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Preface

Extended Reality (XR) is an emerging technology with promising potential in many
fields, including healthcare, communication, and safety. However, overcoming XR’s
current limitations in providing authentic and interactive social environments is the key
to fully unlock its potential. XR builds upon Augmented Reality (AR) and Mixed Reality
(MR), which in turn builds on top of Virtual Reality (VR). VR allows users to access virtual
worlds through headsets, smart devices, or computer screens, but it isolates them from
the real environment. AR and MR, on the other hand, blend virtual and physical worlds,
overlaying virtual elements into reality. In MR, users can interact with both physical
and virtual objects, creating a more seamless experience. The term Extended Reality is
often used as an umbrella concept for all the above, but it also goes further. XR includes
perception within the virtual world, allowing for more natural and realistic interactions.
Users can touch virtual objects, feel their weight, temperature, and texture, bringing
the digital world closer to a real-life experience.

The main aim of the EU-funded SUN (Social and hUman ceNtered XR) project
(https://www.sun-xr-project.eu) was to investigate and develop XR solutions that
integrate the physical and the virtual world in a convincing and effective way, offering
new opportunities for social and human interaction. SUN identified key limitations
hindering the practical adoption of XR and addressed them through a multidisciplinary
approach, where research and development were conducted synergistically across sev-
eral complementary domains.

SUN explored and developed innovative approaches to reconstructing, streaming, and
enriching visual content for XR. These advancements include artificial intelligence-based
scalable methods for generating and improving 3D environments, objects, and avatars;
high-performance solutions for interactive streaming in XR; and the application of artifi-
cial intelligence to analyze and enrich 3D assets. SUN investigated advanced solutions
for collaborating and interacting in XR. The project introduced novel techniques for de-
livering thermal feedback to users, alongside innovative wearable haptic devices that
enable more natural manipulation of virtual objects. Additionally, the project developed
systems that support collaborative interaction among multiple users within a shared XR


https://www.sun-xr-project.eu

session. SUN also explored and experimented with novel paradigms for capturing user
input and feedback. Specifically, it proposed and demonstrated the use of electromyog-
raphy to infer user movement intentions, alongside sensor and computer vision-based
techniques for postural assessment and pose estimation. These efforts were comple-
mented by solutions for hand gesture recognition and user emotion detection.

The components and solutions developed within SUN were integrated into the SUN
Integrated Platform, an innovative technological framework designed to support the
sustainable and secure development of XR applications. The platform incorporates so-
lutions based on non-fungible tokens for managing XR assets, along with advanced
techniques for detecting cyber threats in XR applications. SUN also addressed the
sustainability of XR solutions by investigating viable business models and examining
the legal, ethical, and societal dimensions of XR. This includes exploring the implica-
tions of processing personal and sensitive data collected through wearable devices, 3D
acquisition technologies, and human-machine interaction systems.

Over the course of its three-year duration, the SUN project validated its technologies
through real-world case studies focused on key application areas: XR for rehabilitation,
XR for workplace safety and social interaction, and XR solutions designed to support
individuals with mobility and verbal communication impairments. Validation activities
were conducted at three distinct sites: the Rehabilitation Unit of Versilia Hospital in
Lido di Camaiore (Italy), the shop floor of FACTOR in Valencia (Spain), and the Clinique
Romande de Réadaptation of SUVA in Sion (Switzerland). In each case, the validation
process actively involved real end-users, ensuring that the solutions were tested in
authentic, practical contexts.

SUN has not only advanced the technological frontier of extended reality but has also
demonstrated its tangible value in real-world contexts, paving the way for sustainable,
ethical, and human-centered XR solutions. By integrating multidisciplinary research
with practical validation, SUN leaves behind a robust foundation for future innovation,
collaboration, and adoption of XR technologies across Europe and beyond.

In this book, we present the outcomes of the inspiring and ambitious journey un-
dertaken by the SUN project. Our goal is to provide a comprehensive and coherent
overview of the extensive research, development, and innovation carried out collabo-
ratively by the project consortium. Through a multidisciplinary approach and close syn-
ergy among partners, SUN tackled complex challenges in XR, delivering groundbreaking
solutions that reflect the dedication, creativity, and expertise of all the contributors.

Giuseppe Amato

November 2025 SUN Project Coordinator
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SUN technologies enable a new generation of immersive, intelligent, and secure
XR experiences. From realistic avatars and advanced 3D environments to seam-
less interaction and collaboration, these technologies drive the evolution of
digital spaces. SUN’s innovative tools for reconstructing, enriching, and stream-
ing content make lifelike XR accessible and dynamic. By integrating natural col-
laboration tools—including haptic feedback, gaze tracking, and efficient task
management—SUN promotes intuitive, shared XR experiences. Monitoring sys-
tems that leverage gesture, emotion, and movement recognition further enable
adaptive, user-centered interactions. Underlying it all, the SUN Platform deliv-
ers robust cybersecurity and secure asset management designed for the evolv-
ing demands of XR, ensuring that these immersive environments are both open
and trusted. Together, these advances open the door to digital worlds that feel
real, collaborative, and secure.



Reconstructing, Streaming, and Enriching
Visual Content

High-quality 3D assets are fundamental to creating immersive and interactive
XR experiences, as they define the realism and usability of XR environments.
This part introduces technologies for the generation and streaming of high-
quality 3D content, encompassing different scales and semantics—from small
objects to human avatars, up to large environments. SUN delivered innovative
techniques for 3D asset creation, where both geometry and appearance are
faithfully reconstructed. It defined techniques for reconstructing and render-
ing 3D scenes and navigating 3D environments based on semantic cues. Finally,
SUN improved techniques for real-time, high-quality 3D content streaming. In
addition, the project explored methods for scene understanding, including ob-
ject detection and segmentation.
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Improving the Creation of 3D assets

Daniela Giorgi', Marco Callieri', Gianpaolo Palma', Massimiliano Corsini*,
Paolo Cignoni', Panagiotis Vrachnos?, Spyridon Symeonidis?,
Sotiris Diplaris?, and Stefanos Vrochidis?®

Institute of Information Science and Technologies, National Research Council (CNR-ISTI), Italy

2 Information Technologies Institute, Centre for Research and Technology Hellas (CERTH), Greece

Abstract. The Social and hUman ceNtered XR (SUN) project promises Extended
Reality (XR) solutions that integrate the physical with the virtual world. The quality
and realism of the 3D digital models used to create immersive three-dimensional
environments are pivotal to the quality of the experience, and improving this as-
pect can greatly enhance the user immersion and the effectiveness of XR applica-
tions. This chapter outlines the different approaches explored in the SUN project
to improve the quality of these 3D assets. As there are multiple ways and work-
flows used to create, process, and prepare the 3D models for their use in interactive
XR applications, it is not sensible to propose a single solution able to fit all possible
scenarios, object classes, and technologies employed. For this reason, the project
addressed individual, recurring problems and covered different stages of the work-
flow: from the digitization step to 3D model preparation. At the same time, part of
the effort has also been devoted to explore different representations of 3D objects,
not based on triangulated meshes, but relying on modern neural technologies, to
provide possible alternative representations able to cover different use cases and
specific scenarios.
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1.1 Introduction

One of the essential components of an Extended Reality (XR) application is the 3D en-
vironment, which is populated by assets: 3D digital models prepared for use in game
engines and XR applications. The interaction between the user and the virtual/aug-
mented world depends on the quality of these 3D assets. When realism is required,
digitizing objects from reality is one way to create such 3D assets, but the process,
although capable of generating realistic digital models, is far from perfect and often
produces incomplete 3D models or visual artifacts in their appearance.

This chapter presents different Artificial Intelligence (Al) techniques to improve the
visual quality of 3D assets digitized from real-world objects. In a real-world XR devel-
opment scenario, 3D assets are sometimes imported from external sources, and some
other times created from scratch with a plethora of digitization methods and software
tools. This makes it difficult to develop a single, all-purpose solution for improving
these media. Moreover, different classes of objects might require different correction
and improvement strategies. It made sense then to address specific problems in the
creation and preparation of 3D assets and to cover different workflows.

The research focused on different phases of the digitization process [Maggiordomo
et al. 2023; Callieri et al. 2025], but also on the basic representations for managing 3D
assets, so as to:

Improve the creation of new 3D assets by intervening in their digitization process.
Al methods can be used to correct problems in the input of widely-used pho-
togrammetry digitization tools, resulting in complete and visually-pleasing 3D
models (Section 1.2);

Improve existing 3D assets by correcting visual errors and integrating missing areas.
When using digitized 3D models, it is often necessary to correct visual errors in
their color representation. Al-based inpainting effectively improves the quality of
texture mapping (Section 1.3);

Provide alternative workflows for the creation of 3D assets. The idea is to explore
different 3D representations, not based on triangulated meshes, but relying on
modern neural technologies, to provide alternative solutions in specific use cases
and scenarios (Section 1.4).
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1.2 Al-Driven Specular Removal for Photogrammetric
Reconstruction

Photogrammetry is one of the most used methods for the digitization of real objects,
due to its versatility and cost-effectiveness. The digitization process via photogramme-
try involves two major phases: capturing a dense set of photographs with a camera
at close range, and the actual reconstruction, which uses multiple, overlapping images
taken from different viewpoints to reconstruct the position of 3D surface points. The
quality and completeness of the 3D reconstruction strongly depend on the quality of
the input photos, and there are various possible problems in the input photos that can
result in visual artifacts, errors, or missing areas in the final 3D model. One of the most
common problems is the presence of specular highlights.

The approach followed is to train a neural network to analyze the input photos,
finding and/or correcting the local visual problems that affect the photogrammetric
pipeline. The architecture consists of a U-Net [Ronneberger et al. 2015], capable of
effectively capturing local and global information. The U-Net architecture features an
encoder-decoder structure with skip connections that downsamples the input image
and then upsamples the feature maps to generate the output.

The problematic areas can be either corrected or used to generate masks, which are
supported by most photogrammetric software. The double option of being able to
mask out or correct the issues makes the process versatile and controllable. Masking
out the problematic areas preserves the scientificity of the process, as all the resulting
3D data come from measurements; correcting the input images is expected to lead to a
more complete model, at the price of having some data hallucinated by Al. Therefore, a
combination of the two approaches (i.e., use masked data for geometric reconstruction
and corrected data for texture generation) might provide a good middle ground.

The architecture is trained to learn to remove specular highlights from an image. The
training uses a synthetic dataset composed of renderings of realistic objects with and
without specular reflections. The trained network is then integrated into a simple tool
that loads a number of images and applies the highlight removal process to all of them.
In a digitization scenario, the user will load the entire photogrammetric input dataset
and process it, thus obtaining a new dataset with a reduced presence of specular high-
lights (Figure 1.1): this processed dataset will then be used with any photogrammetric
software, resulting in a more accurate and detailed 3D model.
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Figure 1.1: The Al image pre-processing tool used to prepare a photogrammetric dataset.

1.2.1 Dataset

We generate a synthetic image dataset using collected 3D models and a rendering
engine. We chose Blender for its fast integrated rendering engine, capable of generating
lifelike images with realistic illumination and material management, and the possibility
to replicate arbitrary lighting/camera setup, and automate the rendering process with
its Application Programming Interface (API).

The 3D models in the dataset must meet several criteria: they should be small ob-
jects suitable for photogrammetry, created through digitization, and rich in surface infor-
mation. They should represent common photogrammetry targets, including everyday
items, cultural heritage artifacts, and natural objects. They must feature well-defined
geometries, realistic textures, and associated normal and specular maps to ensure ac-
curate spatially-varying surface behavior. Additionally, they should exhibit a variety of
materials, optical characteristics, shapes, colors, and details. Our dataset comprises
25 3D models meeting the specified criteria. Most of these models are sourced from
SketchFab, an online platform for publishing 3D models; the models have a compatible
license (free to use or Creative Commons) and are marked as usable for Al applications
by the creator.

Each model is standardized in terms of size, orientation, position, and rendering
materials. We use Python scripts and Blender's APIs to create scenes with different
lighting setups. For each setup, Blender's Compositing feature allows the simultaneous

7
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generation of the images needed to train our network: with highlights (diffuse + specular
— input images), without highlights (diffuse only — target images), and highlights only
(specular only — employed in the custom training loss defined in the following).

We use three lighting setups: a single spotlight, four area lights positioned far above
the object, and three area lights placed closer around the object. These varying lighting
setups are designed to enhance the networks generalization, as rendered images with
diverse lighting conditions help the network learn to remove highlights under different
scenarios. For camera placement, we use a hemispherical arrangement, with the camera
moving around the object at various heights, pointing towards the object’s center. This
strategy is the most common in photogrammetric reconstruction. We set the number
of cameras to 40 to ensure accurate 3D reconstruction and to facilitate learning of
varied specular highlights. The rendering resolution is set to 2000x 2000, sufficient
to preserve details in the final images and maintain specular highlights of suitable size
and complexity, while ensuring reasonable rendering and training times.

1.2.2 Custom loss

To fully exploit the training dataset, we design a custom loss made of two terms:

L =MSE(I,T) + g Z o(M; ;) (I;; — T;;)? (1.1)
2y

where MSE is the Mean Squared Error value, M is the specular-only image, o is a
sigmoid activation function with high steepness, k is a constant (set equal to 10 in our
experiments) and w = >, . o(M; ;). Specular highlights images serve as input images
I, and diffuse component images as targets 7.
The first term in the loss encourages the fidelity of output images to input ones,
preventing hallucinations and preserving details. The second term penalizes differences

between input and target images in correspondence with highlights.

1.2.3 Results

From a quantitative point of view, we evaluate the Structural Similarity Index Measure
(SSIM) between the output images and the ground-truth images. SSIM assesses image
similarity based on luminance, contrast, and structure. In the test set, SSIM is equal to
0.945 + 0.08, indicating detail preservation and high fidelity of the corrected images
to the input images. From a qualitative standpoint, we discuss results on real-world
objects to assess the generalization ability. The objects have a variety of geometries,
colors, or materials. Evaluation criteria include the extent of specular reflection removal,
texture preservation, and overall visual fidelity.

8
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Figure 1.2: Results of the Specular Removal on three synthetic objects (unseen in training).
For each row: input image, our method, ground truth.

Figure 1.2 shows the results on three synthetic objects, not used for the training.
Our customized U-Net is effective in removing specular reflections and preserving
texture details, resulting in higher overall visual fidelity. The reference article [Callieri
et al. 2025] presents results for real-world and synthetic objects, providing a compar-
ison with state-of-the-art methods JSHDR, M2-Net, and DHAN-SHR. In all cases, our
method significantly reduces highlights, making the processed images more suitable for
subsequent stages of 3D reconstruction. This demonstrates the model effectiveness in
handling real-world scenarios. In comparison, |[SHDR generally produces lower quality
results. M2-Net reduces the brightness of the specular, but does not correctly interpo-
late the image. DHAN-SHR produces results similar to our network, but more noisy in
some cases, as shown by the head of the Buddha statue. Importantly, we are able to
obtain comparative or even better results than DHAN-SHR with a much lighter archi-
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tecture. Moreover, our performance is coherent across the entire set of input images:
this is fundamental, since our goal is photogrammetric 3D reconstruction.

1.3 Al-based Texture Inpainting

The process of generating color information of digitized 3D models relies on project-
ing photos onto the reconstructed geometry and encoding the projected data into a
texture. This process may generate errors in the final model in different ways: small
inconsistencies in the camera position, uneven or changing lighting between photos,
visual errors, or extraneous objects in the input photos. The result is local visual artifacts
in the texture. Al-based inpainting is a common task that has been addressed using
different approaches (e.g., encoder-decoder architecture, diffusion-based techniques),
but it is necessary to find a way to apply this image-based tool in the fragmented,
non-continuous, distorted parameterized space of a texture map.

Our solution is to apply inpainting to an ad hoc parametric domain that is defined
on-the-fly for each inpainting operation. Given a region of the mesh that presents a
texturing error, we create a local auxiliary parametrization of the affected faces and a
region around them, and synthesize a texture for this region. This temporary texture
is used to inpaint over the defective region, and the inpainted texels are transferred
back into the original texture.

The auxiliary local parametrization is built by firstly creating a small patch starting
from the problematic area using a local-global As Rigid As Possible (ARAP) parametriza-
tion [Liu et al. 2008], and then iteratively extending it, one triangle at a time, until a
sufficiently large region around the target area is fully covered [Myles and Zorin 2012].
To perform the inpainting, we employ a close adaptation of a recently proposed Deep
Convolutional inpainting network [Liu et al. 2018a], although any other method can be
used, thanks to the modularity of the approach. This model uses an encoder-decoder
architecture with skip-connections analogously to UNet [Ronneberger et al. 2015], and
partial convolutions [Liu et al. 2018b] to improve performance with masked image
inputs. The network takes as input the generated temporary texture and a binary
mask denoting valid and invalid pixels, and outputs a reconstructed RGB image. The
inpainting network was trained using a task-specific dataset, that is, texture patches
created from scanned objects. For the training, we generate a collection of around
50000 patches sampled from a public benchmark of textured 3D real-world models
[Maggiordomo et al. 2020].

Following these principles, we develop a texture repairing tool that locally unwraps
the problematic areas, applies the inpainting, and integrates the result back in the

10
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Figure 1.4: Details of the texture correction on different kinds of 3D models.

texture. The tool works both automatically, detecting and correcting imperfections in
the texture, and as an interactive tool with a paint/select interface to indicate which
parts of the model need repairing, as shown in Figure 1.3. Results of the Al inpainting
process can be seen in Figure 1.4.

1.4 Exploring Alternative Representations

Creating realistic 3D representations of real-world scenes remains a challenge due to
the intricate demands of capturing high-detail appearance and geometry. Neural Radi-
ance Fields (NeRFs) [Mildenhall et al. 2021] have recently emerged as a revolutionary
approach to 3D reconstruction, presenting a distinct learning-based method for cap-
turing and synthesizing complex 3D scenes. Traditional methods that rely on discrete
voxels or point clouds often struggle to accurately reconstruct complex scenes and
synthesize novel views. In contrast, NeRFs operate by modeling the volumetric scene
as a continuous field of radiance, allowing for unparalleled accuracy and realism. The
core idea of NeRF relies on representing the radiance field of a 3D scene, implicitly,

11
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through a multi-layer perceptron (MLP), which enables the generation of high-quality
images from novel viewpoints. Unlike NeRF's implicit representation, the 3D Gaussian
Splatting (3DGS) [Kerbl et al. 2023] method offers explicit scene representation and
novel view synthesis, without the necessity of a neural network. This prominent tech-
nique utilizes a set of Gaussian ellipsoids and rasterizes them into images, allowing for
efficient, real-time rendering while accurately representing both geometry and appear-
ance with photorealism. Recently, the integration of super-resolution techniques with
neural rendering approaches like NeRF and 3DGS has been explored to enhance the
quality of novel view synthesis from low-resolution inputs. These enhancements aim
to overcome common limitations, such as blurry or aliased outputs when rendering at
resolutions higher than the input. In the context of the SUN project, such advance-
ments were considered to represent 3D-related scenes and also to improve the fidelity
and applicability of neural rendering methods in real-world scenarios.

1.4.1 Neural Representations

The main approach of NeRF leverages an MLP to encode both the scene geometry
and appearance as a volumetric function, given a collection of 2D images and their
corresponding camera poses. The network learns to map directly from viewing direc-
tion and spatial location to opacity and color, using volume rendering. While NeRF
achieves exceptional rendering quality by sampling points along rays in 3D space, it
requires higher training and rendering time due to the computational complexity of its
volumetric ray-casting. On the other hand, 3D Gaussian Splatting directly optimizes
Gaussian ellipsoids and projects them onto pixels using a rasterization-based render-
ing approach, which eliminates the need for dense sampling. With this rasterization
technique, it not only achieves high-quality novel view synthesis but also significantly
accelerates the training process, offering real-time rendering. Moreover, 3DGS models
opacity values directly (unlike NeRF, which derives opacity from transformed density
values), further optimizing the process while maintaining high visual fidelity.

A prerequisite for both NeRF and 3DGS methods is the accurate estimation of camera
parameters and localization. This estimation is achieved through Structure from Motion
(SfM) techniques, where camera positions are represented in 3D space. For this purpose,
two different methods were tested, named COLMAP [Schonberger and Frahm 2016]
and Hierarchical Localization [Sarlin et al. 2019].

In the context of the project Pilot 2 on safety and social Interaction at Work (Chap-
ter 21), experiments were carried out utilizing the Nerfacto model [Tancik et al. 2023]
and its extension, Nerfacto-huge (see Figure 1.5). Initially, an investigation was con-
ducted to acquire web data illustrating scenes related to shop floor video captures.

12
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() (b)

Figure 1.5: Experimental results of NeRF in data provided by FACTOR. (a) nerfacto model
result on the metallic item sample. (b) nerfacto-huge result on the helmet sample

Due to limitations in web data quality and viewing angles, the project partners cap-
tured and delivered customized recordings with various objects relevant to the scenario
(e.g., a helmet).

In the context of the project Pilot 3 on the rehabilitation of people with mobility
and verbal cormmunication diseases (Chapter 22), both NeRF and 3DGS methods were
utilized on custom captured video via smartphone, from which an optimal number of
frames was extracted based on the complexity and content of the scene. Figure 1.6
presents a qualitative evaluation of the radiance-based reconstruction techniques im-
plemented, namely, a visual comparison between the ground truth image, the Nerfacto
output, and the Splatfacto output. The Nerfacto model output contains more noise,
while the Splatfacto model produced more detailed and compact results, particularly
in the region around the cup.

To further improve the quality of novel view synthesis, particularly from low-
resolution inputs, super-resolution methods were investigated alongside NeRF and
3DGS. Two advanced techniques were explored: NeRF Super-Resolution and Super-
Resolution 3D Gaussian Splatting.

1.4.2 NeRF Super-Resolution

NeRF Super-Resolution (NeRF-SR) [Wang et al. 2022] is a supersampling technique
that enforces sub-pixel level multi-view consistency and introduces a refinement net-
work based on depth maps to transfer high-frequency information from a single high-
resolution reference image. This approach enhances output resolution without requiring
extensive high-resolution training data.

13
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(a) GT image (b) Nerfacto output (c) Splatfacto output

Figure 1.6: Visual comparison between ground truth image, Nerfacto output, and Splatfacto
output. Please zoom in for a better inspection of the results.

1.4.3 Super-Resolution 3D Gaussian Splatting

Super-Resolution 3D Gaussian Splatting [Feng et al. 2024] (SRGS) approach extends
3DGS to high-resolution novel view synthesis (HRNVS) from low-resolution input by
combining two key mechanisms:

« Super-resolution Gaussian Densification, which encourages splitting and densifica-
tion of primitives with sub-pixel constraints;

o Texture-Guided Gaussian Learning, which leverages an external pre-trained 2D
super-resolution model to recover high-resolution textures from low-resolution
input views.

This joint optimization effectively bridges the gap between low-resolution inputs and
high-resolution outputs. Figure 1.7 presents a qualitative comparison between the NeRF-
SR method and the original NeRF implementation (Vanilla NeRF) on a custom-captured
video.

A corresponding quantitative evaluation in terms of Peak Signal-to-Noise Ratio
(PSNR) is provided in Table 1.1. While the visual results show no significant differences,
the quantitative analysis indicates that NeRF-SR yields improved high-resolution output
quality when operating on low-resolution inputs.

14
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(a) Vanilla NeRF: Input/Output: (b) NeRF-SR: Input/Output: (c) NeRF-SR: Input 135 x 240.
270 x 480 135 x 240 Output: 270 x 480

Figure 1.7: Visual comparison between original implementation Vanilla NeRF, the output of
NeRF-SR model at the same resolution as the input, and the output of NeRF-SR model at 2x
the input resolution.

Table 1.1: Quantitative comparison between Vanilla NeRF and NeRF-SR

Model PSNR
Vanilla NeRF Fine | 36.7524
NeRF-SR Fine 36.9469

To evaluate the effectiveness of the SRGS method, a performance comparison was
conducted against the baseline 3DGS on the same data. In both experiments, Gaussian
primitives were trained using low-resolution views obtained by downsampling the orig-
inal images by a factor of 8x (to 270 x 480). Subsequently, high-resolution rendering
was performed at 1080 x 1920, corresponding to a 4x upscaling of the input resolution.
Figure 1.8 and Table 1.2 demonstrate qualitative and quantitative comparison results,
respectively. The results highlight SRGS performance surpassing the 3DGS method in
high-resolution rendering in the metrics of PSNR, Structural Similarity Index Measure
(SSIM), and Learned Perceptual Image Patch Similarity (LPIPS).

15
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(a) Ground truth image (b) 3DGS high-res image (c) SRGS high-res image

Figure 1.8: Visual comparison between ground truth image, the output of baseline 3DGS
method, and the output of SRGS method rendering at 4x the input resolution.

Table 1.2: Quantitative metrics for high-resolution novel view synthesis

Model SSIM PSNR LPIPS
3DGS | 0.9264 28.4266 0.2703
SRGS | 0.9458 1 | 30.9879 1 | 0.2499 |

1.5 Conclusions

The work carried out in the SUN Project addressed one of the bottlenecks of the
creation of XR applications: the production of 3D assets for setting up a realistic
immersive environment. The results of the proposed techniques show improvements
in the visual quality of 3D models, resulting in more realistic assets. This is especially
important in those XR applications that rely on the perception of realism to establish a
specific relationship between the user and the environment. Working on specific issues
and asset-producing workflows proved to be the correct strategy, as in this way, it is
possible to provide a more comprehensive and modular contribution to the process.

While these activities were successful in improving the quality, consistency, and
even the representation methods of 3D assets, the needs of an immersive, XR tool
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go beyond the visual layer. An asset, especially the ones that will be manipulated by
the users, will need to be enriched with physical properties, starting from the basic
information about weight and mass distribution. Being able to estimate such proper-
ties while digitizing the real object, thus resulting in a really integrated, all-round asset
creation workflow, would increase the efficiency of the authoring process of XR appli-
cations. The SUN Project carried out experiments in this direction, but more work will
be necessary to obtain usable results, ready to be integrated in immersive applications,
also for the lack of standards to store these properties and import them inside the XR
frameworks.
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2. End2End Avatar Production Pipeline

Alessandro Inguglia* and loannis Paraskevopoulos*
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Abstract. This chapter details the development of a fully automatic pipeline
for creating hyper-realistic, animatable 3D avatars. The work chronicles a strate-
gic evolution from an initial pipeline reliant on controlled photogrammetric scans
to a more accessible and scalable system that generates high-fidelity avatars di-
rectly from smartphone videos. We present the final three-stage architecture: (1)
photorealistic 3D reconstruction using Neural Radiance Fields (NeRFs) combined
with robust Structure from Motion (SfM); (2) non-rigid registration of a proprietary,
animation-ready template mesh to the reconstruction, ensuring consistent topol-
ogy; and (3) automatic generation of the final asset, complete with 4K textures, a
full skeletal rig, and 51 ARKit-compatible facial blendshapes. The pipeline achieves
a high degree of quantitative resemblance to the human subject and a total pro-
cessing time of approximately 15 minutes on consumer hardware. This work signif-
icantly lowers the barrier to mass avatar production, enabling scalable deployment
for different XR applications.

2.1 Introduction

The creation of realistic and interoperable digital human avatars is an important element
for immersive Extended Reality (XR) experiences. Recent years have seen remarkable
progress in generating 3D human representations from various inputs, including sparse
2D images [Peng et al. 2021; Burkov et al. 2023], single RGB images [Saito et al. 2019;
Saito et al. 2020], and monocular videos [Guo et al. 2023; Jiang et al. 2022; Weng
et al. 2022]. While these methods have pushed the boundaries of what is possible,
challenges related to geometric detail, texture fidelity, and scalability often remain.
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Figure 2.1: Architecture of the avatar pipeline component, showing the data flow from video
input to final avatar asset.

Our work began by exploring a pipeline that processed high-quality photogrammetric
scans captured in a controlled studio environment. While this method yielded precise
geometric accuracy, it presented significant scalability challenges, requiring specialized
hardware and user visits to a dedicated facility. To overcome these limitations and
democratize the creation of personalized digital twins, a strategic pivot was made to-
wards a more flexible pipeline that leverages consumer-grade technology. This chapter
presents the final, fully automatic system that transforms a simple video, captured with
a standard smartphone, into a game-ready, rigged, and textured 3D avatar for a broad
range of XR applications.

2.2 Methodology and Results

2.2.1 System Architecture

The final video-to-avatar workflow is designed as a modular, multi-stage pipeline that
ensures both high-quality results and processing efficiency. The architecture, illustrated
in Figure 2.1, is composed of three main sequential stages: (1) Neural Radiance Fields
(NeRF)-based reconstruction [Mildenhall et al. 2020], where a photorealistic 3D model
of the subject is created from video; (2) template mesh registration, where a standard-
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ized template mesh is non-rigidly deformed to match the reconstruction, ensuring a
consistent topology for animation; and (3) asset generation, where the final, application-
ready avatar is produced with a full set of textures, a skeletal rig, and facial blendshapes.
This staged approach allows for a clear separation of concerns, from initial data capture
and 3D reconstruction to the final preparation of a functional and interoperable digital
asset.

2.2.2 Stage 1: Photorealistic 3D Reconstruction from Video

The first stage of the pipeline is dedicated to reconstructing a high-fidelity 3D model
of the subject from a standard video. This process begins with a standardized video
capture protocol designed to be easily followed by users with consumer-grade cam-
eras, such as smartphones. The protocol involves recording a 45-60 second video of
the subject in an A-pose, ensuring good lighting and a clear view of the entire body,
followed by close-ups of the face. From this video, an intelligent frame selection algo-
rithm automatically extracts an optimal set of 120 frames for processing. This selection
is not random; it prioritizes frames based on a combination of factors, including the
visibility and size of the subject’s face, image sharpness (measured via Laplacian vari-
ance), and spatio-temporal coherence, ensuring that the subsequent reconstruction is
based on the highest quality source material.

Once the frames are selected and the subject is isolated from the background using
a neural segmentation network, the pipeline performs Structure from Motion (SfM) to
determine the precise 3D position and orientation (pose) of the camera for each frame.
For this critical task, we employ the Hierarchical Localization (HLOC) framework [Sarlin
et al. 2018], which leverages a combination of deep learning models for robust feature
extraction and matching. Global features are extracted using NetVLAD [Arandjelovic et
al. 2016] to identify likely image pairs, while local features are detected and described by
SuperPoint [DeTone et al. 2018]. These features are then matched across images using
SuperGlue [Sarlin et al. 2020], a graph neural network-based matcher that excels at
finding reliable correspondences even in challenging conditions. The resulting matches
are geometrically verified before being passed to the COLMAP' SfM algorithm, which
triangulates the camera poses and generates a sparse 3D point cloud of the subject.

The camera poses and processed images serve as input to a NeRF model [Mildenhall
et al. 2020], which learns a continuous volumetric representation of the subject. Our
pipeline uses an optimized implementation based on Nerfacto [Tancik et al. 2023],
which incorporates several advanced techniques for rapid and high-quality reconstruc-
tion. These include multi-resolution hash encoding for efficient spatial representation

"https://demuc.de/colmap/
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Figure 2.2: Render of an evaluation frame from a NeRF dataset. From left to right: occupancy,
ground truth, RGB render, depth, normals

Figure 2.3: Comparison of Neural Radiance Field (NeRF) renderings and ground truth (GT)
images across multiple viewpoints for two subjects. Each pair shows the NeRF-synthesized
view (Left) alongside its corresponding ground truth reference (Right)

[Mdller et al. 2022], a two-stage proposal network for adaptive sampling in detailed
regions, and a scene contraction method that enables consistent handling of diverse
capture environments [Barron et al. 2021]. The resulting rendered scene can be seen
in Figure 2.2 and Figure 2.3. Crucially, the reconstruction process is centered and
scaled using 3D human pose landmarks detected in the images, which focuses the
network’s capacity on the subject and accelerates convergence. After a training pro-
cess of 10,000 iterations, the learned neural representation is converted into a dense,
textured 3D mesh using Poisson surface reconstruction, providing the raw geometric
data for the next stage of the pipeline.

22



CHAPTER 2. END2END AVATAR PRODUCTION PIPELINE

2.2.3 Stage 2: Template Mesh Registration

The raw mesh extracted from the NeRF model, while geometrically accurate, lacks the
consistent structure required for animation and interoperability. The second stage of
the pipeline addresses this by performing non-rigid registration of a template mesh to
the reconstruction. This template is the basis of the pipelin€’s animation capabilities,
featuring a clean, consistent topology optimized for deformation, a standardized UV
map for texturing, a pre-defined skeleton with skinning weights, and a full set of
51 ARKit-compatible facial blendshapes. By fitting this template to each subject, we
ensure that every generated avatar shares a common underlying structure, making all
subsequent asset generation steps streamlined and reliable.

The fitting process itself is a two-phase optimization designed to robustly align the
template to the target scan. The first phase, coarse registration, establishes the overall
body shape and pose. This is achieved using a proprietary parametric shape model
based on Principal Component Analysis (PCA). Similar to other statistical body models
[Loper et al. 2015], our model is trained on a diverse dataset of 3D human scans and
can represent a wide variety of body shapes with a compact set of parameters. By
optimizing these parameters to minimize the Chamfer distance [Fan et al. 2017] to the
target mesh, guided by 3D landmarks detected on the scan, the template is quickly
molded into the general shape of the subject.

Following this, a fine registration stage captures subject-specific details that are not
represented by the parametric model. This non-rigid deformation directly optimizes the
template’s vertex positions to precisely match the target surface. To prevent unrealistic
stretching and preserve the template’s high-quality surface properties, this optimiza-
tion is constrained by an As-Conformal-As-Possible (ACAP) regularizer [Yoshiyasu et al.
2014]. This regularizer ensures that local transformations are angle-preserving, resulting
in a smooth and natural-looking deformation. The final result, as shown in Figure 2.4, is
a fitted mesh that perfectly marries the subject’s unique geometry with the template’s
animation-ready topology.

2.2.4 Stage 3: Asset Generation and Finalization

With the fitted mesh in place, the final stage of the pipeline generates the complete,
application-ready avatar asset. This involves transferring all the necessary components
for appearance and animation from the template to the newly fitted geometry. The
first step is to transfer the photorealistic appearance from the NeRF model to the fitted
mesh via texture baking. For each vertex on the fitted mesh, a ray is cast towards the
NeRF model along the surface normal, and the learned color is sampled. This process
effectively "paints’ the NeRF's appearance onto the template's standardized UV layout,
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Figure 2.4: Results from various steps of the pipeline. First row: SfM pointcloud and cameras
and 3D landmarks; Second row: reconstructed mesh and the fitted template mesh

creating a high-resolution 2K or 4K texture map that captures the subject’s detailed
appearance, from skin tone to clothing texture.

Next, the avatar is made ready for animation. The templates skeleton is adapted
to the fitted mesh by first predicting the correct joint positions using a specialized
regressor and then transferring the skinning weights, which define how the mesh de-
forms during movement. Simultaneously, the 51 ARKit-compatible facial expressions
are transferred from the template. This is achieved through a deformation transfer
[Sumner and Popovi¢ 2004] technique, which maps the expressive deformations of
the template’s face onto the subject’s unique facial geometry, enabling nuanced and
realistic animation. Finally, all components—the fitted mesh, UV maps, textures, skele-
ton, and blendshapes—are packaged into a single, interoperable file, either FBX or GLB.
This ensures the avatar is immediately usable in a wide array of 3D engines and content
creation tools, such as Unity, Unreal Engine, and Blender.

2.2.5 Performance and Evaluation

The performance of the pipeline was evaluated in terms of both processing speed
and the quality of the final output. The entire end-to-end process, from video upload
to final asset export, completes in approximately 15 minutes on high-end consumer
hardware (e.g., NVIDIA RTX 3090/4090). The core template fitting and asset gener-
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Figure 2.5: During the evaluation step, GT images are compared with the rendered mesh, with
focus on the face region.

ation steps are particularly efficient, taking less than 5 minutes to run once the initial
NeRF reconstruction is complete. This identifies the neural reconstruction as the main
computational bottleneck and a key area for future optimization.

To validate the quality and fidelity of the generated avatars, a comprehensive eval-
uation framework was developed. This framework renders the final 3D avatar from
the same camera viewpoints as the original input video and compares them using a
combination of metrics. Pixel-level geometric accuracy is measured using L2 distance
on facial regions, while high-level identity preservation is assessed using the DeepFace
facial recognition model [Serengil and Ozpinar 2024] to verify that the rendered face
is recognized as the same person from the source images (Figure 2.5). In a test on a
sample set of avatars, the system achieved a high degree of similarity, with an aver-
age L2 distance of 0.077 (a similarity score of 92.3%) and a 100% verification rate
from DeepFace. These results provide strong quantitative evidence that the pipeline
produces avatars that are not only geometrically accurate but also preserve the unique
identity of the subject.

2.3 Conclusions

In this chapter, we have presented the design and evolution of a fully automatic pipeline
for the creation of hyper-realistic 3D avatars. The work successfully transitioned from a
controlled, photogrammetry-based system to a highly accessible video-based workflow,
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democratizing the ability to generate personalized digital twins using only consumer-
grade hardware. The final three-stage architecture—combining state-of-the-art neural
reconstruction with robust template fitting and asset generation—has proven to be both
effective and efficient. The versatility of the generated avatars makes them suitable
for a wide range of applications, from clinical rehabilitation and industrial training to
social XR platforms.

The significance of this work lies in its contribution to making realistic avatar creation
a scalable reality. By removing the dependency on specialized scanning equipment,
the pipeline opens the door for mass adoption in a wide range of XR applications.
However, the work is not without limitations. The quality of the final avatar remains
highly dependent on the quality of the input video, and challenges persist in accurately
capturing complex details like flowing hair or intricate clothing. Future research will
focus on addressing these challenges, primarily by exploring more advanced neural
reconstruction techniques and further optimizing the computational performance of
the NeRF stage to bring production times even closer to real-time.
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Abstract. This chapter presents an autonomous environment exploration sys-
tem that integrates Artificial Intelligence (Al)-enhanced 3D reconstruction with
intelligent navigation strategies. The system combines SLAM (Simultaneous Lo-
calization and Mapping) techniques with Denoising Diffusion Probabilistic Mod-
els (DDPM) to generate high-quality 3D reconstructions, compensating for sensor
limitations through generative Al. The exploration component employs a multi-
modal Al agent that integrates computer vision, semantic understanding, and rein-
forcement learning for autonomous navigation in unknown environments. Exper-
imental validation demonstrates significant improvements in reconstruction qual-
ity, with the diffusion model reducing geometric coarseness and correcting acqui-
sition artifacts in 64° voxel SDF (Signed Distance Field) volumes. The exploration
subsystem combines Proximal Policy Optimization (PPO) reinforcement learning
with frontier ranking algorithms, maintaining occupancy grids, semantic grids, and
3D point clouds for context-aware decisions. Performance evaluation shows sub-
stantial improvements when integrating semantic understanding with reinforce-
ment learning strategies. The system achieves real-time 3D model correction in
under one second and maintains compatibility with standard file formats. Appli-
cations include robotics, virtual reality, environmental monitoring, and enhanced
spatial accessibility for users with physical limitations.
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3.1 Introduction

This chapter presents a comprehensive approach to autonomous environment explo-
ration that combines advanced 3D acquisition techniques with intelligent navigation
strategies. The primary objective is to develop a virtual agent capable of autonomously
exploring unknown environments while capturing detailed geometric information and
generating statistically valid representations of unexplored areas through Artificial Intel-
ligence (Al)-based hallucination techniques.

The solution addresses the challenge of exploring potentially large physical spaces
by integrating two complementary technologies: Al-enhanced 3D reconstruction and
autonomous exploration algorithms. This dual approach enables comprehensive envi-
ronment mapping while compensating for sensor limitations and providing enriched
spatial understanding for users, including those with physical limitations who may ben-
efit from remote exploration capabilities.

The autonomous exploration system is structured around two interconnected sub-
systems that work in tandem to achieve comprehensive environment understanding.
The first subsystem focuses on 3D acquisition and reconstruction, leveraging advanced
generative Al techniques to enhance spatial data quality [Federico et al. 2024]. The
second subsystem implements intelligent exploration strategies using reinforcement
learning and semantic understanding to guide autonomous navigation decisions.

The integration of these subsystems creates a robust platform capable of operating
in diverse environments, from urban driving scenarios to complex architectural spaces.
The system's modular design allows for adaptation to various sensor configurations
and exploration objectives while maintaining consistent performance across different
operational contexts.

3.2 Al-Enhanced 3D Acquisition and Reconstruction

3.21 Component Architecture

The 3D acquisition component builds upon Simultaneous Localization and Mapping
(SLAM [Cadena et al. 2016]) techniques to generate detailed environmental represen-
tations. SLAM technology provides the foundational capability for pose estimation
and initial map construction by integrating data from multiple sensors, including cam-
eras, Light Detection and Ranging (LIDAR), and Inertial Measurement Units (IMU). This
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Figure 3.1: Spatio-Temporal Diffusion Model. The diffusion neural network analyzes image
sequences and SDF volumes to generate enhanced 3D reconstructions. Figure adapted from
[Federico et al. 2024] licensed under CC-BY 4.0.

multi-sensor fusion approach ensures robust spatial understanding even in challenging
environmental conditions.

Beyond basic geometric mapping, the system incorporates semantic information
processing to create enriched 3D representations. This semantic enhancement enables
the agent to understand not only the spatial structure of the environment but also the
functional and contextual meaning of different regions and objects within the explored
space. An overview of the component architecture is depicted in Figure 3.1.

The core innovation lies in the integration of generative Al, specifically denoising
diffusion probabilistic models (DDPM) [Ho et al. 2020], which significantly enhance the
quality and completeness of 3D reconstructions. These models address fundamental
limitations of traditional 3D scanning approaches, particularly the range constraints of
depth cameras and 3D scanners, by generating plausible geometric completions for
unobserved or poorly sampled regions.

3.2.2 Generative Reconstruction Process

The reconstruction pipeline processes RGB images alongside image-to-world transfor-
mations to generate semantically-enriched 3D models. The diffusion model operates

31



CHAPTER 3. AUTONOMOUS 3D ENVIRONMENT EXPLORATION AND RECONSTRUCTION

EEEE W e
EEEE lmwW S GEuE
ENEE DEIN -8 G

stage 1

stage 2

Figure 3.2: Reconstruction results. The two-stage process (generation and rescaling) transforms
coarse SDF volumes into detailed scene reconstructions. Figure adapted from [Federico et al.
2024] licensed under CC-BY 4.0.

on signed distance field (SDF) representations [Liu et al. 2024], which provide a math-
ematically robust framework for 3D geometry representation and manipulation.

The generative process compensates for common acquisition limitations by learning
statistical patterns from training data and applying these patterns to fill gaps or correct
errors in captured geometry. This approach proves particularly valuable when dealing
with incomplete sensor coverage or areas where direct observation is challenging or
impossible.

3.2.3 Experimental Results and Validation

System validation was conducted using data from virtual urban driving simulators, pro-
viding controlled environments for systematic performance evaluation. Due to compu-
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Figure 3.3: Denoising Capability. The diffusion module reconstructs and corrects mesh errors
using learned statistical patterns from training data. Figure adapted from [Federico et al. 2024]
licensed under CC-BY 4.0.

tational constraints, the generated SDF volumes were limited to 64 voxel resolution,
which nonetheless demonstrated significant improvements in reconstruction quality.

The experimental results reveal substantial improvements in geometric detail and
accuracy compared to raw SLAM output. The diffusion model successfully reduces
coarseness in low-resolution input data while maintaining geometric consistency and
plausibility (Figure 3.2). Additionally, as shown in Figure 3.3, the system demonstrates
the capability in correcting acquisition artifacts and geometric imperfections that com-
monly arise from sensor noise or systematic measurement errors.

3.3 Autonomous Environment Exploration

3.3.1 Multi-Component Al Agent Architecture

The autonomous exploration capability is implemented through a sophisticated Al agent
that integrates multiple machine learning (ML) architectures working in coordination.
This multi-modal approach combines computer vision, semantic understanding, and
reinforcement learning to create an intelligent exploration system capable of making
informed navigation decisions.

As shown in Figure 3.4, the agent architecture consists of several interconnected
subsystems, each contributing specialized capabilities to the overall exploration pro-
cess. At the foundation, the drone platform provides the physical mobility and sensor
capabilities necessary for environment interaction. The Al Agent Core Systems con-
tain the primary functional components that enable autonomous decision-making and
navigation.
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Figure 3.4: Exploration Agent Architecture. The comprehensive system partitions exploration
strategy into specialized sub-modules that leverage various ML techniques for coordinated
autonomous operation.

The Perception System serves as the sensory interface, processing visual data from
onboard cameras to extract RGB imagery, depth estimations, and semantic segmen-
tation of the observed environment. This visual information flows to the Knowledge
Processing component, which employs CLIP features for semantic understanding and
implements a Retrieval Augmented Generation (RAG) system to match current obser-
vations with relevant knowledge from the system’s database.

3.3.2 Environment Representation and Mapping

The Environment Mapping module maintains three complementary representations
of the explored space. The occupancy grid tracks the spatial distribution of free and
occupied areas, providing essential information for navigation planning. The semantic
grid associates different regions with object types and functional categories, enabling
context-aware exploration decisions. The 3D point cloud reconstruction maintains de-
tailed geometric information about the environment structure.
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These representations are continuously updated as new information becomes avail-
able through the perception system and knowledge processing pipeline. The multi-
layered mapping approach ensures that the agent maintains both detailed local infor-
mation for immediate navigation decisions and broader contextual understanding for
strategic exploration planning.

3.3.3 Decision Making and Navigation Control

The Decision Engine represents the core intelligence of the exploration system, utilizing
the comprehensive environmental model to identify frontiers between explored and
unexplored regions. The system implements sophisticated frontier ranking algorithms
that consider multiple factors, including spatial accessibility, semantic interest, and
strategic value for overall exploration objectives.

Path planning algorithms generate optimal routes to selected exploration targets,
taking into account both the physical constraints of the drone platform and the infor-
mational value of different trajectory options. These high-level navigation decisions
are translated through the Drone Control Interface into specific JSON commands that
direct the drone’s movement system.

3.3.4 Knowledge Integration and Learning

Supporting the core operational components is a comprehensive Knowledge Base con-
taining exploration reports, navigation guides, and terrain data that inform the agent's
decision-making processes. This knowledge repository enables the system to leverage
prior experience and domain-specific information to improve exploration efficiency and
effectiveness.

The system continuously tracks exploration progress and maintains visualization met-
rics that provide feedback on the effectiveness of different exploration strategies. This
monitoring capability enables adaptive behavior and continuous improvement of ex-
ploration performance over time.

3.3.5 Reinforcement Learning Integration

The exploration strategy incorporates deep reinforcement learning (RL) through the
Unity ML Agents framework, implementing a variant of Proximal Policy Optimization
(PPO) for autonomous navigation decisions. The RL component operates within realistic
virtual environments that provide accurate physics simulation for drone movement and
high-quality visual rendering for computer vision tasks.

35



CHAPTER 3. AUTONOMOUS 3D ENVIRONMENT EXPLORATION AND RECONSTRUCTION

Figure 3.5: Example architectural environment. Complex building structures are used for
autonomous discovery algorithm training and evaluation.

Training environments feature architectural buildings with varying complexity levels
(Figure 3.5), designed to challenge different aspects of the exploration algorithm. For
practical training purposes, doors and windows are removed to eliminate easily avoid-
able obstacles while maintaining the essential spatial and semantic complexity of real
architectural environments.

3.3.6 Performance Evaluation and Results

System performance evaluation employed multiple metrics to assess exploration ef-
fectiveness across diverse architectural environments. Each test environment was sub-
divided into uniform grids to enable precise measurement of exploration coverage and
efficiency.

Comparative analysis examined exploration performance with and without multi-
modal frontier ranking evaluation, demonstrating the value of semantic understanding
in guiding exploration decisions. Performance metrics included the percentage of en-
vironment explored over time, path efficiency calculated as the ratio of area explored
to distance traveled, and time required to achieve 90% environmental coverage.

The experimental results demonstrated substantial performance improvements at-
tributable to the effective integration of semantic understanding with reinforcement
learning algorithms. By providing the RL agent with pre-ranked frontier informa-
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tion based on multi-modal analysis, the system achieves more efficient exploration
while maintaining the flexibility for the agent to develop optimal navigation strategies
adapted to specific environmental characteristics.

3.4 System Integration and Applications

The integrated system has been validated through extensive laboratory testing using
virtual data from driving simulation environments. The results demonstrate the system's
suitability for applications requiring exploration of large physical spaces.

The generative 3D reconstruction component proves particularly valuable in scenar-
ios where comprehensive spatial documentation is required, while the autonomous
exploration capability enables efficient coverage of large areas without direct human
intervention. This combination makes the system well-suited for applications in envi-
ronmental monitoring, search and rescue operations, and infrastructure inspection.

