental effort expended per modality yielded a p—value = .01.
A post hoc analysis showed that these differences were only significant between
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Figure 8.8. Comparison of memorability

Comparison of Learnability Across Groups

Learnability
o =) o o o
o N -|> o ©
-

Multimodal

Figure 8.9. Comparison of learnability

multimodal and speech, with a p — value = .01.

Physical Effort

The differences in physical effort expanded on the task yielded a p — value < .001
and were thus statistically significant. After applying Dunn’s test, the differences
were only found to be significant between multimodal and speech (p — value < .001)
and between gestures and speech (p — value < .001).
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Comparison of Mental Effort Across Groups
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Figure 8.10. Comparison of mental effort expended on task

Comparison of Physical Effort Across Groups
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Figure 8.11. Comparison of physical effort expended on task

8.2.4 Discussion

Usability: This study evaluated the usability of three interaction modalities—speech,
gestures, and multimodal—using the Five-Factor Model of Usability and the Al-
ternative System Usability Scale [174] 8]. Although overall usability could not be
analysed as a single measure, subcomponent analysis revealed important insights.

Memorability and Learnability: Speech interactions scored significantly higher
in memorability compared to gestures and multimodal interaction and in learnability
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compared to multimodal interactions. These findings align with the nexus between
the two concepts, as memorability is a key component of learnability [62].

Relative User Efficiency: In line with speech’s high scores in memorability
and learnability, it exhibited lower relative user efficiency compared to gestures
and multimodal interactions. This indicates that participants in the speech group
performed more closely to expert users [89].

Mental and Physical Effort: Speech required significantly less mental effort
than multimodal interactions and significantly less physical effort than both gestures
and multimodal interactions, consistent with the initial expectations [6].

Trust and Perceived Social Attributes

Trust: Contrary to expectations, trust ratings did not favour speech, not differing
significantly across any group. This discrepancy may be due to the use of a simulated
robot, as VR provides a safer interaction environment that could affect perceived
trust [I50}, 129]. Furthermore, as all participants managed to fulfill the task, it can
be argued that the robot presented high perceived performance, one of the most
influential factors of trust [I04]. This can have contributed to the equality of the
scores in trust.

Perceived Competence and Discomfort: These measures showed no significant
differences across modalities. Previous research suggested higher perceived compe-
tence and lower perceived discomfort correlating with increased trust [105] 278], but
these expectations were not met in this study.

8.2.5 Implications for LLM Integration

After the questionnaire, participants were asked which modality they would prefer
if they had a choice. In the gestures group, 17 participants preferred having both
speech and gestures, six were satisfied with gestures only, four preferred speech only,
and three had other suggestions. In the multimodal group, 22 participants were
satisfied with both modalities, two preferred gestures only, four preferred speech
only, one preferred unimodality, and one suggested alternative controls. In the
speech group, 13 participants desired multimodality, 13 were satisfied with speech
only, one preferred gestures only, and three suggested a controller. Due to the
between-subjects design, these claims do not offer grounds for a fair comparison but
offer a basis for future studies.

Overall, the results obtained for gesture-only and multimodal modalities were
similar; however, both showed significant differences with respect to speech, scoring
lower in several usability subcomponents. Speech is the most used modality in
interacting with smart/handheld devices such as Amazon Alexa, Apple Siri, Google
Assistant, and recently ChatGPT voice input, etc [208]. Due to this, people may
be biased in using speech as their interaction driver, which could have led to the
results where it emerged as the primary modality in the case of subcomponents of



150 8. Enhancing Collaboration with Multimodal Interaction
Table 8.6. Questionnaire
English ‘ Ttalian Measure
1. This system is efficient to use 1. Questo sistema ¢ efficiente da usare | Efficiency
2. The steps needed to operate this sys- | 2. I passi necessari per utilizzare questo | Memorability
tem are easy to remember sistema sono facili da ricordare
3. This system is pleasant to use 3. Questo sistema € piacevole da usare | Satisfaction
4. This system was easy to learn for me | 4. Questo sistema ¢ stato facile da im- | Learnability

5. When I make errors in this system, I
cannot easily recover from them

6. Based on the following scale ( [Fig
ure 8.6), what was the mental effort re-
quired to perform the tasks?

7. Based on the following scale ( Fig}
ure 8.6)), what was the physical etfort
required to perform the tasks?

8. The robot is trustworthy

9. I can trust the information presented
by this robot

10. How well does the word ‘Reliable’
describe the robot you just interacted
with?

11. How well does the word ‘Competent’
describe the robot you just interacted
with?

12. How well does the word ‘Knowledge-
able’ describe the robot you just inter-
acted with?

13. How well does the word ‘Interactive’
describe the robot you just interacted
with?

14. How well does the word ‘Responsive’
describe the robot you just interacted
with?

15. How well does the word ‘Capable’
describe the robot you just interacted
with?

16. How well does the word ‘Scary’ de-
scribe the robot you just interacted with?

17. How well does the word ‘Dangerous’
describe the robot you just interacted
with?

18. How well does the word ‘ Aggressive’
describe the robot you just interacted
with?

19. How well does the word ‘Strange’
describe the robot you just interacted
with?

20. How well does the word ‘Awful’ de-
scribe the robot you just interacted with?

21. How well does the word ‘Awkward’
describe the robot you just interacted
with?

parare per me

5. Quando faccio errori in questo sistema,
non posso facilmente correggerli

6. Sulla base della seguente scala (
ure 8.6)), qual era lo sforzo mentale

richiesto per eseguire i compiti?