Specific performance targets include the capability to propose plausible corrections
for visualizing 3D models with missing details in less than one second. The genera-
tive reconstruction component and noise-removal features directly contribute to this
objective by filling unsampled areas and enhancing 3D asset quality.

3.4.1 Technical Implementation

The current implementation is optimized for 64x64x64 voxel volumes, with configu-
ration parameters allowing adjustment of the number of temporal pairs considered.
Dataset statistics are managed through dedicated keys for maximum and minimum
values, SDF clipping parameters, mean, and standard deviation values.

Training Pipeline

The training architecture implements a two-stage approach for optimal reconstruction
quality. The first stage transforms coarse MIP_SDF volumes into detailed MIP_SDF
representations, while the second stage converts MIP_SDF volumes back to standard
SDF format. This multi-stage approach proves essential when dealing with datasets
containing highly unbalanced distributions of negative and positive values.

Inference System

The complete inference pipeline provides a comprehensive example of system oper-
ation from data input through final 3D reconstruction output. This implementation
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serves as both a functional tool and a reference for system integration in larger appli-
cations.

3.5 Future Directions and Conclusions

The integrated autonomous 3D environment exploration and reconstruction system
represents a significant advancement in combining generative Al with intelligent nav-
igation strategies. The system's ability to enhance 3D reconstructions while simulta-
neously exploring unknown environments opens new possibilities for applications in
robotics, virtual reality, and environmental monitoring.

The successful integration of denoising diffusion probabilistic models with SLAM-
based reconstruction demonstrates the potential for Al-enhanced spatial understand-
ing. Similarly, the combination of semantic analysis with reinforcement learning for
exploration strategies provides a robust foundation for autonomous navigation in com-
plex environments.

Future development directions include expanding the system's capability to handle
larger voxel resolutions, implementing real-time processing optimizations, and extend-
ing the semantic understanding capabilities to support more diverse environment types.
The modular architecture provides a solid foundation for these enhancements while
maintaining compatibility with existing implementations and standards.
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Abstract. Immersive technologies such as Augmented and Virtual Reality are cen-
tral to global digital transformation, yet their adoption is hindered by limited de-
vice performance, time-intensive cross-platform development, and growing data
privacy concerns. High-performance interactive streaming offers a promising solu-
tion by shifting the computational load from mobile Extended Reality (XR) devices
to powerful remote servers.

This cross-platform approach enables high levels of detail and responsiveness
while reducing development complexity and safeguarding sensitive data. By lever-
aging remote rendering, developers and organizations can accelerate the creation
and deployment of XR applications while providing end users with richer, more
secure experiences across devices. In industry use cases such as manufacturing
assembly lines, where safety and efficiency are equally important, XR streaming
technology plays a very important role. Within the SUN project, XR streaming has
been at the core of safety in industry shopfloors and task optimization.

This chapter details the principles of XR streaming, outlines its technical and
practical benefits, and presents Hololight's Stream Software Development Kit de-
veloped within the SUN project, which demonstrates the capability to stream en-
tire XR applications seamlessly. The results of the project highlight how interactive
streaming can overcome current industry challenges, enabling faster development
cycles, scalable performance, and safer XR interactions.
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4.1 Introduction

The growth of Extended Reality (XR) technologies has expanded opportunities for
integrating immersive systems into industrial and entertainment applications. Mobile
devices such as smartphones, tablets, and smart glasses have become central to these
developments due to their portability and versatility in spatial computing. However,
this portability introduces a structural limitation: computational power scales inversely
with device mobility. As a result, lightweight XR hardware is unable to deliver the
same rendering quality as personal computers (PCs) or dedicated graphics workstations.
This imbalance constrains the fidelity of rendered 3D environments and hinders the
integration of live-computed data streams, such as point clouds or building information
models, into XR applications.

The primary challenge for the XR community is therefore the development of com-
pact devices that can sustain high computational loads while maintaining user mobility.
One approach to overcoming this challenge is to outsource rendering tasks to an exter-
nal infrastructure. Remote rendering and application streaming transfer computationally
intensive processes from the XR device to a more powerful server or cloud resource,
allowing the device to act primarily as a display and input interface. Such approaches
are expected to play a significant role in advancing XR adoption across sectors, includ-
ing manufacturing, healthcare, education, and training, where real-time visualization of
complex data is critical.

Hololight's Hololight Stream (formerly ISAR SDK) represents a state-of-the-art ex-
ample of a remote rendering solution tailored for XR. By streaming the entire XR appli-
cation to client devices, Hololight Stream enables developers to bypass the limitations
of local hardware. Sensor data from the XR device (e.g., head pose or input gestures)
is transmitted back to the server, where rendering takes place. The resulting frames
are then streamed to the client using WebRTC protocols. This mechanism supports
both cross-platform compatibility and the visualization of large and complex datasets
without extensive pre-processing. Importantly, data security is enhanced as sensitive
models and application logic remain on secure servers rather than on mobile devices.

XR adoption in industry is constrained by the computational limitations of mobile
devices, which form the foundation of many XR systems. Smartphones, tablets, and
head-mounted displays lack the GPU and CPU capacity required to sustain complex
rendering operations. These limitations manifest in multiple ways:

Rendering constraints: High-polygon models, realistic lighting, and dynamic ef-
fects are typically infeasible on mobile XR devices due to hardware performance
ceilings;
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Cross-platform development difficulties: Heterogeneity across XR devices, engines,
and interaction methods necessitates device-specific optimization, increasing de-
velopment cost and complexity;

Data security: Locally stored data, including confidential industrial models, is
vulnerable to loss or theft;

Optimization overhead: Significant effort is required to simplify data models so
they can be rendered on mobile platforms. This process can consume the ma-
jority of development resources.

The inability of local XR hardware to provide sharp, stable renderings comparable to
modern PCs is primarily due to disparities in CPU and GPU performance. Latency
in rendering further exacerbates these limitations, producing positional offsets and
instability in holographic displays. Although techniques such as reprojection mitigate
some effects, latency remains an inherent barrier for XR systems.

To address these issues, several remote rendering solutions have been developed
that shift the computational load away from XR devices and onto more powerful cloud
or server infrastructure. Microsoft's Azure Remote Rendering allows detailed 3D models
to be rendered in the cloud and streamed to headsets such as the HoloLens 2, enabling
visualization of complex industrial or medical models without data reduction. Similarly,
NVIDIAs CloudXR leverages GPU-based cloud servers to deliver XR applications to
lightweight devices. While these solutions demonstrate the feasibility of cloud-based
rendering and have been applied across a range of industrial and training scenarios,
they typically focus on streaming individual 3D assets or scenes. This approach can
lead to separation of application logic from rendered objects, complicating interaction
and integration.

Hololight Stream advances beyond these approaches by enabling the streaming of
entire XR applications, rather than isolated 3D models. The software integrates directly
into Unity-based projects, allowing the server-hosted XR application to transmit pixel
streams to client devices while receiving sensor feedback such as head pose. This
architecture maintains the cohesion of application logic with visualization, reduces de-
velopment overhead, and supports high-fidelity rendering of large, complex datasets.
By centralizing rendering and data storage on secure servers, Hololight Stream further
addresses challenges of data privacy and compliance that arise when sensitive models
are deployed directly on mobile XR devices. By streaming entire applications, Hololight
Stream enables the visualization and interaction with highly polygonal, data-intensive
content such as graphics-intensive 3D objects, 3D Computer-Aided Designs (CAD)
models, or Building Information Modelling (BIM) data, which would otherwise be un-
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Figure 4.1: Hololight Stream fuctionality

likely on native applications due to the limitation in the processing power of the XR
devices.

4.2 Methodology and Results

The Hololight Stream is a Software Development Kit (SDK) that provides a frame-
work for remote rendering in XR systems, enabling real-time transmission of entire
AR and VR applications from a remote server to a client device. Instead of execut-
ing computationally demanding tasks locally, the rendering process is offloaded to a
high-performance server—either on-premises or cloud-based. This approach allows XR
devices with limited hardware resources to visualize and interact with complex and
data-intensive content.

Once integrated into an XR application, the SDK replaces the need for the application
to be deployed directly on the XR device. The application runs on the server, which
handles rendering and application logic, while the XR device operates a lightweight
client application. This client connects to the remote application and displays the pixel
stream it receives (Figure 4.1).

The interaction between client and server follows a bidirectional exchange:

The client device collects and transmits sensor data, including head and room
tracking information, simultaneous localization and mapping (SLAM) inputs, and
user interaction data (e.g., gestures);
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The server processes this input in real time, updates the application state accord-
ingly, and performs the rendering task;

The resulting images are encoded to reduce network bandwidth requirements
and transmitted back to the client;

On the client side, the images are decoded and displayed with minimal delay.

A critical requirement for this architecture is maintaining a low-latency communi-
cation loop. In networking terms, this refers to reducing the round-trip time of data
packets from client to server and back. To achieve real-time performance, Hololight
Stream is designed with latency-optimized protocols and socket-level communication
strategies that minimize transmission delays. This ensures synchronization between
user actions and visual feedback, which is essential for preserving immersion and us-
ability in XR environments.

4.2.1 Requirements — Hardware, Development and Network

Hololight Stream supports Windows operating systems, specifically Windows 10 or 11.
The machine should have at least 16 GB RAM, while 64 GB is recommended for optimal
performance. Since Hololight Stream is designed for rendering complex 3D models, a
powerful Graphics Processing Unit (GPU) is required for generating the XR frames. It
is recommended that the GPU should be at least an NVIDIA GTX 1070Ti for desktop
systems. For optimal and improved performance, NVIDIA's RTX series graphics cards
are recommended. Please refer to Figure 4.2, Figure 4.3, and Figure 4.4 for the list of
requirements.

Security Specifications

Hololight Stream allows users to choose between running it on an on-premises server or
a public cloud, giving them control over the storage of sensitive data. During remote
rendering, data is never stored on the XR device, enhancing security against device
loss or cyber-attacks. A single server transmits data to one client, reducing the risk of
interception.

Hololight Stream uses the WebRTC protocol wherein data is transmitted securely
with Secure Real-time Transport Protocol (SRTP)! and Session Controller Transport
Protocol (SCTP)? ensuring a robust and safe platform for data transmission.

Thttps://datatracker.ietf.org/doc/html/rfc5764
2https://datatracker.ietf.org/doc/html/rfc6083
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Figure 4.2: Hololight Stream hardware requirements

Visual Studio version

Visual Studio components

Unity version

Unity components

Mixed Reality Toolkit version

Graphics card drivers

2022

Game development with Unity; Game development
with C++; Desktop development with C++

2021.3.x (minimum)

Windows Build Support IL2CPP

28.2,3.00

Latest NVIDIA GTX/RTX graphics card drivers

Figure 4.3: Hololight Stream development environment
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Network requirements

Network Wi-Fi 6
Network frequency 5 Ghz
Bandwidth min. 40 Mbit
Round Trip Time max. 50 ms

Figure 4.4: Hololight Stream network requirements

The Core Technology

Hololight Stream utilizes WebRTC (Web Real-Time Communication) for data trans-
mission. WebRTC is a technology enabling real-time peer-to-peer exchange of audio,
video, and data. This communication method relies on encoding, transmitting, and
decoding frames in real-time with the aid of software-based video codecs. Due to the
latency-sensitive nature of Hololight Stream, it was required to introduce hardware-
accelerated video codecs to WebRTC, allowing for faster encode and decode times.
Initially, only the H.264 was supported; however, the transition to the H.265 and AV1
codecs was approached to enhance performance and remain state-of-the-art.

H.264, also known as Advanced Video Coding (AVC), is a widely adopted video
compression standard that employs block-based motion compensation. It has become
the predominant format for recording, compressing, and distributing video, with its
usage extending to over 91% of video industry developers by 2019. H.264 remains a
versatile and reliable option for video content; however, with larger resolutions and the
requirement for increased image quality at lower bit rates, it is no longer suitable as
the only codec for Hololight Stream.

H.265, or High-Efficiency Video Coding (HEVC), was developed as a successor to
H.264, focusing on enhanced compression capabilities. This codec delivers 25% to
50% better data compression than its predecessor, allowing for the same video quality
at lower bit rates or significantly improved quality at equivalent bit rates. It also supports
higher resolutions, including 8K UHD, and introduces a Main 10 profile for an increased
color depth. While offering substantial bandwidth savings of up to 50%, H.265 requires
more processing power, making it more demanding on hardware such as CPUs and
GPUs.
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Figure 4.5: Hololight Stream results

4.2.2 Results

After integrating the Hololight Stream Software Development Kit into required appli-
cations and having the Hololight Stream client installed on the Microsoft HoloLens2,
one is able to successfully stream the entire application on the server. Refer to Fig-
ure 4.5. Real-time secure-streaming of the entire Augmented Reality application has
been achieved at its original complexity, size, and quality without down-sampling the
data. With Hololight Stream, user can run their Unity-built AR application on a powerful
workstation, local server, or cloud-based infrastructure.

In addition to enabling high-fidelity streaming, the integration introduces several per-
formance and user experience enhancements. Latency has been significantly reduced
through the implementation of predictive algorithms, which optimize data transmis-
sion and rendering synchronization. Image quality has been notably improved through
advanced encoding and decoding techniques, ensuring clearer and more stable visuals.
Furthermore, image stability has been enhanced using head pose prediction, reducing
jitter and maintaining alignment between virtual and real-world elements. A gaze track-
ing mechanism has also been incorporated, allowing for more intuitive user interaction
by aligning system responses with the users visual attention. These improvements
collectively contribute to a more immersive, responsive, and seamless AR experience.

The immersive experience requires very low latency in streaming, especially in in-
dustry settings. So, significant improvements have been made by developing predic-
tive learning algorithms, anticipating user movements/actions, and allowing the pre-
rendering of needed visuals to ensure an optimal user experience.

The image quality has been improved significantly by including a 10-bit color encod-
ing/decoding method.
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The devices usually ensure image stability when the application is native (locally
hosted on the device). However, with streaming, the device cannot have an impact
on image stability and this needed to be addressed. For Hololight Stream, the image
stability was improved through head pose prediction. Enabling the feature impacts the
server's CPU but ensures that the object remains at a stable location in all directions,
even when the user is moving around the object.

Hololight Stream sends the sensor data from the glasses related to eye movement
to the server, which can be used as an input method in addition to the pinch gesture.

4.3 Conclusions

The development of high-performance interactive streaming of 3D data through the
SUN project marks a significant step toward unlocking the full potential of spatial com-
puting. By leveraging Hololight's expertise in remote rendering, the project demon-
strates how XR streaming can overcome the limitations of mobile and lightweight
devices, enabling complex AR and VR applications without sacrificing performance or
security. Hololight Stream’s device-agnostic, server-based approach not only reduces
development effort but also ensures scalability, data protection, and ease of integration
for future XR solutions. This capability positions Hololight as a key enabler for next-
generation immersive technologies, accelerating global digitization and paving the way
for more powerful, flexible, and secure XR applications.

48



5. Open-Vocabulary Understanding of
Objects and Scenes

Fabio Carrara', Lorenzo Bianchi®, Nicola Messina®,
Claudio Gennaro®, and Fabrizio Falchi'

LInstitute of Information Science and Technologies, National Research Council (CNR-ISTI), Italy

Abstract. This chapter addresses the challenge of enabling Extended Reality
(XR) systems with a flexible, human-like understanding of their surroundings. We
present a suite of technologies for open-vocabulary understanding of objects and
scenes, moving beyond the limitations of traditional, fixed-category computer vi-
sion. The core of our contribution is twofold. The first tackles Open-Vocabulary
Detection (OVD) and Segmentation (OVS) to detect and segment objects based
on dynamic natural language or visual queries. The second tackles Semantic 3D
Scene Reconstruction that builds interactive, queryable 3D models by embedding
rich semantic features from vision-language models (CLIP, DINOv2) directly into
the scene geometry. The work presented provides a robust framework for devel-
oping adaptive, context-aware Augmented Reality (AR) solutions that can signifi-
cantly enhance human-machine collaboration in complex environments.

5.1 Introduction

The integration of Augmented Reality (AR) into industrial settings holds immense
promise for improving efficiency, safety, and training. However, to be truly effective,
AR systems must be able to perceive and understand the physical world with a high de-
gree of flexibility. Most conventional systems rely on computer vision models trained
to recognize a predefined, fixed set of objects, rendering them brittle and unable to
adapt to the dynamic and ever-changing nature of a factory floor or logistics hub.
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This chapter introduces a framework for Open-Vocabulary Understanding of Objects
and Scenes, designed to overcome these limitations. The goal is to equip AR appli-
cations with the ability to recognize and interact with a virtually unlimited range of
objects and concepts defined at runtime. We present two core technologies that form
the foundation of this framework:

Open-Vocabulary Detection and Segmentation (OVD/S) for flexible 2D object per-
ception (Section 5.2);

Semantic 3D Scene Reconstruction that creates rich, interactive 3D world models
imbued with semantic meaning (Section 5.3).

These technologies leverage the power of modern vision-language and self-
supervised models (including OWL-ViT, CLIP, and DINOv2) to interpret scenes based
on natural language descriptions or visual examples, providing a blueprint for the next
generation of context-aware industrial AR systems.

We base our framework on representations learned by visual and multimodal foun-
dation models; the idea of embedding and matching data in a common multimodal
space is key for our development in methods that can understand and query objects
and scenes in natural language in a training-free manner.

5.2 Open-Vocabulary Object Detection

To enable flexible perception, we investigated Open-Vocabulary Detection (OVD), capa-
ble of identifying objects in RGB images based on user-defined vocabularies provided
at inference time. This sidesteps the need for retraining for every new object class.

5.2.1 Fine-grained Open-Vocabulary Detection

Supporting fine-grained object descriptions in open-vocabulary detection is a main
goal to strive for domain generalization. We devised the FG-OVD (Fine-Grained Open-
Vocabulary Detection) benchmark [Bianchi et al. 2024b] to specifically probe the ability
of state-of-the-art open-vocabulary object detectors to understand fine-grained prop-
erties of objects and their parts. This benchmark addresses a critical limitation of
standard open-vocabulary evaluations, which often do not sufficiently test a model’s
capacity to discern subtle differences between objects, especially in the presence of
visually similar "hard-negative” classes. The evaluation protocol of FG-OVD is based on
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Figure 5.1: Benchmarking state-of-the-art open-vocabulary detectors when increasing the num-
ber of negative captions when discerning fine-grained details. We report the mAP varying the
number N of negative captions for the different probed detectors and for different categories
of attributes to be discerned.

Table 5.1: Performance of image-text matching models in Fine-grained (FG-OVD) and Coarse-
grained (COCO) settings. We analyze the performance of image-text matching models. CLIP
B/16 represents the standard image-text matching using frozen CLIP embeddings. The other
lines show the performance when adding a linear layer on top of the visual representation (rows
2-3), the textual representation (rows 4-5), or both (rows 6-7). The new layers are warmed
up on COCO (rows 2, 4, and 6) and subsequently fine-tuned on the fine-grained dataset FG-
OVD (rows 3,5, and 7). In the fine-tuned configuration (+FG-OVD rows), we denote the delta
between these results and those obtained during the warm-up in parentheses.

FG-OVD COCO Retrieval (T—)
Median Rank | Rel 1 Re@5 1 R@10 1
CLIP B/16 2.98 22.6 441 549
Linear (visual only) 3.53 35.4 64.2 75.3
+FG-OVD 1.54(-1.99) 34.3(-1.1) 629(-1.3) 74.1(-1.2)
Linear (text only) 3.48 36.0 64.3 75.6
+FG-OVD 1.57(-1.91) 34.7(-1.3) 63.2(-1.1) 74.6(-1.0)
Linear (both) 3.78 37.2 65.6 76.6
+FG-OVD 1.46(-2.32) 35.6(-1.6) 63.9(-1.7)  75.0(-1.6)
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dynamic vocabulary generation, where the difficulty increases with the number of neg-
ative captions in the vocabulary. The benchmark suite includes different configurations
that test various properties like color, pattern, and material.

Key findings, published in [Bianchi et al. 2024b], demonstrated that while existing
open-vocabulary models perform well in standard benchmarks, they often struggle to
accurately capture and distinguish finer object details when faced with a high number
of fine-grained negative captions. For instance, models correctly detect objects in the
absence of negative captions, but their mAP (mean Average Precision) significantly
decreases as the number of fine-grained negative captions increases across various
configurations (Figure 5.1). The Trivial benchmark, which lacks fine-grained differences
between positive and negative captions, showed less degradation, suggesting that the
primary challenge lies in correctly classifying object attributes rather than merely localiz-
ing objects from complex natural language descriptions. We confirmed this hypothesis
in [Bianchi et al. 2024a], where we showed that the performance using groundtruth ob-
ject locations (i.e., disregarding any errors that detectors may introduce in localization)
does not differ meaningfully. Moreover, we observed that fine-grained information
needed to discern attributes is present in CLIP, the main backbone of open-vocabulary
detectors. We confirmed this by training linear layers over frozen CLIP representations
and observing an increased separability of fine-grained attributes while maintaining
coarse-grained performance (Table 5.1). Using a weakly labeled training dataset that
follows the FG-OVD data preparation pipeline, we contributed new OVD models (Noc-
tOWL and NoctOWLv2 in Figure 5.1) with an improved trade-off between fine-grained
and coarse-grained detection capabilities [Bianchi et al. 2025].

5.2.2 OVD Component

In the SUN project, we built a component around the OWL-ViT model, incorporating
several key features to enhance its utility in industrial settings:

Hierarchical and Visual Vocabularies, as the system supports complex, nested
queries (e.g., find a “person’, then a “helmet”) and accepts visual vocabularies,
where classes are defined by representative images;

Optimized Real-Time Inference, as the models are quantized and accelerated with
NVIDIA's TensorRT, achieving the low latency required for interactive applications
like processing live video from AR headsets;

Flexible Integration, as a RESTful HTTP API ensure the component can be easily
deployed and connected to other systems.

52



CHAPTER 5. OPEN-VOCABULARY UNDERSTANDING OF OBJECTS AND SCENES

Figure 5.2: Sample predictions of the OVD component on egocentric pictures of the Pilot 2
location (partner FACTOR's shopfloor). Vocabulary: a person, (
), , a high visibility vest, a cart, a metal chest / container.

Figure 5.3: Application of the OVD component in the Pilot 2 industrial scenario. (Left) PPE
detection using a mixed textual-visual and hierarchical vocabulary. (Right) Container status
detection using visual vocabularies to classify material and waste containers.
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Figure 5.4: Talk2DINO Overview. We align the textual CLIP space to DINOv2’s one via a learned
mapping function, obtaining fine-grained visual embeddings that can be matched locally against
language to provide semantic segmentation. Image from [Barsellotti et al. 2025].

The OVD's capabilities were proven in industrial scenarios, during the SUN Pilot 2
validation (Chapter 21). For workers' safety, OVD processes live video to detect Personal
Protective Equipment (PPE) using hierarchical text prompts (Figure 5.2). For logistics,
visual vocabularies are used to monitor container status (Figure 5.3), distinguishing
between container types and their fill levels.

5.2.3 Open-Vocabulary Segmentation

We also investigated Open-Vocabulary Segmentation (OVS), which, in addition to OVD,
also provides pixel-level masks of objects of interest. Specifically, we contributed to un-
supervised OVS, in which we assume no mask-caption training data is available. We de-
veloped a new model for unsupervised OVS named Talk2DINO [Barsellotti et al. 2025]
by mapping two foundation models: CLIP [Radford et al. 2021] and DINOv2 [Oquab
et al. 2023]. We mapped frozen textual CLIP embeddings to the space of DINOv2
visual patches by learning a simple projection function, i.e,, a linear layer or a 2-layer
MLP (Figure 5.4). We demonstrated on several segmentation benchmarks (Table 5.2)
that simply matching dense DINOv2 features with these mapped CLIP textual features
provides good mask candidates, setting a new state of the art in unsupervised OVS.
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Table 5.2: Unsupervised Open-Vocabulary Segmentation. Performance (mean loU) against
several state-of-the-art models on multiple segmentation datasets.

Model Visual Backbone Frozen VOC Context Stuff Cityscapes ADE Avg
GroupViT [Xu et al. 2022] Custom ViT X 815 238 154 1.6 9.4 283
ReCo [Shin et al. 2022] CLIP X 624 247 163 22.8 124 277
TCL [Cha et al. 2023] CLIP X 832 339 224 240 171 3641
MaskCLIP [Zhou et al. 2022] CLIP X 749 264 164 12.6 9.8 28.0
SCLIP [Wang et al. 2024] CLIP X 835 361 239 341 17.8 391
NACLIP [Hajimiri et al. 2025] CLIP v 830 384 257 383 19.1 40.9
FreeDA [Barsellotti et al. 2024] CLIP+DINOv2 v 85.6 431 278 36.7 22.4 431
Talk2DINO DINOv2 v 870 435 303 40.8 23.5 45.0

5.3 Semantic 3D Scene Reconstruction

For a more holistic understanding of an environment, we developed a Semantic 3D
Scene Reconstruction component. It goes beyond creating simple geometric models
by generating detailed, interactive 3D scenes that can be queried semantically.

The process (Figure 5.5, Top) begins by fusing RGB-D video and camera poses into a
point cloud. The next step comprises semantic enrichment: RGB frames are segmented
using the Segment Anything Model (SAM), and feature vectors from CLIP and DINOv?2
are extracted for each segment. These features are then projected onto the 3D points,
creating a point cloud where each point carries rich semantic data (see Figure 5.6).

We further refined the query process with a multi-feature fusion mechanism. An
initial search with global CLIP features provides a coarse localization, which is then
sharpened using more discriminative DINOv2 features. This significantly reduces noise
and improves query accuracy (Figure 5.5, Bottom), allowing a user to accurately find an
object like a "picture frame” within the reconstructed scene using a simple text prompt.

As a parallel activity, we also explored a full 3D pipeline (not relying on 2D foundation
models, but only on 3D ones) to identify objects and extract their semantics. The
findings, published in [D'Orsi et al. 2025], show major limitations of the available 3D
foundation models and trace a path for future research in this direction.
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Figure 5.5: On the top, an overview of the semantic reconstruction pipeline. On the second
and third row, a qualitative comparison of query results (“couch” and “door”), showing improved
localization and reduced noise when using multi-feature fusion (Right) versus a single-feature
query (Left). The rightmost image in the last row show limitations (segmentation inaccuracies)

still to be tackled.
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Figure 5.6: Intermediate outputs of the Semantic 3D Reconstruction pipeline. (Left) Three
input data points (RGB and Depth) and the semantic encoding of recognized objects (as 3-
component PCA of the CLIP features associated with each pixel) for an indoor walk done with
a HoloLens 2 device. (Right) Two viewpoints of the coarse reconstructed 3D scene.

5.4 Conclusions

We have presented a framework for open-vocabulary understanding of objects and
scenes based on Open-Vocabulary Detection and Semantic 3D Scene Reconstruction,
providing the foundational perceptual capabilities for creating intelligent AR systems.

While this framework marks a significant step forward, certain limitations exist. Open-
vocabulary Detection and Segmentation on images can still improve their domain gen-
eralization to compete with fine-tuned solutions in specific domains. The Semantic 3D
Reconstruction component remains experimental and requires further improvements
for deployment in uncontrolled environments. Additionally, the system's performance
is ultimately dependent on the underlying capabilities and potential biases of the foun-
dation models it employs. Several novel and competitive technologies for 3D process-
ing and understanding need to be evaluated and compared to foster the development
of new, efficient, and effective representations for static and dynamic environments.
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Collaborating and Interacting

This part introduces technologies that enhance communication, perception,
and engagement within extended reality environments. Wearable haptic sys-
tems providing thermal, tactile, and Rinesthetic feedback enrich sensory im-
mersion and user awareness. Gaze-based interaction enables seamless, hands-
free collaboration, while task optimization tools integrate XR visualization and
intelligent prioritization to support efficient teamwork and decision-making.
Together, these technologies create a more effective and natural perception of
the XR environment and a more responsive and collaborative human interac-
tion.

60



6. Thermal Feedbackin Wearable
Haptics

Jonathan Muheim!, Mélina Lasfargues', Aline Brunner?,
Solaiman Shokur!, and Silvestro Micera'

1 Ecole Polytechnique Fédérale de Lausanne (EPFL), Switzerland

Abstract. Thermal sensations play a vital role in enriching our tactile experiences,
yet temperature feedback remains an underexplored modality in virtual reality (VR)
systems. This chapter presents the development and evaluation of a wearable
thermal feedback device designed to deliver precise warm and cold stimuli as part
of the SUN project. After reviewing state-of-the-art technologies for cutaneous
thermal stimulation, we describe the design rationale, technical implementation,
and evolution of our systemn—from early prototypes to a fully wearable solution
capable of operating up to two independently controlled thermodes. Leveraging
thermoelectric modules and passive heatsinks, the device ensures safe and accu-
rate temperature delivery across a 15—-42°C range. We then detail an experimental
study using the device to investigate thermal illusions, demonstrating that mod-
ulating temperature intensity between two stimulation points can shift the per-
ceived location of thermal sensations. Results show that warm stimuli tend to inte-
grate more readily into single-point sensations, while cold stimuli more effectively
support spatial differentiation. These findings highlight both the technical viability
and perceptual richness of temperature-based feedback, offering promising direc-
tions for multisensory VR experiences.
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6.1 Introduction

From grasping a cold soda can to holding someone's hand, thermal sensations are an
integral part of our daily lives. Every object we touch—whether cold, neutral, or warm—
contributes to our overall sensory experience through its thermal quality. These cues
enrich our tactile perception and give rise to complex somatosensory experiences.

Within the SUN project, we aim to develop an innovative wearable device capable
of delivering realistic temperature feedback. This chapter outlines current state-of-the-
art technologies in cutaneous thermal stimulation, introduces our developed system,
and demonstrates how it can be used to investigate nuanced thermal perceptions in
immersive environments.

While significant progress has been made in replicating touch, vibration, and force in
VR through various haptic interfaces, temperature feedback has received comparatively
less attention. Simulating heat is relatively straightforward using resistive elements;
however, reproducing cold sensations—especially lowering skin temperature below its
baseline—presents notable challenges.

From a neurophysiological perspective, thermal perception relies on distinct ther-
moreceptors that respond preferentially to either cooling or warming stimuli, typically
relative to a baseline skin temperature of 30—-34°C [Filingeri 2016]. This biological asym-
metry is mirrored in actuator technology. While generating warmth can be achieved
with basic components such as electrical resistors, eliciting both cold and warm sen-
sations requires more complex systems. Existing thermal devices generally follow one
of two approaches: (1) delivering controlled-contact fluids (e.g., mixing hot and cold
water or air), or (2) generating a direct heat flow through the skin surface, typically by
extracting heat to induce cooling.

The first type of device typically relies on the presence of two fluids (e.g., water or air)
at defined temperatures and a system to mix them in a controlled manner to reach the
desired stimulation temperature (e.g., [Cai et al. 2020]). The need for pumps or valves
and tanks to store the liquids is a real challenge in making lightweight portable devices.
On the other side, the second type of device relies on thermoelectric modules, which
act as heat pumps. When an electrical current passes through them, a heat flow is
generated between their two sides, resulting in the extraction of heat from one side and
its transfer to the other. More practically, this leads to one side cooling down while the
other heats up. Interestingly, when inverting the current, the direction of heat transfer
is also inverted. These devices can be very thin and lightweight, and are available in a
variety of dimensions, which explains their extended use for wearable feedback devices.
For the system to provide continuous cold sensations, the heat extracted from the skin
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must be efficiently dissipated from the hot side of the Peltier element. An effective
approach is based on the attachment of a heatsink to the thermoelectric module. It
might be noted that across the different topologies of heatsinks, passive heatsinks
seem to be the most appropriate one in this specific use case. Indeed, while active
heatsinks usually allow better heat dissipation, the additional power consumption and
the possible tactile cues generated by the use of a fan make their integration extremely
challenging.

The investigation of literature about thermal feedback devices highlights a variety
of devices to provide thermal stimulation of the skin that vary mainly in the size and
location of stimulation and the type of technology used. However, the strict constraints
on weight and size accompanying wearable feedback devices make an actuator based
on the thermoelectric effect (i.e., Peltier elements) the most suited candidate.

The thermal feedback devices found in the literature are designed to provide temper-
ature stimuli on specific locations of the body: on the forearm [Giinther et al. 2020],
the fingers [Lee et al. 2020], the foot sole [Gallo et al. 2014], or even the face [Peiris
et al. 2017]. This approach provides limited flexibility in the location where the stimuli
are applied to the body. We anticipate that, depending on the type of interaction
occurring in the virtual environment, one body area would be more suited to target
of thermal feedback than the others, and that this choice of location could change
depending on the scenario. Hence, designing a device that allows placement on dif-
ferent body parts would be beneficial to render a wider range of thermal interaction.
Additionally, individual differences in thermal sensitivity are likely to arise in the last
pilot involving patients with sensorimotor impairments.

The development of the initial series of prototypes provided valuable insights into
refining design specifications and identifying key challenges in building the thermal
feedback component. Using off-the-shelf electronic modules and a commercially avail-
able temperature controller, the first prototype—shown in Figure 6.1—was constructed.
This version integrated the control electronics, power supply, and an interface for a
custom wearable thermal display. It successfully delivered temperature stimuli within
the desired range (15-42°C) and was capable of replicating the thermal signatures of
materials such as copper, glass, and plastic [Iberite et al. 2023; Muheim et al. 2024].
It was additionally used to create an illusory contact with wet objects [Ploumitsakou et
al. 2024]. These tests validated the overall system architecture. However, prolonged
use of the prototype revealed limitations, particularly in response time. A delay of
several seconds between stimulation onset and temperature stabilization emphasized
the need for custom-designed control electronics. Such enhancements would not only
improve performance but also enable a more compact and integrated design by con-
solidating all components onto a single Printed-Circuit-Board PCB. This initial prototype
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Figure 6.1: The first fully thermal feedback prototype (Left) is composed of two boxes housing
the control electronics and the battery, and a thermal display (Top Right) providing the thermal
stimuli onto the skin of the wearer. It was successfully used to reproduce the thermal signature
of three materials (Bottom Right).

also demonstrated the feasibility of a fully portable system, setting the stage for future
miniaturization efforts.

Building on these foundations, the second iteration of the thermal feedback device
has undergone substantial advancements. It is fully wearable, featuring a compact
control unit capable of simultaneously operating up to two thermal displays (Figure 6.2).
Each display is independently regulated by a Proportional-Integrative-Derivative (PID)
controller, ensuring precise and safe thermal stimulation within the 15-42°C range.
The stimulation sites, each measuring 15 x 15 mm, are comfortably secured to the
forearm using elastic bands, allowing for stability during experimental use. Additionally,
an integrated battery powers the system for up to 10 hours, supporting extended,
untethered operation in realistic usage scenarios.

6.2 Investigation of Thermal Illusions

The control of two thermodes allows investigating the creation of thermal illusions.
The first thermode (TD1) is meant to be placed near the elbow, about 5 cm from the
wrist, while the second (TD2) is positioned 10 cm further along the arm, near the wrist
(Figure 6.3). The modulation of the temperature of individual actuators aims to elicit
more complex illusory percepts between the two thermodes.
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Figure 6.2: Prototype thermal display using thermoelectric modules and a passive heatsink

Figure 6.3: (i) The thermal feedback device, including the controller (orange box) and two
thermodes. (i) The Peltier element that modulates the skin temperature. (iii) A thermode
equipped with a heatsink for effective heat dissipation. (iv) The thermal actuators are secured
to the forearm using elastic bands.
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Figure 6.4: (Left) The different temperature combinations created for the experiment. The
temperature (in °C) corresponds to the absolute difference from the participants baseline skin
temperature. (Right) Temperature profile for combination 4:2.

The concept of thermal illusions draws inspiration from well-established tactile il-
lusions like the funneling illusion, which creates pseudo-tactile sensations by manip-
ulating multiple stimuli on the body. While previous research has focused on tactile
or combined thermo-tactile feedback, the effectiveness of thermal feedback alone in
generating similar perceptual effects remains underexplored. The funneling technique
adjusts the intensity and timing of stimuli to influence where the sensation is perceived,
often toward the strongest stimulus. Here, we investigated the conditions under which
such illusions could be elicited to provide more complex thermal sensations.

In this first experiment, the aim is to determine if varying thermal intensities be-
tween two thermodes can alter the perceived location of sensations. The hypothesis
suggests that adjusting the intensity of thermal stimulation from two points can shift
the perceived sensation to an intermediate area. Five combinations of thermal inten-
sities (0°C, 2°C, and 4°C, relative to the participant’s baseline skin temperature) were
tested, with each combination applied for 11 seconds, accompanied by auditory cues
to mark the temperature change (Figure 6.4).

Thermal sensitivity and the distribution of thermoreceptors vary across different
parts of the body, particularly between proximal and distal areas of the forearm. To
account for these differences, a calibration phase was included at the beginning of the
experiments to determine the temperature differential (AT) between two thermodes,
ensuring that participants perceived consistent temperatures at both the elbow and
wrist. A staircase method was used for this calibration.

In the first experiment, 20 healthy participants (10 women and 10 men) aged 20
to 27 participated. Baseline skin temperatures at the wrist and elbow were measured
using an infrared thermometer, and the thermodes were fixed to the non-dominant
forearm. To avoid bias from visual cues, a box obscured the participant’s forearm during
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Figure 6.5: (Left) Participants’ responses for the warm stimulations. The graph shows the
stacked count of all participants' reported sensations for each combination. (Right) Boxplot of
the normalized position felt by all participants for the different warm combinations.

the setup and experiment, with only the hand and elbow visible. A ruler was placed
on top of the box to mark the wrist as the O cm reference point.

A Graphical User Interface (GUI) was developed to allow participants to immedi-
ately record their sensations following thermal stimulus exposure. Participants were
instructed to use their right index finger to indicate, on the box, the perceived loca-
tion of the temperature sensation, Additionally, participants reported the intensity and
distribution of the sensation through the GUI, using forced-choice labels: 1 point, 1
diffused point, 2 points, or 2 diffused points.

6.2.1 Results

For warm stimulations, across all conditions, 82% of participants reported a single
or diffused point of sensation, with 78% reporting a single-point perception when
both thermodes were stimulated (Figure 6.5). Even in the most complex scenario (4:4
intensity), 68% reported one point or diffused sensation. To further analyze the illusion’s
effectiveness, participants perceived positions of the sensations were mapped and
normalized between the wrist and elbow. While a linear progression of sensations was
observed, the study did not achieve clear differentiation across five distinct positions.
Statistical tests (Wilcoxon Signed-Rank) revealed no significant differences between
some combinations, indicating that while the intensity variations successfully induced
intermediate sensations, the study could not generate five distinct perceptual points
between the thermodes.
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Figure 6.6: (Left) Participants’ responses for the cold stimulations. The graph shows the
stacked count of all participants’ reported sensations for each combination. (Right) Boxplot of
the normalized position felt by all participants for the different cold combinations.

As for the cold stimulations, across all conditions, 80% of sensations were reported
as a single point or a diffused single point, consistent with expectations for conditions
where only one thermode was stimulated (Figure 6.6). However, for combinations in-
volving both thermodes, 68% reported a single point sensation, which is lower than
the 78% observed in the warm modality. In particular, for combination 4:4 (both ther-
modes at -4°C), only 57% of participants reported a single or diffused single point.
These results suggest that achieving an integrated single sensation is more challenging
with cold stimulation than with warm. When comparing the positions of the perceived
sensations, the data showed a good linear progression from wrist to elbow, indicating
a clear distinction between different positions. Statistical analysis (Wilcoxon Signed-
Rank tests) confirmed significant differences between the temperature combinations,
successfully eliciting five distinct positions between the two thermodes. This demon-
strates that varying the intensity of cold stimulation effectively induced intermediate
sensations, albeit with lower integration success than in the warm modality.

6.3 Conclusions

In this chapter, we presented the design, development, and evaluation of a novel
wearable thermal feedback system tailored for virtual reality applications. Through a
combination of thermoelectric actuation, passive heat dissipation, and custom control
electronics, our device delivers realistic warm and cold stimuli in a compact and portable
form factor. The iterative prototyping process allowed us to refine both the hardware
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and control strategies, resulting in a system that is not only wearable and energy-
efficient but also capable of supporting complex perceptual experiments.

Our experimental investigation into thermal illusions demonstrated that varying the
intensity of temperature stimuli between two spatially separated thermodes can mod-
ulate the perceived location of the sensation. While warm stimuli favored perceptual
integration, cold stimuli provided clearer spatial differentiation—underscoring the poten-
tial of thermal feedback to create nuanced and dynamic somatosensory experiences
in virtual environments.

Looking forward, this system offers a versatile platform for further exploration of
temperature perception, including its integration with other modalities such as touch
and force feedback. Its adaptability to different body locations and user sensitivities also
makes it a promising tool for inclusive VR applications, particularly in rehabilitation and
assistive technologies. In particular, regarding these scenarios, the presented technology
has been implemented and validated in the Case Study "Extended Reality for People
with Serious Mobility and Verbal Communication Diseases” (Chapter 22).
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Abstract. Wearable haptic devices are essential for enhancing user immersion
in virtual and augmented reality by delivering tactile cues that replicate or aug-
ment sensations experienced during physical interaction. These interfaces are
commonly explored in Extended Reality systems to improve the realism of multi-
sensory feedback. Theirimportance increases in applications involving fine motor
skills, such as teleoperation, clinical simulation and training, and motor rehabilita-
tion through serious games. A key challenge in designing such devices lies in pro-
viding rich tactile feedback without compromising user dexterity. This is due to the
complexity of physical interactions, which involve a wide range of tactile cues and
varying force dynamics, particularly during tasks like object manipulation. We pro-
pose two complementary wearable haptic solutions targeting the key sensations
involved in object grasping: fine tactile perception of dynamic contact transients
at the fingerpads, and kinesthetic force feedback during finger closure. For the
former, we developed a lightweight, highly wearable haptic thimble that uses a
flexible band actuated by direct-drive miniature DC motors, offering high dynamic
response and low noise. For the latter, we present a soft actuated glove using com-
pact nitinol tendon actuators to provide kinesthetic feedback at the level of finger
movements.
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7.1 Introduction

Hands and fingerpads are among the most sensitive areas of the human body and have
been a major target for haptic interface design. The literature presents numerous solu-
tions for fingertip devices capable of rendering vibration, contact force, surface texture,
or directional feedback cues [Pacchierotti et al. 2017]. Achieving realistic interaction
between a virtual object and the fingertip remains a technical challenge [Caldwell et al.
1997], primarily due to trade-offs among force fidelity, wearability, and compactness
[Frisoli and Leonardis 2024].

Regarding force feedback gloves, the most commonly used solutions in the literature
rely on electromagnetic DC (direct current) motors [Gu et al. 2016; Adilkhanov et al.
2022], which, however, result in relatively heavy, limiting the users natural dexterity.
Other solutions found also in commercially available force-feedback gloves (e.g., HaptX
G1 and SenseGlove Nova 2) are based on passive brakes and tendons that typically
constrain motion by opposing finger flexion when a virtual contact has to be rendered.

More experimental and advanced solutions are based on nitinol actuators, a nickel-
titanium alloy that exhibits shape memory and superelastic properties. Nitinol compo-
nents exert strong Newtonian forces at low weight and inertia, and has been succes-
fully experimented as actuators in robotics [Engeberg et al. 2015] and manipulation
[Zuo et al. 2024] scenarios. Nitinol-based haptic systems have been proposed: a 3
degrees-of-freedom (DOFs) wrist device uses nitinol actuators for force feedback in
rehabilitation, yet it requires mineral oil cooling [Jeong et al. 2019]. Another produces
finger skin pressure via ring elements for a single finger [Chernyshov et al. 2018], and in
[Bourdot et al. 2018] a single-finger design emphasizes fast activation, although it has
limits in scalability. While the thin and compact form factor shows high potential for
wearable devices, challenges include complex shape training and the need for thermal
management and regulation.

Regarding tactile feedback at fingerpads, different designs can be adopted, usually
in the shape of thimble devices allowing more natural finger motion, and delivering
skin-based cues without net kinesthetic force. Devices such as BeBop or Manus gloves
offer lightweight vibrotactile feedback, although they are limited in rendering complex
tactile dynamics.

To expand the range of sensations, several research prototypes have incorporated
multiple DOFs, enabling directional skin stretch or contact reorientation through actively
controlled platforms at the fingertip [Schorr et al. 2013; Gabardi et al. 2016]. While such
devices enhance realism, they often suffer from increased bulk and limited wearability.
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Multisensory commercial thimbles (e.g. Weart TouchDive, GoTouchVR) attempt to
balance complexity and usability by combining contact, thermal, and vibration cues.
Nonetheless, limitations remain in size, robustness, and long-term comfort. These
challenges are particularly significant in rehabilitation, where patient dexterity may be
impaired, and ease of use is paramount [Gutiérrez et al. 2021; Bortone et al. 2020].
Another relevant aspect is that the recent advent of embedded hand-tracking systems
in Virtual reality (VR) headsets (e.g., Microsoft HoloLens, Meta Oculus) allows natural
manipulation without external markers, fostering robust and rapid usability of these
systems. For this reason, newer haptic designs have to prioritize minimal changes to
the hand shape in order to support compatibility with vision-based tracking systems.

7.2 Methodology

Two complementary devices have been developed to cover the main haptic perception
during object grasping and manipulation. The first is a lightweight and compact thimble,
with design aimed at enhancing the quality and linearity of the feedback, rather than
on the absolute intensity of the forces. Within project SUN, such technology was
developed in particular to provide tactile feedback in virtual manipulation exercises for
rehabilitation (Case Study "Extended Reality for Rehabilitation” described in Chapter 20).
The second device is a haptic glove designed to deliver kinesthetic force feedback at the
level of finger movement. It implements nitinol tendons, leveraging the compactness
and flexibility of such an actuation solution.

7.2.1 Direct-drive Haptic Thimble

The component is designed as a soft, thimble-shaped unit, one for each finger of the
hand, with built-in miniaturized actuators (Figure 7.1). Actuators are two twin rotary
electromagnetic motors, operating at low voltage to be compliant with battery opera-
tion as a wearable device. The output shaft of each motor is connected to a flexible
band that wraps around the fingertip; the section view depicting such a mechanism is
shown in Figure 7.1b. The combined drive of the two motors in opposite directions of
rotation causes the soft band to squeeze the finger. Then, the pressure of the band
can be modulated by the intensity of the current flowing through the motor coils. SLA
3D printing with soft resin was used to manufacture the thimble. The high level of
detail of the printing method allowed for a more structured shape of the thimble: the
flexible side lobes serve to adapt the size to different finger diameters. In addition, the
cavities and passages in the structure aim to improve fit (the flexible band retains its
shape when the thimble is empty) and drive efficiency, keeping the flexible band free
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Figure 7.1: (a) The developed Actuated Band Thimble with soft actuated band. (b) section
view of the soft band and direct-drive mechanism, (c) The implemented Actuated Band Thimble
covering five fingers.

to slide within the thimble structure. Different sizes of thimbles have been produced
with a connector that simplifies the change of thimbles for different users. Figure 7.1c
shows the prototyping of the component in five thimbles. The electronics are compact
and can be worn at the level of the forearm.

7.2.2 Wireless Haptic Glove using Nitinol as a Force Feedback Actuator

The developed device consists of a lightweight five-finger tactile glove that uses nitinol
actuators for force feedback through fingerprints (Figure 7.2). The glove mimics the
musculoskeletal architecture through thermally activated nitinol springs mounted on
the forearm. The main contributions are:

A nitinol-actuated glove that provides force feedback to the five fingers via the fin-
gertips, integrated with a head-mounted augmented reality (AR) display (HMD);

A 3D-printed porous thermoplastic elastomer (TPE) bellows that provides cooling,
flexibility, and electrical insulation;

Wireless, battery-powered, allowing for mobile and immersive use;

A psychophysical evaluation using grasping and piano tasks with real-time tem-
perature monitoring;

A 280-gram glove that improves usability compared to heavier motor-based
models.
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Figure 7.2: (a) 3D view of the haptic glove. The 3D printed parts are printed using solid PLA+
and flexible TPE filaments. (b) Prototype of the haptic glove making use of the nitinol-based
actuator.

A lightweight haptic glove was developed using nitinol springs to deliver force feed-
back by contracting between static and moving finger platforms without impeding
motion. A Raspberry Pi Zero W 2 controls heating, powered by a dual L9110S motor
driver (800mA/channel). Two Murata US18650VTCé batteries in series provide 7.4 V
and up to 6 A. A custom PCB routes high current using 3mm-wide traces and includes
a 5 V converter for the Pi. Cooling is supported by a 5V, 0.2 A fan and porous
3D-printed bellows.

Cooling and Heating Methodology Passive cooling delayed reset times, taking up to
10 s for nitinol to return to its martensitic state. Reducing wire diameter, improves
response. The 0.1 mm wire would break with minimal finger force. A 0.25 mm, 55°C
wire retained shape and provided durable 3N feedback in a 1-second activation time.
A 5V fan reduced the cooling time to 2 seconds. Single/dual channel current outputs
were 0.8 A and 1.23 A, respectively. For tests, a single channel was used. 0.75 mm, 0.5
mm, and 0.25 mm wires retracted in 11s, 4s, and 1 s, respectively; 0.1 mm retracted in
0.1 s; however, it would break with minimum finger force. For that purpose, the next
wire candidate was used, which is the 0.25 mm wire at 55°C. With a fan, the 0.25 mm
cooled in 2 s, which was optimal in strength and cooling rate. Joule heating follows
H = I’Rt where R = 2L and A = 7(d/2)? [Wilson and Hernandez-Hall 2014], so
heat increases with length and decreases with d.
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Training Nitinol Training nitinol required heating to 600 °C for 3 min using a 50
Hz 1800 W RS 18000D heat gun, with the wire wrapped on a 4 mm screw with 1.5
mm pitch. A fire brick served as the base for securing the screws during heating, and
a Uni-T721M smartphone thermal camera confirmed a surface temperature of 320 °C
When the surface temperature was reached in approximately 3 minutes, water was
used to instantly cool down the material. Trained springs retained their form without
brittleness. Finger actuators measured 10—11 cm, with 6—10 coils (thumb: 6, middle:
10). Coil spacing was 1.1 mm (thumb: 1.6 mm), with 4 mm diameters. Stiffness is given
by k = 8]%% [Nazir et al. 2020Q], so more coils allow longer stroke. TPE bellows were
3D-printed to isolate each spring to prevent short circuits and shape reprogramming.

Software Setup HoloLens 2's hand tracking was used. Early prototypes placed nitinol
components on the glove but occluded hand tracking. Moving them to the forearm
resolved this. Interactive 3D scenes were developed in Unity 3D via Microsoft MRTK 3
to evaluate force feedback perception via psychophysics. The system uses bidirectional
UDP communication between the Pi and HoloLens 2. Scenes requiring force feedback
were presented: one where users grasped and released a virtual milk carton, and
another where they played piano.

7.3 Direct-drive Haptic Thimble Experiments

The effectiveness of the haptic thimbles was evaluated through a fine manipulation
virtual task based on a pick-and-place exercise with full physical simulation, requiring
higher precision than facilitated paradigms and allowing more realistic force interactions
to be conveyed to the user. In the setup (Figure 7.3a), participants wore the haptic
device and interacted with a virtual cube (50 mm edge) to be moved onto a platform
200 mm away from the starting position (Figure 7.3b). Hand tracking was performed
using LeapMotion, with contact limited to thumb and index fingers. Interaction forces
were computed via virtual spring coupling and sent to the haptic devices at 100 Hz via
Wi-Fi.

Four participants (2 males, 2 females, aged 24-39) completed 15 trials under two
conditions: HV- haptic + visual feedback and V- visual feedback only. Each trial could
result in: Correct - cube correctly placed; Fallen - cube missed the platform; Broken
cube - the indentation of the virtual fingers (pinch distance controlled by the user) was
higher than a given threshold (5 mm) for more than 1s.
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(b)

Figure 7.3: (a) Experimental setup, and (b) screenshot of the virtual pick and place task
implementing physical simulation and modulated tactile feedback related to exerted finger
forces

7.3.1 Results and Discussions

As regards the experimental evaluation of the Direct-drive Haptic Thimble, results are
reported in Figure 7.4a. It emerges that the correct ratio of the task was higher in the
presence of the haptic feedback, with respect to the visual-only condition. Moreover, it
is interesting to note how the distribution of the incorrect repetitions (between broken
or fallen cubes) changes in the presence of the haptic feedback. Without feedback,
participants tended to exceed with the virtual pinching forces, probably aiming at a
more secure grasping. This led to a higher number of broken cubes with respect to
the fallen ones. With Haptic feedback enabled, both the limits imposed by the setup
(pinch forces not too loose or not too high) led to more balanced results. The above
results are confirmed by the measurements of the virtual interaction forces. These are
significantly reduced in the presence of the haptic feedback (paired T-Test, Force Mean
HV = 52 mm, V = 71 mm, p<0.05). It suggests that the participants were provided a
coherent information by the haptic feedback, mainly related to the contact threshold
and to the modulation of the grasping force (Figure 7.4b). It is also worth noting that
this trend aligns with a more natural execution of the grasping task. Studies have shown
that, during natural grasping, the applied forces are maintained just above the minimum
level of static friction needed to prevent slippage [Cole and Abbs 1988]. However, in
situations where sensory feedback is limited, such as in virtual environments, the safety
margin increases, resulting in higher forces being applied to securely grasp and lift the
object. In addition, the presence of the additional information provided by haptic
feedback resulted in a more repeatable grasping action performed by the participants,
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Figure 7.4: Results of the pick-and-place task: (a) Correct rate measured in the pick-and-place
tasks. (b) The mean values of the virtual grasping force. With the haptic feedback enabled (HV)
interaction forces are reduced.

with a significantly reduced variation of the virtual grasping force measured between
repetitions (paired T-Test, Force Var HV = 3.1 mm, V = 4.7 mm, p<0.01).

7.4 Nitinol-Based Haptic Glove Experiments

The nitinol-based haptic glove was evaluated using psychophysics, which studies the
relationship between stimulus intensity and human perception. A key metric is the Just
Noticeable Difference (JND), the smallest detectable change in stimulus. Since human
perception is variable, IND is defined statistically. We employed the method of con-
stant stimuli, presenting randomized currents of varying intensity to users. Detection
probability was plotted against stimulus intensity to fit a psychometric (Gaussian) curve.
The IND was defined as the difference in current between 50% and 75% detection
thresholds.

7.4.1 Hardware Setup and Electronic Design

Experiment 1: Grab and Release Setup: 7 right-handed participants (6 male, 1 female;
mean age 28) wore a HoloLens 2 and the haptic glove. After calibrating the cloth wires
to fit each hand, users grabbed a digital milk carton and placed it on a virtual shelf
(Figure 7.5a). For each trial, they indicated whether they felt force feedback. Stimuli
ranged from 40 mA to 400 mA in 40 mA steps (11 levels), presented in random order,
repeated 7 times per participant. Zero current trials were excluded. A singular threshold
was computed for each user using their psychometric function (Figure 7.5b).
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Figure 7.5: Overview of our experimental setup and results.
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Experiment 2: Piano Playing Setup: 7 participants (3 male, 4 female; mean age
30) used the glove to play virtual piano keys (Figure 7.5c). Currents (40-400 mA)
were applied to individual fingers in random order, repeated 7 times. Each finger was
calibrated beforehand. When HoloLens 2’s ring and pinky finger showed poor tracking,
other actuators were disabled to isolate feedback.

7.4.2 Results and Discussions

Experiment 1: Grab and Release Results: The mean [ND was 20.80 mA (SD = 10.72
mA). Each participant completed 77 trials (539 total). Currents below this threshold
were not reliably perceived when all actuators were active.

Experiment 2: Piano Playing Results: The average JND values were 50.48 mA (SD =
48.05) for the thumb, 83.92 mA (SD = 30.01) for the index, 58.71 mA (SD = 64.78)
for the middle, 43.89 mA (SD = 25.40) for the ring and 52.03 mA (SD = 21.70) for
the pinky. The pinky was most sensitive (lowest JND), and the middle finger the least.
Users reported varying force intensities with current changes, indicating a capacity for
dynamic force feedback perception (Figure 7.5d).

Compared to existing haptic solutions in the literature, such as Springlets [Hamdan
et al. 2019], which suffers from slow activation and cooldown cycles, or more complex
powering and cooling methods [Jeong et al. 2019], the developed glove offers a lighter,
safer, and faster alternative. The proposed device is fully wireless, battery-powered,
and actively cooled via a compact air-based system, providing 3N of force feedback
per finger in a 280g form factor. The implemented flexible 3D-printed bellows protect
components and the user’s skin. Regarding usability, participants appreciated the glove's
low weight and visible actuation but noted tracking issues on the pinky and ring fingers
due to HoloLens's limits. Psychophysical tests confirmed perception of both full-hand
and individual finger feedback. Though designed for low-dynamics feedback, users
reported variable force sensations, suggesting dynamic potential with added thermal
and force-resistive sensors. Future improvements include dorsal actuator placement
for improved motion control and Peltier modules or PEG-based water solution offering
significantly faster cooling.
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7.5 Conclusions

Haptic feedback is a complex sensory channel as regards the variety of physical in-
teractions occurring at our hands and generating different and informative sensations.
Here we presented two complementary wearable haptic devices addressing two main
aspects of tactile feedback in manipulation: the perception and modulation of the
grasping force, addressed by an actuated glove and providing force-feedback at the
level of the whole kinematic chain of the fingers, and the perception of fine con-
tact transients occurring at the fingerpads, addressed by compact and wide-bandwidth
haptic thimbles. Both devices implement specific design solutions aimed at increasing
wearability, such as the nitinol actuators for the glove, and the direct-drive, flexible
band for the thimble. It results in a trade-off between rendering capabilities, such as
intensity, bandwidth, number of degrees of freedom, and compactness and usability,
which remains the main challenge in the field. Nonetheless, experiments with the two
novel devices proved the effectiveness of the rendered feedback given the compact
and lightweight shape of the device. The glove enabled AR interaction with kinesthetic
feedback in sample AR scenarios, and has potential for further use in Extended Reality
(XR) rehabilitation and soft robotics. The proposed haptic thimble as well shown signif-
icant improvements in performance metrics measured in a virtual fine pick and place
task, suggesting the feedback was providing additional, meaningful contact informa-
tion to the participant without degrading dexterity. Within the project SUN, the haptic
thimble has been implemented and validated in the Case Study "Extended Reality for
Rehabilitation” (Chapter 20).
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Abstract. While the conventional role of a haptic device is to simulate the sense
of touch perceived during physical interaction, the tactile sensory pathways can be
used as well to convey high-level information related, for example, to situational
awareness, body posture, or navigation. We present here two armband haptic de-
vices based on complementary rendering approaches, and designed to convey di-
rectional and symbolic information to the user, particularly for Extended Reality
(XR) and rehabilitation motor tasks. The wrist-worn armband integrates four micro
servomotors and flexible bands to provide shallow torques at the ulnar-radial and
flexion-extension wrist movements. Experiments conducted in a Virtual Reality
(VR) scenario with healthy participants showed that haptic feedback significantly
enhanced movement accuracy and reduced variability compared to no-feedback
conditions, with performance comparable to visual guidance. The second device
is based on two direct-drive motors and a flexible band wrapped around the fore-
arm, capable of delivering low-noise, continuous to fast dynamic haptic stimuli.
Tests in a VR rehabilitation exercise with healthy subjects during a grasp-and-pour
task confirmed that tactile feedback, particularly the combined mode, improved
accuracy and reduced inter-subject variability. Overall, both devices demonstrate
the effectiveness of distributed tactile guidance in immersive VR environments.
These results highlight the potential of wearable haptics to support motor control
and improve rehabilitation outcomes, offering a compelling tool for enhancing user
engagement and interaction in VR-based therapeutic applications.
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8.1 Introduction

Distributed wearable haptics aim at delivering global, high-level cues such as motion
direction, symbolic feedback, or guidance, by combining stimuli delivered at different
locations of the body. These devices preserve hand mobility and are particularly suitable
for VR-based training and rehabilitation, where they can provide postural feedback to
the user. In project SUN, such technologies have been validated in the Case Studies
"Extended Reality for Rehabilitation” (Chapter 20) and "Extended Reality for People
with Serious Mobility and Verbal Communication Diseases (Chapter 22).

Recent developments have explored the use of wearable haptic devices not only
for navigation and interaction in virtual environments, but also for motor guidance in
rehabilitation contexts [Eguchi et al. 2023; Scheggi et al. 2014; Bortone et al. 2020].
These systems provide tactile signals to promote correct movement execution, com-
pensating for the absence of direct supervision by the therapist in home settings [Chen
et al. 2019; Levin et al. 2015]. In particular, in immersive virtual reality, where the vi-
sual channel is already heavily stimulated, tactile feedback represents an intuitive and
underutilised alternative for movement guidance [Frisoli and Leonardis 2024; Vitense
et al. 2003].

Thus, a central objective in the development of next-generation wearable haptics
is to optimize the trade-off between the richness of haptic feedback and minimal
encumbrance and mass, preserving both dexterity and comfort of the user. To convey
perceivable, localized tactile stimuli, wearable devices rely on skin-stretch mechanisms,
such as motor-driven belts [Casini et al. 2015; Aggravi et al. 2018; Meli et al. 2018], or
mechanical linkages with multi-bar systems [Moriyama et al. 2018] or rotating tactors
[Chinello et al. 2017] to convey directional information. More innovative designs include
mobile units like Movelet, a wheeled bracelet producing local skin stretch [Dobbelstein
et al. 2018], or piezo-driven rotational tactors for compact feedback [Bark et al. 2010].
Handheld haptic tools can also transmit cues via direct forces on the hand or wrist
[Spiers and Dollar 2016; Koslover et al. 2011; Provancher 2014].

8.2 Methodology and Results

We propose here two novel devices, a wristband and an armband device, implementing
actuated belts with two different rendering approaches, with the aim of providing
directional cues by combining distributed actuation points at the forearm.
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(@) (b)

Figure 8.1: (a) Configuration of four devices to provide directional hints to the wrist in two
directions. One pair of haptic modules is used to provide directional signals related to the ulnar-
radial deviation of the wrist, while another pair provides signals related to flexion-extension. (b)
Single actuator module.

8.2.1 Haptic Wristband Device for Shallow Torque Rendering

The first component is a wearable electromechanical device designed for generating
tactile sensations at the wrist through the shallow torques approach, with the aim of
providing directional and intensity-based tactile information. It is intended for motor
rehabilitation in virtual environments, typically in rehabilitative serious games, where
the feedback can be directly related to the proposed motor exercise.

The developed device consists of an elastic glove to which four haptic modules are
fixed to provide rotational feedback at the wrist. Each haptic module comprises a
micro servomotor with a pulley around which a non-elastic band is wrapped, and a
flexible plate that secures the haptic module to the glove. To facilitate the wearing and
removal of the glove on the hands of different sizes, a sliding mechanism has been
designed to facilitate the insertion and removal of the motor from its housing. The
control electronics and power supply battery are secured to the arm with an elastic
strap. The inertial measurement unit (IMU) sensor is positioned on the palm of the
hand to measure the wrist's orientation in real time (Figure 8.1).

The system is designed to optimize wearability, weight, and balancing by distributing
the bulk and mass of the components around the wrist, and by relocating the battery
and wireless control electronics to the arm.

The flexible plate and buckles are made using 3D printing with Filaflex TPU 82A
polymer material, while the pulley and the sliding mechanism are 3D printed in Onyx.
The non-elastic bands pass through two buckles anchored to the glove; once the motor
is activated, the pulley rotates, putting tension on the band. This allows the system of
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four actuators to apply shallow torque to the anatomical wrist articulation, providing
clear rotational hints. The four actuators are miniature commercial RC servo controls
made of plastic and metal (Model MG92B distributed by Adafruit Industries Inc.). Each
servo features a DC electromagnetic rotary motor, a gear reduction, a potentiometer for
measuring the angular position of the output shaft, and an integrated control electronics
board.

Experimental Results of the Wristband Haptic Device

To evaluate the effectiveness of the method, an experiment was conducted in a virtual
reality scenario (Figure 8.2). The experiment took place on 10 healthy volunteers (two
women and eight men), aged between 28 and 38 years. Each subject was asked to sit
in front of a desk and a computer screen, which was used to provide visual signals and
display the virtual environment. Subsequently, the subject had to wear the previously
described haptic system, the control electronics on their arm, and the IMU sensor on
the palm of their hand.

The experiment consisted of trials during which the subject had to guide an airplane
within a virtual scenario, moving their wrist to try to reach five specific targets in space.
At each sample time, the subject received directional feedback on their wrist, given
by the angular difference between the pointing vector of the airplane and the vector
linking the center of the airplane with the target. In this way, the subject continuously
received cues on the direction of rotation and the amplitude associated with the two
degrees of freedom (DOFs) considered (ulnar-radial deviation and flexion-extension).
Three experimental conditions were proposed: only haptic feedback (HH condition),
without visual/haptic feedback (NH condition), and only visual feedback (VH condition,
with visual arrows on the screen).

Data acquired during the experimental session were processed to extract relevant fea-
tures. In particular, the effectiveness of directional feedback received by the subject was

Figure 8.2: The developed virtual reality scenario
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Figure 8.3: Performance metrics graphs across the three experimental conditions

evaluated by comparing wrist angular differences in the haptic-only versus visual-only
condition and haptic-only versus without visual-haptic condition. Only wrist angular
differences on the 2 DOFs associated with ulno-radial deviation DOF and flexion-
extension DOF were considered. In addition, extracted features consist of: mean and
standard deviation of the angular difference on each of the 2-DOF considered, the
time required to reach the virtual targets during each trial, and variability of the wrist
rotation during each target-reaching task.

The results obtained from the three different conditions tested indicate that, under
the HH condition, there are significant improvements compared to the NH condition
in terms of time duration, standard deviation of wrist rotation, and variability of wrist
rotation. Additionally, the results under the HH condition are comparable to those
obtained under the VH condition. This suggests that the haptic device has the potential
to guide wrist movements with an effectiveness comparable to the visual feedback
provided in the VH condition (Figure 8.3).

8.2.2 Haptic Armband for Directional Feedback

The developed armband haptic device is designed to generate tactile sensations at the
arm or forearm segment (Figure 8.4a) by actuating a flexible belt around the limb. This
haptic device features a bracelet structure that houses actuators positioned around the
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Experimental setup and haptic feedback

Continuous and Vibrotactile Haptic Feedback
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Figure 8.4: (a) Armband based on vibrotactile feedback. (b) Operation of the wearable haptic
device, which provides squeezing and lateral stretching stimuli.

user's forearm. The actuators consist of rotary electromagnetic motors fixed to the
structure of the bracelet, which is secured to the user’s forearm using velcro straps.
Compared to similar designs presented in literature [Casini et al. 2015], the presented
approach features direct-drive motors in place of gearmotors, enabling dynamic haptic
stimuli, including vibrations.

The movable part of each actuator is connected to the users arm through a flexible
element, which is pulled by the actuator itself to transmit tactile stimuli, such as tran-
sients and vibrations. The combined activation of multiple actuators also aims to send
stimulation patterns able to convey various types of information to the user, such as
directions or different symbolic information.

The system utilizes a flexible structure made of elastic bands and rigid elements that
support actuators and control electronics. The rigid elements are produced using 3D
printing with nylon filament (Onyx material produced by Markforged). The actuators
are commercial DC electric motors operating in the very low voltage range (3.7 V DC),
manufactured by Maxon Motors Group (Model DCX22S, nominal torque 14.4 mNm).

Experimental Results - Armband Device

We evaluated the effects of haptic guidance in a pick-and-place exercise with prono-
supination in a group of ten healthy subjects. The exercise was conducted in VR
within a serious game designed for rehabilitation. An analysis was conducted in which
objective metrics of performance were measured, assessing the ability of feedback
to effectively guide posture. This evaluation was conducted across five conditions,
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Figure 8.5: (a) The experimental setup includes monitoring of upper limb kinematics and
muscle activation via sEMG, as well as visual tracking via a 3D head-mounted display. (b) The
transient signals mediated by the initial grasping phase show how the hand adapts to the
different feedback provided to achieve the target pose. (c) The pronation-supination signals
at the beginning of the pouring phase highlight the guiding effect of feedback. (e) Aggregate
results related to grip modulation and pronation-supination.

investigating guidance on two motor actions (grasping and prono-supination) and in two
different feedback modalities, continuous (C) and combined continuous plus vibrotactile
feedback (V). The five conditions were: grasping continuous (GC), grasping continuous +
vibrotactile feedback (GV), no haptic feedback (NH), rolling continuous (RC), and rolling
continuous + vibrotactile feedback (RV) (Figure 8.5).

With the experimental setup depicted in Figure 8.5a and throughout each exercise
phase, we monitored two key metrics: the hand grasping ratio, normalized from O (fully
open) to 1 (fully closed), and the hand prono-supination angle (positive angles toward
pronation). The sequences of activities in virtual reality are: (1) grasp the ingredient, (2)
move over the cauldron, (3) rotate to pour, (4) return to the starting position, (5) pause
for 5 seconds. Transients depicted in Figure 8.5b and Figure 8.5c clearly show the
reaction of the subject to the onset of the feedback at the beginning of the grasping
phase (phase 1 to phase 2) and of the prono-supination phase (phase 2 to phase 3). In
all the feedback conditions, after an initial overshoot, subjects adjusted the hand pose
closer to the reference. The continuous vibrotactile feedback appears the most effective
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as regards precision, with the pose error reduced below 10% in 2.5 s and 1.2 s for
the grasping and prono-supination modulation, respectively. Notably, the high within-
subject variability observed under the NH condition (green area in Figure 8.5b and
c) further underscores the importance of haptic motor guidance in achieving optimal
performance. Results aggregated for each phase and condition, depicted in Figure 8.5e
confirm the transient results. Starting from phase 2 and throughout phase 3 and phase
4, participants modulated the grasping pose effectively in particular with the V feedback,
achieving hand poses that were closer to the desired reference and with noticeably
smaller variance between subjects; the V feedback resulted significantly closer to the
reference in phase 3 (phase 2 - GV (0.66 + 0.08), GC (0.66 + 0.10), NF ( 0.69 + 0.13);
phase 3 - GV (0.53 + 0.07), GC (0.63 £ 0.12), NF ( 0.73 £ 0.12), p = 0.002 for GV vs
NF; phase 4 - GV (0.59 + 0.08), GC (0.64 + 0.1), NF ( 0.67 + 0.12)).

Haptic feedback played a crucial role in guiding participants to achieve the precise
pouring angle associated with proper prono-supination in phases 2 and 3. As shown in
Figure 8.5e, the mean pouring angle was significantly closer to the reference in the RV
condition and in the RC condition, compared to NH (phase 2 - RV (36.25 + 6.13), RC
(37.34 + 4.89), NF ( 40.80 £ 5.80); phase 3 - RV (61.60 + 3.70), RC (69.24 + 11.74),
NF ( 91.82 + 20.58), p = 0.007 for RC vs NF and p = 0.0003 for RV vs NF; phase 4 -
RV (17.59 £ 5.57), RC (17.06 + 3.37), NF ( 16.94 4+ 5.89)). Overall, the combination of
continuous and vibrotactile (V) feedback yielded superior performance than (C), with
participants achieving more accurate and consistent hand poses than with continuous
feedback alone.

8.3 Conclusions

This chapter presented two wearable haptic devices for distributed feedback at the
wrist and forearm, with the main design objective of being compact, lightweight, and
comfortable for the user. At the same time, alternative feedback actuation methods
were adopted with respect to the conventional vibrotactile stimuli generated by vi-
brating mass motors. The shallow torques approach aimed at a more directional and
natural perception, closer to the sensation of an external guidance sensation (i.e. as
by a therapist), still resulting in a low weight and compact implementation. The haptic
armband instead explored the direct-drive approach, hence reducing the absolute in-
tensity of the signal yet increasing the bandwidth (from continuous to fast dynamics)
and the variety of rendered signals.

Experiments showed that the wristband with four servo modules provided clear and
effective directional cues for wrist movements, significantly improving accuracy and
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reducing variability, with performance comparable to visual feedback. The armband
delivered continuous and vibrotactile stimuli that supported complex motor tasks like
grasping and prono-supination. The combined feedback mode proved effective in
guiding precise and consistent movements within a VR rehabilitation scenario.

Overall, these devices and experimental results demonstrate the potential of dis-
tributed wearable haptics to enhance motor control in immersive VR rehabilitation
scenarios. However, the small sample size limits the generalization of the results, and
future studies are aimed at involving larger groups of participants. Further experimental
activities related to this technology are included in the validation of the Case Studies
"Extended Reality for Rehabilitation” (Chapter 20) and "Extended Reality for People
with Serious Mobility and Verbal Communication Diseases” (Chapter 22).
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Abstract. Gaze-based systems are being explored to enhance user experiences in
Extended Reality (XR) across applications, from collaboration to direct interaction.
One area of research focuses on AR-enabled collaboration, where gaze cues can
provide clear, non-verbal indicators of intent to reduce ambiguity. Our study inves-
tigated the use of gaze cues within guidance contexts, developing a system with
dynamic gaze visualizations to deliver task-related guidance. When compared to
traditional verbal instructions, this gaze-based system was found to significantly
reduce errors and unnecessary visual exploration. It also improved collaborators
attention to task-relevant areas and lowered their perceived workload, proving ef-
fective for accelerating task completion. A separate field of investigation addresses
challenges in gaze-based selection for hands-free interaction in XR environments.
Methods like gaze dwell suffer from a trade-off between the Midas Touch problem
(from small thresholds) and eye fatigue (from large thresholds). To solve this, we in-
troduce CONTEXT-GAD, a novel context-aware adaptive dwell system that infers
cognitive load by leveraging the task’s visual context and user behavioral features.
A hierarchical machine learning model then dynamically adapts dwell thresholds
in three levels based on this load. A user study demonstrated that this adaptive
approach significantly reduced task completion time in less complex tasks and im-
proved error rates in more cognitively intensive scenes, enhancing efficiency and
accuracy without increasing the perceived workload.
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9.1 Introduction

Within Extended Reality (XR), the gaze modality is a critical subject of research, enabling
new applications, including collaborative work and hands-free interactions.

One area of investigation, presented in this first study, focuses on the effect of gaze-
based cues in co-located AR collaboration where one user guides another. While prior
work has shown the benefits of shared gaze cues for improving mutual awareness
and task understanding in remote collaboration [Bai et al. 2020; Jing et al. 2022a],
researchers are now examining co-located setups to address challenges in aligning at-
tention and intention without relying on verbal or physical cues [Jing et al. 2021]. Recent
systems have begun visualizing gaze behavior in co-located setups, leveraging HMD's
eye-tracking capabilities, enabling shared gaze cues via dynamic indicators like gaze
rays, cursors, or changes in color and shape to signal attention and intent [D'angelo
and Schneider 2021; Jing et al. 2022b]. These visualizations have improved joint atten-
tion and task coordination, with bi-directional cues and gaze-triggered designs proving
particularly effective [Jing et al. 2021]. However, most existing studies assume knowl-
edge symmetry between collaborators. Furthermore, most system evaluations rely on
task-level metrics such as completion time and error rate [Bragger et al. 2022; Chen
et al. 2021], or subjective measures, without deeper analysis of gaze behavior or atten-
tion patterns. Deeper gaze behavior analysis has either focused on non-AR settings
[Acar et al. 2024] or used gaze passively rather than as a primary communication
cue [Pathmanathan et al. 2024]. To address this gap, we developed a co-located AR
system that uses dynamic gaze visualizations, rendered as a ray and pointer, to guide
object placement tasks. We compared this approach to traditional verbal instructions
using task performance metrics, gaze data, and subjective workload ratings. The goal
was to evaluate whether gaze-based cues offer a more effective means of commu-
nicating task-related information in asymmetrical collaboration, specifically in terms
of task efficiency and user behavior. By analyzing both visual attention patterns and
task outcomes, we provide insights into the role of gaze as a primary communication
modality in co-located AR guidance.

In a separate but related domain, the increasing adoption of XR headsets has driven
research into hands-free interaction methods, with gaze-based selection being one of
the most common [Argelaguet and Andujar 2013]. Dwell selection, where a user fixates
on a target for a fixed duration, is a popular technique [Penkar et al. 2012]. However,
its static nature presents a fundamental challenge: a short, fixed threshold is efficient
but prone to unintentional activations, known as the Midas Touch problem, while a
long threshold reduces errors but increases eye fatigue and interaction time. Prior
research has attempted to solve this by adapting the dwell time. Some approaches
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use probabilistic models based on past interactions [Panwar et al. 2012; Pi et al. 2020]
or machine learning models to predict user intent based on gaze-only features [Narkar
et al. 2024]. However, these methods are often heavily biased towards an individual
user's unique gaze patterns or interaction strategies. A significant limitation is their
failure to incorporate the visual context of the scene—such as the density, size, and
location of surrounding objects—which can significantly influence a user’s cognitive load
and gaze behavior. In this chapter, we propose CONTEXT-GAD, a novel context-aware
machine learning model for adapting dwell thresholds in XR. Our system dynamically
adjusts the fixation time in three levels by leveraging both visual context features from
the environment and behavioral features from the user to determine the perceived
cognitive load of the scene. This approach allows the system to generalize across
different users and scenarios, providing a more robust solution to the limitations of
static dwell.

9.2 XR collaboration

9.2.1 Methodology and Results

In the developed system, two users wearing Microsoft HoloLens 2 devices collaborated
in a shared environment where one acted as the instructor and the other performed
object placement. The instructor had to select 8 out of 16 available 3D objects and
guided placement onto virtual shelves using their gaze, visualized as a ray that ends to
a pointer (Figure 9.1a) that changed size and color after 0.8s of fixation (Figure 9.1b).
A 3D arrow annotation could also be placed using a gaze-pinch gesture (Figure 9.1c).
The user had to pick the 3D object that the instructor had selected with the pointer
and place it in the annotated shelf. We compared three conditions: Constant Gaze
(CG), where the instructor's gaze visualization was always visible; Triggered Gaze (TG),
where it appeared only during object fixation; and Verbal Instructions (VI), which used

(@ (b) ()

Figure 9.1: (a) Instructor’s gaze visualized in the task space. (b) Visualization of the instructor’s
gaze fixation. (c) 3D arrow placed on a shelf by the instructor to annotate it.
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Figure 9.2: Box plots of task completion times of the three conditions, with individual data
points.

verbal guidance only. Eye-tracking data were utilized to measure fixation durations
on task-relevant Areas of Interest (AQls): the 3D objects in the horizontal plane, the
shelves in the vertical plane, and the collaborator.

User Study

The study involved 17 participants (10 female, 7 male, ages 18—44) with varying AR
experience, using a within-subject design. Quantitative metrics include: task perfor-
mance, which was measured by completion time and object interaction correctness,
and gaze data, which comprises the relative fixation durations, which are calculated
as the proportion of fixation time on each AOI relative to the overall task time. Sub-
jective feedback includes NASA TLX and a general questionnaire to gather participant
feedback on overall preference and their ratings on aspects of the conditions. A single
instructor guided all sessions for consistency, and only the users data was analysed
because the user’s performance, attention, and experience were the primary focus of
the study.

Task Efficiency Results: The completion times of the three conditions are shown in
Figure 9.2. The TG condition recorded the lowest mean completion time (¢=132.9 s,
0=29.7 s), followed by VI (4=139.8 s, 0=18.7 s). The CG condition had the highest mean
completion time (u=142.8 s, 0=34.4 s). Repeated-measures ANOVA revealed no sta-
tistically significant differences between the conditions (F; 35 = 0.734,p = 0.488, 773 =
0.022). Correctness scores can be seen on Table 9.1. A repeated-measures ANOVA
showed a statistically significant effect of condition on correctness (F5 30 = 12.82,p <
0.001, 77 = 0.299). Post-hoc pairwise comparisons (Bonferroni-corrected) showed that
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Table 9.1: Mean and Standard Deviation of Object Interaction Correctness.

Condition Mean (%) SD (%)

CG 97.05 9.41
TG 97.05 5.47
Vi 80.88 17.74

correctness scores for the CG and TG conditions were significantly higher than those for
the VI condition (p < 0.001,p = 0.011, respectively). However, no significant difference
was observed between CG and TG (p = 1.000). Considering the relationship between
task completion time and correctness, while the CG condition recorded a higher mean
completion time compared to the VI condition, it also achieved higher correctness
scores than the VI condition. This suggests that the ambiguity of verbal instructions in
the VI condition has led participants to make more errors despite completing the task
more quickly. The TG condition demonstrated the best overall balance, achieving the
lowest mean completion time while maintaining a high correctness score.

Gaze-Based Metrics: The results are presented in Figure 9.3. In the VI condition, the
instructor was not immersed in the AR environment; therefore, no fixation durations
were recorded for that AOI in that condition. Across the three conditions, participants
spent the highest gaze time on the 3D objects, CG ((¢=29.74 %, 0=8.22 %)), TG (:=30.5
%, 0=8.87 %), VI (1=42.06 %, 0=9.65 %). Relative fixations on shelves were overall
lower, CG ((1=16.92 %, 0=6.03 %)), TG (u=13.23 %, 0=3.74 %), VI (u=14.03 %, 0=4.55
%). As was observed during the experiments, participants rarely looked at the instructor
during the task, CG ((4=0.58 %, 0=0.71 %)), TG (11=1.03 %, 0=0.78 %).

oG 16 W ]

Figure 9.3: Box plots of relative fixation durations (%) on each defined AOI across the three
conditions, with individual data points.
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We excluded the instructor AOI from the CG and TG conditions in order to have a
balanced repeated-measures ANOVA design, and it revealed significant main effects
of both condition (F5 g0 = 54.72,p < 0.001,7)12, = 0.77) and AOI (Fy 16 = 89.59,p <
0.001, 71% = 0.85), as well as significant interaction between condition and AOI (F5 gp =
58.07,p < 0.001,7712, = 0.78). Post-hoc pairwise comparisons (Bonferroni-corrected)
showed that fixations on the Objects were significantly higher in the VI condition than
both the CG (p < 0.001) and TG (p < 0.001) conditions. Similarly, for the Shelves AOI,
fixation durations were significantly lower in the TG condition compared to both CG
(p < 0.001) and VI (p < 0.001). These results indicate that the VI condition resulted in
the highest visual exploration times of the horizontal task space, as participants spent
more time searching for the correct object without the immediate guidance provided
by visual indications, such as those in the CG and TG conditions. For the Shelves AOI,
fixation durations were lower in the TG condition compared to CG and VI.

User Feedback: Average NASA TLX scores across the three conditions are presented
in Figure 9.4. Gaze-based conditions generally led to lower mental demand and frus-
tration compared to VI, suggesting reduced cognitive load and ambiguity. CG had the
lowest mental demand (u=2.94, 0=1.25), followed by TG (u=3.06, 0=1.60), while VI
had the highest (1=3.29, 0=1.86). Frustration was also lowest in CG (u=2.94, 0=2.24),
slightly higher in TG (1=3.12, 0=2.44), and highest in VI (4=3.76, 0=2.08). Interestingly,
VI showed the lowest temporal demand (1=3.65, 0=2.26) compared to TG (1=3.88,
0=2.09) and CG (u=4.11, 0=2.26), possibly due to the absence of time pressure from
disappearing annotations in the gaze conditions. Physical demand was low across
all conditions, with CG (1=2.53, 0=1.28) and TG (u=2.53, 0=1.77) slightly lower than VI
(1=2.88, 0=1.36). Effort ratings were comparable, with VI (1=3.47, 0=2.00) slightly higher
than CG (u=3.29, 0=1.31) and TG (u=3.24, 0=1.60). Performance was rated highest in
CG and TG (u=7.53, 0=3.02 and 0=2.76, respectively), compared to VI (u=6.23, 0=2.68),
indicating greater confidence and perceived effectiveness with gaze-based cues. Over-
all, the results suggest that gaze-based guidance reduced workload and improved task
experience.

Regarding the user experience, participants generally favored the gaze-based condi-
tions over verbal instructions. When asked if instructions were accurately represented
to the users, CG received the most consistent high ratings across clarity and effec-
tiveness of cues, with the majority strongly agreeing that instructions were accurately
represented. TG also scored well but showed slightly more variability, likely due to the
intermittent nature of its visualization. In contrast, VI received more mixed responses,
with some participants reporting difficulty interpreting verbal-only guidance. When
asked about overall preference, most participants selected CG (8), followed by TG (6),
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Mental Demand

3 4 5 B 7
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Figure 9.4: NASA TLX Scores by Condition (1-very low, 10-very high).

while only 3 preferred VI, suggesting that gaze-based cues were generally perceived as
clearer, more engaging, and more supportive for task collaboration.

*This study was published in [Sarri and Mania 2025].

9.3 Gaze-based Interactions

9.3.1 Methodology and Results

System and Data Collection

The system was developed in the Unity Engine using the Mixed Reality Toolkit (MRTK3)
and deployed on a Microsoft HoloLens 2. To train our model, we first conducted a
data collection experiment with 20 participants. Participants performed gaze-based
interactions in two distinct scenarios: a general User Interface (Ul) navigation task
(Figure 9.5a) and a visual search task (Figure 9.5b).

A pilot study performed on the visual search and navigation task established a default
dwell threshold of 1.5s. During the main experiment, after each interaction, participants
were prompted to provide ground-truth feedback by selecting one of three options:
'Same’ (if the 1.5s default felt appropriate), 'Shorter (if the interaction could be faster),
or ‘Longer’ (if they needed more time or a false activation occurred).
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#onjects in FOV
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(@) The elements shown are: (1) the currently highlighted target, designated
by a blue arrow; (2) a graphical representation of a subset of the contextual
features (red box and arrows) that are analyzed in real time to estimate
cognitive load; and (3) a progress indicator (red perimeter bar) that provides
feedback to the user on the dwell activation

14

12
Selected
13 ey

2

3

Default state

(b) The image highlights three distinct interaction states: 'Selected’ (green
sphere), 'Highlighted’ (red sphere), and 'Default state’ (blue spheres). Each
sphere features colored dots along its perimeter.

Figure 9.5: An illustration of the general Ul navigation task (a) and the visual search task (b).
Figures adapted from [Ramiotis and Mania 2025] licensed under CC-BY 4.0.
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Table 9.2: Description of collected features

Feature Name Description Units
Objects The number of objects in the scene Numerical
ObjectsFOV The number of objects in the Field of View (FOV) of the user Numerical
ObjectDensity The density of the objects in the scene objectsm~?2
DynamicObjects The number of dynamic objects Numerical
NearestNeighborDistance  The distance of the nearest neighbor to the target m
InteractFreq The frequency of gaze interactions interactions min !
GazeSpeedVariance The variance of gaze speeds 0% g2
HeadRotVel The rotational velocity of the head o5t
AngularSize The angular size of the target °
LabelComp The complexity of the target label CEFR score

Class

Class Class
*  Not Same “| = Shorter
®  Same | = Longer

(a) Original multiclass prob- (b) Hierarchical first level (c) Hierarchical second level
lem (Same vs Not Same) (Shorter vs Longer)

Figure 9.6: t-SNE Projection of Features. Figures adapted from [Ramiotis and Mania 2025]
licensed under CC-BY 4.0.

Feature Extraction and Classification

Our model’s key innovation is its feature set (Table 9.2), which captures the cognitive
demands of the scene. We extracted 10 features based on the reviewed literature on
cognitive load. These features are divided into:

Visual Context Features: Such as the number of objects in the scene [Doyon-Poulin
et al. 2012] and in the users Field of View (FOV) [Reis et al. 2012], ‘ObjectDen-
sity' [Whitney and Levi 2011], ‘NearestNeighborDistance' (to account for visual
crowding) [Hebbar et al. 2023], and the ‘AngularSize' of the target.

Behavioral Features: Such as ‘InteractFreq’ (frequency of interactions) [Vulpe-
Grigorasi et al. 2024], ‘GazeSpeedVariance' [Pillai et al. 2022], and ‘HeadRotVel'
(head rotation velocity), which act as indicators of user behavior under cognitive
load.

102



CHAPTER 9. XR COLLABORATION AND GAZE-BASED INTERACTION
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Figure 9.7: Hierarchical classifier structure for adaptive dwell times. Figure adapted from
[Ramiotis and Mania 2025] licensed under CC-BY 4.0.
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A two-level hierarchical classifier (Figure Figure 9.6) using the Random Forest algo-
rithm was trained on the collected data (1385 samples). This structure, illustrated in
Figure 9.7, was chosen because it outperformed a standard multiclass model.

Level 1: A binary classifier distinguishes between 'Same’ and 'Not Same' (i.e.,
"Shorter’ or 'Longer’). This level achieved an accuracy of 70.72%.

Level 2: If the first level predicts 'Not Same, a second binary classifier activates
to distinguish between 'Shorter’ and 'Longer. This level achieved an accuracy of
85.43%.

Evaluation Procedure

We conducted a separate user study with 17 participants to evaluate the trained system.
A within-subjects design was used, where participants completed both the navigation
and visual search tasks using two different systems:

1. Static System: Used a fixed 1.5s dwell threshold for all interactions.

2. Adaptive System: Used our trained hierarchical model to dynamically adjust the

dwell time to be shorter (1s), same (1.5s), or longer (2s).

To prevent bias, the system order was counterbalanced, and participants were unaware
of which system they were using. We measured objective metrics (task completion
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Task Completion Time by Scene and System Miss-Interaction Rate by Scene and System

System ¢ - T System
- Soatic m— Static
no| HEE Adaptive s Adaptive

3

Miss-Interaction Rate (%)
H = L

Task Completion Time {secondsh

Gaton
Scene scene

Figure 9.8: Quantitative results for each scene with each system, showing mean and standard
error for (Left) Task Completion Time and (Right) Miss-interaction Rate. Figure adapted from
[Ramiotis and Mania 2025] licensed under CC-BY 4.0.

time and miss-interaction rate) and subjective metrics (System Usability Scale (SUS)
and NASA-TLX for workload).

Results and Discussion

The quantitative results (Figure 9.8) were analyzed using a non-parametric Friedman
test, since the data were not normally distributed, followed by post-hoc Wilcoxon
signed-rank tests with Bonferroni correction. The analysis revealed a significant and
nuanced advantage for the Adaptive system.

Task Completion Time: In the simpler navigation task, the Adaptive system was
significantly faster than the Static system (W = 17.00, pcorrected = 0.006). In the
complex visual search task, there was no significant difference in time.

Miss-Interaction Rate: In the cognitively demanding visual search task, the
Adaptive system resulted in a significantly lower miss-interaction rate (W =
10.00, peorrecteda = 0.009). This demonstrates its effectiveness in mitigating the
Midas Touch problem under high cognitive load. No difference was found in the
simpler navigation task.

Subjective feedback from the SUS and NASA-TLX questionnaires reinforced these
findings.

Usability (SUS): The Adaptive system was rated as significantly more usable than

the Static system, but only in the more demanding visual search task (p.orrected =
0.02).
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Workload (NASA-TLX): Critically, there was no significant difference in perceived
workload between the two systems in either task. This indicates that the usability
improvements and error reductions from the adaptive system were achieved
without imposing any additional cognitive load on the user.

*This study was published in [Ramiotis and Mania 2025].

9.3.2 Conclusions

A co-located AR collaboration system was developed using gaze as the primary com-
munication cue for task-related guidance. The study demonstrated the advantages
of gaze-based cues over verbal commands, with both CG and TG conditions improv-
ing task correctness, reducing ambiguity, and lowering cognitive workload. While CG
offered consistent visual guidance and was preferred overall, its constant visibility oc-
casionally caused distractions. TG, in contrast, provided timely cues that balanced
effectiveness with reduced visual clutter. Gaze data analysis showed that CG and TG
effectively directed participants’ attention to task-relevant areas, whereas in VI, partic-
ipants exhibited longer visual exploration times. VI results highlighted the limitations
of relying solely on verbal instructions for disambiguation.

In parallel, a separate study introduced a novel context-aware adaptive gaze dwell
system that effectively addresses the limitations of static dwell thresholds in XR. By
dynamically adjusting dwell times based on cognitive load—inferred from the scene's
visual context and user behavior—this system provides a more robust and generalizable
solution than methods based on user-specific gaze patterns. The evaluation demon-
strated that the adaptive system improves task efficiency (speed) in simpler scenarios
and, more importantly, improves interaction accuracy (fewer errors) in complex, cogni-
tively demanding scenarios. It successfully mitigates the Midas Touch problem when it
matters most, enhancing usability without increasing the user’s perceived workload. This
context-aware approach represents a significant step toward more intelligent, reliable,
and user-friendly hands-free interactions in XR environments.
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Abstract. In a dynamic work environment, prioritising human tasks is crucial for
increasing efficiency and performance, while optimising operational costs. This
chapter discusses a task optimisation component developed within the SUN
project. It focuses on technologies that merge physical and virtual worlds to en-
hance social interactions and human collaboration. Based on a literature review
and scenario definitions, we designed the task optimisation component, which in-
cludes the PRIORI-XR algorithm. This algorithm prioritises tasks in industrial set-
tings by considering various criteria, such as equipment status, work shifts and
resource availability. The component is integrated with image recognition and
eXtended Reality (XR) technologies to create an immersive visualisation system.
This system provides operators with contextual information and selection options
through gestural interaction to thereby reduce cognitive load and facilitate real-
time decision making, ulltimately improving individual worker performance. The
preliminary results indicate that XR implementation in task management enhances
execution accuracy and shortens decision-making times.
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10.1 Introduction

In today’s manufacturing industry context, efficient management and prioritisation of
tasks have become essential for maintaining productivity and operational effectiveness
in production systems, especially when resources are limited [Yang et al. 2021]. The
shift towards digital production systems, boosted by new technologies, is creating
opportunities to address these challenges in new ways.

Traditionally, organisations have depended on conventional techniques to arrange
and allocate tasks, including to-do lists, planning applications or project management
software. Although these methods can be beneficial, they often fall short and can be
mentally taxing due to the growing complexity of production processes and the large
amounts of data that operators must handle. In this context, eXtended reality (XR)
technologies represent progress by allowing information to be added to the physical
surroundings of real and virtual environments to assist workers in real time.

Augmented Reality (AR) enhances human-machine interactions by overlaying virtual
information on real-world environments, which improves manufacturing processes, re-
duces rework and provides context-sensitive information for various tasks [Ong et al.
2008]. Virtual Reality (VR) creates realistic digital environments for user immersion
and interaction, often used in industrial sectors for manufacturing planning, ergonomics,
product design assessment and employee training [Aurich et al. 2008]. Mixed reality
(MR) combines AR and VR to reduce uncertainties by merging real and virtual elements.
It offers spatial flexibility, lower safety risks and improved robot interaction. MR sys-
tems integrate real objects with digital elements like holograms using devices, such as
Microsoft HoloLens for interactive experiences [Ostanin et al. 2020].

XR encompasses technologies, including AR, MR and VR, that merge physical and
virtual worlds to enhance experiences along the reality-virtuality continuum [Gong et al.
2021]. It can transform company operations by enabling immersive data visualisation
and intuitive interaction. So it can significantly improve task prioritisation, reduce errors
and optimise execution times.

The Social and Human Centred XR (SUN) project aims to enhance social and human
interactions by merging physical and virtual worlds through Al-driven 3D acquisition
technologies to address challenges in XR adoption and create accurate digital twins
[Vairo et al. 2023]. One of the application scenarios addressed by the SUN project is
the prioritisation of tasks in industrial XR environments. This article focuses on the task
optimisation component, which is responsible for ordering workers' activities accord-
ing to criteria of urgency, relevance and environmental conditions. This component
integrates with other system modules to form a complete XR experience by providing
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Figure 10.1: Task optimisation component methodology

contextual information and visual instructions to, thus, facilitateg operators’ real-time
decision making.

The ongoing structure of this chapter is organised as follows. Section 10.2 outlines
the followed methodology. Section 10.3 provides a review of the background and
related work about XR application in industrial contexts. Section 10.4 describes the
scenario employed to develop the prioritisation component discussed in Section 10.5.
Finally, Section 10.6 presents the conclusions and further research.

10.2 Metholodology

The development of the task optimisation component is structured into several stages
(Figure 10.1). Firstly, a literature review explores existing approaches in XR for industrial
environments. Next various scenarios are analysed to identify the key actors, stake-
holders and involved technologies. Based on these insights, a rule-based logic system
is implemented in Python to prioritise human tasks by leveraging its interpretability
and ability to integrate domain knowledge. A container flow algorithm is also cre-
ated to monitor container status and to support other SUN components. The process
concludes with an internal validation phase to ensure system accuracy and reliability.

10.3 Literature Review

This section explores the challenges and opportunities of industrial XR technologies by
focusing on the development of a human task prioritisation model. One of the SUN
XR projects highlights concerns about XR applications for social interactions at work.
The existing literature primarily focuses on the human-robot interaction, and leaves
the human-human interaction in industrial settings largely unexplored, which presents
a challenge for the project. Innovations like blockchain, digital twins and the Internet
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of Things (loT) enhance XR applications in manufacturing, particularly for maintenance
training and assembly tasks [Doolani et al. 2020]. XR applications can train operators in
machinery use, enhance workplace safety and create immersive experiences. They also
support decision-making processes like forecasting, predictive maintenance, production
planning, assembly and inventory management.