7. Sulla base della seguente scala ( |[Fig
, qual era lo sforzo fisico richiesto
per eseguire i compiti?

8. Il robot ¢ affidabile

9. Posso fidarmi delle informazioni pre-
sentate da questo robot

10. Quanto bene la parola ‘Affidabile’
descrive il robot con cui hai appena in-
teragito?

11. Quanto bene la parola ‘Competente’
descrive il robot con cui hai appena in-
teragito?

12. Quanto bene la parola ‘Informato’
descrive il robot con cui hai appena in-
teragito?

13. Quanto bene la parola ‘Interattivo’
descrive il robot con cui hai appena in-
teragito?

14. Quanto bene la parola ‘Reattivo’
descrive il robot con cui hai appena in-
teragito?

15. Quanto bene la parola ‘Capace’ de-
scrive il robot con cui hai appena inter-
agito?

16. Quanto bene la parola ‘Spaventoso’
descrive il robot con cui hai appena in-
teragito?

17. Quanto bene la parola ‘Pericoloso’
descrive il robot con cui hai appena in-
teragito?

18. Quanto bene la parola ‘Aggressivo’
descrive il robot con cui hai appena in-
teragito?

19. Quanto bene la parola ‘Strano’ de-
scrive il robot con cui hai appena inter-
agito?

20. Quanto bene la parola ‘Terribile’
descrive il robot con cui hai appena in-
teragito?

21. Quanto bene la parola ‘Imbarazzante’
descrive il robot con cui hai appena in-
teragito?

Error recovery

Mental effort

Physical effort

Trust
Trust

Competence

Competence

Competence

Competence

Competence

Competence

Discomfort

Discomfort

Discomfort

Discomfort
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usability. While the study demonstrated the effectiveness of multimodal interaction,
it also highlighted the limitations of rule-based decision-making. Current processing
relies on predefined mappings between speech and gestures, limiting flexibility in
ambiguous scenarios. To overcome this, LLM integration is proposed to enhance
contextual understanding and resolve ambiguity. LLMs can infer intent from partial
or noisy inputs, dynamically adjusting interactions based on conversation history
and environmental cues.

8.3 LLMs to Extend the HRI capabilities

Large Language Models (LLMs) have revolutionised the field of artificial intel-
ligence by providing sophisticated natural language understanding and reasoning
capabilities. Their ability to process complex instructions, extract contextual mean-
ing, and generate coherent responses makes them invaluable for Human-Robot
Interaction (HRI). Their flexibility in handling diverse inputs allows them to support
a range of robot applications, including navigation, manipulation, and decision-
making.

In multimodal HRI (MHRI), LLMs facilitate seamless integration of multiple
sensory inputs—such as speech, gestures, and environmental data—into a unified
decision-making framework. This capability enhances robots’ ability to understand

commands, infer intent, and dynamically adapt to contextual variations. Additionally,
LLMs enable:

e Context-Aware Interactions: By maintaining a history of user interactions,
LLMs allow robots to understand past commands and refine responses based
on situational context, thus improving user engagement and communication.

e Intent Disambiguation: Multimodal signals, such as voice and gestures, may
be ambiguous in isolation. LLMs use probabilistic reasoning to infer intent
from incomplete or conflicting inputs, reducing errors in command execution.

e Dynamic Task Adaptation: Unlike traditional rule-based systems, LLMs allow
robots to modify tasks in real-time based on sensor feedback, ensuring greater
flexibility in unpredictable environments where static programming would be
insufficient.

e Improved User Experience: LLMs enable robots to engage in more natural
conversations, providing human-like interaction patterns that increase user
trust and satisfaction, allowing for deeper and more complex interactions.

Given these advantages, LLMs play a crucial role in enhancing robotic decision-
making, allowing for more robust multimodal communication. The following sections
focus on how LLaMA, a cutting-edge LLM, has been integrated into our HRI frame-
work to optimise performance and adaptability across various robotic applications.

8.3.1 LLaMA as the LLM of Choice

LLaMA (Large Language Model Meta AI) [244] has been selected as the preferred
LLM for integration within the multimodal HRI system. LLaMA provides an optimal
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balance between computational efficiency and advanced language understanding,
making it well-suited for real-time robotic applications. One of its primary advantages
is its adaptability for edge computing, which is essential for robotics applications
that require low-latency and high-performance processing. To accommodate real-
world constraints, the 3B and 8B parameter models of LLaMA are deployed
on NVIDIA Jetson Orin [I78], a high-performance edge AI computing platform
optimised for power-efficient deep learning inference.