In the AR applications field in industrial environments, several significant contribu-
tions have emerged over the years. Li et al. create a virtual robot work cell for teaching
that features view tracking with a virtual camera, visual and audio rendering, and a
user interface [Li et al. 2000]. Zhong et al. develop a prototype for a collaborative
industrial training system using AR [Zhong et al. 2003] . Tati¢ and Tesi¢ propose an
AR system to reduce training deficiencies and to minimise task monotony [Tati¢ and
Tesic 2016]. More recently, Park et al. propose a user-centric task assistance method
that integrates deep learning (DL), object detection and instance segmentation with
wearable AR technology [Park et al. 2020]. Other strategies using AR and DL, in this
case for predictive maintenance, are proposed by Liu et al. [Liu et al. 2022] and Wang
et al. [Wang et al. 2022]. Lastly, Liu et al. develop an AR approach employing deep
reinforcement learning (DRL) and cloud-edge orchestration for robot teaching [Liu et al.
2023]. DRL helps in robot motion planning, AR glasses enhance human-robot interac-
tion, and cloud-edge orchestration facilitates communication between the AR platform
and edge nodes.

VR is widely applied for training across industries, and emphasises sequential opera-
tions, procedures and risk assessments [Ji et al. 2022]. Programmes like that of Joshi
et al. enhance safety in the concrete industry through training in personal protective
equipment (PPE) and load management [Joshi et al. 2020]. Zhou et al. explore the
human-robot interaction utilising VR and DL for robot teleoperation in civil engineering
[Zhou et al. 2020]. Chadalavada et al. investigate the use of eye-tracking glasses as
safety equipment by analysing navigation-related gaze data [Chadalavada et al. 2020]
. Pérez et al. integrate VR and robotics for training and simulation [Pérez et al. 2019].
This aligns with [Tichon 2007], who note that VR can be used to simulate hazardous
work conditions to help trainees to practice cognitive skills like problem solving and
decision making.

For MR applications, Hasanzadeh, Polys and De La Garza investigate risk-taking be-
haviour in construction using passive haptics [Hasanzadeh et al. 2020]. XR applications
have developed frameworks like SEEROB to assess ergonomics in robotic workstations
[Weistroffer et al. 2022].

XR applications in industrial environments are still emerging, with limited literature
available. There are opportunities for integrating these technologies with decision-
support systems using operations research techniques like mathematical programming,
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simulation and metaheuristics/matheuristics, alongside artificial intelligence (Al) tech-
nologies, such as reinforcement learning (RL) [Esteso et al. 2022], DRL [Liu et al.
2024], machine learning (ML) [Usuga et al. 2020] and DL to enhance XR applications
while adhering to defined rules.

10.4 Scenario Definition

Shop floors can be hazardous due to the presence of machinery, metal rods and
heavy containers filled with raw materials and waste from machines. Even though
there are clearly marked walking and stationary areas, daily interactions frequently
result in misplaced items, which increases the risk of accidents. Workers must take
responsibility for minimising these risks while maintaining production by managing the
status of containers and cutting metal rods.

To address these issues, a task optimisation component has been introduced to
reduce stress and confusion by providing structure to the currently arbitrary appearance
of tasks to be done by humans. This solution recognises the position and status of
containers (both raw materials and waste), which will help to generate a prioritised task
list. For example, the list may include tasks, such as emptying a specific container X
in the waste area, filling container X with raw material, among others. Each task on
the list will be ordered according to its priority.

Interaction with the system can be conducted via other components through hand
input and gesture recognition. The technologies required for this solution include ob-
ject recognition and location tracking, interactive streaming, application development,
room scanning, a virtual machine for data storage and management, and cyber threat
detection.

10.5 Task Optimization Component

The task optimisation component is developed to improve task management in a work-
shop and to balance its container status scenario. This component receives the nec-
essary communications to run the task prioritisation algorithm, PRIORI-XR. Afterwards
it transmits its decisions to the gesture recognition component. These decisions are
then validated through XR. Figure 10.2 illustrates how the task optimisation component
interacts with its submodules and other SUN components. The main components of
the functioning system are highlighted in blue, while the required addons for validation,
integration and evaluation purposes are shown in white.
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Figure 10.2: The task optimisation component architecture.
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PRIORI-XR is a rule-based heuristic algorithm designed to manage the planning and
allocation of tasks in industrial environments. Its operation is based on predefined cri-
teria and the evaluation of contextual conditions to optimise factory operation through
efficient resource allocation and orderly task execution.

The process starts with the loading of relevant data about the factory status, including
information on machines, containers, raw materials, routes, work shifts and pending
tasks. From these data, the PRIORI-XR algorithm determines the current shift (morning,
afternoon or night) and filters out completed tasks. It then analyses the operational
requirements and generates new tasks based on the industrial environment. Functions
include the assignment of empty containers to create replenishment tasks, the balanced
allocation of workloads between cutting machines according to their available capacity,
the identification of full waste containers for emptying and the generation of cleaning
tasks associated with shift changes. When the system receives a message from the
open-vocabulary object detection (OVD) component — which processes RGB images
and detects objects that match a textual description provided by the user, or the
container flow module indicating either a raw material requirement or a filled waste
container, see Chapter 5 — the task optimisation component determines whether a
new task should be created. If necessary, the PRIORI-XR algorithm processes the task
and generates a priority-ordered list. The task with the highest priority is then sent
and displayed on the XR glasses for operator evaluation using the gesture recognition
component to recognize custom hand gestures (“thumbs up” for “accept’, “thumbs
down” for “reject’, and “moving two fingers” for “next”) of the users based on the
hand joints detected. Each task includes an identifier, description, priority and status,
and tasks are organised to ensure efficient execution while avoiding redundancy or
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duplication. When a decision about the highest priority task is communicated by the
gesture recognition component, the task optimisation component makes a coherency
evaluation to determine whether the decision remains valid in the current system state.
If validated, the system updates the task status accordingly: tasks marked as accepted
transition to progress; rejected tasks are deprioritised and moved down the task queue;
completed tasks are removed from the active list. In the completion case, the system
can also generate related tasks in accordance with predefined operational rules. In
both the rejection and completion cases, PRIORI-XR is invoked again to re-evaluate
task priorities.

All standard system communications take place through the Omnibridge communi-
cation solution, which acts as a central data broker, managing session-based commu-
nication and ensuring seamless interaction among XR applications, sensors, analytics
engines, and other modules, using a standardised JSON format. Thus, OmniBridge is
the middleware core of the SUN integrated XR platform (see Chapter 16), enabling se-
cure, real-time communication and coordination between distributed XR components.
When the task optimisation component receives a message through this channel, it
activates internal data update procedures and starts the PRIORI-XR algorithm.

To facilitate the integration of the PRIORI-XR algorithm, the container flow module,
the SUN-SET Simulator and the integration monitoring platform were created. All
these submodules feature their own HTTP REST APIs and are designed as an optional,
non-essential addition whose aim is to assist in validation and system integration.

The container flow module manages the materials flow in an industrial production en-
vironment by updating in real time the status of both raw material and swarf containers
because parts are processed on different machines. It uses data from the Manufac-
turing Execution System (MES) to automatically discount the consumed raw material
and to add the generated scrap as waste. When it detects that raw material falls be-
low a predefined threshold or the waste chip is approaching the maximum container
capacity, the system communicates this information to the prioritisation algorithm to
generate operational tasks. This module acts as a support system for the OVD com-
ponent, which is implemented by cameras in the plant to allow the visually captured
information to be supplemented and/or validated with the MES data. This module is
created as a support system for the OVD component because it may not be possible
to install cameras on all the machines in a plant due to either physical limitations or
data protection and industrial privacy issues.

The integration monitoring platform features a web interface that is accessible over
the internal network and it showcases in real time all the system communications that
pass through Omnibridge. It also allows for manual message injection through the
SUN-SET Simulator, an additional component that has been developed to facilitate
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the emulation of any component interaction for integration testing and non-real-time
decision making. Moreover, it functions to monitor the prioritised tasks list and con-
tainer status in real time. Hence, the SUN-SET Simulator has been developed to
assess PRIORI-XR algorithm performance in diverse industrial scenarios. It functions
autonomously and can transmit any type of message utilised in the system via Om-
nibridge to facilitate realistic interaction simulations in communication terms.

The system and their modules are composed of the following services:

Task Optimisation Component PRIORI-XR: the task prioritisation component that in-
cludes the PRIORI-XR algorithm. It prioritises the tasks associated with machine
operations, is the main component of the communications, can work standalone,
and has been Developed in Python;

Container Flow Module: manages raw material consumption and scrap generation on
industrial machines. It Updates container status in real time and triggers infor-
mation when certain thresholds are reached by generating tasks through the
prioritisation algorithm. it has been developed in Python;

Integration APIs: flask-based REST APIs;

SUN-SET Simulator Module: emulates all the possible system actions through real
communications as a component would do. It has been developed in Python for
validation and integration, and enables manual operations on the system;

Integration Monitoring Platform: a Web interface for monitoring and controlling the
system. Developed in Next.js framework and React, it connects through APIls
to the simulator and component. Each module can be independently deployed.
However, both the SUN-SET Simulator and the Integration Monitoring Platform
require the Task Optimisation Component to be running first. Additionally, the
Integration Monitoring Platform relies on the Simulator if manual system control
is required.

Figure 10.3 illustrates how the Integration Monitoring Platformm module allows for
the in-depth control and the real-time monitoring of the system’s current state. The
updated code, along with the revised usage instructions, is available on https://evia.

in-two.com/sun/priori-xr-task-priorization-algorithm#.
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Figure 10.3: Integration Monitoring Platform. (Top) Current active task list. (Bottom left) Last
communications with the OVD component. (Bottom right) Last received gesture message from
the last send task from the gesture recognition component.

10.6 Conclusions

The design and implementation of a task optimisation component, integrated into the
SUN project by combining rule-based logic with XR technologies to enhance task priori-
tisation in industrial environments, is presented. The developed PRIORI-XR algorithm
prioritises human tasks by evaluating industrial environment data, such as equipment
status, container levels, shift schedules and pending tasks. Integrated with a real-time
visualisation system using image recognition and gesture-based XR interaction, the so-
lution enables workers to receive, validate and execute tasks based on their urgency and
operational impact. The preliminary validation shows that the component enhances de-
cision making by reducing the cognitive load associated with manual task sorting, while
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improving execution accuracy and shortening response times. The incorporation of XR
glasses and gesture recognition facilitates intuitive interaction with task information by
allowing human-system collaboration on the shop floor. This research contributes to
address current gaps in task management systems and demonstrates the potential of
XR to be implemented in industrial environments. Although XR implementation poses
challenges, such as hardware constraints, integration costs and the need for robust data
communication, its potential advantages regarding its usability are encouraging. Future
work focuses on improving XR adaptability in dynamic manufacturing environments
and further evaluating its impact across diverse industrial scenarios.
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Wearable and Vision-Based Monitoring
Technologies for XR

The following part presents a suite of multimodal monitoring technologies that
capture users’ physical and emotional states through muscle, motion, gesture,
and facial analysis. Integrating wearable sensors, computer vision, and ma-
chine learning, these systems collectively track posture, movement, intention,
and emotions within the SUN XR platform. Together, they enable continuous ob-
servation of user interactions in Extended Reality, and provide real-time feed-
back, supporting users' awareness and more natural, adaptive, and engaging
XR experiences.
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Abstract. The SUN XR platform enables people with limited mobility to navigate
and socialize in virtual environments. User intention decoding plays an important
role in the SUN XR platform, as it is the interface between the user and the virtual
world. We developed a wearable, surface Electromyography(sEMG) based inten-
tion decoding system that decodes the user’s navigation intentions from forearm
muscle activities. The users EMG signals are acquired by our custom 32-channel
data acquisition system, streamed to a decoder network, and interpreted as navi-
gation commands in the Virtual Reality (VR) world. The positive results (approxi-
mately 90% decoding accuracy) from our grasp classification tests in six subjects
with Spinal Cord Injuries (SCl) show a promising use of this EMG-based intention
decoding in a VR environment.

11.1 Introduction

The surface Electromyography (sEMG) is a common technique used to record and
analyze muscle activities. Its non-invasive nature makes it favored in the fields of
clinical assessment [Campanini et al. 2020; McManus et al. 2020], neurorehabilitation
[Brucker and Buylaeva 1996; Nam et al. 2022; Pan et al. 2018], and motor decoding for
prostheses [Kalbasi et al. 2024; Englehart and Hudgins 2003; Zhuang et al. 2019]. In
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addition to the application in these fields, SEMG has also been applied to user-intention
decoding in VR applications [Dwivedi et al. 2020].

The EMG signal acquisition from the forearm muscles is a component that allows the
interpretation of subtle nuances of wrist and finger movements to translate these phys-
iological signals into commands for interaction with Extended Reality (XR). A precise
and easy-to-calibrate system is required to obtain a satisfactory user-device interface,
particularly in contexts demanding high dexterity or for persons with motor impairment.

Together with the idea of SEMG-based intention decoding for VR applications, the
SEMG decoding system described in this Chapter aims to improve the decoding capa-
bilities, calibration times, and integration on a wearable device.

11.2 Methodology and Results

A medium-density (MD) EMG system prototype already existed at the start of SUN and
was compared during the project against a gold-standard clinical system, optimizing
deep networks to maximize decoding performance. The MD EMG system does not
require specific placement of electrodes by a trained person compared to the gold
standard one (Figure 11.1).

Clinical System Medm Densify EMG

Figure 11.1: (Left) Picture of the gold standard EMG system used (Noraxon desk DTS). (Right)
Picture of the Medium-Density EMG system. It consists of 64 monopolar electrodes placed
around the forearm of the user.
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Figure 11.2: R2 single-finger decoding performance for each degree of freedom when consid-
ering EMG sensor subsets

Higher performance was obtained with the prototype, as well as a higher general-
izability of the optimized deep model architectures. However, donning and doffing
of the system needed to be simplified, and the EMG acquisition system had to be
significantly miniaturized to improve wearability.

11.2.1 EMG Electrode Sleeve Improvements

In the process of improving the existing MD EMG system, we began by conducting
an offline analysis of the existing 64-channel sleeve to evaluate the contribution of
electrodes to the overall performance. Our analysis revealed that using only half of the
electrodes provided similar performance to the full set of 64 electrodes. As a result, we
decided to develop a new version of the system that utilizes just 32 electrodes. Various
electrode subsets and placement options were considered during this redesign process
(Figure 11.2). Ultimately, the simplest and most effective approach was to select the
32 most central electrodes (Figure 11.3).

The redesign also focused on reducing the setup time required for users to use the
MD EMG system. With half as many electrodes as before and with an improved elec-
trode layout, the setup process was significantly shortened, making the system much
easier and quicker to deploy. Importantly, these improvements have been made with-
out compromising the quality of the EMG signal decoding, ensuring that the streamlined
system retains the same high level of performance as the original 64-channel version.
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Figure 11.3: (Left) first prototype with 64 electrodes. (Right) second prototype with 32 elec-
trodes.

11.2.2 EMG Acquisition Hardware Improvements

As the EMG electrode sleeve evolved, the EMG acquisition hardware also experienced
several upgrades. From the clinical medium-density EMG system used in the early
stage of the project, we designed three versions of portable EMG acquisition device to
address the wearability issue of the clinical data acquisition system (Figure 11.4).

A wired prototype VO that samples 32 channels was implemented as a first step
toward miniaturization. After a performance benchmark, it was observed that proto-
type VO's signal-to-noise ratio was not enough to be used in a real-world scenario. We
thus started prototype V1 to improve the signal-to-noise ratio and test wireless com-
munication between the prototype and PC. Prototype V1 has adjustable gains from
1000X to more than 10000X. High common-mode rejection amplifiers and layout
optimizations were employed to improve noise immunity and reduce interference. An
onboard processor is added to simplify debug process and tests.

The latest and final version of the component, the EMG V3, is a 32-channel wire-
less EMG acquisition system. It features upgraded WiFi6é support for improved wireless
transmission efficiency and reduced latency, while preserving Bluetooth Low Energy
5.3. When connected to devices with WiFi6 support, the EMG V3 can achieve ro-
bust transmission even in congested radio frequency environments. The previously
proven successful time-multiplexed data acquisition architecture has been held in V3.
A dedicated electrophysiology amplifier is now integrated into the V3 for a higher
signal-to-noise ratio and up to 32-channel acquisition. The V3 has been integrated
with our latest second-generation 32-channel electrode sleeve that was optimized for
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Figure 11.4: Migration from a commercial EEG acquisition system to prototypes of portable
EMG acquisition devices. (Left) A clinical EEG acquisition system from gtec. (Second from the
Left) EMG VO, a 32-channel wired custom EMG acquisition board, designed for idea evaluation.
(Second from the Right) EMG V1, a 2-channel wireless EMG acquisition board, using time-
multiplexed sampling architecture. (Right) EMG V3, a standalone 32-channel wireless EMG
acquisition board, used in the final stage of the project.

Figure 11.5: A subject wearing EMG V3 while following a hand movement guide. The subject’s
EMG signals were displayed in realtime on the computer on the left.
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Figure 11.6: Experimental protocol and demographics of the patients and subjects recruited.
Figure adapted from [Ceradini et al. 2024], with permission. Original poster presented at the
Society for Neuroscience Annual Meeting, Chicago, United States.

comfort. The V3 acquisition system has been tested on more than 10 healthy subjects
(Figure 11.5) in classifier-based (5-hand pose) intention decoding.

11.2.3 Decoding Improvements

To further improve real-time decoding from forearm EMG signals, our team focused on
enhancing the precision of the calibration process and integrating new approaches for
more reliable kinematic detection. Previously, finger kinematics were recorded using
only two RGB cameras, with finger angles extracted using MediaPipe. However, Medi-
aPipes limitations in precision motivated us to explore alternative calibration strategies.
To address this, we have integrated Mocap gloves, which provide far more accurate
kinematic data and greatly improve the calibration process for EMG signals. This has
been successfully integrated with our real-time training procedure, allowing for more
reliable and precise EMG decoding.

In parallel, efforts have been made to reduce the computational cost of the model,
with a focus on making it portable and suitable for lightweight, embedded systems.
A new lightweight model was designed, significantly reducing the computational load
while retaining high performance. The model, which includes an attractor-based neural
network architecture with an encoder, attention layer, attractor network, and refinement
regressor, achieved improved performance while reducing the number of parameters
by 50 times compared to traditional models.

Accuracy wise, this new model achieved comparable performance compared to LSTM
[Avian et al. 2022] and deep CNN [Mendez et al. 2021] while being more than 50
times smaller. The reduced model was tested on a Raspberry Pi 5 combined with
a Google Coral TPU, which allowed us to further reduce the system's setup size and
make it feasible for portable applications. The combination of the lightweight model
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Figure 11.7: (Left) Offline classification accuracy on patients and healthy subjects. (Right)
correlation between the level of impairment of the patients and offline performance. Figure
adapted from [Ceradini et al. 2024], with permission. Original poster presented at the Society
for Neuroscience Annual Meeting, Chicago, United States.

and edge hardware demonstrated the system's capability to perform efficient decoding
while requiring minimal computational resources, making it ideal for wearable use. This
model, which was introduced in our recent conference paper at AICAS 2024 [Kalbasi
et al. 2024], offers an ideal balance of decoding accuracy, portability, and low power
consumption.

In summary, by incorporating kinematic gloves for enhanced calibration and reduc-
ing the model size, we have significantly improved the system’s real-time decoding
capabilities. These enhancements are paving the way for practical applications of EMG-
based control systems, particularly in the context of robotic prosthetic hands and other
assistive technologies aimed at restoring motor function for people with disabilities.

Gesture Decoding with Spinal Cord Injury Patients

In our efforts to evaluate gesture decoding in individuals with spinal cord injuries (SClI),
we conducted grasp classification tests involving six SCI patients and four healthy sub-
jects. Each participant completed 60 repetitions of 5 different movements, allowing
us to assess the system's robustness across varying conditions (Figure 11.6). The offline
results demonstrated high decoding performance, achieving an accuracy of approxi-
mately 90% in patients.

This high level of decoding performance suggests that our system is capable of
effectively interpreting EMG signals even in individuals with significant motor impair-
ments. Moreover, the results showed that the decoding accuracy was correlated with
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the functional level of each participant, which indicates that the system can adapt to
different degrees of motor impairment (Figure 11.7). This adaptability is crucial for tai-
loring assistive technologies to meet the needs of individual users, allowing for a more
personalized approach in rehabilitation or daily assistive devices.

The findings of this offline study provide a foundation for the development of the
system, particularly its potential application aimed at improving the quality of life of
individuals with SCI.

11.3 Conclusions

On the way to achieve highly accurate and robust user intention decoding for navi-
gating in VR, we developed and optimized our decoding system both in software and
hardware. Our non-invasive decoding system, after continuous improvements, have
evolved into a wearable form factor, with greatly reduced noise levels. The system
enables real-time, intuitive control of digital interfaces, prosthetics, and robotic sys-
tems. On the software side, as part of the decoding algorithm validation, we achieved
high decoding accuracy (approximately 90%) in subjects with SCI in offline decoding,
showing that our system can be used to "reconnect” people with motor disorders with
digital interfaces to promote social interaction. We imagine the future of our system
to be in an even smaller and multi-functional form. Therefore, future development
could further miniaturize the hardware footprint and integrate the currently external
decoder machine. Already within the SUN project, the technology was introduced and
validated in the Case Study "Extended Reality for People with Serious Mobility and
Verbal Communication Diseases” (Chapter 22).
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Abstract. The wearable-based postural assessment component processes mul-
timodal data from eight combined surface Electromyography (SEMG) and Inertial
Measurement Unit (IMU) sensors to classify and evaluate lower-limb rehabilitation
exercises in real time. A hierarchical deep learning model was developed to detect
common rehabilitation exercises (squat, knee extension, and gait) and to distin-
guish correct from incorrect execution by the wearer. Data segmentation, normal-
ization, and convolutional architectures were employed. Evaluation on a public
dataset (KneE-PAD) achieved an accuracy of 83.75%, while fine-tuning with addi-
tional healthy-subject data improved accuracy to 91.3%. To support deployment
in the SUN XR project, a real-time software application was developed compris-
ing two components, Collect and Posture. The system enables live data collection,
preprocessing, model inference, and feedback delivery, supporting continuous and
automated rehabilitation exercise assessment in the Extended Reality (XR) envi-
ronment.

12.1 Introduction

Lower-limb rehabilitation is an essential part of recovery after injury and surgery. It is
performed through a series of structured and intermittent exercises aimed at rebuilding
motor function, muscle strength, and joint stability. Accurate assessment of such exer-
cises is crucial in order to avoid potential injury that might hinder the healing process.

131



CHAPTER 12.  POSTURAL ASSESSMENT AND MONITORING OF BODY KINEMATICS

Rehabilitation exercises are guided and supervised by clinicians, while correctness is
assessed by visual inspection of the patient. Following in-person sessions in a hospital
or rehabilitation center, patients are prescribed similar activities to continue their ther-
apy at home for around three months, after which they will be reevaluated [Rejeski
et al. 1997]. This part of the process is not supervised by a clinician; therefore, patients
need to remain consistent to achieve their benefits [Jack et al. 2010]. To achieve this,
virtual assistants have been suggested to remotely monitor and encourage patients
via applications for Extended Reality (XR) [Sarri et al. 2024]. The majority of these
use Machine Learning (ML)-based virtual coaches that can evaluate a patient’s posture
while they are performing the exercises [Biebl et al. 2020].

Recent advances in wearable sensing technologies have emerged, allowing for new
possibilities for objective and continuous assessment of the recovery process [Garcia-
de-Villa et al. 2022; Nishiwaki et al. 2006; Diraneyya et al. 2021]. Surface electromyog-
raphy (sEMG) can track muscle activation patterns [Nishiwaki et al. 2006], while inertial
measurement units (IMUs) provide further information about limb orientation, accel-
eration, and angular velocity [Garcia-de-Villa et al. 2022]. Using this data with deep
learning methods may provide a deeper insight into the execution of exercises. How-
ever, this opportunity doesn't come without its challenges. Raw sEMG signals can vary
highly across individuals and are prone to signal noise and artifacts [Truong et al. 2023].
IMU signals, while more stable, are subject to drift over time, which can complicate
assessment on exercises with long duration [Trumble et al. 2017].

To address these challenges, we developed a wearable-based postural assessment
component that integrates eight SEMG and IMU channels to classify and evaluate
commonly prescribed lower-limb rehabilitation exercises.

The developed technology has been implemented and validated in the SUN project
Case Study: "Extended Reality for Rehabilitation” (Chapter 20)".

12.2 Methodology and Results

12.2.1 Data Acquisition and Preprocessing

This experiment was conducted utilizing the KneE-PAD (Knee Rehabilitation Exercises
for Postural Assessment Dataset) [Kasnesis et al. 2024], which we previously collected
and published. KneE-PAD contains sEMG and IMU recordings of lower-limb rehabil-
itation exercises, performed by patients who experienced clinically diagnosed knee
pathologies. The data were acquired from 31 participants, ranging from 18-68 years
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old in age, 152-200 cm in height, and 57-146 kg in weight. They executed three re-
habilitation exercises, which are squat, seated leg extensions, and simple gait, without
being provided direct supervision, thus emulating home-based rehabilitation conditions.
For each exercise, two common incorrect patterns were identified and labeled, yielding
nine distinct classes: three correct and six incorrect performance variants, described
below:

Squat (Correct): From a standing position, the participant performs a seated mo-
tion toward a chair, avoiding lateral deviation of the knees or hips, and returns
to standing upon lightly touching the chair;

Squat_WT (Wrong): Squat performed with body weight shifted predominantly
onto the healthy leg;

Squat_FL (Wrong): Squat performed while positioning the injured leg forward;

Extension (Correct): While seated, starting from 90° knee flexion, the healthy leg
remains stationary while the injured leg is extended in the sagittal plane until
reaching full extension;

Extension_NF (Wrong): Knee extension exercise performed without achieving the
full range of motion;

Extension_LL (Wrong): Knee extension performed while lifting the leg off the chair;

Gait (Correct): The participant rises from a chair (45-50 cm high, no armrests),
stands upright, walks freely for 3 m, turns, and returns to the starting position;

Gait_NF (Wrong): Walking performed without fully extending the knee of the
injured leg;

Gait_HA (Wrong): Walking performed with the injured leg fully extended at the
knee while abducting the hip.

In particular, a total of 2,086 files were collected, with each one having an approxi-
mate duration of 4.2s and containing around 87.75M sEMG and 61.94M IMU samples.

It should be noted that this study was approved by the Research Ethics Committee
of the University of West Attica (Approval No. 65417, 29/07/2023). Furthermore, all
participants provided written informed consent for their data to be collected, processed,
and published in accordance with the relevant regulations and the principles of the
Declaration of Helsinki.

As for the sensor configuration, eight Delsys Trigno Avanti wearable sensors [Delsys
avanti 2023] were employed. Each device integrates an sEMG module and a six-axis
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Figure 12.1: Placement of the eight Delsys Trigno Avanti sensors: 1—-4 on the right leg (rectus
femoris, hamstrings, tibialis anterior, gastrocnemius) and 5-8 on the left leg in the same order.
Figure adapted from [Kasnesis et al. 2025] licensed under CC-BY 4.0.

IMU comprising a triaxial accelerometer as well as a triaxial gyroscope. These sensors
are compact and lightweight, each sized 27 x 37 x 13 mm with a weight of 14 g, while
their battery can last up to 8 hours of use. On each leg, four sensors were placed, two
in front and two in the back, as illustrated in Figure 12.1. The muscle sites of interest
were the rectus femoris, hamstrings, tibialis anterior, and gastrocnemius. Moreover, we
configured the sEMG sensor at 1259.259 Hz as the sampling rate and the IMU sensor
at 148.148 Hz. The sEMG range is 11 millivolt (mV), having a bandwidth of 20-450 Hz,
the accelerometer range is + 2 g at a 24—470 Hz bandwidth and the gyroscope’s range
is 250 deg/s with a bandwidth of 24-360 Hz.

Before being used in the deep learning model, the raw sEMG signals were processed
to reduce motion artifacts and baseline drift by applying a second-order Butterworth
high-pass filter with a 50 Hz cut-off. Values exceeding 0.3 mV were clipped as artifacts.
IMU data were synchronized with the processed sEMG channels to form time-aligned
multimodal input. All recordings were segmented into 4-second windows to standard-
ize input length for deep learning. In addition, a sliding-window approach was used,
with a step size of 250 ms for static exercises (squats and extensions) and 500 ms
for gait, thus balancing temporal continuity with data augmentation.

The dataset, after segmentation, consisted of 4833 labeled samples (Squat: 840,
Squat_WT: 475, Squat_FL: 432, Extension: 404, Extension_NF: 318, Exten-
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Figure 12.2: The proposed HDL architecture for rehabilitation exercise assessment.

sion_LL: 480, Gait: 485, Gait_NF: 704, Gait_HA: 695). Each segment resulted in
an 8 x N matrix for the sEMG data, and a 48 x M matrix for the IMU data, where N
and M represent the sampling rates and window lengths, respectively. All files were
saved in NumPy (.npy) format, in order to be easily loaded and preprocessed within
the training pipeline.

12.2.2 Model Architecture

Utilizing existing research [Villa et al. 2024] and some experimentation, we developed a
Hierarchical Deep Learning (HDL) system for classifying and interpreting rehabilitation
exercises collected from multimodal wearable data. The HDL system is comprised
of five convolutional subnetworks connected in a hierarchy that first identifies which
exercise was performed and then evaluates whether it was performed correctly or
incorrectly.

This HDL system consists of five convolutional subnetworks arranged in a hierarchical
structure. The top level is a Human Activity Recognition (HAR) network that inputs the
48-channel IMU input and outputs a coarse classification between squat, extension,
or gait. This determination routes the example into one of three exercise-specific
branches, which are each specialized in evaluating the correctness of the assessment.
For gait assessment, both SEMG and IMU signals are used. For extension assessment,
only IMU channels are employed. For squat assessment, the branch is further divided:
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if the HAR output is squat, an IMU-based subnetwork first differentiates between
a correct squat and the Squat_FL variation. If classified as not Squat_FL, a second
subnetwork analyzes the sEMG channels alone to distinguish correct squats from the
Squat_WT variation. The overall hierarchical structure of the proposed HDL system is
illustrated in Figure 12.2.

Each of the five subnetworks has a similar architecture based on the convolutional
feature extraction. Each has 1D convolutional layers with a ReLU activation function,
max pooling and a dropout for normalization. Specifically, four convolutional blocks are
used to process the IMU inputs, five are used for sSEMG inputs due to more complex and
noisier patterns of muscle activations in sEMG inputs. When multimodal input (IMU
and sEMQ) is required as input, the features were extracted separately and then fused
together through modality-wise convolution before routing to the dense layers. The
final classification layers are fully connected, using softmax outputs for the respective
class. It's important to note that the subnetworks do not share weights, allowing each
of them to learn task-specific features. This hierarchical structure allows for the model
to use specialized networks for each exercise type while maintaining low latency and
high classification performance.

12.2.3 Training and Evaluation

All subnetworks of the proposed Hierarchical Deep Learning (HDL) architecture were
implemented and trained using supervised learning on the preprocessed KneE-PAD
segments. To identify optimal configurations, a random hyperparameter search was
conducted over convolutional kernel sizes, dropout rates, and learning rates prior to
the final training, using the Leave-One-Session-Out (LOSO) cross-validation (CV) tech-
nique. Thirty subjects were used as the training set and one subject was used as the
test set, repeating this process 31 times so that every subject was examined as a test
set. With this method, we validated the model's generalizability to unseen subject data.

The Adam optimizer [Kingma and Ba 2015] was used with an initial learning rate of
0.001. A batch size of 256 and a maximum of 100 epochs were employed, with early
stopping applied using a patience of 25 epochs to prevent overfitting. The weights
of the validation model that achieved the best accuracy were stored and used for
evaluation on the test set.

12.2.4 Results

The proposed HDL network achieved an accuracy of 83.75% and an Fi-score of
80.64%. The confusion matrix of the HDL network is shown in Figure 12.3. It is
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Figure 12.3: Confusion matrix of the proposed HDL network.

important to note that if the HAR network outputs an incorrect label, then the sample
is passed to an incorrect branch, as the true labels are not known during inference.
The confusion matrix shows that only three misclassifications occurred. This is benefi-
cial because the subsequent subnetworks evaluate one exercise type at a time rather
than all types concurrently, which would otherwise result in lower overall performance
(accuracy of 73.75% and an Fl-score of 65.82%). Lastly, the greatest classification
confusion occurs between Gait_NF and Gait_HA, which is less critical if all gait-related
errors are bundled as a single class.

12.2.5 Extra Evaluation

To further improve upon the aforementioned results, we created an additional evalua-
tion dataset consisting of three healthy participants, who completed 10 repetitions of
each exercise. When testing the original trained model on this new dataset, it achieved
just 48% accuracy. This was impacted not only by the algorithm's sensitivity, but also
by the fact that, by utilizing the LOSO technique, one of the 31 trained model versions
must be chosen. Thus, having a dedicated dataset for selecting the best-performing
version was deemed essential.

We fine-tuned the HDL system, which consists of the five subnetworks discussed in
Subsection 12.2.2, while employing the same classification pipeline. After fine-tuning
on each subnetwork, we then used the new dataset to find the best model version.
After this process, the new HDL model achieved an accuracy of 91.3% on the new
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Figure 12.4: The developed pipeline of services consisting of the Collect and the Posture project.
The former includes the data streaming module, the data preprocessing (segmentation), the
data postprocessing, and sends the messages to the OmniBrige. The latter consists of the
normalization function and the HDL network.

dataset, while maintaining the same performance on the KneE-PAD dataset, with only
a 0.83% drop in F1-score.

12.2.6 Software Application

A real-time postural assessment application was developed to evaluate the HDL model
in the Case Studies implementation of the presented methods. In particular, the de-
veloped desktop application applies the whole data (post/pre)processing pipeline and
communicates with the MQTT broker. It is fully dockerized and documented’, and is

Thttps://collect-thingenious-sun-75dfc78b8e799dad8a229fbab2ca44b424d055¢.gitlab.io/
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uploaded to SUN’s GitLab repository?*. Moreover, we used NVIDIA Triton inference
server® to deploy the HDL model that supports dynamic batching and streaming.

The developed pipeline is described in an abstract manner in Figure 12.4. As shown,
the app consists of two Docker apps, the Collect and the Posture. A script initializes
them using docker run. Afterwards, the Collect app connects to the base station using
Delsys SDK and waits until it is triggered by the AR device. When a start message
is received on the corresponding MQTT topic, it starts collecting data from sensors,
while when a stop message is received, it stops the data collection process. Afterwards,
when a batch of data is collected (4 secs), it sends it via gRPC protocol to get a
prediction from the HDL model, processes it, and publishes the prediction to a topic
in OmniBridge.

12.3 Conclusion

In this work, we presented a wearable-based postural assessment component designed
to objectively classify and evaluate lower-limb rehabilitation exercises in real time. By
integrating multimodal data from eight sSEMG and IMU sensors, we developed an HDL
system that leverages specialized convolutional subnetworks to first identify the per-
formed exercise and then assess its correctness.

The publicly available KneE-PAD dataset was used for extensive experimental eval-
uation of the HDL architecture. We achieved an accuracy of 83.75% and an F1-score
of 80.64%. Most errors were made within the same variants of exercises. Subsequent
fine-tuning with additional healthy-subject data further increased accuracy to 91.3%
while maintaining generalizability. We also implemented a real-time software system
comprising of two components, Collect and Posture, enabling live data collection, pre-
processing, and inference.

These findings demonstrate the potential of multimodal sensing and hierarchical
modeling to provide reliable, automated feedback during home-based rehabilitation,
minimizing the need for ongoing clinical oversight and supporting safe exercise perfor-
mance.

Zhttps://evia.in-two.com/sun/posture_data_collection
3https://evia.in-two.com/sun/posture_app
“https://developer.nvidia.com/triton-inference-server
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Abstract. This chapter describes the multimodal 3D pose estimation component
developed in the context of the SUN project. The multimodal 3D pose estimation
component is based on the development and fusion of two different unimodal
components, the sensor-based and the visual-based 3D pose estimation models.
The sensor-based component is based on a set of six Inertial Measurement Unit
(IMU) sensors using the TIP (Transformer Inertial Poser) architecture. The computer
vision model was developed by adopting MediaPipe's 3D Body Landmarker to ana-
lyze color video recordings and extract 3D human joint positions. The MediaPipe's
output was enriched in order to also extract bone rotations, using a neural network
approach. Finally, the fusion of the sensor-based and vision-based model outputs
is based on a hybrid LSTM-Random Forest network to capture the temporal charac-
teristics of body poses. The multimodal 3D pose estimation and the vision-based
3D pose estimation components have been deployed in the SUN project lower
limb and upper limb rehabilitation scenario, respectively.

13.1 Introduction

The capturing and monitoring of human motions are of increasing interest in a variety of
applications, including, among others, Virtual Reality (VR) [Mehta et al. 2017], Human-
Computer Interaction (HCI) [Huo et al. 2023], entertainment [Zhang et al. 2015] and
healthcare [Xu et al. 2022]. The recent advancements in computer vision and iner-
tial sensing enable effective human pose estimation in less controlled environments,
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eliminating setup constraints and reducing the burden of specialized equipment that
restricts free movement.

Concerning computer vision methods, modern pipelines typically detect 2D joint
keypoints with high-resolution CNNs (e.g., OpenPose [Martinez 2019]) and then “lift”
those detections into 3D using either temporal models (e.g., VideoPose3D [Pavllo et
al. 2019]) or graph-based networks (e.g., GraphCMR [Kolotouros et al. 2019]). Real-
time single-RGB approaches like VNect demonstrated early interactive performance,
while on-device frameworks such as Google's MediaPipe Body Landmarker' now offer
lightweight, efficient 3D inference for both desktop and mobile platforms.

In parallel, wearable-based pose estimation has advanced significantly. Early ap-
proaches such as the Sparse Inertial Poser (SIP) [Marcard et al. 2017] demonstrated
that full-body joint angles can be reconstructed from as few as six Inertial Measurement
Units (IMUs) by optimizing recorded signals offline without motion priors. Subsequent
methods, such as Deep Inertial Poser (DIP) [Huang et al. 2018], used bidirectional
recurrent networks that were trained on huge synthetic datasets like AMASS [Mah-
mood et al. 2019], and were able to provide low-latency online estimation. Recent
methods like TransPose [Yi et al. 2021], Physical Inertial Poser [Yi et al. 2022], and
Transformer Inertial Poser (TIP) [Jiang et al. 2022], utilized Transformer-based architec-
tures and incorporated sensible physical constraints, leveraging kinematics or analytical
methods [Jiang et al. 2022], to reduce drift and provide low mean joint errors while
still maintaining sufficient real-time performance. These developments have led to
sparse IMU configurations being a lightweight alternative compared to more compli-
cated multi-sensor methods.

Both computer vision and inertial sensor-based solutions face difficulties that are
based on their characteristics. Vision-based solutions demand a complex human model
[Von Marcard et al. 2017] and are prone to occlusions. On the other hand, inertial
sensor approaches lack positional information and suffer from drift over even short time
periods. The fusion of the two modalities can overcome these limitations by effectively
and robustly combining visual-based and inertial sensor-based results, ensuring high
levels of accuracy in real-time human pose estimation. Works like [Trumble et al. 2017]
and [Huang et al. 2020] proposed methods based on deep learning networks, which
can learn the unique characteristics of each modality.

In the context of the SUN project, the multimodal 3D pose estimation is a key
component of the lower limb rehabilitation scenario. The component is responsible
for capturing and estimating the patient’s joint movements in real-time and forwarding
the estimations to the avatar design component.

Thttps://ai.google.dev/edge/mediapipe/solutions/vision/pose_landmarker
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13.2 Methodology and Results

The current section presents detailed methods and results for the unimodal sensor-
based and vision-based pose estimation components, as well as the multimodal fusion
component, in the context of 3D human pose estimation.

13.2.1 Sensor-Based Pose Estimation

The sensor-based approach utilizes six IMUs affixed to the participant’s head, waist and
four limb positions. In this study, the adopted framework is TIP [Jiang et al. 2022].
This system integrates a learning-driven Transformer-decoder architecture [Radford et
al. 2018] with an analytical drift-compensation mechanism. The Transformer network
infers full-body joint angles, three-dimensional coordinates, root velocity and Stationary
Body Points (SBPs) from the orientation and acceleration signals provided by the IMUs.
Concurrently, the drift-stabilization module refines these output online by leveraging
SBPs to enhance motion fidelity and mitigate cumulative error over time.

TIP is trained on selected subsets of the AMASS repository [Mahmood et al. 2019],
adapted to the SMPL-H model [Loper et al. 2023]. As AMASS does not include genuine
IMU recordings, synthetic inertial data are generated following the procedure outlined
in DIP [Huang et al. 2018]. The model receives as input calibrated orientation and
acceleration streams, processed through smoothing and integration, collected from
IMUs placed at the waist, wrists, knees and head. The network predicts 18 SMPL-
defined joint angles (excluding fingers, wrists, and toes), the root’s linear velocity, and
SBP coordinates. A temporal window of size 39 frames is employed, with the root
orientation derived directly from the waist IMU.

The Transformer Motion Estimator (TME) is implemented as a conditional Trans-
former decoder [Radford et al. 2018]. During training, the TME processes sequences
of IMU measurements alongside its own previous predictions shifted by one timestep.
These concatenated inputs are projected through a linear layer before being passed
to four sequential Transformer blocks. Each block consists of a multi-head attention
mechanism and a feedforward sub-network, connected through residual pathways and
followed by layer normalization. The resulting embeddings are then summarized by a
unidirectional recurrent layer with hyperbolic tangent activation. A final linear layer pro-
duces the estimated joint angles, root velocity, and SBPs. The network is trained with
standard metrics, which include mean squared error for the joint angles, root velocity,
and SBP coordinates, and binary cross-entropy for SBP activation flags. Predicted SBPs
are iteratively fed back into the input history for subsequent steps.
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Upon generation of these predictions, the drift-compensation module applies online
corrections to both root motion and joint angles. SBP predictions serve as constraints
to adjust root velocity, ensuring horizontal motion stability. For joint-angle refinement,
when two SBPs remain consistently active across successive frames, a two-bone inverse
kinematics (IK) [Holden et al. 2020] method is employed to preserve their spatial
relationship, while respecting the TME's dependence on prior output. The corrected
joint angles are then incorporated back into the historical buffer for future inference. It
should be noted that this module employs a minimal version of TIP without its terrain-
generation module. Since the TotalCapture dataset was used for evaluation, which does
not involve uneven ground, this component is unnecessary and its omission does not
affect the models predictions, as it is intended solely for visualization purposes.

13.2.2 Vision-Based Pose Estimation

In the SUN project, vision-based pose estimation is used in the Case Study "Extended
Reality for Rehabilitation” (Chapter 20) for both the upper and lower limb use cases. In
order to address the specific needs of each use case, two modules were created: one
targeting upper-limb movements and one for the lower-limb exercises. For the upper
limb use case, the module calculates arms’ and elbows' angles and checks the body’s
posture (e.g., if there is a torso leaning, if shoulders are higher than normal), providing
feedback to the system to ensure correct posture of the patient during the execution of
specific movements. The module implemented for the lower limb use case estimates
the users full-body 3D pose using RGB input in real-time, while it also maps the
detected human body landmarks on 3D human avatars inside the Extended Reality
(XR) environment. Its output is sent directly to the multimodal fusion component,
where computer vision and IMU results are combined for the final mapping of user
movements to a 3D avatar in the XR environment. For both vision-based modules,
input is received from an external RGB camera, and MediaPipe's 3D Body Landmarker?
is used.

It is worth noting that during the SUN project’s research phase, a method to en-
rich MediaPipe's output was developed, which was presented in the IMX Workshop in
Stockholm in June 2024 [Poulios et al. 2024]. The purpose of the proposed method is
twofold. Firstly, to eliminate MediaPipe's pose estimation errors, primarily on depth es-
timation. Secondly, to enrich MediaPipe's output with extra information to include the
longitudinal bones’ rotations. To achieve both of our goals, we used the TotalCapture
dataset to train two different neural networks, shown in Figure 13.1 and Figure 13.2.

Zhttps://ai.google.dev/edge/mediapipe/solutions/vision/pose_landmarker
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Figure 13.2: Bones' rotation information enrichment network architecture.

13.2.3 Multimodal Pose Estimation

As mentioned in the Section 13.1, the challenges that computer vision and inertial
sensing solutions face can be addressed by their multimodal fusion. Therefore, a mul-
timodal fusion module for pose estimation is designed in order to merge results from
the visual-based and sensor-based pose estimation modules. MediaPipe’s 3D landmark
position estimations and TIP’s 3D joint position predictions can serve as input to the
developed multimodal fusion architecture. The multimodal fusion scheme is based on
a decision-level fusion approach, where the results from both unimodal components
are fused into a unified 3D joint position estimation.

The multimodal fusion module is based on a hybrid architecture, combining a deep
learning network architecture with a machine learning regression model as the final
output layer. Regarding the deep learning network architecture, a Long Short Term
Memory (LSTM) based network was selected in order to exploit the temporal charac-
teristics of the 3D human poses. The LSTM network consists of an LSTM cell with
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Figure 13.3: The hybrid LSTM-RF network architecture. Figure adapted from [Xefteris et al.
2025], licensed under CC-BY 4.0.

Table 13.1: Mean per joint position error results of the unimodal and multimodal components
on the TotalCapture public dataset.

Method | MPJPE (cm)
Unimodal analysis results

Visual sensors - MediaPipe 15.21

Inertial sensors - TIP 5.48
Multimodal analysis results

LSTM-RF hybrid network 121

176 units and a look back of 5 frames, followed by two dense layers with 65 and 50
neurons, respectively.

The last layer of the hybrid network is a Random Forest (RF) regressor. The RF model
is based on multiple decision trees with their individual outputs been averaged in order
to produce the final model’s output. The ensemble nature of RF is able to improve
generalization and smooth out noise.

The full architecture of the hybrid LSTM-RF network can be seen in Figure 13.3. The
results of the current configuration and the unimodal components on the TotalCap-
ture public dataset can be seen in Table 13.1. From the Table, it can be seen that the
multimodal fusion architecture improves the overall performance of the unimodal com-
ponents by leveraging their unique characteristics, achieving a mean per joint position
error of 1.21 cm. The presented methodology, including both the unimodal components
and the hybrid LSTM-RF multimodal fusion, is also presented in [Xefteris et al. 2025].
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13.3 Conclusions

The current chapter describes the whole multimodal 3D pose estimation process of
the SUN project. The framework includes two unimodal components, namely the
sensor-based component and the vision-based component, and a multimodal fusion
component, responsible for fusing the outcomes of the unimodal components into
a unified outcome. The sensor-based component employs six IMUs, utilizing the TIP
architecture to estimate full-body joint angles, root velocity, and SBPs, with analytical
drift compensation for improved stability of pose estimation over time. The computer
vision-based component captures input from an RGB camera and adapts MediaPip€’s
3D Body Landmarker to detect body landmarks and estimate their positions. The Me-
diaPipe’s outcome was further processed to eliminate errors due to camera positioning
and depth estimation, and enriched to include also longitudinal bones’ rotations. The
multimodal fusion component is based on a hybrid machine learning and deep learn-
ing architecture, combining an LSTM-based network with a Random Forest regression
algorithm as the final network layer, thereby exploiting the complementary strengths
of both deep learning and machine learning models. The framework is designed to
operate in a minimal setup, using a single camera and six IMU sensors. The designed
system leverages the distinct but reinforcing aspects of inertial sensing and computer
vision, thus improving the unimodal performance through the multimodal fusion of
sensor and visual modalities.
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Abstract. With the increasing development of XR applications in various fields,
egocentric gesture recognition is increasingly used for easy and fast human-
computer communication. In the SUN project, we created a dual-stage hand ges-
ture recognition component that uses input from the HoloLens 2 Extended Real-
ity (XR) headset. It leverages static and dynamic neural-network models to de-
tect “Thumbs Up’, “Thumbs Down” custom static gestures, as well as "Two Moving
Fingers” dynamic gesture, and translate them into corresponding commands. Ini-
tially, we collected HoloLens 2 data and trained the models for both hands. Then,
we built the component, which combines the static and dynamic models. Once
the static model recognizes a static "Two Fingers" gesture, the hand-joint data is
buffered from the device. The buffering is terminated when the palm displace-
ment exceeds a predefined threshold (e.g., 0.25m) in the proper direction (right-
ward for the right hand, leftward for the left) or after 1.2 seconds to prevent hangs.
Buffered sequences are linearly resampled to a fixed length (1 sec) and then fed
to the dynamic model. Users can choose to use the right or left hand for gesture
input. The overall accuracy of the component is above 90%.

14.1 Introduction

Egocentric hand gesture recognition using wearable cameras—including RGB, infrared
(IR), and depth sensors embedded in XR headsets—has emerged as a critical technology
for natural human-computer interaction in immersive environments. These camera
systems provide a rich multimodal input stream from the user’s perspective, enabling
gesture interpretation in real time. While RGB-only systems rely on visual appearance,
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depth and IR sensors enhance robustness by providing geometric and motion cues,
even under challenging lighting.

Recent methods have incorporated transformer-based architectures such as TimeS-
former [Bertasius et al. 2021] to capture long-range dependencies across video frames
more effectively than traditional Convolution Neural Networks (CNNs). To handle self-
occlusions and hand variations, researchers have developed multimodal fusion net-
works that combine RGB, depth, and 3D skeleton features. In particular, Graph Convo-
lutional Networks (GCNs) [Li et al. 2019] are used to model the spatiotemporal relation-
ships of tracked hand joints derived from depth/IR input. Attention mechanisms [Chen
et al. 2020] further improve accuracy by dynamically weighting important spatial and
temporal regions. Real-time performance is achieved through lightweight models such
as MobileNetV2 [Sandler et al. 2018], enabling deployment on XR headsets.

Public datasets such as EgoGesture [Zhang et al. 2018], First-Person Hand Action
(FPHA) [Garcia-Hernando et al. 2018], and H20 [Kwon et al. 2021] include synchro-
nized RGB-D(-IR) streams and annotated gestures, fostering the development of mod-
els tailored for egocentric input. Deep learning approaches such as 13D [Carreira and
Zisserman 2017] and CNN-RNN hybrids are widely used to learn spatiotemporal fea-
tures from these video streams.

Egocentric hand gesture recognition is increasingly used to enable natural and intu-
itive interaction in various domains, particularly within XR wearable systems and assis-
tive applications. Typical use cases include hands-free control of virtual elements, such
as selecting, manipulating, or navigating digital content within immersive environments.
In remote assistance and training scenarios, gestures captured from a first-person view
enhance task demonstration and user guidance. This technology is also valuable in
industrial and clinical settings, where users can interact with digital interfaces while
keeping their hands occupied. Furthermore, egocentric gesture recognition supports
sign language recognition, rehabilitation monitoring, and context-aware user interfaces,
enabling systems to adapt based on the user’s real-time actions and environment.

In the context of the SUN project, the hand gesture recognition component extends
interaction capabilities by interpreting hand gestures on the HoloLens 2 XR headset,
as described in the following sections. The methods have been implemented and vali-
dated in the SUN project Case Study "Extended Reality for Safety and Social Interaction
at Work” (Chapter 21).
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() (b)

Figure 14.1: The two static gestures (a) “Thumbs Up” for “Accept” and (b) “Thumbs Down” for
“Reject” are shown in the figure.

Figure 14.2: Key frames of the “Moving Two Fingers” dynamic gesture for the “Next” command.

14.2 Methodology and Results

The purpose of SUN's hand gesture recognition component is to recognize selected
hand gestures of people who use the HoloLens 2 XR headset to ease human-computer
interaction during the Pilot "Extended Reality for Safety and Social Interaction at Work”.
The HoloLens 2 tracks hand keypoints using a dedicated Time-of-Flight (ToF) depth
sensor combined with IR cameras, processed onboard to deliver detailed, two-handed
articulated hand models in real time. It can detect a set of default gestures that users
perform to interact with the device (e.g., button clicks, selecting holographic items, etc.).
However, the SUN’s component detects a set of custom gestures, two static and one
dynamic, that are not included in the default set of HoloLens 2 to help users perform

some tasks more easily.

Within the framework of the SUN project, we selected the following gestures and
their corresponding commands:

“Thumbs Up” for “Accept” (see Figure 14.1a)
“Thumbs Down” for “Reject” (see Figure 14.1b)

“Moving Two Fingers” for “Next” (see Figure 14.2)

For the development of the SUN hand gesture recognition component, we followed
the steps described below. Initially, we collected HoloLens 2 hand joints data, which
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we labeled using a Unity application we created, in order to train our hand gesture
recognition models for both hands (right and left). Next, we trained two deep learning
neural networks for each hand: one for the static hand gestures and another for the
dynamic gestures. The static model is designed to recognize the gestures “Thumbs Up;
“Thumbs Down,” and the static “Two Fingers” pose, while the dynamic model supports
the “Moving Two Fingers” and “Random” dynamic gestures.

We subsequently constructed the SUN hand gesture component by merging the
two models into a unified system. When the component is initiated, the static model
is activated first. Once the static “Two Fingers” gesture is detected, the palm's initial
position is recorded, and the buffering of per-frame features begins at a rate of 60Hz.
To determine the appropriate moment to stop buffering hand joint data, we evaluate
the palm displacement at each frame, calculated as A = current position - start position.
If the magnitude of A exceeds a predefined threshold (e.g., 0.25m) and the movement
direction matches the expected one (rightward for the right hand, leftward for the left
hand), buffering is stopped immediately. If the user never crosses the displacement
threshold (e.g., due to hand drifting), buffering is automatically canceled after a prede-
fined maximum duration (1.2 seconds) to prevent the system from hanging. At that
point, we have a sequence of N buffered frames, where N may be slightly shorter
or longer than the maximum allowed sequence length. To standardize input to the
model, we apply linear interpolation across each feature dimension to resample the
sequence to a fixed length that corresponds to a duration of 1 second. As a result,
the dynamic model always receives a consistent 59-frame representation. Moreover,
we implemented a simple temporal smoothing mechanism so that the component
only outputs “Accept” or “Reject’, if the corresponding static-gesture predictions persist
for several consecutive frames, rather than flickering on every single detection. This
enhances the reliability of the component. In Figure 14.3, a simplified diagram of the
component is shown. The following sections outline the processes of data collection,
training, and validation, along with the resulting experimental findings.
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Figure 14.3: Simplified diagram of the hand gesture recognition component.

154



CHAPTER 14. HAND GESTURE RECOGNITION

14.2.1 Data Collection and Preparation

Data Collection HololLens 2 detects 26 hand joints per hand using its Time-of-Flight
(ToF) depth sensor in combination with infrared (IR) cameras. For each joint, it provides
both position and rotation information in 3D space. In our development setup, we use
the Unity game engine, where the hand joint data can be accessed via Microsoft's Mixed
Reality Toolkit (MRTK)'. To collect training data, we created a custom Unity application
that captures and labels the hand joints tracked by HoloLens 2. For the static hand
gesture recognition model, we collected data for four gesture categories: “Thumbs Up”,
“Thumbs Down”, “Two Fingers”, and “No Gesture” (representing any other hand posture).
For the dynamic gesture recognition model, we recorded one-second sequences for
two gesture categories: “Dynamic Two Fingers” and “Random”. Data collection was
carried out for both hands (right and left).

Concerning static data collection, the number of instances per class for each hand
is presented in Table 14.1.

Table 14.1: Number of static data instances collected for each hand per gesture.

Gesture Right  Left
No Gesture 5784 5764
Thumbs Up 5887 5700

Thumbs Down 5806 5691
Static Two Fingers 5774 5795

The number of instances per dynamic gesture for each hand dataset is shown in
Table 14.2. Each instance corresponds to a dynamic gesture of one second duration.

Table 14.2: Number of dynamic data instances collected for each hand per gesture.

Gesture Right Left

Random 228 321
Moving Two Fingers 182 198

Data Preparation In our models, we do not use the absolute 3D positions of the 26
hand joints, as these can vary significantly depending on the hand’s location in space.

"Thttps://learn.microsoft.com/en-us/windows/mixed-reality/mrtk-unity/mrtk2/?view=
mrtkunity-2022-05

155


https://learn.microsoft.com/en-us/windows/mixed-reality/mrtk-unity/mrtk2/?view=mrtkunity-2022-05
https://learn.microsoft.com/en-us/windows/mixed-reality/mrtk-unity/mrtk2/?view=mrtkunity-2022-05

CHAPTER 14. HAND GESTURE RECOGNITION

For example, performing the same gesture at chest level versus eye level results in
substantially different XYZ coordinates for each joint, despite the hand shape being
identical. This variability can hinder effective model training. To address this, we calcu-
late the distance of each joint from the palm root, eliminating the influence of global
hand position and allowing the model to focus solely on the hand’s shape. Additionally,
we use the raw quaternion values (x, y, z, w) for all 26 joints as provided by HoloLens
2. As a result, each input feature vector per frame comprises 25 distance values and
26 quaternions, forming a 129-dimensional vector.

14.2.2 Models’ Training and Evaluation Results

In this section, we present the evaluation metrics used for assessing the SUN hand
gesture recognition component, along with the training procedure of the models and
the corresponding evaluation results.

Evaluation Metrics

Accuracy is the proportion of all correct predictions (both true positives and true
negatives) out of the total number of cases;

Precision is the proportion of instances labeled positive by the model that are
truly positive, reflecting how accurate its positive predictions are;

Recall is the proportion of true positive cases that the model successfully identi-
fied, indicating how thoroughly it captures all actual positives;

F1-Score is the harmonic mean of precision and recall, balancing the two into a
single metric (high only when both precision and recall are high)

Static Model Training and Results

The static hand gesture recognition model was trained on a balanced dataset of four
hand gesture classes (“NoGesture”, “ThumbsUp’, “ThumbsDown’, and “TwoFingers”),
each represented by a sequence of 129-dimensional feature vectors. These features
combine 25 palm-root distances with 104 joint-orientation values (quaternion values
of the 26 hand joints), all extracted from raw HoloLens 2 hand-tracking output. To
ensure uniform class representation, we first loaded the training data, determined the
smallest class size, and then truncated each class's data to that minimum. The resulting
matrix was shuffled and split into input (x) and one-hot labels (y) before fitting a se-
quential Keras model with four dense layers (129—116—64—4 neurons), each followed

by dropout (20%), and a final softmax output.
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The static model was trained for 10 epochs using the Adam optimizer and categorical
cross-entropy loss, with 20% of the data held out for validation during training.

Tables 14.3 and 14.4 present the results of the static hand gesture models for the
right and left hand, respectively, in terms of precision, recall, and F1-score per class on
test data. The column “Number of Gestures” presents the number of static gestures
used for testing per class. The overall accuracy of the trained static model for the right
hand is 93.04% and for the left hand 97.37%.

Table 14.3: Per-class precision, recall, Fi-score, per-class and overall accuracy (93.04%) of the
static hand gesture model on test data for the right hand.

Class Number of Gestures Precision Recall F1-score  Accuracy
NoGesture 1153 9298% 78.06% 84.87%  78.06%
ThumbsUp 156 91.19% 95.85%  93.46% 9585 %
ThumbsDown 142 99.91% 100.00% 99.96 % 100.00 %
TwoFingers 136 88.50% 98.24%  9312% 9824 %
Overall 4587 — — — 93.04%

Table 14.4: Per-class precision, recall, F1-score, per-class and overall accuracy (97.37%) of the
static hand gesture model on test data for the left hand.

Class Number of Gestures Precision  Recall ~ Fl-score  Accuracy
NoGesture 165 93.28% 96.48% 9485% 96.48 %
ThumbsUp 165 99.15%  100% 99.57 % 100.00 %
ThumbsDown 170 99.19% 9479% 9694 % 9479 %
TwoFingers 1129 98.05% 98.23% 9814% 9823 %
Overall 4629 - - - 97.37%

Dynamic Model Training and Results:

The dynamic gesture recognition model supports two classes (“TwoFingers” and “Ran-
dom”). It feeds each 129-dimension frame through two stacked TimeDistributed
ConviD blocks (64 filters, kernel size 3, each with BatchNorm + ReLU), then glob-
ally pools across the feature axis to get a (Tx64) tensor. This is flattened into a single
vector per sequence, passed through two small Dense + Dropout layers (128 —64), and
finally a 2-way softmax classifier.

Training was carried out for 18 epochs using the Adam optimizer and categorical
cross-entropy loss, with 20% of the data held for validation during training.
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Tables 14.5 and 14.6 present the results of the dynamic hand gesture models for the
right and left hand, respectively, in terms of precision, recall and F1-score per class on
test data. The column “Number of Gestures” presents the number of dynamic gestures
of one-second duration used for testing per class. The overall accuracy of the dynamic
models is 91.84% for the right hand and 90.00% for the left hand.

Table 14.5: Per-class precision, recall, F1-score, per-class and overall accuracy (91.84%) of the
dynamic hand gesture model on test data for the right hand.

Class Number of Gestures  Precision Recall F1-score  Accuracy
Random 61 100.00% 86.89% 92.98% 91.84%
Two Fingers 37 82.22% 100.00% 90.24% 91.84%
Overall 98 - - — 91.84%

Table 14.6: Per-class precision, recall, F1-score, per-class and overall accuracy (90.00%) of
the dynamic hand gesture model on test data for the left hand.

Class Number of Gestures Precision  Recall  Fl-score Accuracy
Random 10 96.12% 90.00% 92.96% 90.00%
Two Fingers 40 76.60% 90.00% 82.76% 90.00%
Overall 150 - - - 90.00%

For all models, throughout training, we monitored both the training and validation
loss curves to avoid overfitting; in our runs, losses decreased steadily, confirming that
the networks were learning robust gesture representations without diverging. The best-
performing weights for each network were exported both as an HDF5 model file and
converted to ONNX for later inference in Unity.

Evaluation results of the full component: For the evaluation of the whole component,
which combines the two hand gesture recognition models as shown in Figure 14.3, we
used the labeled data of the three selected gestures (“Thumbs Up", “Thumbs Down”
and “Moving Two Fingers’), as well as a “Random” category for any other gesture. The
results are presented in Table 14.7 for the right hand and in Table 14.8 for the left hand.
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Table 14.7: Per-class precision, recall, F1-score, per-class and overall accuracy (97.55%) of the
hand gesture component on test data for the right hand.

Class Number of Gestures Precision Recall Fl-score  Accuracy
Random 130 9740 %  92.74% 95.01% 92.74%
Accept 1107 97.92%  9792%  97.92%  97.92%
Reject 132 98.95%  9956%  99.25%  99.55%
Next 37 4405% 100.00% 6116% 100.00%
Overall 3406 - - - 97.55%

Table 14.8: Per-class precision, recall, Fi1-score, per-class and overall accuracy (94.55%) of the
hand gesture component on test data for the left hand.

Class Number of Gestures Precision  Recall  Fl-score Accuracy
Random 178 95.85%  9211%  93.94% 9210%
Accept m3 99.08% 97.04% 98.05% 97.03%
Reject 104 9530% 99.09% 97.16%  99.09%
Next 40 5538% 90.00% 68.57% 90.00%
Overall 3435 - - - 94.55%

14.3 Conclusions

As part of the SUN project, we developed a robust egocentric hand gesture recogni-
tion component leveraging hand joint data from the HoloLens 2 to facilitate intuitive
interaction within immersive environments. The system integrates two deep learning
models, one for static gesture recognition and another for dynamic gestures—designed
specifically to meet the project’s requirements. For a more robust component, we im-
plemented a buffering mechanism based on displacement thresholds and time limits,
followed by linear interpolation to normalize input sequences to a fixed length (1 sec-
ond). Additionally, we incorporated a temporal smoothing strategy to stabilize output
predictions of the static model, reducing flickering and improving the overall reliabil-
ity of the system. Future work will expand the gestures' set to cover more complex
hand and wrist motions and improve model accuracy through augmented datasets
and advanced architectures like transformers. Another plan is to optimize on-device
inference and reduce latency for smoother, lower-power operation on next-generation
XR headsets.
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Abstract. This chapter describes the multimodal emotion recognition developed
in the context of the SUN project. The multimodal emotion recognition is based on
the development and fusion of two different unimodal components, the sensor-
based and the visual-based emotion recognition models. The sensor-based com-
ponent is based on physiological data from an EmotiBit wearable device, using a
typical machine learning process. The computer vision model was developed by
adopting the MobileNetV2 architecture. In order to simulate the use of a VR mask,
the publicly available AffectNet dataset was modified, masking the subjects’ eyes.
The multimodal fusion is based on a decision-level approach, fusing the outputs
of the unimodal components. For the training of the sensor-based component, a
data collection was performed to acquire annotated data using an EmotiBit wear-
able device. During the same data collection protocol, facial expression videos of
the users were also captured, obtaining synchronized sensor and visual data that
were used for the training of the multimodal fusion component. The multimodal
emotion recognition component and the sensor-based emotion recognition com-
ponent are used in the SUN projet Case Study "Extended Reality for Rehabilitation”
and "Extended Reality for People with Serious Mobility and Verbal Communication
Diseases” respectively.
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15.1 Introduction

Emotion recognition is the process of predicting, analyzing, and processing human emo-
tions by utilizing different types of multimodal data, including facial expressions and
physiological responses. Emotion recognition from facial features in Extended Reality
(XR) environments presents unique challenges due to the partial occlusion caused by
head-mounted displays, which obscure most of the upper face, including the eyes and
forehead regions critical for affective expression. Traditional computer vision models
trained on fully visible faces tend to underperform in this context. Recent research
has focused on adapting or retraining deep learning architectures (e.g., Convolutional
Neural Networks (CNNs), MobileNet, or ResNet variants) using occluded or synthetic
datasets to improve robustness under limited visual input [Li et al. 2018]. Techniques
such as data augmentation with artificial occlusion, facial landmark estimation under
occlusion, and multimodal fusion (e.g., combining facial features with body posture,
speech or physiological signals) have shown promising results [Casas-Ortiz et al. 2024].
Lightweight models (e.g., MobileNetV2 [Sandler et al. 2018]) combined with real-time
face tracking (e.g., via MediaPipe ' or OpenFace ?) are increasingly used to maintain per-
formance in embedded XR systems. However, accurately recognizing emotions from
the lower face alone—primarily mouth and jaw movements—remains an open research
problem, especially for subtle expressions and valence/arousal estimation.

The nature of emotions as physiological reactions to different stimuli has led to the
extensive use of physiological sensors in the field of emotion recognition. Among the
most common physiological signals used for emotion recognition are electrodermal
activity (EDA), photoplethysmography (PPG), electrocardiograph (ECG), and electroen-
cephalography (EEG) [Egger et al. 2019]. The complex nature of emotions and the
way they are depicted on physiological signals have led to the emergence of solutions
that utilize a combination of multiple physiological signals, taking advantage of their
complementary nature [Xefteris et al. 2022].

The complementary nature of facial expressions and physiological signals has been
revealed through multimodal fusion solutions. Multimodal solutions that fuse physiolog-
ical signals and facial expressions using machine learning [Moin et al. 2023] and deep
learning [Jung, Sejnowski, et al. 2019] have shown the superiority of fusing both modal-
ities rather than utilizing only unimodal data. Such solutions can improve unimodal
components performance and also deal with the problems from each component, like
the occlusion problems of computer vision solutions.

"Thttps://mediapipe.readthedocs.io/en/latest/solutions/face_detection.html
2https://github.com/TadasBaltrusaitis/OpenFace
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In the context of the SUN project, the multimodal emotion recognition is a compo-
nent implemented in the Case Study "Extended Reality for Rehabilitation” (Chapter 20),
while the sensor-based emotion recognition is a component used in the Case Study
"Extended Reality for People with Serious Mobility and Verbal Communication Dis-
eases” (Chapter 22). The components are responsible for capturing and estimating the
participants’ emotional states while they perform different actions in the context of
each Case Study.

15.2 Methodology and Results

The current section provides a description of the approach, experiments, and findings
regarding the multimodal fusion process of emotion recognition of the SUN project.

15.2.1 Emotion Identification Based on Facial expressions

SUN’s visual-based emotion recognition component estimates users’ emotional states
in real time by analyzing visible facial features captured from an external RGB camera.
This component is used in the SUN Case Study "Extended Reality for Rehabilitation”
(Chapter 20). Its aim is to provide additional emotional information to the multimodal
system, offering insight into how users feel while performing physical exercises. The
presence of the XR headset introduces a significant challenge, as it partially occludes
the upper part of the face, limiting the available visual information. To address this,
the component is built so that it exploits only the lower part of the face to extract
the emotion information. Its output is subsequently sent to the multimodal emotion
recognition module, as illustrated in Figure 15.1. The ultimate goal is to support the
dynamic adaptation of the XR experience to better accommodate each user's emotional
and physical state.

Visual-based emotionandior _y H Multimodal !
Emotion Recognition valence /arousa » Emotion Recognition !
’ '

'

<3

external
RGE camera

Figure 15.1: Visual-based emotion recognition diagram.
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happy neutral disgust

Figure 15.2: Example images from both the original and masked AffectNet dataset.

Dataset: More specifically, in order to train the emotion identification models used in
this component, we created a masked version of the AffectNet dataset [Mollahosseini
et al. 2017] to simulate XR occlusion. AffectNet contains about 1M facial images each
one labeled with one of 8 emotional states (neutral, happy, angry, sad, fear, surprise,
disgust, contempt) along with the intensity of valence and arousal (values between -1
and 1). With the help of the MaskTheFace® GitHub project, which was adapted to our
needs, we masked the upper face of the original AffectNet images. Figure 15.2 presents
some example masked images.

Training of the Models

We trained the MobileNetV2 architecture [Sandler et al. 2018] on the masked AffectNet
dataset. We adapted the output layers of the MobileNetV2 and tested different training
parameters, resulting in the following three emotion recognition models that were
trained using our masked AffectNet dataset:
“MobileNetV2 - 8 Emotions”, which recognizes 8 emotion categories;
“MobileNetV2 - VA" that outputs the valence and arousal continuous values;
“MobileNetV2 - 8 emotions + VA", which recognizes both the 8 specific emotions

and the valence and arousal values.

All the above models have been pre-trained on the ImageNet dataset [Deng et al.
2009] and then trained using our masked AffectNet dataset. The derived models

3https://github.com/ageelanwar/MaskTheFace
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revealed a clear bias toward majority classes like “happy” and “neutral” This imbalance
likely stems from the underlying class distribution in AffectNet.

To address the class imbalance in AffectNet, we re-trained the MobileNetV2 model
using class-aware oversampling. Specifically, we computed per-sample probabilities
inversely proportional to each emotion's frequency and used these as weights in the
data generator during training. Instead of uniformly shuffling, the generator resamples
with replacement based on these weights at each epoch, ensuring that minority emo-
tions like “disgust” and “contempt” appear as frequently as dominant ones like “happy”
and “neutral”. Additionally, we applied data augmentation to oversampled images us-
ing mild geometric and photometric transformations—such as flips, affine shifts, and
brightness or contrast adjustments—to enhance variability without distorting facial ex-
pressions. These measures helped balance each mini-batch and encouraged the model
to learn robust features across all emotion categories, reducing overfitting to majority
classes.

Evaluation Results

Table 15.1 presents evaluation results for our three MobileNetV2 variants, using the
validation set of the masked AffectNet dataset (3,999 images), since AffectNet’s test set
is not publicly available. For emotion classification, accuracy was used as the evaluation
metric, while valence and arousal predictions were evaluated using Root Mean Square
Error (RMSE). Accuracy indicates the percentage of correct emotion predictions (O—
100%), while RMSE measures the average Euclidean distance between predicted and
true values, with lower values indicating better performance.

SUN'’s MobileNetV2 models were trained on: (i) the original AffectNet dataset, (i) a
version with simulated occlusion (masked AffectNet), and (iii) a class-balanced version
of masked AffectNet. Each training set consisted of 287,651 images. All of the above
models were evaluated on the same images, those of the masked AffectNet validation
set. For reference, the original AffectNet paper reported a baseline accuracy of 58% and
average RMSE of 0.39 for valence and arousal—achieved using unmasked validation
images. Our "MobileNetV2 - 8 Emotions” model trained on the masked AffectNet
dataset reached an accuracy of 51.8% on the masked AffectNet validation set, which is
the best value we got. For the estimation of valence and arousal, the "8 Emotions + VA"
model is the best, giving an average RMSE of 0.35 (0.367 for valence and 0.342 for
arousal). In addition, Table 15.1 presents the performance of the three models on the
original (unmasked) AffectNet validation set, highlighting how a model’s performance
improves as it learns to rely more effectively on the lower facial region to extract the
affective information.
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Table 15.1: Evaluation of the visual-based emotion recognition MobileNetV2-based models on
the validation set of the original, masked and balanced masked AffectNet in terms of Accuracy
and RMSE.

Model Dataset Acc. (%) Valence RMSE Arousal RMSE
Original 337 - -

8 Emotions Masked 51.8 - -
Masked (balanced) 499 - -
Original - 0.443 0.510

VA Masked - 0.458 0.380
Masked (balanced) - 0.404 0.350
Original 279 0.435 0.369

8 Emotions + VA Masked 419 0.438 0.368
Masked (balanced) 50.5 0.367 0.342

Implementation of the Component:

To implement the component, we developed a Python script that runs the selected
emotion recognition model in real time using input from an external RGB camera.
MediaPipe's face detector” isolates the face region, which is then fed into the emotion
recognition model. Depending on the selected model variant, the component outputs
the predicted emotion label with its confidence score, the valence/arousal values, or
both. This output is passed directly to the multimodal fusion module through the
Upper Limbs pipeline in the SUN Case Study "Extended Reality for Rehabilitation”
(Chapter 20).

15.2.2 Sensor-Based Emotion Recognition

This application includes both the analysis of wearable data for emotion recognition
and the development of algorithms for the multimodal fusion of wearable and visual
data for the same cause. The multimodal emotion recognition is based on visual data
from facial videos and physiological signals from an EmotiBit wearable sensor.

Methods

The sensor-based emotion recognition module analyzes physiological signals acquired
from the deployed EmotiBit wearable sensor using a typical feature extraction process.

“https://mediapipe.readthedocs.io/en/latest/solutions/face_detection.html
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From the EmotiBit sensor, three different physiological signals are collected in order
to be analyzed; those being photoplethysmograph (PPG), electrodermal activity (EDA)
and temperature (TEMP) data. The extracted features are as shown in Table 15.2.

Table 15.2: Extracted Features from PPG, EDA, and TEMP Signals

Feature Description
PPG
Average HR (BPM)  The mean heart rate calculated from detected peaks in beats
per minute.

SDNN (ms)
RMSSD (ms)
pNN50 (%)

LF Power

HF Power
LF/HF Ratio
Sample Entropy

Mean Pulse Ampli-
tude
Std Pulse Ampli-
tude

Standard deviation of NN intervals (the time between succes-
sive heartbeats).

Root mean square of successive differences between adjacent
NN intervals.

Percentage of successive NN intervals that differ by more than
50 ms.

Power in the low-frequency band of the HRV spectrum.
Power in the high-frequency band of the HRV spectrum.
Ratio of low-frequency to high-frequency power.

A measure of complexity and irregularity in the time series of
inter-beat intervals.

Average amplitude of the detected PPG peaks.

Standard deviation of the pulse amplitude.

Respiration Rate Estimated rate of breathing derived from the PPG signal.
(BPM)
EDA
Mean The average value of the EDA signal.
Standard Deviation The standard deviation value of the EDA signal.
(std)

Variance (var)
Minimum (min)
Maximum (max)
Skewness

Kurtosis

Num Peaks

Mean Peak Ampli-
tude

The variance value of the EDA signal.

The lowest value in the EDA signal.

The highest value in the EDA signal.

A measure of the asymmetry of the EDA signal distribution.
A measure of the "tailedness” of the EDA signal distribution.
The number of significant peaks detected in the EDA signal.
The average amplitude of detected SCR peaks.
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Feature Description
Peak Variance The variance of the peak amplitudes.
PSD Mean The mean value of the power spectral density.
PSD Max The maximum value of the power spectral density.
PSD Sum The total power across all frequencies in the power spectral
density.
Entropy Shannon entropy of the EDA signal.
TEMP
Mean The average temperature value over the signal duration.
Standard Deviation The standard deviation of temperature over the signal dura-
(std) tion.

Variance (var)
Minimum (min)
Maximum (max)
Skewness
Kurtosis

Num Peaks

Mean Peak Ampli-
tude

Peak Variance

PSD Mean

PSD Max

PSD Sum

Entropy

The variance of temperature over the signal duration.

The lowest temperature value observed in the signal.

The highest temperature value recorded in the signal.

A measure of the asymmetry of the temperature distribution.
A measure of the "tailedness” of the temperature distribution.
The number of significant peaks detected in the temperature
signal.

The average amplitude of detected temperature peaks.

The variance of the peak amplitudes.

The mean value of the power spectral density.

The maximum value of the power spectral density.

The total power across all frequencies in the power spectral
density.

Shannon entropy of the temperature signal.

All features are extracted using a sliding window technique with 30 seconds length
and 50% overlap. For the fusion of the different physiological signals the extracted
features are concatenated and fed to a trained machine learning model in order to
predict valence and arousal scores.

Finally, the multimodal fusion component for emotion recognition receives as input
the predictions of the unimodal emotion recognition components, synchronizes them
and fuses them to a final unified outcome.

Dataset

In order to train the multimodal fusion component it is important to have synchronized
annotated data of all deployed modalities. For this cause, a data collection experiment
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was designed in order to collect synchronized data from the EmotiBit sensor and
facial video data. During the experiment, participants were asked to watch a series
of 16 small video clips from well-known movies and evaluate them in regard to the
elicited emotion. For this evaluation, the valence-arousal 2D emotional representation
was selected. Users' scores range from -3 to 3 for both valence and arousal metrics.
During the whole experiment, participants were wearing an EmotiBit wearable sensor
on their wrist to monitor their physiological signals while also a camera was used to
capture their facial videos.

Results

For the sensor-based emotion recognition component, four different machine learning
models, namely Support Vector Machines (SVM), k-Nearest Neighbors (kNN), Deci-
sion Tree and Random Forest, were tested regarding their accuracy in the prediction
of valence and arousal scores. The results are presented in Table 15.3, revealing the
superiority of Random Forest over the rest of the models tested.

Table 15.3: Accuracy results of different machine learning algorithms on valence and arousal
scores based on the collected dataset.

Model Valence score Arousal score
SVM 24.52 31.64
kNN 39.54 41.27
Decision tree 81.41 78.86
Random Forest 91.71 90.84

15.2.3 Multimodal Fusion

Since both sensor-based and computer-vision-based models are deployed for emotion
recognition, there is a need to develop a multimodal fusion component that effectively
combines the two modalities into a unified outcome. The methods adopted were
based on a decision-level architecture, meaning that the results from the two different
unimodal components are fused in a late fusion manner. The two different methods
are averaging and accuracy-weighted fusion. The former one is a simple averaging
of the probabilities for each class produced by the unimodal components, while the
latter one is a weighted averaging method with the accuracy scores for each element
being the weight of this component. The results of the two different fusion methods
are presented in Table 15.4, revealing the superiority of the accuracy-weighted fusion
method over both the unimodal components and the averaging method.
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Table 15.4: Accuracy results of different multimodal fusion techniques on valence and arousal
scores based on the collected dataset.

Model Valence score Arousal score
Sensor based 9171 90.84
Averaging fusion 85.74 73.57
Accuracy-weighted fusion 94.44 95.26

15.3 Conclusions

This chapter describes the process of multimodal emotion recognition developed in
the context of the SUN project. The component is based on two different unimodal
components, the sensor-based and the visual-based components, followed by a mul-
timodal fusion component.

The visual-based emotion recognition component enables real-time estimation of
users’ emotional states based on facial features captured by an external RGB camera. To
address the occlusion introduced by XR headsets, the model was trained with artificial
occlusion augmentation and optimized using a lightweight MobileNetV2 architecture.
This approach increases the emotion classification and valence/arousal estimation per-
formance in the case of XR headset face occlusion compared to the models trained
on non-occluded images. The component is integrated into the XR pipeline to provide
affective feedback, supporting the dynamic adaptation of the experience to individual
users. Future work will focus on improving robustness and incorporating temporal emo-
tion dynamics. The sensor-based component is based on an EmotiBit wearable device,
which was also used for the collection of a multimodal dataset for emotion recognition.
This dataset was used to train the sensor-based emotion recognition component. A
typical machine learning approach was followed, with future work focusing on more
advanced deep-learning approaches.

The two different modalities were fused using a standard decision-level approach,
using an accuracy-weighted fusion as the better-performing method. Future work will
focus on using more advanced techniques, including attention mechanisms in the
fusion process.
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SUN Platform and Cybersecurity

The SUN Platform embodies a comprehensive approach for secure, interoper-
able, and human-centered Extended Reality environments. At its foundation
lies an integrated technological framework that integrates diverse components
through advanced middleware, enabling seamless communication, scalable de-
ployment, and robust cybersecurity aspects. Within this ecosystem, blockchain-
based mechanisms ensure trustworthy digital asset management through to-
kenization, smart contracts, and decentralized data governance, reinforcing
transparency and data sovereignty. Complementing these capabilities, an in-
telligent cyber threat detection system safeguards users during immersive ex-
periences, providing real-time protection against security breaches. Together,
these innovations establish a comprehensive foundation for reliable, ethical,
and resilient XR applications.
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Abstract. The SUN Integrated Platform represents an innovative technological
framework designed to enhance Extended Reality environments by integrating di-
verse functionalities within a secure, scalable, and user-centric architecture. At its
core, the platform features OmniBridge, an advanced middleware solution facili-
tating efficient communication, service discovery, and robust data management
across multiple XR components. OmniBridge supports MQTT (Message Queu-
ing Telemetry Transport) and gRPC (gRPC Remote Procedure Calls) protocols, op-
timizing secure data exchanges and significantly enhancing system observability
through detailed tracing capabilities. The platform offers flexible deployment op-
tions, accommodating local, cloud, and hybrid environments, thus catering to vari-
ous professional contexts. Through a well-defined modular architecture, the SUN
Integrated Platform enables seamless integration and interaction among 26 dis-
tinct technical components, providing comprehensive digital asset tokenization,
real-time cyber threat detection, and data persistence. These advanced capabil-
ities collectively improve operational efficiency, asset security, and user safety,
making the platform particularly suitable for professional use across diverse disci-
plinary fields. The comprehensive integration of cutting-edge cybersecurity mea-
sures and blockchain technologies, alongside the ethical and user-centered ap-
proach used in the design and validation phases, further underscores the platform’s
commitment to human-centered, secure, and reliable XR applications.
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Figure 16.1: The SUN Platform architecture.

16.1 Introduction

16.1.1 Context and Motivation

At the heart of the SUN project lies a modular architecture designed to combine
cutting-edge wearable devices, artificial intelligence, and immersive technologies into
a seamless whole. This is the SUN XR Integrated Platform, containing all of the fore-
ground components developed by SUN partners within the project (see Figure 16.1).
You might think of it as a digital ecosystem where cameras, sensors, and headsets
collaborate to make virtual experiences feel more lifelike, while robust security and
content management tools ensure that every piece of digital content is handled safely
and transparently. From rehabilitation clinics to factory floors, the SUN platform is al-
ready being tested in real-world situations like physiotherapy, workplace safety training,
and support for people with disabilities.

The Architectural Layers (Information, Application, and Presentation) are the core part
of the SUN Reference Architecture, in which all the XR components can be developed
and integrated, respecting their own main characteristics.
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The Communication Layers (Sensor, Data, and XR streaming) have different roles and
capabilities, depending on the needs of the connected Architectural Layers. They im-
plement and integrate different protocols, ensuring the best performance at any level
of the process. In addition, it was also clear that the necessity to ensure security and
privacy aspects during the data sharing, and for this reason, two core components
are shared in the overall platform for ensuring data storage, access management, and
cybersecurity: the Cyberthreat Detection and the Tokenized Platform.

The Content Creation Tools were grouped as external tools since they can work offline
and outside of the deployed platform. They can be easily connected through the
Tokenized Platform, ensuring data access management and data sharing in a scalable
and secure way.

The SUN Integrated Platform emerges from a growing necessity to harness the
capabilities of XR technologies across diverse professional applications, necessitating
an infrastructure capable of securely managing complex digital environments. XR tech-
nologies, encompassing Virtual Reality (VR), Augmented Reality (AR), and Mixed Reality
(MR), provide immersive and interactive experiences but pose significant challenges in
cybersecurity, asset management, and system integration.

16.1.2 Challenges in Traditional XR Systems

Traditionally, XR systems have struggled with fragmented hardware and software
ecosystems. Different vendors and tools often use incompatible protocols and data
formats, making it difficult to connect devices and components into a cohesive, scal-
able environment. This forces developers and engineers to use brittle, time-consuming,
and difficult-to-maintain custom integrations. Furthermore, existing XR systems often
lack cybersecurity protections designed specifically for immersive technologies. Beyond
standard data breaches, attacks against XR platforms have the potential to alter user
perception or even result in physical disorientation. Such flaws make it very hard to
use XR in places where safety is important, like in industrial training or patient rehabili-
tation. Lastly, performance and latency issues are common in XR systems, particularly
when real-time responsiveness is required. Fragmented architectures can introduce
lag or processing delays that compromise the immersive experience or interfere with
synchronized collaboration across users. These gaps in interoperability, security, and
performance have slowed the uptake of XR technologies in professional environments.

The SUN Integrated Platform was developed in direct response to these limitations.
It provides a secure, standards-based foundation for integrating diverse XR components
while embedding real-time threat detection, latency-aware data flows, and robust cy-
bersecurity into the system architecture.
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16.1.3 Objectives of the SUN Integrated Platform

At the heart of this integrated approach is OmniBridge, a middleware solution that acts
as the central backbone for communication and coordination among various platform
components. OmniBridge enhances interoperability, security, and operational trans-
parency, supporting complex data exchanges and providing advanced monitoring and
debugging tools.

The platform also incorporates blockchain technology for digital asset tokenization,
providing secure and transparent management of XR assets via NFTs (Non-Fungible
Tokens)'. Furthermore, the integration of an advanced Cyber Threat Detection module
addresses the inherent vulnerabilities within XR environments, leveraging real-time
machine learning algorithms to ensure user safety and system integrity.

The SUN Integrated Platform thus offers professionals from multidisciplinary fields
a comprehensive, secure, and adaptable infrastructure, enabling them to leverage the
full potential of XR technologies. By addressing the fragmented nature of current XR
solutions, SUN fosters greater efficiency, improved user experiences, and heightened
security, laying a solid foundation for future advancements in XR applications.

16.2 Architecture Overview

The architecture of the SUN platform is built around a pragmatic need: to allow dis-
tributed XR components, such as sensors, analysis tools, and immersive applications,
to collaborate in real time without manual integration. To achieve this, the system
relies on a single middleware layer, OmniBridge, which handles registration, session
management, and secure data exchange between components. Communication is or-
ganized around gRPC? APIs and MQTT topics, with each session isolated and traceable.
In addition to this foundation, two key modules extend the platform’s capabilities: a
tokenization system that manages digital asset ownership and off-chain data storage,
and a Cyber Threat Detection module that protects XR users from immersive attacks
in real time. Both modules are introduced in this chapter in connection with the over-
all architecture, while their design and implementation are examined in depth in the
following dedicated chapters.

"Thttps://en.wikipedia.org/wiki/Non-fungible_token
Zhttps://grpc.io
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16.3 Omnibridge: Integration Middleware

At the core of this ecosystem is OmniBridge, the middleware glue that binds every
component together. Imagine a central control room that knows which devices are
available, which SUN applications are running, and how data should flow between
modules — this is precisely what OmniBridge provides. Developed as a central hub
for service discovery and secure communication, OmniBridge registers each module,
assigns it a unique identifier, and issues cryptographic credentials so that sensors, Al
algorithms, and streaming services can exchange data without risk of eavesdropping
or interference. On top of this, it provides a high-performance data exchange and
monitoring. OmniBridge itself is built as three collaborating services:

A Core API for component registration, authentication, session management, and
a dynamic catalog;

An MQTT message broker optimized for high-throughput, real-time data streaming
with custom security plugins;

A Monitoring service that provides distributed tracing and observability.

By combining synchronous control calls (via high-performance gRPC interfaces) with
asynchronous data streams (via lightweight MQTT topics), OmniBridge achieves both
reliability and speed, allowing, for example, a motion sensor to broadcast dozens of
readings per second while another component listens and responds without delay.

16.3.1 Architecture and Communication Protocols

OmniBridge uses a three-service architecture that changes how XR components com-
municate. The core OmniBridge service exposes gRPC API endpoints for component
registration, authentication, session management, and catalog access. Unlike traditional
REST APIs, gRPC uses Protocol Buffers to serialize data into a compact binary format,
resulting in faster data transmission and lower network usage compared to text-based
JSON. The advantages of gRPC over REST are significant. Protocol Buffer definitions
ensure strongly-typed service contracts and message structures, reducing errors and
improving reliability. The system supports automatic client and server code generation
in multiple languages, ensuring consistency across development teams. Additionally,
gRPC natively supports bi-directional streaming for real-time communication, making
it suitable for XR applications requiring continuous data flow.

For real-time data exchange, OmniBridge integrates a customized Eclipse Mosquitto
MQTT message broker. MQTT enables scalable asynchronous communication through
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a lightweight, publish/subscribe messaging protocol optimized for unreliable networks
and low-bandwidth devices. This dual-protocol approach ensures reliable service man-
agement through gRPC and high-throughput, real-time data exchange through MQTT.

gRPC and Protocol Buffers over REST

The choice of gRPC and Protocol Buffers represents a fundamental shift from tradi-
tional REST-based communication patterns that still dominate service-to-service com-
munication on the Internet. Understanding this technology stack helps explain why
OmniBridge achieves its performance and reliability characteristics.

Protocol Buffers: Schema-First Communication: Protocol Buffers, developed by
Google, provide a language-neutral, platform-neutral mechanism for serializing struc-
tured data. Unlike JSON-based REST APIs, where message structure is often implicit or
loosely defined, Protocol Buffers require explicit schema definitions that specify exact
message formats, field types, and service contracts. This schema-first approach brings
several advantages to distributed XR systems. Every component knows exactly what
data structures to expect, eliminating the runtime errors common with loosely-typed
JSON payloads. When a motion sensor sends posture data or a haptic device receives
force feedback commands, both sender and receiver use identical, compiler-verified
data structures.

The shared Protocol Buffers specification lives in OmniBridge's integrated repository,
ensuring all partners access the same version. Changes go through pull request reviews,
maintaining specification consistency while enabling collaborative evolution. This col-
laborative approach prevents the API drift that often plagues distributed systems as
they scale.

Binary Serialization Performance: The performance difference between Protocol
Buffers and J[SON becomes critical in XR applications. While REST APIs serialize data
into human-readable text, Protocol Buffers create compact binary representations. For
multiple components that broadcast dozens of sensor readings per second, this ef-
ficiency translates directly into reduced network usage and faster transmission times.
Consider a typical XR scenario where multiple components need to report data quickly.
A heart rate monitor might broadcast at 60Hz, while motion sensors stream positional
updates at even higher frequencies. While they don't broadcast every single message
using OmniBridge's gRPC APls, this might very well become the norm in the near fu-
ture, which is why we have prepared a solid foundation. The cumulative bandwidth
savings from binary serialization become substantial as component counts increase.

Code Generation and Multi-Language Support: Protocol Buffers support automatic
code generation across programming languages—from Go and Java to Python and
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JavaScript. This means XR components written in different languages can communi-
cate seamlessly without manual interface adaptation. A Python-based Al module can
exchange strongly-typed messages with a C++ rendering engine, with both sides guar-
anteed to use compatible data structures. The code generation eliminates human error
in APl implementation. Instead of manually writing serialization code that might in-
troduce subtle bugs, developers use compiler-generated functions that are guaranteed
to match the schema specification. This reliability becomes crucial when debugging
complex XR workflows where multiple components interact simultaneously.

A Look to the Future - gRPC's Streaming Capabilities: Beyond simple request-
response patterns, gRPC natively supports bi-directional streaming. This capability
proves essential for XR applications requiring continuous data flow. A gesture recogni-
tion component can stream hand tracking data while simultaneously receiving calibra-
tion updates, all within a single connection. The streaming support also enables more
sophisticated communication patterns. Components can establish persistent connec-
tions for low-latency data exchange while still using standard RPC calls for configuration
and control operations. This flexibility allows OmniBridge to optimize communication
patterns based on specific use cases.

Implementation with OmniBridge: Within OmniBridge, gRPC handles the "control
plane” operations—component registration, session management, and catalog queries—
where reliability and strong typing matter most. Meanwhile, MQTT handles the "data
plane” for high-frequency sensor streams where throughput and low latency take prior-
ity. This dual-protocol approach leverages each technology's strengths while avoiding
its respective limitations. The Protocol Buffers schema serves as a contract between
OmniBridge and all connected components. When new functionality is added or exist-
ing APIs evolve, the schema changes provide clear documentation of what has changed
and how it impacts existing integrations. This contract-driven development approach
scales effectively as the platform grows and supports increasingly complex XR scenar-
ios.

Messaging Communication Over MQTT

While gRPC handles the structured, reliable control operations in OmniBridge, MQTT
serves as the high-throughput data exchange mechanism that enables real-time com-
munication between XR components. Understanding MQTT’s publish/subscribe model
helps explain how OmniBridge achieves its benchmark performance of 600-800 mes-
sages per second for asynchronous communication.

The Publish/Subscribe Paradigm: MQTT operates on a fundamentally different com-
munication model than traditional request-response protocols. Instead of components
maintaining direct connections with each other, they connect to a central message
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broker—in OmniBridge's case, a customized Eclipse Mosquitto instance. Components
can publish messages to named topics or subscribe to topics of interest, with the broker
handling message routing automatically. This decoupling proves essential for XR ap-
plications where components have varying data production and consumption patterns.
One component may publish messages at the speed of hundreds or thousands per
second, while other subscribe to those readings simultaneously. The publisher remains
unaware of how many consumers exist or their individual processing capabilities.

Hierarchical Topic Organization: OmniBridge structures MQTT communica-
tion through a three-level topic hierarchy that balances global coordination
with session isolation. Global broadcasts use the broadcast topic for system-
wide notifications.  Scope-specific broadcasts follow broadcast/[SCOPE\_TAG]
for location-bound messaging, allowing components in the same physical room
to coordinate without broadcasting platform-wide. Component-specific broad-
casts use broadcast/[SCOPE\_TAG]/[COMPONENT\_ID] for targeted notifica-
tions. For active sessions, each component receives a dedicated topic following
sessions /[ SESSION\_ID]/[COMPONENT\_ID]. This namespacing ensures secure, iso-
lated data exchange between session participants while preventing data leakage
between concurrent experiments, i.e., application runs.

Custom Topic Configuration and Experimental Bridging: Omnibridge provides flexi-
ble topic naming to address pilot feedback. Components can register with predefined,
semantically meaningful topic names while maintaining isolation guarantees. Experi-
mental MQTT bridging has been locally tested to enable distributed deployments by
allowing multiple brokers to forward messages transparently. This could support hybrid
scenarios where local XR sessions communicate with remote services, although bridg-
ing requires shared JWT validation across brokers and careful consideration of network
latency. While not available to all integrators, it shows potential for further investigation.

Security and Authentication

Security in XR platforms presents unique challenges due to the immersive nature of
the technology and the sensitive data involved. OmniBridge addresses these concerns
through a comprehensive multi-layer security architecture that evolved significantly
between its first and second releases.

JWT-Based Authentication: The foundation of OmniBridge's security model relies
on JSON Web Tokens for stateless authentication and authorization. Each component
receives a unique Component ID and Component Secret during registration, which it
uses to obtain a cryptographically signed JWT token. These tokens embed component
identity and permission claims that dictate exactly which MQTT topics the component
can publish to or subscribe from. This approach eliminates the need for repeated calls
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to centralized authentication servers, supporting scalable, low-latency access control
across distributed XR components.

MQTT-Level Security Implementation: OmniBridge integrates a custom low-level
plugin into the Eclipse Mosquitto broker that intercepts every incoming message and
performs real-time security checks. The plugin validates JWT tokens in message headers
and inspects permission claims to determine whether the sender is authorized for
specific publish or subscribe operations. Despite operating at the message level, this
security implementation maintains high performance with no measurable latency or
throughput degradation under high load.

Tracing and Observability

The asynchronous nature of XR component communication creates unique debugging
challenges that traditional logging cannot address effectively. When multiple compo-
nents interact simultaneously—a motion sensor streaming data while an Al module
processes gestures and a haptic device provides feedback—understanding the flow of
operations across these distributed services requires more sophisticated tooling than
simple log files.

OmniBridge addresses this challenge through distributed tracing, a strategy adapted
from microservice architectures. Each session receives a unified tracing ID that propa-
gates across all participating components, while individual components define unique
span IDs to mark their participation boundaries. This approach creates a coherent
timeline visualization where developers can inspect complex workflows, identify per-
formance bottlenecks, and trace data flow across the entire system. The observability
Ul, built on the Jaeger® tracing framework, displays session lifecycles as interactive
timelines showing operations like session management, MQTT data exchanges, and
component interactions (see Figure 16.2). The system includes persistent trace stor-
age, ensuring session traces survive system restarts and remain available for future
analysis. Developers can export traces as JSON files for offline inspection and collab-
orative debugging, then re-import them later for detailed investigation. The system
also integrates MQTT throughput statistics into the trace timeline, enabling correlation
between data volume anomalies and reported issues without the overhead of tracing
every individual message.