Comparison of LLaMA Versions

Experiments were conducted with multiple versions of LLaMA (3.0, 3.1, and 3.2)
across different robot platforms. The models tested ranged from 3B to 11B
parameters, with both text-only and multimodal variants. Specifically:

e LLaMA 3.0 and 3.1 (8B, Text-Only) were used in indoor and outdoor logistics
robots, offering strong language understanding and inference capabilities.

e LLaMA 3.2 (3B, Text-Only and 11B Vision-Enabled) were evaluated for various
autonomous delivery applications, where multimodal processing was necessary.

e Performance Observation: LLaMA 3.1 (8B) outperformed 3.0 (8B) and 3.2
(3B) in logistics and delivery tasks due to its improved token handling and
efficiency, ensuring better command interpretation and adaptability.

e Token Limitations: Despite the improvements in LLaMA 3.1, token length
constraints still affected complex command sequences. Higher-parameter mod-
els, such as LLaMA 11B, showed promise but required extensive optimisation
for edge deployment.

8.3.2 Multimodal Architecture with LLMs

The introduction of LLMs does not replace the existing multimodal architecture but

enhances it by replacing certain libraries and modules with advancements. The Task

Manager within the state machine architecture now acts as the primary execution

unit, interpreting commands received via LLM processing and multimodal fusion.
Key enhancements include:

e Natural Language Command Execution: LLMs parse complex user
instructions, breaking them down into task primitives handled by the state
machine.

e Error Recovery and Adaptation: When unexpected issues arise, the LLM
suggests corrective actions, modifying state transitions dynamically.

e Personalised Interaction: The system learns user preferences over multiple
interactions, leading to a more intuitive HRI experience.
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1B, 3B (text only)

Paramefer Sizes 86,708 8B, 708, 4058 11B, 908 (vision enabled)
Token Limit Up to 2,048 tokens Up to 128K tokens Varies by mods‘\L,i:\petimized forreal-
Deployment Cloud or on-premise Cloud or specialized hardware Cloud, edge, or mobile environments

Use Cases Chatbots, content generation Decision support, ?omplex query AR/VR, mobile a_pps, interactive
resolution services

Text Generation v v V4

Advanced Reasoning X v V4
Extended Context )( v V4
Multimodal Reasoning X )( N4
Mobile Optimization }( x v
Real-Time Interactions )( )( v

Figure 8.12. Comparing Critical Aspects of Llama Models across versions

Source: [159)]

Integration of LLaMA with State Machine

A state machine is a computational model used to control execution flow in a
structured and deterministic manner. It operates by transitioning between discrete
states based on predefined rules, making it particularly suitable for handling robotic
decision-making tasks. In the context of HRI, state machines provide a structured
way to manage complex interactions by ensuring predictable and controlled responses
to multimodal inputs. The state machine used in this architecture is implemented
using the PyTransitions Python library [197]. PyTransitions enables event-driven
state transitions and provides a lightweight but powerful framework for managing
task execution. This allows for easy integration with multimodal inputs and efficient
coordination of robotic actions.

Role of the State Machine in Task Handling

To enhance task execution and contextual understanding in HRI, we integrate
LLMs within a state machine-based framework. This approach ensures structured,
deterministic task execution while leveraging the adaptive reasoning capabilities
of LLMs. The custom state machine is responsible for handling tasks and logging
all conversations with the LLM, allowing traceability and refinement of interaction
strategies over time. It also manages dialogues, task delegation, decision managing,
and issue logging. Unlike traditional architectures where task management follows
pre-defined rules, the integration of LLMs with a state machine allows for:

e Dynamic Task Adjustments: The system refines robot behaviour based on
real-time feedback from multimodal sensors.
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e Logging and Analysis: All user-robot interactions are logged, allowing
iterative improvement and adaptation of commands.

e Interrupt Handling: High-priority interruptions (e.g., emergency stops) can
override current tasks and trigger corrective actions.

8.3.3 Prompting for Multimodal HRI Integration

Integrating LLaMA into the multimodal HRI architecture to bridge the gap between
human instructions and robotic actions requires careful prompt design to ensure
the model’s responses align with robotic execution tasks. These structured prompts
allowed for seamless interaction with the multimodal state-machine framework, en-
suring coherence between user commands and robotic execution, even in dynamically
changing environments. LLM was provided with structured prompts that defined
speech-act frames, enabling it to understand and process multimodal inputs such as
speech and gestures. The state machine categorises these inputs into complementary
(where speech and gestures provide partial but complete information) and redundant
(where both modalities provide the same information for confirmation). By incor-
porating LLM into the decision-making loop, we improved the system’s ability to
process requests efficiently while reducing content hallucinations and errors. Example
prompts were engineered to LLaMA (LLM) by realising two key components and
the example conversation is provided:

Action Commands: "Move forward three meters and stop."
Clarification Requests: "What do you mean by ‘adjust position’?"

Contextual Queries: "Should I pick the closest accessible object
based on my last position?"

Multi-Modal Coordination: "Check for obstacles while moving
forward and alert me."