Performance Optimization

OmniBridge is optimized to support high-performance demands, balancing efficient re-
source utilization with robust system reliability. Its architecture facilitates efficient scala-

3https://www.jaegertracing.io/
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Figure 16.2: The Jaeger Observability System

bility, accommodating increased loads without compromising performance. Benchmark
testing demonstrates OmniBridge's ability to maintain low latency and high throughput,
essential for real-time XR applications. Through these advanced functionalities, OmniB-
ridge middleware ensures robust, secure, and scalable interactions across all integrated
components, providing a resilient foundation for complex XR ecosystems within the
SUN Integrated Platform.

16.3.2 Tokenized Platform

The Tokenized Platform manages ownership and data storage within the SUN ecosys-
tem. It runs on blockchain and standard protocols, allowing users to register, manage,
and share XR data and assets. The system includes two parts: XR Asset Tokenization
and Off-Chain Storage. The first sets ownership and access using smart contracts and
NFTs. The second serves as a data repository for the SUN Platform. Integrated with
OmniBridge, it handles storage, logging, and retrieval of platform data, contributing
to the foundation of a European Dataspace for digital assets. More details on the
Tokenized Platform will be provided in Chapter 17 .

Asset Tokenization

The XR Asset Tokenization module is based on Ethereum-compatible smart contracts,
supporting both fungible tokens (ERC-20) and non-fungible tokens (ERC-721). Content
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Figure 16.3: Data Access Management in the Tokenized Platform

creators can register new assets, which triggers the automatic generation of a smart
contract that links metadata to off-chain content storage. These contracts include fields
such as ownership, creation timestamp, and a Content Identifier (CID) pointing to the
actual asset stored on IPFS. Three smart contracts are available: Content Ownership
Certification, Access and Sharing Management, and NFT Tokenization with Marketplace
Integration. The third extends the platform’s capabilities by letting users create and
trade NFTs directly from the GUI, creating a transparent link between asset identity
and its market circulation.

Access Control and Marketplace

The Tokenized Platform's smart contract system manages how users interact with digital
assets. Smart contracts control access to tokenized content through a streamlined
process. Users can request access to specific content through the Content Catalog,
with creators able to accept or decline these requests. The blockchain records all
transactions, including access grants, denials, and NFT transfers (see Figure 16.3). When
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creators generate NFTs from their tokenized assets, these tokens are registered in smart
contracts and appear in a dedicated catalog section. The ERC-721 standard enables NFT
creation, transfer, and ownership tracking, providing insights into token ownership and
account balances. This creates a verifiable system where users can trade digital assets
with automatic ownership transfers.

Web-Based Interface and API Integration

The Tokenized Platform offers all features through a web-based interface (see Fig-
ure 16.4). Creators can upload assets, define metadata (license, tags, standards), mint
tokens, manage access permissions, and use the NFT marketplace. Developers get the
same functionality through a REST API. This allows integration with other SUN com-
ponents or external services. Key functions include asset listing, tokenization, access
requests, and NFT creation or purchase.

—Qcsun & e el

SUN XR PLATFORM

Figure 16.4: Tokenized platfom GUI

Off-Chain Storage and Data Management

The Off-Chain Storage module works alongside blockchain tokenization to handle real-
time data. It monitors MQTT topics from OmniBridge and stores incoming data as JSON
in MongoDB. Each message gets indexed by session, topic, and component ID. The
system automatically generates logs for every stored item. A GUI was implemented
to allow complete management of the Off-Chain SUN persistence module, including
session and topic management, data storage, logging, and data retrieval. The GUI
allows the administrator of the platform to manage in an easy way the configuration
of the module, the subscription to specific topics to Omnibridge, and finally offers the
possibility to visualize the data stored. These features ensure that the XR session data
stays organized, auditable, and reusable.
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16.3.3 Cyber Threat Detection

XR technologies create new security challenges. Users become immersed in virtual
worlds where they cannot monitor system status or detect security breaches easily.
Traditional cybersecurity tools like firewalls and network protection prove insufficient
for immersive environments. The Cyber Threat Detection system addresses this gap
by providing real-time protection specifically designed for VR and AR applications. The
system targets unique attack vectors in XR environments. Malicious actors can manip-
ulate sensory input, alter user awareness, and exploit GPU vulnerabilities to degrade
the immersive experience. Unlike traditional attacks that target data theft, XR attacks
focus on disrupting visual rendering, causing frame drops, and potentially inducing VR
sickness or disorientation in users. More details on the Cyber Threat Detection system
will be provided in Chapter 18.

Architecture and Detection Mechanism

The Cyber Threat Detection system operates through a data-driven approach using
unsupervised machine learning. It learns normal system behavior patterns and flags
deviations as potential threats. The core detection engine employs Isolation Forest*
algorithms to identify anomalies in real-time performance metrics. The system mon-
itors critical rendering parameters including frame rates, frame durations, and GPU
utilization patterns. When attacks target the GPU by injecting malicious texture images
or overloading graphical computations, the system detects the resulting performance
degradation within seconds. In pilot testing, detection latency averaged0.27 seconds
in AR environments and 1.25 seconds in VR environments, with zero false positives.

Alert System and User Protection

When threats are detected, the system triggers multi-modal alerts that combine visual
and auditory feedback. The alert design leverages research on immersive notifications
to capture user attention effectively. Visual alerts feature bright green backgrounds with
yellow warning triangles and exclamation marks, following standard warning iconog-
raphy. Text size and border strokes ensure readability under diverse environmental
conditions. The alerts recommend immediate protective actions such as the removal
of the headset or a session pause to prevent user harm from VR sickness, physical
disorientation, or psychological stress during attacks. User testing shows high compre-
hension rates, with participants rating alerts as clear, timely, and actionable in all pilot
scenarios.

“https://en.wikipedia.org/wiki/Isolation_forest
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Implementation and Testing

The system integrates with Unity 3D environments through custom C# scripts and
leverages OpenXR plugins for cross-platform compatibility. The testing infrastructure
includes HoloLens 2 devices for AR scenarios and Meta Quest 2 systems for VR envi-
ronments, connected via 5G networks to ensure realistic deployment conditions.

During tests, GPU-based attack simulations used OpenGL APl malware that loaded
textured images at 5-second intervals, systematically overwhelming the GPU and caus-
ing frame delays. The system consistently detected these attacks with an accuracy of
>90% while maintaining detection latency below 6 seconds across all scenarios tested.

Security Standards

The Cyber Threat Detection system follows MITRE ATT&CK framework standards,
specifically T1499.004 for Application Resource Exhaustion attacks®. It aligns with NIST
Al Risk Management Framework requirements for the "Detect” and "Mitigate” functions.

16.4 Deployment and Delivery

The SUN Integrated Platform transforms complex XR deployment challenges into sim-
ple, manageable processes. Teams can choose their preferred deployment approach
based on specific requirements and infrastructure constraints.

16.4.1 Flexible Deployment Options

The platform supports three deployment scenarios to meet diverse operational needs:

Cloud-hosted environments: offer immediate access through a development clus-
ter. This option eliminates setup overhead and provides instant access to the
platform for testing and development.

Self-hosted deployments: leverage containerization technology to ensure consis-
tent performance across different environments. The Docker Compose setup
enables local deployment without internet connectivity—critical for scenarios re-
quiring complete data sovereignty or working in restricted network environments.

Shttps://attack.mitre.org/techniques/T1499/004/
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Hybrid configurations: combine local and remote components through experi-
mental MQTT bridging capabilities. This approach allows distributed teams to

maintain local autonomy while enabling seamless cormmunication with central
systems.

Key Features
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Figure 16.5: Landing page of the SUN Integrated Platform

187



CHAPTER 16. SUN INTEGRATED PLATFORM

16.4.2 Streamlined Integration Stack

Early pilot testing posed a challenge for deployment simplicity. Teams struggled with
complex multi-component installations that required extensive coordination between
different platform elements. The entire Integrated Platform stack deploys through a
single Docker Compose setup. This includes the OmniBridge service, MQTT broker,
Observability Ul, and the Tokenized Platform component. This push-button solution
eliminates the fragmented deployment process. Teams do not need to manually coor-
dinate separate installations for each platformm component. A single command launches
the complete integration environment, whether locally or on-premises.

16.4.3 Per-Part Deployment

Each platform part has its own deployment method, whether through containers or
other means. Teams can deploy each one separately rather than using the complete
integrated stack. This flexibility proves valuable when projects require only specific plat-
form capabilities or when teams need to integrate individual components into existing
infrastructure. The modular approach aligns with the pilots’ requirements, where some
teams needed local or hybrid deployments while others integrated only selected com-
ponents. The ability to choose between full-stack and per-part deployments ensures
that the platform adapts to diverse environments without unnecessary overhead.

16.5 Conclusions

A dedicated landing page for the SUN Integrated Platform has been created:
https://sun.in-two.com/ (see Figure Figure 16.5). It provides external stakeholders with
an overview of the different components and capabilities of the SUN Integrated Plat-
form. The integrated SUN platform can support a diverse set of functionalities, ranging
from XR content tokenization and off-chain data persistence to immersive interac-
tion and cybersecurity. The modular deployment, enhanced middleware, and compre-
hensive interface layers position the platform for real-world applications in varied XR
environments.
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Abstract. The Tokenized Platform is a core architectural component of the SUN
Platform, designed to manage digital assets and ensure secure, transparent trans-
actions through blockchain technology. By leveraging both fungible and Non-
Fungible Tokens (NFTs), the platform facilitates asset certification, tokenization,
and access control. Itintegrates smart contracts to record transactions in a decen-
tralized manner, enhancing trust and traceability. Beyond tokenization, the plat-
form serves as a central data repository, implementing off-chain storage and con-
tributing to the development of a European Dataspace for digital assets. Its multi-
layer architecture includes an advanced User Interface (Ul), business logic based
on Smart Contracts, a Blockchain layer for supporting Ethereum and Polygon
blockchains, and a storage layer which utilizes IPFS (InterPlanetary File System)
and MongoDB for asset and raw data storage, respectively. The Tokenized Plat-
form is relying on ChainPro, a Web3 innovative modular framework, developed as
a research outcome, that supports advanced blockchain technologies. It provides
support to facilitate the creation of Web3 applications, enable an easy and fast
interaction with the main Layer 1 (Ethereum) and Layer 2 (Polygon) blockchains,
and provide a layer of standard interfaces based on open APIs for the implemen-
tation of core functionalities. This chapter explores the technological foundations,
architectural design, and operational capabilities of the Tokenized Platform. It high-
lights its role in enabling secure Extended Reality (XR) digital asset management
and data sovereignty, as well as its potential impact.
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17.1 Introduction

The digital transformation of industries has led to an increasing need for secure, trans-
parent, and interoperable platforms for managing digital assets. The Tokenized Plat-
form, developed within the SUN project, addresses this need by integrating blockchain
technology with advanced data management capabilities. It enables the creation, certi-
fication, and transfer of digital assets using tokenization mechanisms, while also serving
as a persistent data repository for the broader SUN ecosystem.

This chapter provides a comprehensive overview of the Tokenized Platform, detailing
its architecture, functionalities, and integration mechanisms. It also discusses the under-
lying blockchain technologies and tokenization strategies that empower the platform’s
capabilities.

17.2 Blockchain and Tokenization Mechanisms

Blockchain is a decentralized ledger technology that records transactions across a dis-
tributed network of nodes. It ensures immutability, transparency, and security, making
it ideal for applications involving digital asset management.

Tokenization is the process of converting rights to an asset into a digital token on
a blockchain. The platform supports fungible tokens and Non-Fungible Tokens (NFTs).
Smart contracts govern the creation, transfer, and access control of these tokens, en-
suring secure and automated asset management [Safitri et al. 2025].

The Tokenized Platform supports two kinds of blockchain infrastructures: Layer 1
(Ethereum) and Layer 2 (Polygon). Ethereum and Polygon blockchains both support
the implementation of Smart Contracts as well as the creation of NFTs, the main goals
of the Tokenized Platform [Onwubiko et al. 2023].

When Smart Contracts are deployed or executed, the transaction must be processed
by a validator. This process requires energy, and using the blockchain implies compu-
tation, which users pay for through a mechanism called a gas fee. There is a strict
relationship between gas fees and demand; therefore, the greater the demand, the
higher the gas fees, and vice versa. Additionally, gas fees are higher during peak pe-
riods of computation when the chain has high utilization; therefore, it is advisable
to deploy Smart Contracts or create NFTs during the less productive hours of the day
when transaction/gas fees are lower. Over time, there have been congestion issues due
to limitations of block capacity on the Ethereum blockchain. These problems make gas
fees expensive. This is where Polygon comes in to provide a solution to the Ethereum
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cost problems. Polygon aims to make it easier for people to access and use Ethereum
by providing a scaled-up version of the Ethereum network with lower fees and faster
transaction times. While there may be uncertainty about Polygon's role in the future
once Ethereum completes its upgrades, Polygon currently serves a valuable purpose in
the cryptocurrency ecosystem by helping bring more people in by providing scalable
solutions for web3 [Song et al. 2024].

In the Tokenized Platform, the XR Content Creator is able to import digital assets,
certify them over the blockchain, define data access management rules, and create
NFTs on Polygon or Ethereum, depending on their own specific needs and priorities.
Polygon offers low gas fees and a growing market; Ethereum can offer more liquidity
and user participation. In the first release of the Tokenized Platform, in the scope of
the SUN validation phase with early adopters, a Polygon testnet was selected and
integrated into the platform. Testnets are blockchains designed to mimic the operating
environment of a mainnet but exist on a separate ledger. These testnets help devel-
opers test their applications and smart contracts in a risk-free way before deploying
their products to the mainnet environment.

17.3 Architecture

The Tokenized Platform consists of a multi-layer platform able to support the integra-
tion of digital assets and raw data with multiple interfaces and communication protocols.
The muilti-layer architecture, shown in Figure 17.1 includes

Ul Layer: Is the entry point of end-users and, in particular, for digital creators
that can create and upload digital assets, exploiting the core functionalities based
on blockchain technology offered by the tokenized platform: asset certification,
tokenization, and access management;

Service Layer: Implements all the business logic of the Tokenized Platform, in-
cluding services for the digital asset value chain based on Smart Contracts imple-
mentation, as well as additional services for raw data storage and logging;

Blockchain Interface Layer: Is the connector layer within the Smart Contracts
implemented within the Service Layer and the external blockchain infrastructures.
This layer supports the deployment and interaction of smart contracts within two
different blockchains: Ethereum and Polygon;
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Figure 17.1: Tokenized Platform Architecture.

Integration Layer: This layer implements the interface and communication with
external components. In particular, this layer supports several protocols and com-
munication mechanisms, based on the different needs and integration aspects;

Storage Layer: This layer implements the persistence of digital assets and raw
data for the entire SUN integrated platform. In particular, two different storage
systems are used based on the different data stored: IPFS for digital assets and
MongoDB for raw data.

17.4 Main Functionalities

The Tokenized Platform implements two main modules: the Asset Tokenization, which
allows digital asset management and certification via blockchain, and the Off-Chain
Storage, which is responsible for implementing data persistence for the overall SUN
Integrated Platform via Omnibridge.

17.4.1 XR Asset Tokenization

Asset Tokenization module includes the tokenization and certification of XR Contents
via blockchain and Smart Contracts, implementing three Smart Contracts: asset tok-
enization with ownership certification data access management, NFT for Tokenization
and Marketplace.
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Smart Contracts

Smart contracts aim to keep track of all the XR asset interactions expected in the SUN
use cases and applications, including the usage of tools and libraries, the creation or
adaptation of a media content item, and its provision to the decentralized platform
on behalf of the creators, and the access and download on behalf of the consumers.
The smart contracts also allow for fine-grained monitoring and management of these
actions as well as their translation into tokenized-based values.

To implement all the expected functionalities, the Tokenized Platform implemented
three different Smart Contracts:

XR Content ownership certification (with decentralized storage and fungible to-
kens creation);

Digital Asset Management (Access and Sharing rules);

NFT Tokenization and Marketplace.
The first version of the Tokenized platform already implemented the first two smart
contracts, ensuring the possibility to certify XR Contents in a secure and decentralized

way, as well as to manage the access and sharing of these XR Contents. The NFT
Tokenization mechanism was implemented in the final version of the platform.

XR Content ownership certification Every time new XR content is imported into
the Tokenized Platform, a new Smart Contract is created and linked to the imported
content. The workflow is shown in Figure 17.2.

The Smart Contract is deployed starting from a predefined one that implements the
following attributes:

Ownership (address of content’s owner);

Creation Time (the timestamp of the content creation in the Blockchain);
CID (Content Unique Id);

URL (Link to the real content);

Asset Tokens (ERC20 Tokens assigned for tokenization).

Smart Contract only stores metadata of the XR Contents while the real asset is
stored on a decentralized file system (IPFS), and a unique content id (CID) is created
and only available for the content owner.

193



CHAPTER 17. TOKENIZED PLATFORM FOR CUSTOMERS DIGITAL ASSETS EXCHANGE
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Figure 17.2: Asset Tokenization and Ownership Smart Contract - Sequence Diagram.

Digital Asset Management After the creation of a specific smart contract linked to
each content of the SUN Platform, the Creator is able to define a basic method for
accessing and sharing models.

In this first release of the Tokenized Platform, the users are able to request access to
the specific XR Contents by navigating the Content Catalogue, and the Creator/Owner
is able to accept or decline the access request. An example workflow is shown in
Figure 17.3.
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Figure 17.3: Data Access Management Smart Contract - Sequence Diagram.
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NFT Tokenization and Marketplace In addition to the basic Data Management feature,
the Content Creator is also able to create an NFT token for each specific asset. The
NFT (Non-Fungible Token) allows for the identification in a unique way a digital asset
by a “token id", as described in ERC-721 standard. The NFT is connected to an asset
through a set of metadata. ERC-721 provides an API to:

Create NFTSs;
Transfer NFTs;
Gain insights such as:

Learn who owns a specific token;
Get the supply of such tokens in the network;

Find the balance of a specific account in terms of NFTs.

An example workflow is shown in Figure 17.4.
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Figure 17.4: NFT Management Smart Contract - Sequence Diagram

Graphical User Interface

All the main features implemented by the Tokenized Platform for digital asset man-
agement and tokenization are available both via Graphical User Interface (GUI) in a
dedicated web app, and via REST APlIs.

All the sections of the GUI with descriptions of the functionalities are reported below.
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Registration/Login Creators and end-users are able to register and login to the web
app with their own credentials. A unique token is generated for each session to ensure
privacy and security throughout navigation.

Asset Tokenization The main section of the GUI allows us to upload any kind of digital
asset for content ownership certification. It includes several parameters which can be
filled in for each content (e.g. License, Tags, Standards, etc), enriching the content’s
description and categorization, facilitating at the same time the discovery in the asset
catalogue. All these additional parameters are optional, and only the title, description,
and media file are mandatory.

My Assets The section provides a list of already uploaded and tokenized assets, in-
cluding the details about blockchain certification (smart contract address) as well as
additional useful info, and the possibility to manage the data access and create NFT (a
new feature of the second release).

Asset Catalogue All the uploaded and certified content is available to any user of
the Tokenized Platform. The users can discover other creators’ content via the Content
Catalog sections. In this section, it is possible to view content information and metadata,
as well as to request access to specific content. The content becomes available only
after access is granted by the Creator

Access Management Consumers can request access to specific content via the Con-
tent Catalog. Any request is under the approval of the content Creator. After the
confirmation of the Creator, the consumer can access the content itself, and the data
transactions are stored in the blockchain.

NFT Creation and Marketplace The Smart Contract for NFT management allows the
creation of an NFT starting from a Tokenized Asset. The creator can select their own
assets and create NFTs, adding some additional information.

When an NFT is created and registered into a specific Smart Contract on the blockchain,
it appears in a dedicated section of the Catalog.

The buyers can discover and buy NFTs from the Catalog. When the purchase is con-
firmed, the ownership of the NFT is transferred from the original owner to the buyer.
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17.4.2 Off-Chain Storage - SUN Platform Persistence

The Tokenized Platform modules dedicated to Off-Chain Storage allow the implemen-
tation of the overall SUN platform persistence. The Off-Chain Storage module is
fully integrated and complementary to the Omnibridge solution and is able to add
a persistence layer, interfacing with all the SUN Components, exploiting the same
communication channels offered by Omnibridge.

The module implements a dedicated MQTT handler for interacting as “publisher”

and/or “subscriber”. In this way, it is able to implement two main functions:

Collection of raw data and storage in a NoSQL database (MongoDB) using |[SON
format for metadata;

Publication of log messages for any data received from the SUN Platform, with
specific status messages (success or errors);

Possibility to configure automatically or manually topics and sessions;

GUI for the topic, session, and data storage management.

The module includes a dedicated channel for monitoring the broadcast channel in
order to allow the platform to subscribe to any new channel and ensure data persis-
tence. Alternatively, the sessions and related topics to be integrated can be configured
via a configuration file before the Tokenized Platform installation, or added in a later
stage via REST APIs or using the new GUI provided for the components owners.

The platform is also able to verify the data format for each message within any
channel (XML and JSON formats supported). In case the quality check on the data
format is correct, the message format is maintained, and the data format is stored as
metadata; otherwise, the message is stored as a string.

Below is an example of data stored:

{
"_id": { "674f2e2cee9d7fc8c737a393" ,
"createdOn": 1733242412554,
"updateOn": 1733242412554,
"topic": "sessions/584839f2-d04b-4639-bd0b-c7d1051bffbe/
7a65d3bc-4f9a-4b70-8248-dd2e10a265b0",
"componentIdOwner": "7a65d3bc-4f9a-4b70-8248-dd2e10a265b0",
"sessionId": "584839f2-d04b-4639-bd0b-c7d1051bffbe",
"message": {// message payload},
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"messageType": "json",

3

For any message received by the Tokenized Platform, a log message is published on
the topic “sender_topic/log” where “sender_topic” is the original topic where the message
is published and read by the Tokenized Platform. In this way, a new dedicated topic is
created for any session, and the log is accessible only by the owner of the message.

The log message includes information about the status of persistence as well as
information for retrieving the message in a second phase on the Tokenized Platform.

In fact, all the messages stored within the Tokenized Platform are available and
findable by SUN Components and/or actors. In case of JSON messages, the Tokenized
Platform also offers a parameterizable query for finding messages based on its internal
fields.

Finally, a GUI was implemented to allow complete management of the Off-Chain
SUN persistence module, including session and topic management, data storage, log-
ging, and data retrieval.

17.5 Conclusions

The Tokenized Platform represents a significant advancement in digital asset manage-
ment and data persistence. By integrating blockchain technology with robust data
storage and communication mechanisms, it ensures secure, transparent, and scalable
operations. Its modular architecture and standardized interfaces make it adaptable to
various environments, supporting both cloud and on-premises deployments.

The platform's contribution to the European Dataspace initiative highlights its poten-
tial in promoting data sovereignty and interoperability across digital ecosystems. As
digital assets become increasingly central to industry and culture, platforms like this
will play a crucial role in shaping the future of secure digital interactions.
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18. CyberThreat Detectionin XR
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Abstract. This chapter presents a Cyber Threat Detection tool for Virtual Reality
(VR) and Augmented Reality (AR) technologies, addressing the critical challenge of
technological safety and user protection. Our investigation has revealed that tra-
ditional cybersecurity mechanisms, which have historically focused on protecting
digital devices through firewalls, authentication, and network security, are insuffi-
cient forimmersive technologies. VR and AR technologies capture different types
of personal data, including physical movements, physiological responses, spatial
awareness, and potentially unconscious behavioural patterns. The immersive na-
ture of these technologies significantly compromises users’ ability to monitor sys-
tem status or recognize potential security breaches. In this chapter, we show our
work towards an intrusion detection system capable of warning users about cy-
bersecurity threats during immersive experiences. The system achieved high de-
tection accuracy and low detection latency. It was tested across multiple pilots,
confirming its practical readiness and reliability in real-world XR scenarios.

18.1 Introduction

The growing use of XR technologies in diverse application domains intensifies the
importance of safeguarding user data and system integrity. The digital nature of VR
and AR creates unique vulnerability points where cyber-attacks can manipulate sensory
stimulation, alter user awareness, and compromise targeted experiences. Potential
risks include not only privacy breaches but also disruptions to user physical safety,
particularly in critical use cases such as remote surgery or rehabilitation.

Traditional security measures, such as firewalls and endpoint protection, are inade-
quate in addressing these threats. Unlike conventional computing environments, XR
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platforms continuously collect and react to highly sensitive, real-time behavioural data,
such as gaze, motion, and voice input. This introduces novel attack surfaces, including
motion-based inference and sensory distortion attacks.

Existing research has explored various aspects of these vulnerabilities. For instance,
[Luo et al. 2024] developed Heimdall, a system capable of inferring typed input from
controller sounds with high accuracy. [Meteriz-Yildiran et al. 2022] used hand trajectory
data for text inference, while [Al Arafat et al. 2021] demonstrated keystroke recognition
using Wi-Fi CSI. Similarly, [Ling et al. 2019] and [Shi et al. 2021] have shown how
accelerometers and motion sensors can be exploited to infer passwords or eavesdrop
on conversations. In physical manipulation attacks, [Tseng et al. 2022] demonstrated
how perceptual interference can lead users to perform unsafe movements.

Broader taxonomies and threat models have been proposed to formalise these risks.
[Casey et al. 2019] introduced a taxonomy of VR-specific attacks, including the human
joystick attack, in which users are covertly guided to physical obstacles, and overlay ma-
nipulations that inject unauthorized visual content. A 3-dimensional privacy risk model
tailored to XR was proposed by [Yamakami 2020], while [Qamar et al. 2023] pub-
lished a systematic taxonomy of XR threats to support the development of detection
frameworks. Expanding on this, [Gulhane et al. 2019] assessed security and privacy
risks in VR learning environments, emphasizing the limitations of current safeguards in
preventing physically dangerous scenarios.

Meanwhile, biometric and behavioural data have been studied both as vulnerabilities
and as tools for authentication. [Pfeuffer et al. 2019] and [Kupin et al. 2019] utilized
behavioural biometrics in VR to authenticate users based on unique motion signatures.
[LaRubbio et al. 2022] proposed gaze-based authentication mechanisms integrated
into VR workflows to enhance security in occupational settings. More recently, [Yang
et al. 2023] highlighted the risk of mid-air gesture leakage, showing how simple RGB
cameras and machine learning could decode passwords from hand movements.

These studies demonstrate that XR systems face complex, multi-dimensional cyber
risks. However, defence strategies remain in their infancy. Most approaches focus
on prevention, primarily via authentication and secure data handling, rather than on
real-time detection or user-centered feedback during attacks.

[Happa et al. 2019] developed a theoretical framework of XR attack surfaces, while
[Odeleye et al. 2021] presented a system to detect frame-rate manipulation. Our
contribution builds on this work by providing a fully developed, real-time intrusion
detection system applicable across both VR and AR platforms. In doing so, we seek
to fill an important gap in XR security research: making the transition from abstract
threat modeling to user-facing detection and intervention tools.

201



CHAPTER 18. CYBER THREAT DETECTION IN XR

18.2 Methodology and Results

18.2.1 Background and Design Motivation

As Extended Reality (XR) technologies, ranging from healthcare to industrial training,
become more integrated into daily activities, their exposure to cyber threats increases.
However, conventional cybersecurity strategies such as firewalls and endpoint protec-
tion are not sufficient for immersive environments. XR systems continuously capture
rich streams of behavioural data, including gaze, gesture, voice, and motion, creating
new attack surfaces and diminishing the users capacity to detect anomalies. Further-
more, immersive users are often physically engaged and perceptually overloaded, re-
ducing their ability to notice or interpret traditional cybersecurity indicators like system
slowdowns or graphical glitches. This necessitates an approach that not only detects
threats but also communicates them in a clear, timely, and non-intrusive manner. The
work presented here introduces a real-time Cyber Threat Detection system, designed
to operate seamlessly within XR environments and provide user-facing alerts when
suspicious activity is identified.

18.2.2 System Overview

The Cyber Threat Detection system is built on an unsupervised machine learning
framework, specifically designed to operate within XR environments. At its core is
the Isolation Forest algorithm, a well-established anomaly detection method capable
of identifying outliers in system behaviour without requiring labelled training data. This
approach is particularly well-suited for XR, where threats may emerge unpredictably
and lack predefined signatures.

Isolation Forest works on a simple principle: anomalies are easier to isolate
than normal data points. The algorithm builds random binary trees by
making random splits in performance data. Normal XR metrics cluster
together—frame rates around 90 FPS, GPU usage near 65%. These clus-
tered points need many splits to separate from each other. A GPU attack
drops frame rates to 30 FPS and spikes GPU usage to 95%. This outlier gets
isolated quickly with just one or two splits. The algorithm measures path
length—how many splits it takes to isolate each data point. Short paths
indicate anomalies and trigger security alerts.
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The data is sent in real time to a cloud-based detection module, where the anomaly
detection algorithm evaluates it for signs of potential cyberattacks.

The prediction results from the server are then sent back to the main XR experience
(named SunProject), which integrates the detection system as a modular Unity package.
If an anomaly is detected, SunProject delivers a user-facing alert via visual and auditory
cues, allowing the user to take appropriate action. This architecture ensures minimal
impact on local performance while enabling rapid detection and response.

To simulate and test attacks, a separate Unity project called TestAttack is used to
trigger GPU-based denial-of-service behaviour. This project injects high-load graphical
operations designed to disrupt performance, enabling controlled testing of detection
accuracy and system responsiveness (see Figure Figure 18.1).

The modular and cloud-integrated nature of this system allows it to scale easily
across XR applications while maintaining low latency and high detection accuracy.

Figure 18.1: Participant who has been affected by the attack and is trying to place the object
in the right position.

18.2.3 XR Environment Integration

The detection system is designed to integrate with both VR and AR platforms. In VR,
it was implemented within Unity applications running on Meta Quest 3, using the XR
Interaction Toolkit and OpenXR pipeline. For AR, it was deployed on HoloLens 2, using
Microsoft's Mixed Reality Toolkit (MRTK). These environments feature immersive tasks
including object manipulation, precision interactions, and collaborative sessions. The
module collects telemetry such as rendering statistics, user interaction latency, and
system performance indicators.

Alerts are a critical component of the proposed Cyber Threat Detection system,
designed to prompt timely user action in response to potential security threats. Drawing
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from established human-computer interaction (HCI) principles and prior research on
immersive notifications, the alert system uses a multimodal communication approach
to ensure that alerts are noticeable, comprehensible, and actionable within immersive
environments. The alert system combined both visual and auditory warning.

The use of combined modalities is grounded in findings that auditory icons paired
with visual stimuli reduce cognitive load and enhance user performance. This multi-
modal strategy ensures fast user reactions, clearer understanding of threat severity, and
more effective responses sensitive or high-stress scenarios.

Visual alerts are designed with high contrast, motion, and iconography to immediately
capture attention. Text size has been refined through iterative user testing to ensure
readability, while border strokes enhance legibility against complex backgrounds. A
bright green background is used to draw general attention, while a yellow triangle with
a bold exclamation mark signals urgency, following conventional warning standards.
These design elements prioritize visibility and clarity across varying environmental con-
ditions.

Auditory feedback consists of spatial sound cues and verbal instructions, selected to
complement visual information without overwhelming the user. The audio components
are carefully chosen to align with cognitive load considerations and ensure accessibil-
ity. Together, the visual and auditory channels work in tandem to deliver alerts that
are intuitive, effective, and respectful of the user's immersive experience (see Figure
Figure 18.2).

18.2.4 Attack Simulation and Detection Mechanism

To evaluate the robustness and responsiveness of the proposed detection system, a
targeted cyberattack was designed to simulate a GPU-based Denial-of-Service (DoS)
threat within XR environments. This synthetic attack aims to mimic real-world threat
behaviours that compromise rendering performance, a particularly critical vector in im-
mersive systems where perceptual continuity directly impacts user safety and comfort.

The simulated attack operates by injecting large, high-resolution textures into the
graphics rendering pipeline at controlled intervals. These textures are intentionally
oversized and memory-intensive, causing a spike in GPU workload that overwhelms
the rendering engine, leading to frame drops, increased latency, and perceptual disrup-
tions such as jitter, screen freezing, and ghosting effects. Even short-lived rendering
disruptions in XR can induce motion sickness, reduce interaction fidelity, and impair
spatial awareness, posing both a usability and safety concern.

To maintain the integrity of the main system, this synthetic malware is executed in
a separate Unity project named TestAttack, rather than being embedded in the main
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Warning

Possible Cyber Attack:
Take Off Your Headset

Figure 18.2: Design of warning signs in Cyber Threat Detection system

experience. This approach ensures that the malware remains isolated from production
builds, preventing unintended side effects during regular development while also en-
abling focused evaluation of the detection system under controlled attack conditions.

The implementation of the attack exploits CPU-based injection of rendering calls,
executed as a lightweight background process that mimics stealthy threat behaviour.
It does not cause the application to crash but introduces performance anomalies that
are often difficult for users to diagnose, making it a subtle but effective test case for
anomaly detection.

The attack conforms to the MITRE ATT&CK framework, specifically subcategory
T1499.004: Application or System Resource Exhaustion, which outlines threat be-
haviours that intentionally degrade system performance by exhausting computational
resources. By aligning with this framework, the evaluation ensures methodological con-
sistency with recognized cybersecurity standards.

During runtime, the detection module continuously collects telemetry (including
frame time variance, interaction latency, and scene render time) via the FrameLogger
component. This telemetry is transmitted to a cloud-hosted detection model, where an
Isolation Forest algorithm processes the data to identify anomalous patterns. Once an
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anomaly is detected, the prediction is sent back to the main XR application (SunProject),
which integrates the detection system as a modular Unity package. A user-facing alert
is then triggered, using multimodal cues to prompt immediate action, such as pausing
the experience or removing the headset.

This cloud-supported architecture allows the detection model to scale across de-
vices and XR platforms while minimizing client-side computational load. It also pro-
vides flexibility for future adaptation, such as expanding the threat model to include
network-based intrusions, spoofing attacks, or data manipulation scenarios relevant to
collaborative XR settings.

18.2.5 Evaluation and Observed Outcomes

Across all testing scenarios, the anomaly-based intrusion detection system demon-
strated a high degree of accuracy. Detection accuracy consistently exceeded 90%, in-
dicating that the model was reliably able to differentiate between normal and anoma-
lous XR system behavior. This reinforces the suitability of Isolation Forest in high-
dimensional, real-time monitoring contexts such as immersive environments, where
data patterns evolve continuously during user interaction.

Latency measurements showed that the system could issue alerts in under 1.25 sec-
onds following the onset of GPU-based cyber attacks. This prompt detection is critical
in immersive experiences, where even brief disruptions in system responsiveness can
degrade user presence and lead to disorientation. Low latency ensures that users re-
ceive timely warnings and can take precautionary action before the attack fully impacts
performance.

Throughout all evaluation conditions, the model recorded zero false positives. This is
particularly important in XR settings where excessive or unwarranted alerts can erode
user trust, contribute to cognitive fatigue, or detract from task performance. The sys-
tem's precision reflects careful threshold tuning and the robustness of the model under
varying performance profiles.

User comprehension of alerts was assessed using the Intrusion Detection System
Questionnaire (IDSQ), a tool developed within the SUN project to assess how well
users understand system prompts in immersive environments. Participants reported
that alerts were clear, contextually appropriate, and easy to act upon, highlighting
the effectiveness of the multimodal communication strategy and the importance of
intuitive design in security UL

Emotional responses to the alerts were evaluated using the Self-Assessment Manikin
(SAM). Participants typically reported high levels of arousal, suggesting that alerts were
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successful in drawing attention. However, valence scores remained neutral to positive,
indicating that users did not experience fear or distress. This balance between urgency
and comfort is essential in XR environments, where emotional overload can reduce
task performance or induce sickness.

Analysis of user interaction logs and post-session feedback revealed that both visual
and auditory cues were instrumental in conveying alerts. Some users responded im-
mediately to high-contrast visual overlays and warning icons, while others were more
reactive to spatialized audio cues or verbal prompts. The redundancy in modalities en-
sured that critical information reached users through at least one perceptual channel,
reinforcing the benefits of a multimodal approach.

18.3 Conclusions

As XR technologies continue to expand across critical sectors such as healthcare, in-
dustrial training, and remote collaboration, ensuring their cybersecurity becomes an
increasingly urgent priority. This chapter presented the design, implementation, and
evaluation of a real-time Cyber Threat Detection system tailored for both VR and AR
environments. By leveraging GPU-based attack simulations, immersive testbeds, and
multimodal alert mechanisms, we demonstrated the feasibility and effectiveness of
user-facing threat detection tools in XR. Across three pilot deployments in different
countries and use cases, the system achieved high detection accuracy, low latency,
and strong user comprehension with zero false positives.

Our results reinforce the importance of combining technical threat detection with
human-centered design. Multimodal alerts, combining visual and auditory cues, proved
to be effective in prompting user responses without inducing discomfort. Furthermore,
packaging the detection system as a Unity Package Manager (UPM) module allowed
for scalable, cross-platform deployment, supporting adoption across varied XR settings.

Future work will focus on expanding the scope of detectable attack vectors, refin-
ing alert personalization based on user behavior, and integrating feedback loops that
adapt detection strategies over time. Ultimately, our goal is to contribute to a safer,
more resilient XR ecosystem where immersive experiences can be both innovative and
secure.
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Human-Centered XR
Scenarios and Real-World
Case Studies

In the rapidly evolving landscape of science and innovation, technology alone
cannot define progress. This section invites us to reimagine research and inno-
vation through the lens of human experience, where individuals and their en-
vironments are not external beneficiaries but active co-creators of transforma-
tion. By focusing on human values, cultural contexts, and real-world needs, this
perspective moves beyond functional design to embrace empathy, inclusion,
and ethical foresight. Within this context, “scenarios” serve as living laborato-
ries: frameworks through which disciplines can converge to anticipate societal
challenges and test future visions in tangible, participatory settings. Whether
addressing digital transformation, health, or industry, each scenario grounds
technological advancement in authentic human narratives. This alignment be-
tween imagination and reality enables us to explore not only what technology
can do, but what it should do and for whom. This section underscores SUN’s
core mission: fostering a new paradigm of innovation that is not only intelli-
gent and efficient but also meaningful, equitable, and deeply human.
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Abstract. This Chapter outlines how the SUN project integrates Extended Reality
(XR) and Artificial Intelligence (Al) within a human-centred and ethically responsi-
ble framework. The approach is based on participatory design, ensuring that pa-
tients, clinicians, workers, and technology developers contribute to shaping solu-
tions that respond to real needs while respecting dignity, inclusivity, and trust. It
describes three main pilot scenarios. The first pilot focuses on rehabilitation, where
patients recovering from musculoskeletal injuries engage in immersive, gamified
XR therapy supported by real-time monitoring and adaptive feedback. The second
pilot addresses workplace safety and collaboration, using XR for object tracking,
Personal Protective Equipment (PPE) detection, and augmented workflows to im-
prove awareness, reduce risks, and enhance cooperation. The third pilot explores
autonomy for people with disabilities, leveraging multimodal interfaces such as eye
tracking and electromyography (EMG) sensors to foster communication, indepen-
dence, and social participation. Across these scenarios, the emphasis is not only on
technical performance but also on ethical safeguards, accessibility, and user well-
being. This chapter highlights challenges such as ergonomics, cognitive load, em-
pathy, and trust, framing XR as both a technological innovation and a socio-cultural
enabler that requires careful alignment between innovation, ethical principles, and
human values.
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19.1 Introduction

The SUN (Social and hUman-ceNtered XR) project emerges at the intersection of
cutting-edge Extended Reality (XR), Artificial Intelligence (Al), and a human-centred de-
sign philosophy to create socially meaningful and ethically grounded digital experiences.
At its core, SUN accepts that the immersive potential of XR—spanning Augmented Real-
ity (AR), Virtual Reality (VR), and Mixed Reality (MR)—is not only a technical innovation
but also a socio-cultural one. Its ambition is to transition from isolated XR applications
to a new paradigm where immersive environments are seamlessly integrated into the
physical world, deeply embedded with human and social values'.

Historically, XR technologies have made significant progress in industrial training,
gaming, and simulation. However, most implementations have remained isolated from
real-world interaction or constrained to visual overlays, lacking deeper semantic or
physical integration. SUN seeks to overcome these limitations by introducing adaptive,
Al-powered XR systems capable of learning from real-world interactions and enabling
seamless, bi-directional feedback between physical and virtual domains. This involves
real-time 3D acquisition, sensor-based physical modelling, and embodied Al [SUN
D2.2 2024] to support personalized, context-aware interactions across domains such
as health rehabilitation, workplace safety, and disability inclusion.

19.2 Co-Designing Pilot Scenarios: Methodology and
Vision

Designing impactful and ethically grounded pilot scenarios in human-centred XR sys-
tems requires a multidisciplinary approach that integrates technological innovation with
user needs, cognitive models, and societal values. Within the SUN project, the co-
design methodology reflects a deep commitment to responsible innovation. This chap-
ter outlines the processes, rationale, and structure behind the pilot scenarios developed
across the three use cases—rehabilitation, industrial safety, and assistive interaction for
people with severe disabilities.

19.2.1 User-Centred Scenario Development in SUN

The SUN project adopts a scenario-based design approach rooted in participatory,
human-centred principles. This methodology is critical to ensuring that the XR tech-

1European Commission, (2022). SUN Grant Agreement No. 101092612. Horizon Europe Programme
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nologies developed are not only functional but also socially acceptable, safe, and mean-
ingful. In SUN, pilot scenarios are conceived as structured environments that simulate
real-world challenges, enabling iterative testing of XR solutions in rehabilitation, indus-
trial safety, and accessibility. Each scenario is designed to evaluate user performance,
acceptability, and engagement while collecting multimodal data for further analysis.

The co-design process begins with user requirement elicitation (as reported in [SUN
D2.2 2024]), followed by iterative prototyping and validation. Stakeholders, including
patients, workers, clinicians, therapists, and technology providers, are involved through-
out, ensuring the pilots remain aligned with user expectations and ethical standards.
A dedicated planning framework [SUN Dé.1 2024] supports this process by outlining
technical, organizational, and regulatory constraints for each scenario.

19.2.2 Pilot Use Cases: Rehabilitation, Workplace Safety, and Severe
Disabilities

The SUN pilots are anchored in concrete, high-impact use cases.

Rehabilitation (Pilot 1): Patients recovering from orthopaedic injuries or surgeries
engage with XR environments that simulate daily tasks and therapeutic exercises. Gam-
ification, real-time feedback, and avatar-guided movement are used to enhance moti-
vation and track recovery metrics such as range of motion and posture alignment.

Workplace Safety and Interaction (Pilot 2): Industrial workers navigate a digitally
augmented shopfloor environment equipped with object tracking, Personal Protective
Equipment (PPE) detection, and task prioritization systems. The scenario tests how XR
can reduce risk perception gaps, promote safety protocols, and support collaborative
workflows.

Interaction and Autonomy for Disabilities (Pilot 3): Individuals with motor or verbal
impairments interact with XR applications using multimodal interfaces, such as eye
tracking or Electromyography (EMG) sensors, designed to restore autonomy, emotional
expression, and social connection. Virtual avatars act as embodied proxies, helping
users to participate in shared environments and communication loops.

Each use case is governed by a structured protocol [SUN Dé6.1 2024] that defines
objectives, evaluation metrics, duration, participant roles, and ethical safeguards.

19.2.3 Embedding Human Vision in Scenario Planning

The SUN project wanted to ensure that scenario design did not just incorporate a purely
technical dimension but also reflected ethical and social concerns raised by patients and
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their communities. This broader human-centric vision required balancing clinical goals,
technical feasibility, and the social realities of those who will eventually use XR systems.
In practice, this meant raising issues such as accessibility, fatigue management for
cancer survivors, trust in data handling, and the importance of emotional engagement
and empathy in rehabilitation scenarios.

Beyond technology validation, SUN pilots serve as probes into the dynamics of hu-
man vision, cognition, and embodied perception in XR environments. The co-design
process intentionally integrates findings from cognitive neuroscience, User eXperience
(UX), and perceptual psychology to enhance the naturalness and reliability of the inter-
actions. This includes: i) optimizing visual saliency to guide attention through adaptive
cues; ii) ensuring motion congruency between physical and virtual feedback; iii) de-
signing avatars and interfaces that reflect social cues, fostering empathy and trust; iv)
accounting for cognitive load and user fatigue in prolonged sessions, particularly in
rehabilitation and industrial contexts.

A human vision for SUN is not only a matter of technical optimisation but also about
a conscious alignment with human perception, cognitive comfort, and social dimen-
sions. While patient associations were not directly involved in the technical engineering
of avatars, motion congruency, etc., it played a role within the consortium by ensuring
that human factors were discussed early in scenario design meetings. This contribution
helped to keep user well-being in focus, even in early, abstract phases of development.
This approach emphasized the importance of designing immersive experiences that feel
intuitive, empathetic, and emotionally supportive, especially important for vulnerable
users in the context of rehabilitation.

19.3 Human Vision and Perception in Extended Reality

19.3.1 From Visual Ergonomics to Perceptual Feedback

XR applications introduce unique visual challenges due to their immersive nature, in-
cluding vergence, accommodation conflict, field-of-view constraints, motion sickness,
and latency-induced discomfort [SUN D2.2 2024]. These ergonomic issues, if not ad-
dressed, can diminish user engagement, limit usage time, and reduce therapeutic or
operational effectiveness, especially in vulnerable populations such as patients under-
going rehabilitation or users with motor or cognitive impairments. For this reason, the
SUN platform integrates real-time monitoring of gaze, posture, and head orientation
using wearable sensors and computer vision to minimize strain and dynamically adapt
visual stimuli. Visual ergonomics also intersects with task-specific needs: for example,
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rehabilitation tasks may require high-contrast visual targets in specific regions of the
visual field, while industrial safety scenarios may prioritize peripheral awareness and
depth cues to detect moving hazards. In SUN, visual parameters (e.g., brightness, con-
trast, focal depth) are personalized not only to users’ preferences but also to contextual
task demands, drawing on real-time sensor data and Al-driven user modelling.

Perceptual Feedback and Immersion

Beyond ergonomics, perceptual feedback mechanisms play a critical role in enabling
action—perception coupling in XR environments. These mechanisms bridge the gap
between users’ intentions, physical movements, and the system's responses, enhanc-
ing realism and embodiment. The SUN platform employs a multimodal approach,
combining visual, auditory, haptic, and proprioceptive feedback. For instance, in reha-
bilitation scenarios, users receive visual feedback on their joint alignment or trajectory
through avatars, reinforced by vibrotactile cues via wearable devices. Such multisen-
sory integration has been shown to increase user engagement, reduce cognitive load,
and improve motor learning outcomes in therapeutic settings [SUN D7.2 2024]. In the
SUN pilot for lower-limb rehabilitation, for example, patients synchronize their move-
ments with a visual avatar while receiving real-time performance corrections through
both gaze-contingent overlays and tactile feedback. This layered feedback loop al-
lows the system to accommodate sensory deficits, increase motivation, and facilitate
neuroplastic responses essential to recovery [SUN D3.1 2024].

The Role of Gaze and Eye Tracking

A critical modality in perceptual feedback is gaze. Eye tracking allows for adaptive inter-
face design (e.g., foveated rendering), intuitive interaction (e.g., gaze-based selection),
and cognitive state inference (e.g., attention and fatigue estimation). Within SUN, gaze
data is used not only to control interaction but also to infer perceptual load and adjust
task difficulty accordingly [SUN D4.1 2024]. For instance, in complex industrial train-
ing scenarios, prolonged fixations or erratic saccades may indicate confusion, triggering
adaptive help prompts or visual simplification. SUN'’s inclusion of gaze-based interac-
tion highlights the project's commitment to reducing cognitive and physical barriers in
XR environments and ensuring that perceptual demands are aligned with individual
capabilities and context.

Toward Empathic and Inclusive Interfaces

Ultimately, perceptual feedback in SUN is not a purely technical function; it is a medium
of empathy and inclusion. By modelling how users perceive and act within virtual
spaces, SUN enables systems that are not only efficient but also sensitive to the diverse
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sensory and cognitive profiles of users. This is particularly critical in scenarios involv-
ing people with severe disabilities or apathy-related impairments, where traditional in-
put/output methods fall short. Here, visual and multisensory feedback becomes a core
vehicle for motivation, agency, and engagement. By grounding perceptual feedback
in principles of visual ergonomics, neurophysiology, and human-centered interaction,
SUN advances the state of the art in immersive technologies, shaping environments
that are not just immersive but truly human-aware.

19.3.2 Implications for Safety, Empathy, and Learning

Safety, empathy, and learning are deeply interlinked in XR environments, especially
when deployed in healthcare, workplace safety, or assistive contexts. Within SUN,
these aspects were addressed in an integrated way, with consortium-wide discussions
ensuring that scenarios were designed from the outset to be convenient and intuitive
to navigate.