NLU functionality

The LLM was primed with structured prompts to interpret natural language com-
mands into MHRI architecture-understandable intents. STT module integrated
to MHRI pipeline transcribes speech to sentences and SRL module parses these
sentences into actionable Frame Elements and Frame Arguments. Prompt examples
on how to parse, what to parse from the sentences must be injected to State Machine
that is handling NLU functions. For instance:

e Example Prompt 1:

“Move the robot arm 30 degrees clockwise and grip the object”
— Parsed as:
{"action": "move_arm', "angle": 30, "direction ": "clockwise", "grip": true}

e Example Prompt 2:



8.3 LLMs to Extend the HRI capabilities 155

“Navigate to Room B and avoid obstacles”
— Translated to navigation waypoints with obstacle-avoidance pro-
tocols.

Robot Hardware Realization

LLM outputs need to be linked to hardware APIs for physical execution. The prompt
should explain robot hardware and the capabilities of the robot to not deviate from
command maps to task executable actions. Examples prompts that were injected
into LLaMA are given below.

e Opening lid Example:

"Open lid when the gesture was received"
— Triggers lid open code: publish("/Gesture", {"type": open_lid, "log": true})

e Safety Constraint Prompt:

"If wheel speed exceeds 5Nm, stop immediately"
— Embedded as: if (torque > 5) { emergency stop(); }
Workflow Example
1. User Input: "Turn 90 degrees, scan the room, and return to base."
2. LLM + NLU Parsing:
Extract {action: str, angle: int, task: str, return_command: bool}

Output: {"action": "turn", "angle": 90, "task": "scan",
"return_command": true}

3. Hardware Execution:

e Invoke path-planning API for turn(90)
e Activate LiDAR via scan()

e Trigger return_to_base() command

Logistic delivery Robot’s Prompt

The following prompt was introduced to realise the robot’s hardware capacities,
available functions and executable actions.

You are a logistic robot consisting of a wheeled platform, a storage
space attached to the wheeled platform, a lid on the storage space,
and 4 cameras. You are capable of performing the following operations:

"move_to_marker",
"open_lid",
"close_1id",
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"start_path_remember",
"finish_path_remember",
"execute_path_trajectory",
"follow_me",

"stop",

"display_battery".

The command "move_to_marker" is to control AGV (wheeled platform).
The following destination points (markers) are available:
MEMORY_MARKERS.

The command "execute_arm_trajectory" starts a blind trajectory to
perform by the arm. The following trajectories (trajectory) are
available: MEMORY_ARM.

- You will maintain a simple and brief dialogue with the user.

- If the user asks you to perform an action, respond briefly

and output the corresponding JSON action.

- If no action is required, respond with a simple, brief sentence
and output {"action": null}.

Here are a few examples to follow:

Example 1:
{"role":"User","text":"could you come near me"}
{"role":"Robot","text":"Sure!","action"

{"op":"move_to_marker","marker":"person","type":"agv"}}
{"role":"User","text":"Thanks!"}
{"role":"Robot":"text":"No worries","action":null}

Example 2:

{"role":"User","text":"open the 1id"}

{"role":"Robot","text":"0Of course","action":
{"op":“open_lid","type":"lid“}}

Example 3:

{"role":"User","text":"close the 1id"}

{"role":"Robot","text":"0Of course","action":
{"op":"close_1lid","type":"1id"}}

Example 4:
{"role":"User","text":"Let me show you the path to go"}
role":"Robot","text": , how do I name this action?","action":nu
{II 1 n IIR b n n n IIOk h d I h' 3 rall n 1 n 11}
{"role":"User","text":"path_1"}
role":"Robot","text":"thanks, remember this","action":
{II 1 n IIR b n n n n h k I J 11 b h 1 n n 1 n
{"op":"start_path_remember","name":"path_1","type":"sege"}}
{"role":"User","text":"this is the whole path, let’s remember that"}
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{"role":"Robot","text":"got it!","action":
{"op":"finish_path_remember","type":"sege"}}

Example 5:

{"role":"User","text":"Go on the path"}

{"role":"Robot","text":"0Ok!","action":
{"op":"execute_path_trajectory","name":"path_1","type":"sege"}}

{"role":"User","text":"Move along the path"}

{"role":"Robot","text":"0Ok!","action":
{"op":"execute_path_trajectory","name":"path_1","type":"sege"}}

"Let me show how to grab this" = "I’11 show the trajectory for the arm"
= "Remember how to grasp this object" and so on.

No more examples. Avoid hallucinating.

Now, respond to the following input with the appropriate JSON:

8.3.4 Deployment of LLM on Jetson Orin

The integration of LLaMA into Jetson Orin involves several optimisations to ensure
efficient performance and adaptability in robotic tasks:
Model Optimization:

e Quantization for Reduced Computation: The LLaMA models are quantised
to lower precision (e.g., INT8) using NVIDIA TensorRT to optimise inference
without significant accuracy degradation [285]. This ensures fast response
times even under computational constraints.

e Efficient Memory Management: The 3B model is deployed for lower-latency
tasks, while the 8 B model is used for more complex contextual reasoning,
ensuring computational efficiency across different robotic applications [180].

Inference Acceleration:

e Parallel Processing: By leveraging the multi-core GPU architecture of
NVIDIA Jetson Orin, the system can process multimodal inputs concurrently,
reducing response times [I79] and enabling real-time command execution. The
model is optimized using NVIDIA’s TensorRT inference framework to achieve
up to 4x speed improvements in latency-sensitive applications [182].

Power-Efficient Execution:

e On-Device Processing: Deploying LLaMA directly on Jetson Orin eliminates
cloud dependency, ensuring low-latency responses, data security, and robust
autonomous operations even in network-limited environments.

By integrating LLMs with a state-machine framework into MHRI pipeline ensured
robust, adaptable, and scalable multimodal interactions. This approach has been
successfully applied to CANOPIES agricultural robots and particularly in logistics
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and autonomous delivery robot Segway Outdoor E1 delivery robots, demonstrating
its versatility across different domains. The ability to run LLaMA efficiently on
the edge has also opened possibilities for deployment in robotic arms, warehouse
automation, and autonomous mobile robots (AMRs). Future advancements will
further refine the synergy between deterministic state control and adaptive language-
based reasoning for even more intuitive and efficient HRI.

Performance Evaluation

The system was tested under various conditions, including indoor and outdoor
environments, varying network latencies, and multi-agent coordination scenarios.
Key performance indicators included:

Processing latency across different LLaMA versions: The inference speed
of various LLaMA versions was measured to determine their suitability for real-time
applications. Tests revealed that LLaMA 3.1 (8 B) with TensorRT optimization
achieved up to 3.2x faster inference times compared to its non-optimized counterpart.
In contrast, higher-parameter models such as LLaMA 11 B exhibited significant
delays, making them less feasible for edge deployment.

Response accuracy in multi-modal command execution: The model’s
ability to correctly interpret and execute multimodal commands was evaluated
through a series of real-world test scenarios. LLaMA 3.1 (8B) achieved an 89%
success rate in accurately processing and executing commands, whereas LLaMA
3.0 (8B) had a 78% success rate, indicating significant improvements in contextual
reasoning with the newer version. For example, in a logistics setting, robots were
given the instruction.

"Pick up the blue box, move forward two meters, and place it
on the shelf."

Energy consumption for edge inference tasks: Power efficiency is crucial
for robots operating on battery constraints. The evaluation measured energy draw
across multiple deployments. LLaMA 3.1 (8B) consumed 12W per inference cycle,
while LLaMA 3.2 (3B) demonstrated improved efficiency at 8W per cycle. These
results highlight the trade-off between model size and energy efficiency, reinforcing
the need for optimized deployments on embedded systems like Jetson Orin.

8.3.5 Open Challenges

Despite the advantages of LLMs in MHRI, a few challenges remain:

e Edge Deployment Scaling: Higher-parameter models still require significant
optimisations to run efficiently on Jetson Orin. While quantization and pruning
techniques mitigate this, achieving near-cloud performance on edge devices
remains a key challenge. For instance, running an 8B LLaMA model
on Jetson Orin with TensorRT optimizations still requires balancing
precision and latency. Deploying a full-fledged model without optimization
may cause inference lag, making real-time applications like autonomous
navigation in warehouses impractical.
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e Token Management: Managing token limits for long-duration interactions
remains a challenge for handling complex tasks. The token constraints impact
how much context the model can retain over extended conversations, potentially
leading to inconsistencies in responses. For example, a delivery robot assisting
with multi-step instructions such as:

"Go to the storage unit, pick up the package labelled ‘Fragile’,
take it to the customer, and confirm delivery."

may forget earlier steps due to token limitations, resulting in missed or incom-
plete actions. This necessitates task segmentation and effective state memory
management.

e Human-Robot Trust: The adaptability of LLaMA needs further refinement
to ensure predictable and transparent decision-making in collaborative environ-
ments. Unexpected outputs from LLMs, such as hallucinated information or
inconsistent task execution, can erode trust in human-robot interactions. For
example, if an industrial robot misinterprets "slowly adjust” as "increase speed, "
the consequences could be dangerous. Ensuring explainability in decision-making
and incorporating verification checkpoints can enhance trust.

e Temporal Reasoning: Handling latency constraints is crucial, particularly
when executing time-sensitive commands. For example, an instruction such as:

"Wait 5 seconds after moving before gripping"

requires the state machine to integrate explicit delays while maintaining
execution flow without blocking other processes. In assembly-line robotics,
improper delay handling may result in components being processed too soon
or too late, leading to misalignments or defective products.

e Error Recovery: Designing fallback protocols for unexpected edge cases is
essential. For instance:

"If slip detected, retry grip with 20% more force"

requires the system to detect failure conditions dynamically and adapt exe-
cution strategies accordingly. Consider a robotic arm in a logistics facility
gripping different package sizes; if a slip is detected while lifting a fragile item,
the system should automatically adjust force instead of dropping or crushing
the package.

e Ethical Guardrails: Ensuring compliance with safety standards through
context-aware filtering and responsible Al implementation is crucial. Safety-
first prompts include:

"Do not exceed speed limits"

and similar pre-programmed constraints that prevent unsafe behaviours in
robots deployed in real-world environments. For example, an autonomous
vehicle robot should never override a speed cap in a pedestrian zone, even if
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prompted to do so. Ethical Al design must account for regulatory compliance
and safe decision-making.