The SUN project adopted a holistic understanding of safety that extended beyond
physical risk management to include emotional reassurance and empathetic system de-
sign. In rehabilitation and assistive contexts, user confidence and perceived emotional
safety are crucial enablers of learning and engagement. By creating safe environments
that help to mitigate anxiety, XR reduces the cognitive load of unfamiliar interactions
and fosters a sense of agency. Applications should not only promote motor learn-
ing and task completion but also reinforce trust and motivation. This highlights the
importance of designing XR scenarios where safety is both a technical and an emo-
tional construct. From a therapeutic perspective, safety and empathy are essential for
effective learning and rehabilitation. Empathetic design enhances confidence, acceler-
ates motor learning, and increases adherence to rehabilitation tasks. It can manifest
through gentle feedback, supportive avatars, and transparent system intentions. When
safety is embodied with empathy, XR experiences not only become safer but also
more engaging and effective.

217



CHAPTER 19.  HUMANITY AND ETHICS DRIVEN SCENARIOS

19.4 Ethics, Acceptability, and Human Values in XR
Scenarios definition

19.4.1 Key Ethical Challenges in SUN scenario: Autonomy, Inclusion,
Trust

The design and deployment of XR technologies, particularly when integrated with Arti-
ficial Intelligence (Al), must be grounded in strong ethical foundations—especially when
these systems are used in sensitive domains such as rehabilitation, workplace safety,
and disability support. The SUN project recognizes that technical innovation must
be coupled with human values to ensure meaningful, equitable, and responsible out-
comes. As such, two interrelated ethical challenges emerge across the SUN scenarios:
autonomy and inclusion.

Autonomy - Enabling Control Without Overdependence: Preserving user autonomy
is central to the ethical deployment of XR systems. In rehabilitation scenarios, users
must feel empowered to take charge of their progress, rather than becoming overly
dependent on automated feedback or Al-driven recommendations. SUN addresses this
by designing systems that act as augmentative, supporting decision-making without
replacing the users or therapist's judgment [SUN D7.3 2023]. For example, in the
rehabilitation of individuals with motor impairments, SUN’s wearable and gaze-based
systems collect real-time performance data and provide corrective feedback. However,
they are designed to avoid intrusive nudging or paternalistic automation. The system
proposes but never imposes. Autonomy is further preserved by enabling users to
adjust parameters (e.g., intensity of feedback, avatar behaviour, interface pacing) to
match their comfort level and consent preferences. In workplace scenarios, autonomy
relates to workers' agency in controlling how and when XR assistance is activated, e.g,,
while detecting improper PPE usage or navigating hazardous environments. Crucially,
SUN ensures that automation does not override human decision-making or promote
a surveillance dynamic that could be ethically questionable.

Inclusion: Designing for Diversity and Accessibility: Inclusion within XR systems is
not limited to accessibility for people with disabilities—it also concerns cultural, linguis-
tic, age-related, and socio-economic differences that affect how individuals interact
with digital environments. SUN adopts a human-centred co-design methodology to
ensure that its XR applications are inclusive by design, not retrofitted. In the third SUN
pilot, for instance, XR is used to enhance communication and motivation in users with
severe motor or verbal disabilities. This requires not only technical solutions, such as
body-machine interfaces and haptic feedback, but also ethical sensitivity to the dignity,
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emotional variability, and cognitive diversity of users. Inclusion here means creating
systems that are respectful of individual differences, adaptive to unique contexts, and
free from biased assumptions about ability or intent. Moreover, SUN considers digital
accessibility standards (e.g., multimodal interaction, clear visual hierarchies, customiz-
able Uls) while also acknowledging the ethical duty to avoid reinforcing digital divides,
e.g., between high-end XR users and those with limited access to infrastructure or
training.

19.4.2 Acceptability Frameworks and Societal Readiness

For acceptability frameworks regarding SUN, a patient-centred lens is essential in ad-
dressing readiness, trust, and societal fit. Acceptability should not be treated as a
checkbox but should emerge through continuous, qualitative engagement. This means
asking questions such as: Does this feel comfortable? Do users understand why it
matters? Do they feel safe and protected? Could this be applied outside the clinic?
When such human values are respected, societal readiness increases.

Through questionnaires, co-design workshops, and real-world testing, the project
explored how users perceive system purpose, trustworthiness, and relevance. Concerns
relating to accessibility, fatigue, data handling, and onboarding for older or digitally
inexperienced users were central to this process. These insights were instrumental
in shaping interface design, personalization settings, and informed consent protocols.
Acceptability, therefore, emerges as a multi-dimensional measure of societal readiness
that combines ethical alignment, emotional comfort, and contextual suitability.

Trust consistently emerged as the most critical factor influencing readiness. Here,
Outdoor Against Cancer (OAC)'s role as a patient-focused Non-Governmental Organi-
zation (NGO) added tangible value: its long-standing credibility with cancer survivors
and patient communities strengthened the perception that SUN's XR developments
were genuinely guided by end-user interests. By accompanying participants during Pi-
lot 1 and acting as a mediator between patients, clinicians, and developers, patients
associations provided a direct feedback channel. This made engagement safer and
more meaningful for participants, while also improving the flow of honest feedback to
the consortium. In the SUN consortium, OAC’s longstanding track record in working
with diverse patient populations meant that its involvement was not just symbolic. It
reassured stakeholders that the project was grounded in real-world health advocacy
experience, and that data would not be treated as a commercial asset but as sensitive
personal information requiring explicit consent and ethical handling. From the societal
readiness perspective, the presence of a trusted NGO partner signalled that patient
needs and rights were integrated into the project governance from the very start, and
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helps mediate technical innovation and public acceptance. Ultimately, patients’ in-
volvement underlines the practical and ethical value of integrating organisations that
closely work with vulnerable populations into technology consortia. By helping bridge
innovation with everyday care, and by ensuring that discussions of usability, safety,
inclusivity, and privacy were rooted in real-world patient concerns, SUN was able to
validate its XR applications far beyond clinical or lab settings. This strengthened both
the ethical grounding and the societal readiness of the platform.

19.4.3 Data Protection, Privacy, and the Application of Al

The technical work and piloting in SUN raise legal and ethical concerns due to the
inclusion of human participants, the processing of personal data, the application of Al
systems, and the safety of medical devices. The relevant framework applicable to SUN
is presented in the following subsections, each addressing a distinct thematic area.

Human participants in research: Patient autonomy, informed consent, and the right
to refuse participation are fundamental. For participants unable to give full consent,
additional measures following the Helsinki Declaration are required, such as obtaining
approval from an independent, qualified individual.

Data protection in research and exploitation: XR devices, equipped with sensors, 3D
cameras, and control devices, facilitate data exchange and gather large volumes of per-
sonal information to assess user conditions and surroundings. They collect usernames,
account information, activity logs, purchase history, user interactions, preferences, and
demographic details (e.g., age, gender, birthdate). Location data and video recordings
provide insights into user behaviour, enabling user profiling. These practices raise con-
cerns about unintended data use and implicit consent through mere device activation.
The technical capabilities and broad adoption of XR devices create unique privacy risks,
including biometric data integration, haptic responses, real-time data gathering, and
bystander exposure. Devices may also capture emotional states, moods, or personal-
ity traits to evaluate health and well-being. Principles of data minimisation, security,
accountability, and informed consent are essential to address these risks.

Wearable devices and privacy: In SUN pilots, wearable devices monitor health condi-
tions (e.g., blood pressure, heart rate), daily routines (e.g., XR for work), and well-being.
These data streams support personalized movement guidance and lifestyle monitoring.
However, the volume and sensitivity of collected information can intrude on private
lives, including that of bystanders, as devices operate in both public and private spaces
(homes, hospitals, shelters, places of worship). Robust safeguards, anonymisation, and
transparent communication must ensure secure and ethical use of such data.
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Artificial intelligence in SUN: Al techniques are used to process XR data, including raw
scans, sparse 3D points, and incomplete acquisitions, enabling the generation of high-
quality 3D meshes. Al supports the exploration of unknown environments in resource-
constrained scenarios, and neural generative models enhance image resolution and
complete 3D scene renderings by extrapolating context-based information. XR systems
also employ algorithms for controller- and gesture-based controls, leveraging spatial
data from head-mounted displays (HMDs). These functions enhance interactivity but
expand the scope of data processing. The main concern is the “black box" nature of
deep learning, which limits transparency and predictability, undermining human control
and trust. According to the EU Guidelines on Trustworthy Al (2019), Al must be:

Lawful, complying with all applicable laws and regulations;
Ethical, ensuring adherence to ethical principles and values;

Robust, technically and socially reliable.

Four ethical principles are central: respect for human autonomy, prevention of harm,
fairness, and explicability. These requirements go beyond formal compliance, ensuring
Al systems empower rather than manipulate, remain safe and secure, and communicate
their purpose and decisions transparently.

19.4.4 Expected Lessons from SUN Scenarios and Ethical Governance

Ethical governance in XR and Al-based healthcare technologies must address the same
core principles that guide patient advocacy: transparency, fairness, autonomy, and hu-
man connection. One of the central takeaways from the SUN project is that gover-
nance cannot remain an abstract policy layer but must be lived throughout the design,
testing, and deployment of XR systems. Through participatory contributions from a
multi-perspective consortium, SUN surfaced practical governance lessons grounded in
scenario execution. These included the importance of proportional consent processes,
user control over feedback intensity, and clear onboarding for XR interactions involving
biometric data or Al-driven feedback. Beyond technical safeguards, the role of emo-
tional and cognitive safety emerged as a governance priority in its own right, especially
in rehabilitation and disability contexts. These experiences demonstrated that user trust
and ethical accountability are mutually reinforcing elements of sustainable innovation.

At the HELT Symposium 2025, where the SUN consortium presented patient-
focused perspectives on Al in healthcare, key lessons were distilled that resonate directly
with the project’s ethical approach:
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Patient autonomy over personal data must be safeguarded through privacy-by-
design and granular consent mechanisms;

Bias mitigation is essential to avoid unequal access or misdiagnosis across demo-
graphic groups;

Corporate influence over healthcare Al must be balanced with public interest
governance, avoiding “techno-feudal” dynamics where few entities control infras-
tructure;

Preserving human connection is critical; technology should augment, not replace,
therapeutic relationships;

Open-source and collective frameworks can enhance transparency, public
scrutiny, and trust.

For SUN, these principles meant that governance structures had to ensure patient
representation in decision-making, mandate transparent development practices, and
maintain ethical oversight throughout deployment. The interdisciplinary team's role
was pivotal in anchoring these lessons in real-world advocacy experience, reminding
the consortium that patient rights and dignity are not negotiable but foundational.

Looking ahead, the SUN experience demonstrates that embedding governance early,
through, for example, patient advocacy, stakeholder diversity, and ongoing ethical re-
flection, can create XR systems that are not only functional but also trusted and socially
acceptable. This precedent sets a strong foundation for future European projects to
make ethical governance a standard practice, rather than merely an afterthought.

19.5 Evaluation, Impact Pathways, and Lessons Learned

19.5.1 KPIs, Metrics, and Data Collection from Scenarios

The evaluation strategy within the SUN project is grounded in a comprehensive frame-
work of Key Performance Indicators (KPIs), metrics, and multimodal data collection
protocols. These are not only technical or quantitative benchmarks but are also tightly
coupled with human-centric values such as usability, inclusiveness, trust, and well-being.
Given the project’s focus on three interrelated pilot domains (rehabilitation, workplace
safety, and interaction for individuals with severe disabilities), KPIs are context-sensitive,
aligned with both scenario-specific goals and broader societal impact pathways.
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Defining KPIs for Human-Centered XR: In rehabilitation scenarios (Pilot 1), KPIs in-
clude improvement in patient motor control, adherence to treatment protocols, and
self-reported usability of XR interfaces. Quantitative metrics such as joint range of mo-
tion, time-to-completion of exercises, or EMG signal quality are paired with subjective
reports via standardized tools such as the DASH (Disabilities of the Arm, Shoulder, and
Hand) and WOMAC (Western Ontario and McMaster Universities Osteoarthritis Index)
questionnaires.

In the industrial safety context (Pilot 2), KPls measure not only system performance,
e.g, accuracy of PPE detection or latency in obstacle recognition, but also human
factors such as perceived safety, reduction of near-misses, and compliance with safety
procedures. Cognitive workload, distraction levels, and trust in alerts are evaluated
through in-situ observations and pre/post-task assessments.

Pilot 3 focuses on users with severe motor or communication impairments. KPIs
include levels of engagement, successful communication interactions via avatars, and
improvement in self-reported affect or motivation. In cases involving apathy, affec-
tive state recognition (via facial analysis or physiological sensors) is tracked alongside
interaction frequency and duration.

Phased Evaluation Strategy: SUN follows a two-phase evaluation model: the first
phase involves controlled experimentation with healthy volunteers or internal staff to
test technical feasibility, system stability, and refine user interface elements. The sec-
ond phase focuses on real-world deployment with target users (e.g., patients, factory
workers, individuals with disabilities), collecting data longitudinally to measure impact
and validate improvements over time[SUN Dé.1 2024]. This phased approach allows
iterative refinement and ensures that KPIs are grounded in authentic, user-driven ex-
periences rather than abstract technological assumptions.

KPI Interpretation and Adaptive Feedback: A distinguishing element of the SUN
evaluation strategy is that KPI tracking is not merely summative but also formative;
data is used to adapt system behaviour in real-time. For instance, if a user demon-
strates signs of fatigue, frustration, or poor motor control, the XR task may dynamically
reduce difficulty, pause, or provide more supportive feedback. Similarly, in industrial
settings, repeated PPE non-compliance may trigger a different kind of prompt or so-
cial interaction to promote safety culture. Such adaptive interpretation of performance
metrics ensures that KPIs do not become static targets but instead function as part of
a continuous improvement loop, both for the system and for its human users.
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19.5.2 Societal Impact and Stakeholder Feedback

The societal impact of SUN extends beyond its technical achievements to encompass
how its technologies were received, interpreted, and valued by diverse stakeholders.
Structured stakeholder engagement was facilitated across all pilot domains, with all
the team supporting patient involvement in the rehabilitation use case. Feedback gath-
ered from patients, clinicians, caregivers, and therapists highlighted the motivational
potential of XR environments, the perceived safety and ease of use, and the possibility
of integrating these tools into daily care routines. Importantly, participants expressed
trust in the system due to its adaptability and the presence of human accompaniment.
These insights confirmed that SUN's approach, which is grounded in co-creation and
ethical design, can deliver XR applications that achieve real-world legitimacy and so-
cial relevance. XR tools built with human values extend beyond clinical utility into
broader societal impact, while societal readiness improves when end-user perspectives
are embedded directly into design and governance.

A general networking aspect and improved informational exchange between various
stakeholders further enhanced the project’s societal relevance. The richness of per-
spectives, backgrounds, and competencies fused and interlinked within this endeavour
was key to its success. The exchanges within the SUN consortium, complemented by
the External Stakeholder Advisory Board (ESAB), shaped and influenced the definition
and assessment of the Key Innovation Results (KIR). From the perspective of survivors,
issues such as usability, emotional engagement, safety, human accompaniment, inclu-
sivity, data and privacy concerns, accessibility for cancer survivors with fatigue, and
tailored onboarding for older or digitally inexperienced users were identified as crucial.
Addressing these concerns helped validate XR applications in contexts beyond clinical
or lab settings. This directly supported SUN’s mission to deliver not just functional XR
technologies, but meaningful and equitable solutions that benefit humans first.

While a full assessment of societal impact will only be possible after project comple-
tion, the outlook is very promising. By embedding patient advocacy, ethical design, and
stakeholder dialogue from the outset, SUN has laid the groundwork for the adoption
of its platform and technologies on larger scales to strengthen both trust and societal
readiness for immersive technologies.

19.5.3 Barriers, Enablers, and Adaptive Methodologies

The development and validation of human-centred XR systems—especially when inte-
grating Al, rehabilitation protocols, industrial safety procedures, and accessibility tools—
requires a nuanced understanding of both systemic barriers and contextual enablers.
In the SUN project, these challenges are not treated as incidental but as design drivers.
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To this end, SUN adopts a dynamic and reflexive methodology that adapts to the
evolving needs of diverse users, stakeholders, and settings.

Barriers to Human-centred XR Implementation: Several key barriers have emerged
across the three SUN pilot domains:

Technological Complexity and Fragmentation: XR systems involve multiple hard-
ware and software components, wearables, sensors, Al models, and rendering
pipelines. This complexity creates integration risks and steep learning curves for
end users, especially therapists, factory operators, or non-technical caregivers;

Accessibility and Physical Constraints: In Pilot 3, addressing users with severe motor
or verbal impairments, many existing XR tools were found insufficiently acces-
sible or physically cumbersome. Traditional input methods (e.g., hand gestures,
button clicks) often exclude users with limited mobility. Hardware ergonomics
and comfort also remain a significant constraint;

Trust and Ethical Sensitivities: In both healthcare and workplace scenarios, there
is hesitancy toward Al-driven automation and data collection. Workers may per-
ceive PPE tracking or safety alerts as surveillance. Patients may worry about
depersonalized care or privacy violations when using body-machine interfaces;

Resistance to Change: In both industrial and healthcare contexts, the introduction
of immersive technology may face inertia due to organizational culture, lack of
digital readiness, or competing priorities. For example, therapists may prefer
conventional protocols; factory staff may view XR as disruptive.

Despite these challenges, the SUN project has identified several enablers that support
the successful deployment and adoption of XR-Al systems:

Participatory Co-Design: Involving therapists, patients, industrial workers, and users
with disabilities early in the design process ensures solutions reflect real-world
needs and constraints. This process builds trust, relevance, and user acceptance;

Ethical Governance and Transparency: Ethical impact assessments, informed con-
sent protocols, and privacy-by-design strategies are embedded throughout the
project. This mitigates risk and enhances societal readiness, especially where
vulnerable groups are involved;

Adaptive Personalization: SUN leverages Al to dynamically adjust the complexity,
intensity, and sensory modalities of tasks in real time. For example, a rehabilita-
tion task can be made easier if the system detects fatigue or stress, while still
recording clinical progress;
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Training and Capacity Building: Workshops, hands-on testing, and dedicated sup-
port sessions with practitioners (e.g., occupational therapists, line supervisors)
have proven crucial in lowering barriers to adoption. By investing in user compe-
tence, the project fosters long-term sustainability of the XR ecosystem;

Adaptive Methodologies in SUN: Rather than assuming fixed experimental condi-
tions or user behaviours, SUN iteratively refines its tools and protocols in response
to ongoing feedback and real-world data;

Hybrid Evaluation Models: SUN combines qualitative (interviews, focus groups, ob-
servational notes) and quantitative (biometric data, task performance, self-report
questionnaires) approaches. This mixed-methods strategy ensures technical KPls
are matched with experiential insights;

Contextual Adaptation: Recognizing that XR usage is always situated, whether
in a hospital room, factory floor, or domestic setting, SUN allows for flexible
configurations and data collection strategies depending on space, hardware, or
user needs;

Reflexivity and Feedback Loops: Feedback is not only collected for end-of-project
evaluation but continuously used to reconfigure tasks, update avatars, fine-tune
haptic responses, or revise user interface elements. This promotes alignment
between system evolution and user reality.

19.6 Future Perspectives

The outcomes of the SUN project open up multiple directions for sustainability, acces-
sibility, and broader societal adoption of XR. The following perspectives highlight how
lessons learned from pilots can evolve into long-term strategies, shaping both practice
and policy in the years to come.

Sustainability as a social fabric: Sustainability in XR cannot be reduced to software
updates or hardware maintenance cycles. It must be seen as a living fabric woven across
patients, workers, caregivers, and organizations. The SUN pilots showed how commu-
nities themselves can act as sustainability anchors. Peer-led onboarding, long-term
training, and feedback-driven adjustments ensured that technologies did not remain
static prototypes but evolved as responsive tools aligned with users’ changing needs.
A key future direction is to embed patient associations, worker unions, and disability
advocacy groups directly into governance structures, so that they not only benefit
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from the outcomes but also actively shape their evolution. In this participatory vision,
sustainability is safeguarded by trust, empowerment, and shared ownership.

Toward accessibility and community-based adoption: For human-centred XR to
scale, barriers of cost, usability, and physical accessibility must be decisively lowered.
Future deployments must guarantee that hardware ergonomics and interaction modes
do not exclude those with limited mobility or sensory impairments. Establishing lo-
cal adoption hubs—in hospitals, NGOs, rehabilitation centres, or community facilities—
represents a practical step forward. These hubs could provide access to equipment,
structured training, and shared peer-to-peer knowledge exchange. Beyond increasing
adoption rates, they would extend the societal footprint of XR, making it a familiar and
supportive presence in daily life rather than a niche or experimental tool.

Scaling Pilots into replicable models: The three SUN pilots proved the feasibility
of XR-Al systems in highly contextualized environments. Importantly, each pilot pro-
duced transferable assets: modular XR components, interoperable data pipelines, user
training protocols, and domain-specific KPls. These can now be recombined and tai-
lored for new applications, from home-based rehabilitation for chronic conditions to
safety monitoring in logistics and construction, or digital inclusion in education and
communication for people with cognitive or mobility impairments. The project’s mod-
ular architecture supports this scalability, allowing gesture recognition, gaze tracking,
haptic feedback, and Al-driven user modelling to be flexibly adapted across sectors
and use cases.

Cross-sectoral synergies and innovation pathway: By integrating XR with Al, ethics,
and participatory design, SUN lays the groundwork for cross-sectoral innovation. In
healthcare, immersive technologies can extend into telemedicine, remote diagnostics,
and patient education, enhancing personalization and equity in care delivery. In educa-
tion and training, embodied XR experiences can offer gamified, adaptive environments
for vocational re-skilling and cognitive support. In Industry 5.0, XR combined with loT
and human-in-the-loop Al promises safer, more productive hybrid workplaces where
human well-being is prioritized alongside efficiency. These synergies illustrate that XR
is not a closed niche technology, but a platform for systemic transformation across
domains.

Policy, Design, and Research Directions: Future perspectives also point to the ur-
gent need for coordinated action at policy and design levels. XR introduces unique
challenges around embodiment, biometric capture, and immersive consent that extend
beyond current Al legislation. Policymakers must therefore craft XR-specific ethical and
legal frameworks that recognize immersive data—such as gaze paths, gesture profiles,
and spatial behaviours—as sensitive and worthy of sovereignty protections. Designers,
meanwhile, must embed multimodal accessibility, participatory co-design, and trans-
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parent consent mechanisms into the heart of system development. Researchers should
continue to explore adaptive and reflexive evaluation methods that balance technical
KPIs with experiential insights on trust, autonomy, and inclusion. In this sense, the
lasting legacy of SUN may not be any single technological breakthrough, but its model
of responsible, participatory, and ethically resilient innovation—a blueprint for how Eu-
rope can lead in building XR systems that are not only technologically advanced but
also deeply human.

19.7 Conclusions

The SUN project demonstrates that XR and Al, when guided by ethical intelligence
and human-centred values, can move beyond experimental showcases and become
trusted instruments of societal transformation. However, ensuring that such systems
evolve sustainably requires more than technical refinement: it demands a long-term
commitment to inclusivity, accessibility, and governance grounded in human dignity.
The future of human-centred XR will hinge on how effectively technology can be
integrated into the rhythms of everyday life while respecting autonomy and trust. SUN
has shown that XR is not just about immersion, but about empowerment—helping
patients recover mobility, workers operate more safely, and people with disabilities
participate more fully in society. The next challenge lies in ensuring that these advances
do not remain isolated pilots, but scale into sustainable ecosystems, co-owned by
communities and governed by ethical foresight.
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Abstract. This chapter explores the use of Extended Reality (XR) in the rehabili-
tation of orthopedic, neurological, and oncological conditions, with a focus on the
development and validation of a novel XR-based platform designed to enhance
patient engagement and recovery outcomes. The platform integrates motion sen-
sors, electromyographic sensors, haptic actuators, and real-time feedback mecha-
nisms to support both supervised and personalized rehabilitation. We present two
key clinical use cases: 1) Upper Limb Rehabilitation, focusing on shoulder patholo-
gies and lymphedema post-breast cancer treatment, and 2) Lower Limb Rehabili-
tation, targeting knee recovery. Both scenarios leverage XR technologies, such as
augmented reality headsets and 3D avatars, to create interactive, goal-oriented ex-
ercises. The system's ability to provide real-time, performance-related feedback to
patients and clinicians ensures personalized care while maintaining the therapeu-
tic relationship between the patient and therapist. Pilot studies conducted with
healthy volunteers and patients revealed high levels of usability, patient satisfac-
tion, and promising clinical outcomes, including improved upper limb function and
reduced lymphedema. Although the results indicate the feasibility of XR integra-
tion into rehabilitation, further refinements are needed, particularly in enhancing
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avatar accuracy and Al-based feedback. This chapter highlights the potential of XR
technologies to revolutionize rehabilitation practices by increasing patient motiva-
tion, supporting personalized care, and enhancing therapeutic outcomes in both
clinical and home settings.

20.1 Introduction

The key focus of this chapter is to provide innovative solutions for the rehabilitation
of orthopaedic, neurological, or oncological conditions. These pages detail the work
dedicated to make rehabilitation sessions appealing, engaging, and stimulating from a
social, playful, and cognitive perspective, maintaining direct patient-therapist commu-
nication. The chapter also describes the clinical advantages offered by the integrated
system composed of motion sensors, electromyographic sensors, and haptic actuators
providing feedback both to clinicians and to the patients on the correctness of the
exercise execution.

20.1.1 The Challenge: Motivating Patients and Personalising
Rehabilitation

Functional recovery following various orthopaedic, neurological, or oncological prob-
lems can take a very long time, requiring demanding, repetitive, and prolonged rehabil-
itation interventions that make it difficult for patients to adhere to the treatment plan
adequately. Furthermore, it is not always possible to access personalized treatments
that take into account individual patient progress, resulting in greater effectiveness with
fewer resources

20.1.2 The Solution: An XR Integrated Platform for Supervised
Personalised Rehabilitation

To address these challenges, we have developed an XR platform to motivate patients
to exercise efficiently by providing them and the physiotherapist with feedback on their
performance. This is accomplished by exploiting the developed machine learning-based
SUN modules to perceive rehabilitation-related metrics (e.g., number of repetitions,
range of movement) and by providing feedback through the movement of their avatar
and the interaction with 3D virtual objects.
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20.1.3 Key Use Cases

The platform's capabilities were applied in two clinical use cases, each targeting a specific
aspect of the overall challenge.

Use Case 1: Upper Limb Rehabilitation scenario

The Upper Limb Rehabilitation scenario focuses on recovery of upper limb function
after shoulder pathologies/injuries or Lymphedema due to breast cancer.

In this use case, the system is designed to be used in a clinical setting where the
patient and therapist are co-located. The patient sits at a desk, which serves as the
physical anchor for the virtual workspace presented through an Augmented Reality (AR)
headset. The AR environment allows the patient to interact with virtual objects overlaid
on the real environment, allowing the therapist to remain visible and actively involved
during the session.

The virtual rehabilitation tasks are embedded within a serious game framework, where
the patient performs goal-oriented exercises. These are implemented in the form of a
pick-and-place task, moving virtual objects onto bookshelves, progressively increasing
in height and lateral displacement.

The AR environment displays the interaction elements implementing these tasks,
providing tuning of key parameters of the exercises, i.e., the height and width of the
workspace and target object positions. Moreover, the patient has the ability to preview
the exercise via an avatar demonstration before performing the protocol.

The system is also conceived to provide real-time feedback on the execution quality,
such as identifying and warning the user about postural errors or compensatory move-
ments. This is supported by the addition of a vision-based pose estimation system
for tracking the shoulder, elbow, and torso leaning angles (described in Chapter 13).
Also, an emotion recognition module, based on a wearable biometric sensor, is imple-
mented to monitor the effort of the patient while performing the exercise (described
in Chapter 15).

To enhance immersion and support motor learning, wearable haptic devices on the
fingertips and wrist, respectively, are introduced. Fingertip units (described in Chapter 7)
deliver tactile feedback that corresponds to virtual interactions, such as contact cues
and pressure sensations that simulate contact with objects. Skin stretch cues at the
wrist (described in Chapter 8) are used to convey information about the posture of
the arm held during the exercises, in particular addressing the typical compensatory
movement expected during the pick-and-place task. The two haptic methods have
been combined and implemented in a single glove for this Case Study.
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Figure 20.1: (Left) the clinical setup for the Use Case 1: Upper Limb Rehabilitation, including the
XR visualization of the virtual exercise (streamed to the external monitor), the haptic glove for
interaction and postural tactile hints, the Emotibit armband, and the external camera for upper
limb tracking and biometric signals recording. (Right) screenshot of the real-time streaming of
the measured data, showing upper limb tracking and physiological signals.

All these elements combine to create a flexible, responsive rehabilitation system that
can be adapted based on the patient’s ongoing performance, while preserving direct
interaction and oversight from the therapist. An overview of the experimental setup
for the Upper Limb Rehabilitation scenario is shown in Figure 20.1.

Use Case 2: Lower Limb Rehabilitation scenario

In the lower limb rehabilitation scenario, the system is designed to be used as a virtual
supervisor of the patient, with the physiotherapist only observing the rehabilitation
process. The patient is asked to perform three common knee rehabilitation exercises:
a) squat, b) seated leg extension, and c) walking (for gait analysis).

The AR environment allows the patient to observe their movements that are dis-
played by a 3D avatar that mimics them. Moreover, the system also provides feedback
to the user regarding whether they perform the exercise correctly and, if not, what
went wrong (see also Chapter 12 and Chapter 13). Through this real-time feedback and
the developed XR immersive environment, SUN aims to motivate the patients and
also assist them in progressing the rehabilitation journey more efficiently. Figure 20.2
depicts the lower limb setup. A patient performs a seated leg extension exercise, while
being able to see her avatar performing the same exercise (in mirror view). The green
bar on top of the avatar provides information about the repetitions made and the
correctness of each repetition.
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Figure 20.2: The lower limb setup shown in the (Left) and the patient’s view displayed at the
(Right).

The system uses a hyper-realistic, animatable 3D human avatar, generated through
the pipeline developed within the SUN project and described in Chapter 2.

20.2 Methodology and Results

The development and evaluation of the SUN platform for this pilot follows a structured
approach encompassing system design, component integration, and a formal validation
phase in turn divided into two phases: an initial test on healthy volunteers and then
the final test on patients.

20.2.1 System Architecture and Implementation

For the Upper Limb Case, a gamified scenario was developed in AR that aligns with
the recovery of the targeted motor function. The user interacts with virtual 3D objects,
picking them up and placing them in a vertical structure, resembling shelves, at incre-
mental heights, starting from desktop level and reaching just above the head. On each
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height, there are shapes indicating target positions where the user must correctly match
and insert the corresponding 3D objects. As the user fills the shapes, on each height,
they progress incrementally to the next height. The system provides color-coded vi-
sual hints that indicate errors regarding target placement (red) and object matching
(orange). A dedicated desktop GUI application was developed to configure the sce-
nario parameters, including the number of shelves (height), the number of objects that
can be placed on the shelves, and the limb (left or right) that should perform the
rehabilitation. The GUI app also displays data from external components.

Throughout application use, haptic feedback references are transmitted to the wear-
able devices based on virtual object interaction events and input from the computer
vision-based pose estimation module. Emotion recognition data captured from the user
is displayed in the desktop application. Additionally, the system provides the ability
for therapists to join the same virtual environment as the patient, observe the patient's
interactions, and interact directly utilizing dynamic cues to support object placement
tasks (see also Chapter 9). Finally, interactions with the XR application’s Ul could be
performed via hand and gaze input. For the gaze modality, users can confirm the
selection (“click the button”) with a blink to avoid misinteractions.

For the Lower Limb case, the AR environment centers around the avatar, through
which the results of the ML components are displayed. Real-time pose estimation
data are mapped to the avatar to mirror user movements. Augmented feedback is
displayed on the avatar based on the postural assessment component, indicating the
correctness of the performed movements. For the squat and seated knee flexion and
extension exercises, the avatar is placed in a mirrored position in front of the patient,
while during gait training, the avatar is positioned ahead of the patient, shown from a
rear perspective to simulate walking in the same direction. Before each exercise, the
avatar demonstrates the correct movement through predefined animations

The pilot architecture leverages a multi-layer architecture including four layers: a)
data source layer, b) information layer, c) application layer, and d) presentation layer.
Figure 20.3 presents the modules that were included in the 2nd validation phase. In
terms of data sources, we exploited Inertial Measurement Unit (IMU) and surface Elec-
tromyography (SEMG) sensors for the postural assessment and the wearable-based
pose estimation. Their results are sent to the XR application by passing through Om-
niBridge (see Chapter 16). The results of the pose estimation are depicted using the
3D avatar, while the whole application runs on the AR device. Moreover, camera input
is used to estimate the angles of the user (i.e., elbow, shoulder), and a wristworn de-
vice (i.e., EmotiBit) is used to infer the user's emotion. This information is also sent to
the XR application exploiting OmniBridge. Moreover, the XR app lets the user interact
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Figure 20.3: Abstract SUN platform architecture for Pilot 1.

with virtual objects and communicate with the developed wearable haptic system to
increase the user's immersion levels.

20.2.2 Validation Experiment

The validation of the pilot took place at Versilia Hospital in Lido di Camaiore (Lucca,
Italy) and consisted of two phases: a preliminary phase where the first release of the
SUN XR platform was tested on healthy volunteers (Figure 20.4 and Figure 20.5), and
a final validation phase where the final version of the platform was tested on real
patients as an innovative rehabilitation tool (Figure 20.1 and Figure 20.2).

While the goal of the first validation phase was to test the integrated platform in
terms of ease of use and acceptance by clinical staff and naive healthy subjects, the
goal of the final validation was to test the new XR technologies on patients with
orthopaedic/oncologic pathologies, not only in terms of acceptability but also in terms
of rehabilitation clinical impact.

Experimental Tasks

Upper limb  The user was seated in a comfortable position, with their arms resting on
a table and their elbows bent at approximately a 90° angle. The user wore the haptic
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glove and was given instructions on the actions to be performed. A demonstration of
the exercise was available for the user to view before starting the exercise.

The exercise consisted of training the pick-and-place functionality. The subject had
to reach targets in different areas and heights of the workspace. A game scenario was
developed in an AR environment that aimed to train the upper limb motor function.
The user was able to view the environment and perform the exercise through the AR
HMD device HoloLens 2.

The AR application consisted of a game in which the subject must pick up virtual
objects and place them in a vertical virtual structure. The scenario focuses on the
repeated practice of reaching movements in different directions on the vertical plane.
While the person is sitting, 3D objects are presented in front of them at the height of the
desk. The subject must choose each of the objects and place them on specific targets
on the vertical plane. Each 3D object corresponds to a particular target position, and
as the subject manages to place each object, the level of the shelf gradually becomes
higher. During the exercise, the subject is presented with the target position of the
object to be placed.

The haptic glove worn by the user enables the rendering of touch and pressure
sensations by means of an actuated band in contact with the fingertips. In addition,
haptic cues are delivered at the wrist to inform the user about possible incorrect posture
of the arm, addressing typical compensatory movements expected in similar pick-and-
place tasks. In case the arm is not fully extended during the target reaching phase, skin
stretch cues are delivered, with intensity proportional to the extension error, suggesting
the user to extend the arm rather than lean the trunk toward the target object.

Furthermore, the user was equipped with a wearable device, the Emotibit, for mea-
surement of biometric signals. The EmotiBit wearable system is a device equipped with
photoplethysmography (PPG), heart rate, electrodermal activity (EDA), and tempera-
ture sensors. The device is open source and offers the flexibility of being worn almost
anywhere on the body. For convenience, the users were asked to wear the EmotiBit
on the wrist like a smartwatch. These sensors are able to detect and monitor the emo-
tional state and the effort made by the users while performing the exercises, providing
very useful information about how much the users are engaged in the exercises.

Lower limb The lower limb rehabilitation scenario consisted of three different exer-
cises: sitting leg flexion and extension, squats, and gait training. In this scenario, the
AR environment is focused on the avatar, a patient avatar that replicates the patient’s
movements and provides guidance. At the beginning of the session, one of the three
exercises can be chosen through the application menu. For the squat exercise, the
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Figure 20.4: A participant testing the Upper Limb Rehabilitation scenario during the first
validation session at the Versilia Hospital.

avatar is positioned in a mirror image in front of the subject. Similarly, for the seated
exercise, the avatar is positioned in front of the subject in a mirror image of the sitting
position. For the gait training, the avatar is positioned in front of the subject, but is
seen from behind, with a posterior perspective. Figure 20.5 shows a participant testing
the lower limb application during the first validation phase.

For the walking exercise, a virtual corridor is displayed on the ground to delineate
the physical space needed for training, while for the squat exercise, a virtual ring is
displayed around the patient that delimits the space needed to safely perform squats.
Before performing the exercise, the patient can observe the correct way to perform it
through predefined animations shown by the avatar. During the exercise, the patient’s
movements are replicated by the avatar via the 3D pose estimation module. In addition,
the system provides visual feedback on whether the patient has performed the exercise
correctly based on data from the wearable-based posture assessment module.

Moreover, eight wearable sEMG sensors (Delsys Trigno Avanti), consisting of IMUs
and sEMG inferred the correctness of the exercise performed and were interfaced with
the virtual system to display the results.

Preliminary Validation Phase

Eleven healthy volunteers (consisting of a mix between the hospital department staff
and other members of the SUN consortium) participated as end-users in the upper
limb (9 subjects) and lower limb (2 subjects) scenarios, each performing one session
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Figure 20.5: A participant performing a squat for the Lower Limb Rehabilitation scenario during
the first validation session at the Versilia Hospital.

As assessment measures, kinesiological measures such as task execution time and
joint range of motion (angle) were recorded for both upper and lower limb; sSEMG signal
was recorded for the lower limb.

Moreover, participants were administered an ad hoc questionnaire (the Pilot 1 user
questionnaire) comprising several Likert-scale items (statements rated on a five-point
scale ranging from ‘strongly disagree’ to ‘strongly agree’) addressing usability, perfor-
mance, and acceptance by the users. The preliminary validation tests successfully
demonstrated the stable integration of the core components.

Overall, participants reported a good acceptability of the system and satisfaction,
found the sessions very engaging, and would recommend the use of the system to
others.
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Nevertheless, regarding upper limb sessions, some users complained that the glove
did not fit perfectly for them (it was too large), and others reported that the release
of the object was difficult. As for lower limb sessions, users found the avatar feedback
not always accurate and therefore not having much impact on the performance at the
moment. Analysis of the user feedback from the first validation phase provided key
insights into the system's performance and areas for refinement in view of the clinical
validation phase.

Final Validation Phase: Clinical Data from Rehabilitation Treatment

The first experimental validation paved the way for the clinical trial on real patients
affected by orthopaedic or oncological diseases.

Therefore, for the phase of clinical validation, six patients were recruited at Versilia
Hospital: two patients with upper limb lymphedema secondary to oncologic surgery,
one patient with an orthopedic shoulder condition, and three patients who had recently
undergone knee surgery. Each of these patients had already participated in conventional
rehabilitation sessions according to standard clinical practice for their specific condition.
Each of the recruited patients carried out one or more rehabilitation sessions using
the devices of the SUN platform. Patients were assisted by the clinical staff of the
Rehabilitation Unit of Versilia Hospital. As an assessment measure, specific validated
clinical scales were administered to all patients. The study was approved by the local
ethics committee, and all participants signed informed consent for participation in the
clinical study and for data processing. Moreover, as in validation phase 1, in order to
assess the XR integrated platform in terms of usability, performance, and acceptance
by the users, the Pilot 1 user questionnaire has been administered to all participants.

Upper limb Rehabilitation Sessions Each of the three patients took part in a daily
treatment session lasting approximately 40 minutes in total (including setup and treat-
ment) for four consecutive days.

For the treatment, as in the first validation phase, the patients wore the HoloLens
headset and performed grasping and releasing exercises with virtual objects placed on
shelves of progressively increasing height. In accordance with the principle of XR, the
sensation of grasping and releasing was enhanced by haptic feedback from the glove.

During the treatment, the patients were assisted by the physiotherapist (Figure 20.6),
whose task was to correct any movement errors or incorrect postures. The physiother-
apist could also wear another headset, allowing them to see in real time the same
virtual objects displayed to the patient during the exercise.
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Figure 20.6: A patient involved in the Upper Limb Rehabilitation scenario during the Final
Validation Phase. The therapist was co-located in the same XR environment, enabling a natural
interaction and effective physical assistance toward the goal-oriented motor task.

The outcome measures used were: the measurement of the upper limb circumfer-
ence at different points (to assess the extent of lymphedema) and the DASH scale
[DASH 2006; Beaton et al. 2001] to evaluate the functional limitation of the upper
limb in performing activities of daily living. Outcome measures were recorded at the
beginning and at the end of the last session.

Upper limb Rehabilitation - Clinical Results and Patients’ Feedback Tests ran
smoothly without any major technical issues, demonstrating the feasibility of the
method. As a clinical result, arm circumference of patients affected by lymphedema
slightly decreased, indicating a reduction of the edema, and the DASH score of the
patients with shoulder impairment decreased, indicating a decreased limitation in daily
activities. The results of the questionnaire showed high scores for almost every item,
indicating a good performance of the system in the three areas of exploration: “User
Experience & Usability”, “Haptic Feedback & Glove Usability”, “Overall Satisfaction &
Future Use".

Patients reported an overall good experience with this innovative type of rehabil-
itative treatment. One of them reported that it was pleasant to receive the haptic
feedback so that she knew she had grasped the bottle correctly. All patients reported
a subjective feeling of improvement in upper limb function and motricity, but two of
them complained that sometimes the “grasp and release” did not work properly and
this disturbed their exercise. Regarding the postural feedback, one patient suggested
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Physiotherap

Figure 20.7: A patient involved in the Lower Limb Rehabilitation scenario during the Final
Validation Phase. (b) One therapist assisted the patient in performing gait activity. (a) Another
therapist was able to see the patient performing the exercise remotely. (c) The patient was also
able to see her avatar performing the exercise in front of her.

adding more specific instructions about how to correct posture. One patient reported
that it was a positive rehabilitative experience, but that it necessarily must be integrated
with conventional physiotherapy.

Lower limb Rehabilitation Sessions For the treatment, as in the first validation phase,
the patients wore the HoloLens headset and were asked to perform exercises of squat-
ting (if possible), knee flexion and extension from a sitting position, and walking (Fig-
ure 20.7). sEMG activity of lower limb muscles and knee kinematics were recorded. The
patients could see their avatar from behind performing the same exercises, and visual
feedback indicating the quality of their performance. sEMG activity was monitored by
clinicians during the exercises, while a report representing knee kinematics could be
produced immediately after the session.

During the treatment, the patients were assisted by the physiotherapist, whose task
was to correct any movement errors or incorrect postures (Figure 20.7b). The doctor
could also wear another headset, allowing them to see in real time the avatar of the
patient performing the exercises from a remote site (Figure 20.7a).

The outcome measures used were: Oxford knee score (OKS) [OKS 2016] and West-
ern Ontario and McMaster Universities osteoarthritis index (WOMAC) [Dawson et al.
1998; Bellamy et al. 1988], evaluating the overall knee function and the patient’s ability
to manage normal activities.

Lower Limb Rehabilitation - Clinical Results and Patients’ Feedback As for the upper
limb, sessions ran without any major technical issues, demonstrating the feasibility of
the method.
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Pre-post results of clinical scales show a slight improvement except for WOMAC in
one patient.

The results of the questionnaire showed high scores in the areas of “User Experience
& Usability” and “Overall Satisfaction & Future Use”, while, as for “Effectiveness of the
Avatar & Al Feedback’, one gave lower scores, indicating that this is an improvable
aspect of the platform.

All patients stated that they had no difficulty using the XR system, including the older
patients who were less familiar with technological devices. They found the experience
interesting and engaging, and they willingly completed all the sessions. However, since
they had also undergone conventional rehabilitation for their condition, they confidently
stated that, at present, traditional physiotherapy cannot be replaced by virtual reality
systems.

20.3 Conclusions

In the rehabilitation scenario, the integration of the various components outlined in the
project (augmented reality, use of avatars, haptic feedback, and continuous monitoring
systems of clinically relevant parameters) has been demonstrated in a real and sensi-
tive environment such as a rehabilitation hospital. While the feasibility of the project
was proven during the experimental validation phase, its actual applicability in the reha-
bilitation setting was confirmed during the clinical validation phase, with encouraging
clinical results for future uses.

The clinical tests were in fact carried out without technical complications and with
excellent compliance from the subjects, including the older participants who were less
familiar with technological devices. The patients expressed a hope to be able to use
such technologies in the future, if integrated with conventional physiotherapy.
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Abstract. SUN partners have implemented a pilot project at FACTOR, a metal
parts manufacturing facility, to explore how XR technologies can improve safety,
social interaction, and ease task management in industrial settings. The pilot, ti-
tled “Extended Reality for Safety and Social Interaction at Work’, encompasses two
complementary use cases. The first focuses on safety training and practice through
immersive XR experiences, while the second targets real-time task prioritization
and workflow optimization on the shop floor. In use case 1, workers use the SUN-
SET application through the AR headset (HoloLens2) to engage in interactive train-
ing on Personal Protective Equipment (PPE) guided by an avatar, followed by live
observation tasks in real workplace environments supported by object recognition
and real-time visual feedback. Use case 2 introduces the PRIORI-XR algorithm,
which dynamically assigns and updates work priorities based on sensor and camera
data, displaying tasks directly through the XR interface to support efficient decision-
making and reduce cognitive load. The system architecture integrates client—server
modules, Al-based image recognition, hand gesture interaction, and cybersecurity
monitoring, enabling robust and adaptive XR functionality across both cases. Vali-
dation of the technology was conducted in two phases—initially with SUN project
staff and subsequently with factory operators in real environments. User feed-
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back highlighted high acceptance, comfort, and perceived usefulness, particularly
in training engagement and workflow organisation. Challenges related to gesture
precision and detection stability were progressively resolved through iterative im-
provements. Overall, the pilot project demonstrates the feasibility and value of
XR as a human—machine interface in industrial contexts, enhancing both safety
culture and operational efficiency.

21.1 Introduction

The integration of Extended Reality (XR) technologies into industrial environments
is transforming the way manufacturing industries function. The current research fo-
cused on investigating how XR can enhance both workplace safety and productivity
at manufacturing facilities where safety and productivity play crucial roles. The pilot
“Extended Reality for safety and social interaction at work” was divided into two dis-
tinct yet complementary scenarios: use case 1 — Safety Training and Practice through
XR, and use case 2 — XR-based Task Prioritisation in Industrial Settings. Both cases
leverage the HoloLens 2 headset, the SUN-SET application, and a range of supporting
systems, including object recognition, gesture-based interaction, and decision-making
algorithms. The overarching goal of the pilot is to examine how immersive technologies
can contribute to safer, smarter, and more human-centered workplaces by combining
intelligent data processing with natural and intuitive user interfaces. The use cases were
validated at FACTOR, a manufacturing industry that is a leading producer of complex
metal parts.

Use case 1 focuses on enhancing PPE-related training and compliance through inter-
active and data-driven XR modules. Using the HoloLens 2 integrated with the SUN-
SET system, users engage in guided training where an avatar delivers multimodal in-
structional content—text, images, and videos—followed by comprehension assessments.
The system automatically generates a digital protocol documenting user performance,
which is securely transmitted for traceability and verification of safety compliance. In
the extended real-world subcase, participants move through the workplace evaluating
PPE compliance of employees across different roles. Using a speech command, they
capture images that are instantly analyzed by both the user and an object recognition
tool, with results cross-verified to generate feedback reports. This allows real-time
learning and correction in practical operational contexts.
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Use case 2 introduces PRIORI-XR, an adaptive XR-based task management frame-
work for dynamic prioritization in industrial environments. Through continuous data
acquisition from distributed sensors and cameras, the system evaluates real-time op-
erational states—such as machine faults or container levels—to compute and display
ranked task lists directly in the HoloLens 2 interface. The worker can interact with
this list to accept, defer, or reassign tasks through hand gestures while the algorithm
autonomously updates priorities in response to changing conditions. The system also
incorporates multi-user coordination logic to resolve task allocation conflicts, ensuring
synchronized and efficient workflow execution.

21.2 Methods and Results

The implementation of the pilot at FACTOR has been structured around the two defined
use cases, each of which relies on a modular architecture that integrates components
serving different functionalities to enhance the AR application SUN-SET. The SUN-
SET application has 2 components: the client side and the server side. The entire
application is remotely rendered on a server (enhancing the computational capacity)
and is streamed to the client HoloLens 2. The user input and the SLAM (Simultaneous
Localization and Mapping) data are streamed from the client to the server. The SUN-
SET application integrates multiple components relevant to specific use cases.