Multimodal Fusion Optimization: The integration of speech, vision, and
gestures through LLMs can create conflicts where multiple modalities provide
overlapping or contradictory information. Refining multimodal fusion algo-
rithms is necessary to improve consistency in responses. For instance, if a user
says "pick the bottle" while pointing to two bottles, the model must intelligently
disambiguate the reference. Implementing cross-modal verification can
mitigate such conflicts.

Computational Overhead: Despite optimizations, running high-parameter
models like LLaMA 8B in real-time requires significant computational re-
sources. Reducing latency while maintaining model accuracy remains a core
challenge in embedded Al systems. For example, an agricultural robot detect-
ing fruit ripeness may require processing of several image frames per second
while responding to verbal commands. Managing computational load without
sacrificing responsiveness is an ongoing optimization concern.
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Chapter 9

Conclusions and Future
Directions

This dissertation has explored the intersection of Human-Robot Interaction
(HRI), gesture-based communication, and the integration of Large Language
Models (LLMs). Through empirical studies and computational approaches, the
research has advanced the understanding of how robots can effectively interpret
and generate gestures and language in human-centric environments. The findings
contribute to the broader field of HRI by providing novel insights into multimodal
communication, real-time gesture recognition, and context-aware robot responses.
The research has demonstrated that leveraging LLMs enhances the adaptability
of robots in interpreting ambiguous human gestures, improving interaction fluidity.
The integration of machine learning techniques for gesture recognition has enabled
robots to respond in a more naturalistic and context-aware manner. Moreover, this
work has addressed challenges related to real-time processing, multimodal fusion,
and the alignment of gesture-based intent with natural language understanding,
ensuring more effective human-robot collaboration. Additionally, the research has
provided a structured analysis of how contextual reasoning, sensory data, and human
feedback loops can be effectively utilized to improve interaction efficiency.

9.1 Summary of Contributions

e Multimodal Communication Architecture: Developed a decision-fusion-
based architecture that integrates speech, gesture, and visual cues, allowing
robots to effectively process and respond to user commands in real-time, even
in complex, multi-human, multi-robot collaborative environments.

e Enhanced Gesture Recognition: Real-time gesture recognition systems
were improved, tested, and deployed in both indoor and outdoor environments,
enhancing the robot’s ability to detect and respond to gestures in dynamic
settings.

e LLM Integration: Integrated Large Language Models (LLMs) into
the HRI framework to provide deeper context-awareness and improve the
understanding of complex, ambiguous user commands in collaborative settings.
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9.2

9.3

State Machine-Based Task Management: Incorporated State Machines
for efficient task management and decision-making, ensuring that the robot
could handle multiple requests and tasks simultaneously in dynamic environ-
ments.

Real-Time Deployment on Edge Devices: Deployed the multimodal
HRI solution on Jetson Orin edge devices, enabling real-time, low-latency
task execution in logistics robots, ensuring the practical applicability of the
developed system.

VR Testing and Simulation: Validated and tested the framework in Virtual
Reality (VR) simulations, providing a safe and controlled environment for
refining and assessing the system before real-world deployment in collaborative
settings.

Limitations and Open Challenges

Real-time Processing Bottlenecks: While gesture recognition and LLM
integration have been optimized, real-time interaction remains computationally
intensive, limiting deployment in resource-constrained environments. Future
optimizations are needed to enhance processing efficiency without compromising
accuracy.

Contextual Understanding Constraints: Although LLMs improve re-
sponse generation, their ability to fully interpret nuanced human intent remains
imperfect, particularly in complex or ambiguous interactions. This limitation
suggests a need for more sophisticated intent recognition mechanisms.

Hardware and Sensory Limitations: The accuracy of gesture recognition
is dependent on sensor quality and environmental conditions, such as lighting
and occlusions, which can affect robustness. Future research should explore
hybrid sensing approaches to mitigate these limitations.

Ethical and Trust Considerations: Ensuring that robots do not reinforce
biases in interpreting gestures and maintaining transparency in decision-making
processes remains an open research challenge. More extensive regulatory and
ethical guidelines must be established to address these concerns effectively.

Future Research Directions

While this work has achieved significant progress, there are still several areas to
explore for further refinement and broader application to push on the boundaries of
existing Multimodal Human-Robot Interaction:

e Expanding Cross-Domain Applications: The current system has been

primarily tested in agriculture and logistics environments. Future research
could focus on adapting the system for other domains such as healthcare,
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elder care, and service robotics. These fields present unique challenges, in-
cluding human-robot emotional interaction and autonomy in dynamic settings,
which could benefit from the advancements in multimodal communication.

¢ Human-Robot Collaboration in Dynamic Multi-Robot Environments:
Although this work has been tested in multi-human, multi-robot settings,
further research can investigate more complex environments where robots must
collaborate on a larger scale. This includes developing better coordination
algorithms to manage task allocation, conflict resolution, and optimal resource
usage across multiple robots in large-scale collaborative workspaces.

e Autonomous Learning and Adaptation: While LLMs and task manage-
ment via State Machines have significantly enhanced system performance,
future research could incorporate autonomous learning mechanisms. This
would allow robots to continually learn from interactions and refine their
behaviour and task management strategies based on feedback and evolving
environments.

e Real-Time Context-Awareness in Highly Dynamic Environments:
Despite the deployment on edge devices like Jetson Orin, challenges related
to real-time processing in highly dynamic environments remain. Future work
could explore how to further optimise edge computing, making the system
more scalable, energy-efficient, and capable of handling more complex real-time
processing tasks, especially in areas with limited connectivity.

e Improving Robustness in Adverse Conditions: The system has been
tested in a variety of real-world settings, but future studies should focus on
improving the robustness of the multimodal system in extreme conditions, such
as low-light environments or high-noise areas. This includes enhancing
the sensor fusion algorithms to maintain high accuracy in these challenging
conditions.

e Expanding Multimodal Interaction Capabilities: Further work can
explore more advanced multimodal fusion techniques that incorporate
additional sensory data, such as tactile feedback or context-aware vision
systems, enabling even more dynamic interaction between robots and humans
in collaborative spaces.

e User-Centered Design for Personalisation: The multimodal framework
could be further personalised to individual users through human-centered
design principles. This includes adapting the robot’s behaviour and com-
munication style based on user preferences, learning from past interactions,
and improving the efficiency of collaboration by adjusting to user-specific
communication patterns.

e Long-Term User Studies: Long-term user studies in real-world environments
will provide deeper insights into how robots and humans can work together
more effectively over time. These studies can help identify areas for improving
the user interface, robot autonomy, and overall collaboration quality.
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9.4 Final Thoughts

The advancements presented in this thesis push the boundaries of multimodal
Human-Robot Interaction, particularly in collaborative and dynamic environments.
By integrating decision-fusion-based architectures and LLMs, this research enhances
the ability of robots to understand and respond to complex human commands,
paving the way for more natural and efficient collaborations. Through continued
development and exploration, these systems hold immense potential to transform
industries ranging from agriculture and logistics to healthcare and home assistance,
ultimately enhancing the quality and efficiency of human-robot collaboration in
various domains.



165

Robotic Platforms and
Hardware Configuration Details

In the CANOPIES project, two primary robotic prototypes have been developed:
a farming robot and a logistic robot. Both platforms share a common mobile base
and certain sensing elements, yet they differ in their end-effectors and task-specific
mechanisms. These two robots were designed by the combined effort of DTI E],
RomaTre ] UPC [ Sapienza [ who were part of CANOPIES consortium P}

In addition, a separate delivery-oriented platform (the Segway Robotics E1
designed by Segway Robotics ﬁ) from RemBrain EI company has been employed
for research in HRI to address outdoor and indoor logistics. This section outlines
the key specifications, mechanical considerations, and methodological rationale for
selecting these hardware configurations, as well as the process of replicating the
robots as digital twins for simulation and testing.

.0.1 CANOPIES Farming and Logistic Robots

The farming robot combines an industrial-grade mobile base with a dual-arm upper-
body assembly and agronomic end-effectors. The prototype is designed to undertake
tasks such as grape harvesting and pruning in challenging vineyard environments.
The logistic robot shares the same underlying mobile platform but includes a box-
exchange mechanism (BEM) to support the collaborative transport of harvested
produce. A summary of the key hardware components and constraints follows:

e Mobile Base: Both prototypes use the Alitrak DCT-350P platform, noted
for its four 12V batteries in series (48 V nominal) and independent traction
system [I34]. The base is outfitted with:

o Sensor suite for navigation, including an RTK-GNSS receiver (Septentrio
AsteRx-m3 Pro+ for the rover and AsteRx-U for the base station), a
high-grade IMU (SBG Ellipse-E), and two 3D LiDARs (Ouster OS1-64)
mounted diagonally for full 360° coverage.

"https://www.dti.dk/
*https://www.uniroma3.it/
3https://www.upc.edu/en
“https://www.uniromal.it/en/
Shttps://canopies.inf.uniroma3.it/consortium
Shttps://robotics.segway.com
"https://rembrain.ai/


https://www.dti.dk/
https://www.uniroma3.it/
https://www.upc.edu/en
https://www.uniroma1.it/en/
https://canopies.inf.uniroma3.it/consortium
https://robotics.segway.com
https://rembrain.ai/
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o Power management featuring DC-DC converters and on-board distribu-
tion blocks. This arrangement provides stable 24 V outputs for sensors
and computing units.

o Networking, realised through industrial-grade Gigabit Ethernet switches
and WiFi routers to handle large data streams (e.g. LIDAR scans, camera
images) and multi-robot connectivity.

o Safety equipment, including on-board and wireless emergency stops, re-
dundant communication protocols, and a heartbeat mechanism between
the base and the wireless controller.

e Farming Robot Configuration: A dual-arm torso, adapted from PAL

Robotics’ TIAGo++, is mounted on the rear section of the mobile base. Each
arm provides 7 degrees of freedom, while the torso adds a prismatic lift and a
rotational joint to extend the workspace. The integrated end-effectors (based
on Robotiq grippers) are re-designed with modular fingers for pruning and
harvesting tasks. On-board batteries and power boards are placed beneath the
torso, rendering the upper body self-contained and ensuring sufficient reach to
grape canopies and supply boxes [134].

Logistic Robot Configuration: The box-exchange mechanism (BEM) occu-
pies the central area of the base, enabling the robot to transport grape-filled
crates away from the farming robot. Two primary conceptual designs have been
examined: a conveyor-belt-based BEM with mechanical alignment features,
and an articulated conveyor design allowing limited rotational degrees of free-
dom. These prototypes target minimal operator intervention, robust ingress
protection (IP54 or higher), and precise alignment tolerances (horizontal errors
of £100 mm and yaw errors of up to £20°) [134].

.0.2 Digital Twins and Simulation Methodology

Both the farming and logistic robots have been replicated in simulation as digital
twins to accelerate algorithmic development (explained in Chapter . The digital
twin models incorporate:

o Accurate geometry and inertial parameters, ensuring that the arm kinematics

and chassis dynamics mirror the real platforms as closely as possible.

e Sensor streams, including virtual LiDAR, GNSS signals, and IMU readings,

thereby facilitating high-fidelity experiments in navigation and collaborative
manipulation.

e Software-in-the-loop (SIL) and hardware-in-the-loop (HIL) frameworks, in

which ROS-based controllers and planners run against simulated worlds to
verify performance prior to field deployment.

This approach permits early detection of design flaws, more efficient prototyping of
multi-robot interaction (especially for the BEM), and expedited integration of new
software modules [134].
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Figure .1. CANOPIES Farming Robot [I34]

.0.3 Design Constraints and Rationale

The aforementioned choices reflect methodological constraints and academic goals:

1. Modular Design Philosophy: Each robot shares a standardised mobile
base, creating a consistent foundational platform for sensor fusion, control,
and communication modules.

2. Agricultural Task Requirements: The farming robot specifically addresses
dual-arm manipulation of crops in uneven terrain. Reachability analyses, power
autonomy, and safety overrides constitute primary design metrics.

3. Multi-Robot Collaboration: Both prototypes contribute to cooperative har-
vesting logistics, necessitating consistent mechanical interfaces and alignment
tolerances in the BEM design.
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Figure .2. CANOPIES Farming Robot (Left) and Logistic Robot (Right) in Box-Exchange
Mechanism Configuration [134]

4. Adaptive Simulation Environment: Virtual models and real-time sensor
emulation expedite iterative improvements, risk mitigation, and validation of
integrated hardware-software pipelines.

.0.4 Summary of Key Performance Indicators

The CANOPIES consortium monitors hardware and system effectiveness through a
set of Key Performance Indicators (KPIs). These range from navigation accuracy
(GNSS interference, LIDAR coverage) to payload capacity and battery autonomy
for each subsystem. Safety considerations remain integral, manifested in robust
emergency-stop strategies and redundancy. As development progresses, KPI targets
were refined iteratively during field tests.

.0.5 Logistic Delivery Robot (Segway E1)

The Segway system, designed for both tele-operation and autonomous driving, inte-
grates a scalable solution with an optimized sensor suite and advanced computing
platform. Equipped with multi-sensor fusion and cutting-edge perception tech-
nologies, including high-resolution cameras with high dynamic range (HDR) and
mmWave radar, the system ensures exceptional performance even in extreme weather
conditions. It is tailored for operations in real-world urban environments, offering a
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user experience as smooth as riding on a Segway.

In addition to this, the Segway Robotics E1 platform has been employed in
separate logistics trials as a complementary solution. This battery-powered, outdoor
delivery robot showcases autonomous navigation capabilities and a durable chassis
capable of operating both indoors and outdoors. Although the E1 differs from the
CANOPIES prototypes in terms of chassis geometry, payload capacity, and top speed,
it serves as a useful benchmark for evaluating sensor configurations, robustness to
environmental factors, and user interface modules across diverse settings. The E1’s
key specifications include a net weight of approximately 62 kg, a maximum payload
of 20 kg, and overall dimensions of 890 x 615 x 1148 mm, along with integrated
suspension and obstacle-crossing capabilities. These features underscore the E1’s
suitability for open-field environments, warehouses, and semi-structured terrains.

The Segway system, like the E1, is compatible with the Nvidia Jetson platform
and supports an open architecture for enhanced flexibility, enabling collaboration
within the robotics community. Furthermore, it is ROS (Robot Operating System)
compatible, ensuring adaptability across a wide range of applications.

Figure .3. Indoor and Outdoor Logistic Delivery Robot
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Figure .4. Segway E1 delivery robot sensors
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