At the core of the server bundle, the SUN-SET Server hosts the training and practice
applications for use case 1 and manages the integration of several modules, including
the Avatar and the object recognition tool (see Figure 21.1). The Avatar is responsible
for improving the visualization of training content and guiding the user with directives
or prompts throughout the session. The object recognition tool (see Chapter 5) pro-
cesses frames from the HoloLens cameras to detect PPE on external actors during
practice sessions. The frames are transmitted from the SUN-SET Server to the object
recognition tool, while the detection results are sent back to the server. This process
allows the headset to provide users with real-time feedback in the form of visual over-
lays highlighting whether safety equipment is being correctly worn. Additionally, the
Tokenized Platform (see Chapter 17) supports the entire architecture by storing system
data such as training protocols, results, and multimedia content, while also enabling
asset ownership and access control.

Use case 2 focuses on task prioritisation, and integrates both physical and digital com-
ponents to deliver real-time decision support to operators on the shop floor (Figure 21.2
reports the use case 2 architecture). For this implementation, two outdoor cameras
were installed at different heights within the FACTOR shopfloor to monitor the state
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Figure 21.1: Use case 1 - Architecture.

Figure 21.2: Use case 2 - Architecture.
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of raw material and waste containers attached to the machines. The camera feeds are
analyzed by the object recognition tool mentioned above, which perceives the fullness
status of waste and raw material containers. This provides input for the PRIORI-XR
algorithm, a rule-based logic system designed to automate and optimise task manage-
ment in industrial environments (see Chapter 10). The algorithm begins by loading data
on machines, containers, production status, and pending tasks. It classifies the current
shift, filters completed tasks, and analyses operational needs such as empty material
containers or full waste containers, generating replenishment and emptying tasks ac-
cordingly. It also assigns cutting tasks to sawing machines when capacity allows, and
during shift changes, it automatically creates tasks for cleaning and maintenance. Each
task is assigned an identification, description, priority level, and a status that begins as
“Pending” and can subsequently be changed to “Accepted’, “Rejected”, or “Completed”
by the operator through hand gestures. The hand gesture recognizer adds interactiv-
ity to the training process by interpreting gestures such as thumbs-up, thumbs-down,
and two-finger swipe, which the user can employ to respond to prompts without the
need for traditional controllers (see Chapter 14. Communication with external modules
is handled by the OmniBridge component (see Chapter 16), which serves as a unified
messaging broker, ensuring smooth and reliable data exchange between the server and
external services. If a task is rejected, the system automatically reactivates it as pending,
ensuring that no critical operation is left unresolved. Two key components integrated
in the task prioritization use case are the container flow module and the factory data
integration. The container flow module enables real-time tracking of raw material us-
age and waste generation at the machine level. It integrates with machine status data
to monitor production progress. When specific thresholds are reached, the module
automatically triggers corresponding tasks. Its event-driven logic ensures prompt task
generation, even in zones lacking camera coverage, by leveraging the factory’s internal
data infrastructure. This approach improves responsiveness and ensures continuous op-
erations where visual monitoring is not feasible. The operator experiences this workflow
and the pending tasks directly through the HoloLens 2, where the task list is displayed
in Spanish with clear priority labels.

21.3 Validation

The validation of Pilot 2 was conducted in two main phases: an initial experimental
phase involving volunteers from the SUN staff, and a second phase involving operators
from FACTOR in Valencia, who participated as end users during a regular working day.
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Phase 1: Experimental Validation
In the first validation phase, both use case 1 and use case 2 were tested in a dedicated
room at FACTOR.

For use case 1, PPE detection, seven participants were equipped with the HoloLens 2
AR headset and engaged in an interactive training session designed to train and identify
the appropriate PPE—specifically, glasses, gloves, and helmets—required in specific areas
of the shopfloor. The training involved reading instructions and viewing accompanying
images illustrating PPE compliance. At the end of the session, users answered a series
of questions assessing their understanding. Interaction with the system was achieved
through the selection of virtual buttons appearing in front of the user. Throughout the
process, an avatar of a worker guided the user, providing positive or negative feedback
depending on the correctness of their responses. Following the training, participants
used the XR glasses in pairs (one with and the other without PPE) to verify correct
or incorrect PPE usage. The system provided immediate visual feedback in the form
of green or red indicators (bounding boxes) corresponding to the type of equipment
correctly or incorrectly worn.

For use case 2, shopfloor safety and object tracking, users wearing the XR glasses
were presented with a predefined list of prioritized and assigned tasks intended to
support efficient task distribution per shift. Users indicated to the XR system whether
each task had been completed. Task prioritization was done automatically using real-
world data collected from cameras on the shopfloor, which detected the levels of raw
materials and waste containers.

At the end of the session, all participants completed the user questionnaire, a five-
point Likert scale survey (21 multiple-choice questions ranging from “Strongly Agree” to
“Strongly Disagree”). The questionnaire assessed system usability, device wearability,
system reliability and performance, learning and skill development, and overall satisfac-
tion. The overall user feedback was positive. Participants found the device comfortable
to wear and considered the training proposed in use case 1 more engaging than stan-
dard training. Regarding use case 2, users reported that the system could be highly
useful for task management. The user feedback included suggestions to improve the
system with easier Ul, and there were requests to include auditory feedback to improve
recognition of correct or incorrect PPE use. Some participants initially experienced dif-
ficulty performing the “pinching” gesture used to select tasks; however, they reported
that interaction became intuitive after brief practice.

Phase 2: Real-Environment Validation
In the second validation phase, user feedback from the initial testing was incorporated
to improve the platform’s usability and facilitate smoother interaction in real-world
conditions. Eleven workers from FACTOR participated in this phase.
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Figure 21.4: Use case 2 validation sample for shopfloor safety and object tracking.

For use case 1, the users were initially trained through virtual training similar to
what has been done in phase 1 regarding the appropriate PPE for specific areas in the
shopfloor. Later, participants moved with the AR headsets to the real environment
where employees naturally worked in different areas. Participants were asked to verify
the correctness of PPE usage by other factory workers across three operational contexts:
logistics personnel, machine operators, and crane operators. Participants could capture
photographs of the worker in front of them through their headsets by giving a speech
command ("Photo”). The picture was shown to the user immediately, with the option
to report whether the worker used the right PPE for the specific area. At the same
time, the system automatically evaluated the photograph for the correctness of PPE
usage through the object recognition tool (as shown in Figure 21.3. The system then
verified the user's answers with its detection to generate a report that helps the user
recognize faulty evaluations. The object recognition tool functioned like a personalized
trainer.

In use case 2, participants received prioritized tasks. The users could accept, reject, or
report completion through hand gestures (thumbs up, thumbs down, and two-finger
swipe, respectively, see Figure 21.4 for an example). After completion, users could
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report the number of raw materials filled on the dashboard in the virtual application.
The dashboard also allowed users to visualise detailed machine status.

All participants completed the user questionnaire, and the analysis of responses in-
dicated high levels of system acceptability and user satisfaction. Participants reported
that the device was comfortable to wear and suggested that publishing the task pri-
oritization panel in the support area would help organize workflows more effectively.
While some participants found the “pinching” gesture initially difficult, they confirmed
that interaction became straightforward after practice. They also noted that the hand
gesture was easier and more efficient for interacting with the interface. Although still at
an early stage of development, the system was well received by users and shows strong
potential for application in real industrial environments, provided that its operation is
made more agile and seamless.

21.4 Conclusions

This pilot project at FACTOR demonstrated how XR can be effectively applied to en-
hance both safety and productivity in industrial environments through immersive in-
teraction and intelligent automation. Use case 1 showcased how XR can transform
traditional safety training into an engaging, traceable, uniform, and measurable pro-
cess that seamlessly transitions from virtual instruction to real-world application. The
combination of avatars, hand gestures, and real-time PPE detection promotes active
learning and reinforces safety culture. Use case 2 extended the application of XR to
operational decision-making, enabling real-time task prioritisation based on contextual
data from visual and sensor inputs. The PRIORI-XR algorithm and the integration with
data infrastructures highlight the feasibility of combining XR with industrial loT and Al
for smart manufacturing.

Together, these cases underline the potential of XR not only as a visualization tool
but as a core component of human—machine collaboration. By reducing cognitive
load, improving situational awareness, and fostering engagement, XR technologies can
bridge the gap between digital intelligence and human intuition, paving the way for
safer, more adaptive, and more efficient industrial environments.
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Abstract. Individuals with severe motor impairments and clinical apathy face sig-
nificant barriers to communication and social interaction. This chapter presents an
Extended Reality (XR) platform designed to address these challenges by enabling
users to interact within a virtual environment using non-invasive body-machine
interfaces. The system translates residual forearm muscle activity, captured via
electromyography (EMG), into avatar control, while integrated haptic and thermal
feedback enhances immersion and interaction fidelity.

An initial technical validation with healthy volunteers confirmed the platform'’s
stability and high user acceptance. The multisensory feedback was shown to be
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particularly effective in increasing the sense of presence. Furthermore, an inte-
grated cybersecurity module was successfully validated.

A subsequent clinical feasibility study with patients affected by neurological
disorders such as stroke, spinal cord injury, and mild cognitive impairment demon-
strated that the platform is usable by the target population and supports both im-
mersive interaction and the development of an innovative intervention for apa-
thy. This intervention combines a VR-based effort decision-making task with non-
invasive transcranial temporal interference (TIS) stimulation to target the reward
system. Overall, this work establishes a robust framework for multisensory XR sys-
tems, offering a promising modality for interaction, rehabilitation, and motivation
enhancement in individuals with severe disabilities.

22.1 Introduction

The focus of Pilot 3 was to apply the integrated SUN platform to address the complex
needs of individuals with severe neurological disorders. The validation was structured
around two distinct clinical scenarios:

Case 1: Immersive Interaction for Severe Motor Impairments. This scenario was
designed for individuals with conditions such as incomplete tetraplegia (Spinal
Cord Injury) or stroke. The goal was to deploy a system enabling them to inter-
act within a personalized virtual environment using non-invasive body-machine
interfaces (EMG) and multisensory feedback (haptics, thermal);

Case 2: Addressing Clinical Apathy. This scenario tested a virtual reality adapta-
tion of a well-established effort-based decision-making task to objectively assess
patients’ motivation. The aim was to validate the XR platform's implementation,
showing increased engagement and immersion compared to the lab-based ver-
sion of the task, and to pave the way for the development of a VR-based inter-
vention for apathy based on non-invasive brain stimulation of the reward system
during task performance.

This chapter details the final integrated architecture, experimental methodology, and

validation results from the clinical feasibility studies conducted for both of these use
cases.
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22.1.1 The Challenge: Overcoming Physical and Motivational Barriers

Severe motor and communication impairments, resulting from conditions such as in-
complete tetraplegia, stroke, or cerebral palsy, drastically limit an individual's ability to
interact with their environment and maintain social connections, often leading to sig-
nificant psychological strain. For instance, a person with tetraplegia may be confined
to a clinical setting, longing for the freedom to interact with loved ones in familiar
environments beyond the clinic walls.

A distinct but equally debilitating challenge is clinical apathy, a disorder of motivation
characterized by diminished goal-directed behaviour, which is highly prevalent in various
neurological and psychiatric disorders, including traumatic brain injury, Parkinson’s and
Alzheimer's disease, and stroke. Apathy represents a major barrier to rehabilitation,
as it diminishes patients’ willingness to engage in therapeutic activities, including the
adoption of new assistive technologies. Therefore, developing targeted interventions
to alleviate apathy is essential to enhance motivation and promote engagement with
rehabilitation.

2212 The Vision: An XR Platform for Immersive and Meaningful
Interaction

To address these challenges, we have developed an XR platform that applies a new
generation of non-invasive bidirectional body-machine interfaces (BBMlIs). These inter-
faces are designed to allow a smooth and very effective interaction for people with
different types of sensory-motor disabilities within a VR environment. The goal is to
extend the traditional boundaries of interaction by mapping residual muscular activities
to a spectrum of actions within a familiar virtual setting.

This system is designed to improve user function and immersion by integrating mul-
tisensory feedback channels. Haptic and thermal stimuli are systematically employed
to create a high-fidelity virtual environment that more accurately simulates physical
interaction. The objective is to provide users with an effective alternative modality for
communication and environmental control, thereby mitigating some of the functional
deficits imposed by their physical condition.

22.1.3 Key Use Cases

The platform's capabilities were channelled into two primary use cases, each targeting
a specific aspect of the overall challenge.
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Use Case 1: Immersive Interaction for Individuals with Limited Mobility

This scenario is designed for individuals with severe upper limb disabilities. It provides
the ability to interact with loved ones and objects in a personalized virtual space by
utilizing electromyography (EMG) signals to capture residual muscular activity from the
forearm. These signals are decoded to control an avatars navigation and hand gestures,
enabling intuitive interaction without conventional controllers.

To deepen the sense of presence, the visual feedback within the VR environment is
augmented with multisensory feedback. A wearable haptic device provides modulated
clenching and vibrotile cues to inform the user which action has been decoded from
the EMG system. Furthermore, thermal feedback is integrated to enhance the realism
of interactions, allowing users to experience temperature sensations, such as touching
a cold glass or feeling the warmth of a simulated human touch. For patients unable
to speak, the VR application also includes a communication interface that allows them
to construct sentences by selecting predefined syntactic elements. This integrated
approach offers a novel and rich communication pathway for those with severe motor
and verbal disabilities.

Use Case 2: Addressing Clinical Apathy through XR

This scenario focuses on testing a virtual reality (VR) implementation of a well-
established effort-based decision-making task, in which patients decide whether to
exert physical effort in exchange for rewards. This paradigm has been widely used
to study apathy, defined as a reduction in goal-oriented behavior, which manifests as
reduced motivation. The VR adaptation expands the range of rewards beyond classic
monetary incentives to include interaction with a relative’s avatar or the opportunity
to watch an enjoyable video. By analyzing participants choices and decision times, it
is possible to objectively quantify motivational state and assess the subjective value
assigned to specific offers. Compared with the traditional lab-based version, the VR
implementation enables assessment of motivation in a more realistic yet clinically com-
patible environment. The ultimate goal is to develop an innovative therapeutic inter-
vention based on transcranial temporal interference stimulation, which allows targeted,
non-invasive modulation of deep brain regions. Participants receive this stimulation
concurrently while performing the task, aiming to enhance motivation by modulating
neuronal plasticity in reward-related circuits.
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Figure 22.1: High-level architecture for the pilot, illustrating the flow of data from sensor
sources through the information and application layers to the user presentation layer. Figure
adapted from SUN Deliverable Dé.2.

22.2 Methodology and Results

The development and evaluation of the SUN platform followed a structured approach,
encompassing system design, component integration, and a formal two-stage valida-
tion process.

22.2.1 System Architecture and Implementation

The platform is built on a modular architecture designed for real-time, multisensory XR
experiences (see Figure 22.1). The core of the system is a VR application developed in
the Unity game engine. The architecture was tailored to the specific needs of the two
use cases.
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Components for Use Case 1 (Immersive Interaction)

This architecture required the integration of multiple custom hardware and software
modules to enable non-invasive control and feedback:

VR Application: Developed using Unity, the application manages the virtual en-
vironment, multi-user sessions (via Photon), and real-time voice communication
(via Vivox). It supports multiple control modalities, including hand-tracking, gaze-
based selection, and EMG control;

EMG Decoding: User intent is captured via an EMG system that records electri-
cal activity from the forearm muscles. A classifier-based model was trained to
decode gestures (e.g., wrist flexion/extension), which were mapped to navigation
and interaction commands (see also Chapter 11);

Multisensory Feedback Systems: To enhance immersion, two distinct systems were
integrated: (1) a haptic armband providing vibrotactile feedback to confirm de-
coded EMG actions, and (2) a thermal feedback device (refined to be wireless
in the clinical validation) to simulate temperature when touching virtual objects
(see also Chapter 6);

Emotional state tracking: Physiological signals, including photoplethysmography,
heart rate, electrodermal activity, and temperature, were measured using the
EmotiBit wearable device. The recorded physiological signals were utilized to
infer the emotional state of the participant during the experiment in real-time
(see also Chapter 15);

System Integration: The VR app, EMG system, and thermal feedback device com-
municated via WebSocket connections, while the haptic system used a TCP/IP
connection.

Components for Use Case 2 (Apathy Protocol)

This architecture was designed to implement a robust effort-based decision-making
task, comparing a traditional setup with an immersive VR one.

Effort-based decision-making Task Software: This task, based on established pro-
tocols to characterize goal-oriented behavior, was developed in two forms: a
standard 2D application and an immersive VR application in Unity;

VR Environment: In the VR version, the virtual scene consisted of two intercon-
nected rooms separated by a sliding door. Within this environment, offers were

258



CHAPTER 22. EXTENDED REALITY FOR PEOPLE WITH SERIOUS MOBILITY AND VERBAL
COMMUNICATION DISEASES

presented to participants, with the effort component represented by the degree
to which the door must be opened, and the monetary reward component rep-
resented both numerically and visually—displayed on a virtual tablet next to the
door and reflected in the number of coins visible inside a cabinet. This design re-
placed the previous gauge-based representation of effort (bar height) with a more
natural, embodied interaction that connects physical action and visual feedback
in an intuitive way;

Hardware Integration: The system used a standard keyboard as the input device.
Participants exerted physical effort by repeatedly pressing the ‘Ctrl’ key. Different
effort levels were defined as percentages of each patient's maximum tapping
frequency, measured during a prior calibration phase. Participants wore a VR
headset to experience the task in an immersive virtual environment. For the
clinical validation, non-invasive transcranial Temporal Interference Stimulation
(tTIS) electrodes were positioned on the patient’s scalp to verify the feasibility
of simultaneous electrode placement and headset use; however, stimulation was
not applied during this phase.

22.2.2 Validation Experiments

The platform's evaluation was conducted in two stages: an initial technical validation
with healthy volunteers, followed by a clinical feasibility validation with the target
patient population.

Technical Validation with Healthy Volunteers

The first validation was conducted at the EPFL Campus Biotech in Geneva. The primary
objectives were to achieve full integration of all system components for Use Case 1
and to test its usability with healthy subjects.

Six healthy volunteers from the SUN consortium participated. Participants wore a
Meta Quest VR headset, an EMG sleeve, and the haptic and thermal feedback devices
(see Figure 22.3). Participants were asked to complete a sequence of tasks within the
virtual room (see Figure 22.2) using the EMG-based control system, including navigation
and interaction with thermal objects. Each successfully decoded action was confirmed
via haptic feedback.

Clinical Feasibility Validation with Patients

The final validation was conducted at the Clinique Romande de Réadaptation (CRR) in
Sion, Switzerland, with patients for both use cases.
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(@ (b)

Figure 22.2: Side-by-side views of the VR application: (a) Interactive scene: the objects
are placed on a desk and consist of a pumpkin and a mug that can be interacted with. (b)
Screenshot of the menu when approaching the desk, showcasing the four different actions with
the correct hand gesture.

Figure 22.3: A participant during the technical validation session wearing the full set of com-
ponents for Use Case 1. Figure adapted from SUN Deliverable D6.2.
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Use Case 1 (Immersive Interaction): Two patients with upper limb impairments (one
post-stroke, one with incomplete spinal cord injury) participated. After calibration
of the EMG system, each patient performed a guided session to navigate the
virtual room and interact with objects using EMG control. This was followed by
a comparative session where the same tasks were performed using eye-tracking
for control;

Use Case 2 (Apathy Protocol): One patient with mild cognitive impairment par-
ticipated. The protocol began with a calibration phase to measure participants
maximum tapping frequency, which was then used to set the effort levels as per-
centages of this maximum. The patient subsequently completed two blocks of
the classic lab-based effort-based decision-making task, followed by two blocks
in the VR environment, enabling a direct comparison between the two conditions.

22.2.3 Experimental Findings

The validation process provided key insights into the system's performance, usability,
and clinical feasibility.

System Usability and User Experience

The initial technical validation with healthy volunteers demonstrated stable integration
of all core components. Participants reported a high degree of immersion and satisfac-
tion, with particularly positive feedback on the multisensory feedback. The thermal and
haptic cues were found to significantly enhance the sense of presence and interaction
realism.

While the EMG control was functional, some users found it less intuitive than a
gaze-based alternative for menu selection, though it was preferred for environmental
navigation. Several participants noted that the physical setup (particularly the wired
thermal device) could be cumbersome, highlighting the need for a more streamlined,
wireless hardware configuration that was successfully developed and deployed in the
subsequent clinical validation.

Therapeutic Value and Patients’ Engagement

Feedback from patients was collected through specific questionnaires concerning the
usability of the system, the effectiveness of the various haptic feedbacks, the effec-
tiveness of the virtual interface, emotional engagement, overall experience, and also
some technical aspects of the sessions. In use case 1 (Immersive Interaction), both
patients reported that the setup was comfortable, that they did not feel fatigued after
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the session, and that they felt comfortable with both tracking systems (eye tracking
and EMG tracking), but the eye tracking system seemed more efficient. The temper-
ature feedback was reported as realistic, but not the haptic one. The interaction with
the avatar was not found to be realistic. Nevertheless, the overall experience was pos-
itive, and both patients were satisfied after the session. Feedback was also collected
from clinical staff, in particular from two physicians specialized in rehabilitation who
attended the sessions. From their side, evaluations were positive, especially in view of
future developments aimed at improving avatar customization and the ease of use of
the virtual interface. In Use Case 2 (Apathy Protocol), the patient completed a specific
questionnaire comparing the VR-based session with the traditional lab-based session.
The analysis of the responses indicated that the participant found the VR environment
realistic and did not experience nausea or post-session fatigue. He also reported that
the headset was comfortable and did not interfere with task performance. Overall, the
patient expressed satisfaction with the VR session. Although the lab-based version was
perceived as more intuitive, the participant found it easier to maintain attention during
the VR session and felt capable of completing a greater number of task blocks in a sin-
gle day using the VR setup. Moreover, the patient reported that the VR version would
increase his willingness to attend sessions on multiple days. This was considered ad-
vantageous, as an intervention for apathy based on transcranial temporal interference
stimulation would require participants to complete multiple task blocks within a single
session, with sessions repeated over several days. Overall, the participant regarded the
VR-based protocol as a useful and engaging alternative to the conventional lab-based
task.

Cybersecurity Validation in an XR Environment

A separate experiment with 15 participants was conducted to validate the platform’s
integrated Cyber Threat Detection module. In this study, a GPU-based malware attack
was simulated during the XR session, causing performance degradation (e.g., frame rate
drops). An Intrusion Detection System (IDS) was designed to detect this attack and
present a multimodal (audio-visual) warning to the user.

User Response: The security warning proved highly effective. All participants either
acted on the warning immediately or sought confirmation from the experimenter,
with none ignoring it. Questionnaire results confirmed that the warning was
perceived as attention-grabbing, clear, and actionable;

Emotional Response: Using the Self-Assessment Manikin (SAM), results showed
that the warning induced significantly higher arousal, indicating it was highly ef-
fective at capturing attention, but did not trigger a strong negative or positive
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emotional valence. This suggests the alert was perceived as an informative, ac-
tionable prompt rather than a distressing one;

IDS Performance: The IDS demonstrated high accuracy, with a 0% false positive
rate across all sessions. The average detection latency for the GPU-based attack
was 1.25 seconds, indicating a prompt and reliable response.

22.3 Conclusions

The work presented in this chapter demonstrates the successful implementation and
full validation of a novel XR platform designed to enhance interaction for individuals
with severe motor and communication impairments. The validation process, conducted
first with healthy volunteers and culminating in a clinical feasibility study with patients,
confirmed that the platform is robust, usable, and well-received.

The initial technical validation was crucial for confirming the stability of the integrated
system and affirming that multisensory (haptic and thermal) feedback significantly
contributes to a realistic sense of presence. This phase also identified key hardware
limitations, such as the cumbersome wired setup, which were successfully addressed
with the development of a wireless thermal device.

The subsequent clinical validation at the CRR in Sion successfully translated the
platform from the lab to the target patient population. This study confirmed the clinical
feasibility of deploying the full system for patients with stroke and spinal cord injuries.
It also provided a direct comparison between EMG and eye-tracking control modalities,
yielding essential insights for designing future adaptive and user-centric interfaces. For
the apathy use case, the validation demonstrated that the XR platform provides a viable
and engaging environment for implementing therapeutic interventions combining VR
with non-invasive brain stimulation, during concurrent performance of an effort-based
decision-making task.

In summary, this pilot study established a solid foundation and a clinically validated
framework for employing multisensory XR as a powerful tool to support individuals
with severe disabilities. Future work will focus on longitudinal studies to evaluate the
platform's long-term impact on quality of life, social interaction, and—specifically for
Use Case 2—the alleviation of apathetic symptoms when combined with an active
tTIS protocol. Further refinement of hybrid EMG—gaze control systems will also be
prioritized based on insights gained from these studies.
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Sustainability, Ethics, and
Impact

The concluding Chapters of the SUN Book present a comprehensive perspec-
tive on the project’s evolution from innovative research to real-world impact.
The results achieved through clinical validation, advanced technological devel-
opment, and ethical deliberation merge into a unified strategy that ensures
long-term sustainability. The SUN ecosystem stands as a model for the effec-
tive translation of human-centred Al and XR technologies into practical health-
care and well-being solutions. Its exploitation strategy is designed to gener-
ate value for patients, clinicians, and industry stakeholders alike, facilitated by
shared platforms, a commitment to open innovation, and the creation of new
business opportunities that reach beyond the scope of the initial pilots. At the
same time, the project evidences a strong commitment to social and ethical
responsibility. It meets transparent data governance, consistent compliance
with European legal frameworks, and respect for privacy and human dignity.
By integrating technical excellence with ethical integrity and strategic market
insight, SUN establishes a robust foundation for a new era of responsible, sus-
tainable, and impactful digital health innovations.
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Abstract. This chapter presents the exploitation strategy developed within the
SUN project, which aims to bring human-centered Extended Reality (XR) tech-
nologies from research prototypes to sustainable real-world applications. It out-
lines the methodologies used to identify and mature project results into Key Ex-
ploitable Results (KERs). The KERs underwent targeted business development, for
some with the help of the Horizon Results Booster programme, using tools such
as the Value Proposition Canvas and the Business Model Canvas to define clear
value propositions and exploitation pathways. The chapter situates these efforts
within a rapidly expanding XR market, highlighting Europe’s competitive advan-
tages in industrial and healthcare applications. It details several exemplary KERs,
including the SUN Integrated Platform and novel XR interfaces. Overall, the SUN
exploitation methodology demonstrates how structured innovation management
and open collaboration can bridge the gap between research and market impact
in next-generation XR ecosystems.

23.1 Introduction

Research and innovation projects like SUN are complex undertaking where technolo-
gies and methodologies from a certain field are brought through targeted research
activities beyond the state of the art, are combined with other beyond the state of
the art technologies, and integrated into larger systems that are then validated for the
first time with users. Maturity levels of technologies involved are often mapped to a
Technology Readiness Level (TRL) [APRE and CDTI 2022]. In this way, the technolo-
gies and methodologies developed are brought from the level of a proof of concept
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(TRL 3) or components validated previously in laboratory environments (TRL 4) to
a more technologically mature level such as TRL 5, if the technological components
are integrated for testing in a simulated environment, or TRL 6, if the technological
components are integrated in a prototype that is close to the desired configuration
and is tested in a simulated operational environment. Indeed, SUN has brought many
different technologies to a demonstration level maturity (TRL 5/6).

Many European-funded research projects successfully demonstrate advanced tech-
nological prototypes, reaching TRL 5 or 6. However, a significant challenge remains
to bridge the gap — often called the "valley of death” — to bring these innovations
to market as viable products or services (TRL 8/9) [Hirzel et al. 2018]. This challenge
is particularly acute for complex systems like those developed in SUN, which com-
bine novel hardware, artificial intelligence, and different software ecosystems. Without
a clear and early-stage strategic plan, valuable research outcomes risk remaining as
successful demonstrations with limited real-world socio-economic impact.

The SUN project was conceived to address this challenge directly. Our core mis-
sion is not only to investigate and develop next-generation XR solutions but also to
ensure that they are fundamentally plausible, interactive, and centered on human so-
cial needs. This human-centric focus, applied to domains like physical rehabilitation,
industrial safety, and assistive communication, imbues the project with a clear societal
mandate. Consequently, a robust exploitation strategy is not just an afterthought but a
foundational pillar of the project, essential to translate our research achievements into
tangible benefits for researchers, citizens, clinicians, and workers.

This chapter details the multi-faceted exploitation strategy designed and executed
within the SUN project. It serves as a blueprint for transforming our research outcomes
from demonstration to deployment. We begin by defining the methodology planned
for exploitation planning and by having an overview of the market and business land-
scape. Following this, we identify and categorize the project’s Key Exploitable Results
(KERs) and present some insights into the planned exploitation roadmap for them. Fi-
nally, we conclude by outlining the hybrid business and exploitation models chosen to
maximize impact. This structure provides a comprehensive roadmap for post-project
sustainability and adoption of the SUN results.
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23.2 Methodology for Exploitation Planning

23.2.1 What is Exploitation in the context of EC-funded projects

A central objective for any Horizon Europe project is to make sure that the research
and demonstration carried out in the project can lead to towards tangible, long-term
impact. All projects must strive to transform project results into concrete benefits for
society, maximising the scientific, social, economic, technological, and policy value of
the framework programme under which they have been (co-)financed. This process is
formally defined by the European Commission as "exploitation”, which constitutes the
use of project results in one of four primary, non-exclusive pathways:

Further Research: Using results in subsequent research or innovation activities;

Commercialisation: Using results in developing, creating, or marketing a product,
process, or service;

Standardisation: Using results to inform or create new technical standards;

Policy Making: Using results to provide evidence and inform public policy.

Thus, exploitation should be understood as how to mobilise outcomes and achieve
impact thanks to long-term sustainability planning. The key aspect when discussing
exploitation is the use of results’, "translating research concepts into concrete solutions
that have a positive impact on the public's quality of life". This is why exploitation
can be understood as a value-driven process, where value can be understood in several
ways:

Generate revenues (e.g., through commercial use with paying customers);

Fulfilling an existing market or societal gap (e.g., not for profit, providing better
services, improved delivery processes, support for policies);

Increase the intangible assets in the organisation or in the community (e.g., dis-
tinctive skill set, standards, etc.).

It is important to note from the above that when speaking about exploitation, this
is about making concrete use of the achieved research results without restricting the
activities to commercial use.

Thttps://research-and-innovation.ec.europa.eu/strategy/dissemination-and-exploitation-research-
results_en
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The SUN project's exploitation strategy was designed as a systematic process to
identify, mature, and prepare project results for all potential exploitation pathways. This
required a clear methodology for first identifying what to exploit (i.e., key exploitable
results) and then how to plan for its uptake (e.g., further R&D, PhD thesis or postdocs,
patent, licensing, establishment of a spin-off or start-up, manufacturing, direct sales,
service provisioning, training, educational activities, policy making).

23.2.2 Identification of Key Exploitable Results (KERs)

To structure this process, the first step is to distinguish general "results” (any tangible
or intangible output) from Key Exploitable Results (KERs). A KER is a result formally
assessed by its owners and the consortium as having significant potential for exploita-
tion, be it scientific, commercial, or societal. It is the primary unit around which a
concrete exploitation plan is built.

The BOOSTER programme [Commission 2020] encourages to thinking of KERs as
special results that respond to the specific needs of a well-defined group, the adopters,
and solve their needs much better than "state of the art” The KER could be a product
or a process, a format for a new service, a new standard, a new training course, or even
input for a new project. It is up to the partners to decide which of the project results
they choose for use and/or market introduction. The use is understood as "the action
made by adopters to make the KER available to others”. It is important to note at this
point that the use can be both commercial and not for profit (such as improving a

policy action or public knowledge).

Moreover, it is important to note that partners can choose to exploit the results in
two different ways:

Directly: partners exploiting the results themselves. For low-TRL results, this
can materialise through the results becoming background knowledge in future
research activities, while for high-TRL activities, partners often choose to de-
velop and commercialise a product or process. Moreover, another type of direct
exploitation is by providing specific services based on the result; for example,
providing specialised consultancy or contract research. Using the results in stan-
dardisation activities is another form of direct exploitation. Partners who are
policymakers might also choose to use the results themselves in creating new
policy measures.

Indirectly: partners facilitate use to third parties. This could be achieved through
the transfer or licensing of results. It should be noted that the creation of a spin-
off is thus always considered to be an indirect exploitation of the results. The EC
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has recently set up a dedicated service that is focusing on indirect exploitation:
the Horizon Results Platform?.

The methodology for identifying the KERs of the SUN project was a structured,
multi-stage process:

1. Initial Identification of Key Innovation Results (KIRs). The consortium first participated
in the EC's Innovation Radar initiative. This established methodology provided a
bottom-up analysis of the project’s innovations, assessing their potential and matu-
rity. This process yielded an initial, comprehensive list of KIRs.

2. Initial KER Identification. Following the Innovation Radar analysis, but while research
activities were still ongoing, a formal KER survey was distributed to all consortium
partners. This survey required partners to identify from the list of KIRs they con-
tributed to, if any of these met the requirements of a KER (i.e., it responds to the
specific needs of a well-defined target group, it solves these needs better than the
state of the art, and it is chosen by the partner for direct or indirect use). Follow-up
discussions with partners helped consolidate the initial list of identified KERs.

3. Final KER Identification. After the main research activities were completed and the
components of the SUN integrated platform had their final release, a final KER
survey was distributed to the partners. At this stage, partners had a much better
understanding of the final results than during the initial KER survey. Moreover, an
exploitation workshop discussed with partners at large the differences between KIRs
and KERs, and when they can consider a result to be a KER. A special focus has been
put on the identification of joint exploitation opportunities, where several partners
have contributed towards a KER. As a result of the survey, new KERs were identified
while previous ones were updated. This survey and the followup discussions that
ensued allowed the consortium to validate the final list of KERs.

23.2.3 Steps for Creating Exploitation Plans

With the KER list established, we proceeded to create tailored exploitation plans based
on each KER's maturity and potential. The exploitation manager, IN2, organised busi-
ness clinics in the form of online 1-to-1 exploitation workshops with KER owners. All
exploitation workshops had a common methodology (described below), and depend-
ing on the discussion with the KER owner, some aspects were delved into more detail
than others.

Zhttps://ec.europa.eu/info/funding-tenders/opportunities/portal/screen/opportunities/horizon-results-
platform
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Introduction to the purpose of the session and the methodology used;

Discussing the main characteristics of the KER and what the possible business
models could be considered. This facilitates the follow-up discussion on the
specific Unique Value Proposition (UVP) and the creation of a Business Model
Canvas;

Exploring the stakeholder map, with a focus on macro-environment, and identi-
fying relevant stakeholders from different categories (political, economic, social,
technological, legal, environmental);

Developing the UVP using the Value Proposition Canvas method [Osterwalder
et al. 2015]. This approach helps by providing a customer-centric view on the
benefits brought by the KER, by helping understand the customer needs and
challenges, and forcing the participants of the workshop to think from the per-
spective of the customer. By mapping the customer’s "jobs-to-be-done,” "pains;’
and "gains” against the KER’s "pain relievers” and "gain creators,” we ensured a
strong and clearly defined product-market fit. Developing a Unique Value Propo-
sition (sometimes referred to also the Unique Selling Proposition or USP) is a
key outcome for this initial exploitation planning because it helps differentiate
the offering from competitors, clearly articulating the distinct benefits and value
that make the product attractive to target customers and can provide guidance to
the KER owner also in terms of further directions of development and research;

Using the Business Model Canvas [Osterwalder and Pigneur 2010] in order to
elicit the key elements of the KER's exploitation plan. The Business Model Can-
vas is used to provide a comprehensive and easy-to-understand overview of a
company’s strategic details, including its offerings, infrastructure, customers, and
finances. It facilitates structured discussions around management and alignment
of business activities, making it an essential tool for capturing, discussing, and
iterating on key business elements in a visual format.

Additionally, the project received support from the Horizon BOOSTER programme,
an EC-funded service which is helping EC projects navigate the complexities of dissem-
ination and exploitation by providing consulting-like expert support. The SUN project
applied to be part of this programme and was accepted for the "Go-to-Market Support
Services’, which, as its name suggests, helps projects focus on increasing the maturity
level of their KERs, developing effective business plans to facilitate market access and
impact. The BOOSTER programme provided for this a clear methodology for achieving
this, starting from better defining the exploitation intention and filling in the market
definition canvas, and continuing with a deep dive into the value proposition canvas
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to then draft the exploitation roadmap, carry out a risk assessment and priority map
and finally use the Lean Canvas method to define the main elements of the strategy.
This process was completed for each of the KERs that were selected to be part of
the programme (3 in total). Through the expert guidance and the ensuing discussions
and reflections during dedicated workshops, it was possible to arrive to a mature ex-
ploitation plan. The combined methodology selected ensured that all project results
received bespoke exploitation planning, matching high-intensity external support with
the most promising results while guaranteeing a robust baseline strategy for the entire
portfolio.

23.3 Market and Business Landscape

The XR market globally is characterised by rapid growth, substantial technological ad-
vancements, and take-up across various industries. This trend has been accelerated
by the COVID-19 pandemic, where businesses across the board have looked for new
digital solutions.

According to [Fortune Business Insights 2024], the XR market was valued at $131.54
billion and is projected to grow to around $183.96 billion by the end of 2024. In the
long run, the potential seems huge: $1,706.96 billion by 2032, showing a Compounded
Annual Growth Rate (CAGR) of approximately 32.1% during this period. The market
estimates from Statista [Statista 6072] are a bit more conservative, pointing out that
the XR B2C market size in 2023 was $31.1 billion, with a growth rate of 23.5%; for
2024, the estimated XR Business to Consumer (B2C) market size should be around
$38.4 billion.

The market analysis data indicate that although North America has the largest XR
market share (due to the presence of multiple large market players), and Asia Pacific
is expected to grow with the highest CAGR, Europe is in a good position thanks to the
presence of important telecoms companies and an increased investment in innovation
based on 5G/6G and XR. Recent efforts spearheaded by the VR/AR Industrial Coalition
[Vigkos et al. 2022], which was first announced in 2020 in the Commission’s Media
and Audiovisual Action Plan and hosts around 200 key European organisations, and
the newly established European Partnership on Virtual Worlds demonstrate the strong
interest in this sector in Europe from both industry and policymakers. The aim of the
initiative and the Partnership is to build sustainable, inclusive, and trustworthy virtual
environments across Europe. This will be done through the establishment of a Virtual
Worlds Association as a legal entity and creating a Strategic Research and Innovation
Agenda (SRIA), which covers several key domains (including those addressed in SUN,
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i.e., industry and healthcare) and will help guide the Horizon Europe calls from 2026
onwards.

Gaming and entertainment applications are currently the main drivers of the XR
market growth. However, it is expected that Business-to-Business (B2B) solutions will
play a much larger role in the next few years. A limiting factor currently is the high
implementation costs needed to create credible digital twins for the XR experience.

An important trend observed has been the introduction of smaller and more com-
fortable XR devices. This is important because an important aspect for the user remains
the ease of wearing devices such as headsets, as also revealed by our own research
into user requirements for the envisioned SUN pilots. This, coupled with the develop-
ments in software applications and connectivity (such as the underlying technological
advancements researched in SUN), is expected to support the growing adoption of XR
in different sectors and domains. According to [Statista 2021], healthcare (addressed by
SUN Pilot 1), manufacturing (addressed by SUN Pilot 2), and the automotive industry
are expected to be among the most disrupted by XR technologies. This demonstrates
that the SUN approach is perfectly aligned with the most important and impactful
market trends.

23.4 Key Exploitable Results

Following the methodology described in the previous section, we present below the
KERs of the SUN project.

23.4.1 SUN Integrated Platform

The SUN XR integrated platform (Chapter 16) contains the open SUN platform architec-
ture, as well as various hardware and software components that facilitate the realisation
of state-of-the-art XR applications. The platform integrates wearable devices, artificial
intelligence, and immersive technologies to make virtual experiences feel more life-
like. It also includes tools to securely manage digital content and protect against cyber
threats.

The platform has been used within the SUN project to realise 3 distinct applications,
each for a specific vertical scenario: physical rehabilitation, cerebral rehabilitation, and
Industry 5.0. These applications demonstrate the versatility and broad technological
capabilities of the SUN platform.
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The KER is a joint ownership of IN2, which will act as the exploitation lead, ENG,
CNR, TG, TUC, HOLO, SSSA, CERTH, UPV, EPFL, and UOG. The platform is envisioned
to be open for different types of actors/customers:

Integrators and consultants, who will provide solutions to customers and are seen
as the main target customers;

XR Content producers, who will create assets to be used in the XR applications;

Software component creators (e.g., developers and researchers), who maintain
existing components or provide new ones;

Hardware providers (e.g., actuators, headsets), that provide the different hardware
devices that are used by the platform.

Indeed, the vision for the SUN Integrated Platform is to become an ecosystem en-
abling the efficient creation and deployment of high-tech, human-centered XR appli-
cations. The exploitation of the SUN platform will take place primarily through service
provision, technology transfer, and pilot-based deployments, establishing a pathway
toward licensing, professional training, and eventual commercialization. Its modular
and multi-component design enables flexible adoption—either as a full platform or
through the exploitation of individual KERs—depending on the target market segment.

The integrated SUN platform will be made available under an open core model, com-
bining open architecture with interoperable and reusable components, open hardware,
and open-source components with optional proprietary or commercial modules. This
hybrid approach allows broad community engagement and integration while supporting
business-driven extensions for industrial clients.

23.4.2 Automatic Avatar Production Pipeline

The Automatic Avatar Production pipeline (Chapter 2) enables XR developers to access
realistic avatars, on demand, in a scalable, automatic, fast, and cost-efficient manner,
without the need for specialised know-how and artistic skills. The avatars are inter-
operable and reusable in all applications across domains (fashion, healthcare, gaming,
wellness, etc.).

The Avatar Production pipeline takes as input a short video produced by the user
following simple and clear instructions, and then, in an automatic manner, produces
within minutes the Avatar 3D asset, ready to be used (in compatible development
engines like Unity). The Avatar is animatable, realistic, and precisely represents the
actual user in the very moment they were scanned.
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The solution enables a B2B2C chain from XR, Metaverse, and Virtual World devel-
opers to vertical businesses in sectors of healthcare, industry, fashion, wellness, and
fitness, to final customers in these domains. Avatars with precise representation of real
people are powerful tools to develop vertical Use Cases and digital solutions in these
markets, enabling a chain of value starting from Avatars.

THING, the SUN partner who owns this KER, plans to exploit the result commercially.
The Avatar production pipeline is designed as a Software as a Service (SaaS) asset.
Thus, users will access it individually and will be able to produce their avatars through
an online and easy-to-use platform. Avatars can be sold as units to individuals for an
eventual B2C line, or the platform can be made available with a license scheme for
B2B customers, like developers, etc.

23.43 Myolink: A Medium-Density EMG and IMU Interface for Gait
Rehabilitation and Movement Analysis

MyolLink allows doctors to get quantitative muscle activation information in real-time
and a summary report at the end of rehabilitation sessions, enabling them to provide
optimal personalised exercises, feedback, and motivate patients, while requiring only a
couple of minutes of set-up time.

MyolLink is a fully integrated, wireless system that combines medium-density Elec-
tromyography (EMG) and Inertial Measurement Units (IMUs) to provide real-time, ac-
tionable data on muscle activation and kinematics (see Chapter 11). The system consists
of elastic bands with embedded electrode arrays and IMUs, allowing for a complete
setup in under two minutes without the need for precise electrode placement. The
proprietary software, which leverages a deep learning pipeline and a musculoskeletal
model, translates complex biosignals into clear, reproducible insights for clinicians and
researchers.

This enables personalized, data-driven therapy and objective progress tracking in gait
rehabilitation and other movement analysis applications. For instance, the device can
be used to "reconnect” people with motor disorders with digital interfaces to reduce
isolation in their everyday lives, by allowing them to interact again with digital devices.
It can also be used by healthy users to play VR games in an immersive way, or to
improve rehabilitation processes by understanding the remaining muscle activity to
guide the rehabilitation process. There are also promising results to improve robotic
prosthetic hand control.

EPFL, the partner that owns this KER, is currently looking into setting up a spin-off
company to bring this result to the market. The initial market entry will be through
a paid Pilot Program with selected research laboratories and clinical partners. During
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this one-year program, participants will receive the non-certified MyoLink system and
dedicated technical support from our team. This phase will focus on generating robust
clinical validation data and user testimonials, which will be instrumental for subsequent
regulatory submissions and full commercial deployment. Following successful valida-
tion and regulatory approval (CE mark, FDA clearance), the spin-off will proceed to
a full commercial launch, targeting rehabilitation clinics, physiotherapy centers, and
hospitals. The business model will be structured around both hardware sales and re-
curring service revenues, following a "razor-and-blades” strategy: hardware sells, SaaS,
consumables, and licensing.

23.4.4 Tokenized Platform

The Tokenized Platform (Chapter 17) exploits the blockchain technology (like NFTs) and
the data space concept for offering services and tools able to manage digital assets
in a secure and transparent way, enabling the definition of access policies, revenue
models, and collaborative mechanisms for the redistribution of content. The platform
offers integration with the Data Spaces infrastructure through integrated data space
connectors.

SUN partner ENG plans for a B2B business model, with large businesses, or a data
space ecosystem implementer as the main customer. The end-customers are content
creators, which could be monetized, for example, by charging a fee on sales, and con-
tent consumers/buyers. Service or software providers, such as tech SMEs implementing
Al and in need of raw data, could be additional customers.

In addition to the commercial exploitation plans described above, ENG envisions
further use of the Tokenized Platform also in other R&D and Innovation projects. ENG
is involved in several Data Space deployment projects and will use this know-how and
network for further exploitation.

23.4.5 XR Threat Detection

XR Treat detection (Chapter 18) reduces the risk of reputation damage and increases
the value of XR products by detecting and stopping, also in real time, several security
threats.

It is a backend component working in the background of an XR experience (as one
more app on the device), monitoring characteristics and operating data of the device,
which are indicative of a security compromise. When it detects a possible compromise,
a warning is displayed to the user so that an immediate action can be triggered either
manually by the user (e.g., disconnect) or by the application.
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UoG, the SUN partner that owns the KER, is interested in commercial exploitation,
possibly by creating a spin-off. To accelerate the go-to-market, UoG applied to the
Cyber ASAP accelerator programme, which is supported by the UK government. The
business model identified is that of a solution as a capability inside the device, with
the OS/device manufacturer as the customer. In the future, though, it is envisioned
that the business model could be centered around the device owner, as they would
purchase and install the solution as an app on their devices.

23.4.6 Hololight Stream

Hololight Stream (Chapter 4) unlocks limitless XR performance by streaming high-
fidelity, real-time visuals from powerful servers to any OpenXR-compatible device,
bypassing hardware limits. With enterprise-grade security and seamless integration into
leading engines like Unity, Unreal, VRED, and Omniverse, it delivers uncompromised,
secure 3D experiences anywhere.

The Hololight Stream is an existing product of partner HOLO, and background IPR
was brought in at the start of the project. During the project, specific improvements
and new functionalities were developed, such as audio support with microphone input
and audio extension to other devices, spatial anchor support, camera stream from the
XR mobile device to the server, latency reduction, etc.

The results from the project are already being integrated into the commercial product
Hololight Stream and offered as a SaaS product with a subscription for the SDK license
and additional enterprise plans.

23.4.7 Wearable Thermal Feedback Device for Somatosensory-impaired
Users

The wearable thermal feedback device (Chapter 6) is able to restore sensations of
touch and caress and provide a more immersive XR experience through accurate and
localised thermal stimulation.

The device is composed of an element that is placed on the skin and can change the
temperature locally (cool down or heat), thus providing haptic sensations. This interac-
tion is important for both healthy people and patients that had a stroke, amputation,
or multiple sclerosis.

Since such similar devices do not exist off the shelf, the KER has significant innovation
potential. A related patent application has been filed by EPFL, the SUN partner that
owns this KER. A further use of the result is planned as part of upcoming research
activities.
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23.4.8 Automated Posture Assessment

The Automatic Posture Assessment (Chapter 12) can enable accurate postural assess-
ment from anywhere, effectively enabling remote monitoring and assessment of reha-
bilitation exercises. The solution can be easily integrated with other systems or in XR
applications for rehabilitation.

Other solutions that aim to provide a similar service often use only RGB cameras.
While this approach is much cheaper, it suffers significantly in terms of accuracy, which
is a key aspect for healthcare professionals.

Currently, the solution is focused on the lower limb (knee pathologies) and works
with a list of predefined exercises. The software, which is the main aspect of this KER,
uses off-the-shelf hardware (sensors).

The underlying machine learning model that powers the automated posture assess-
ment is planned to be released as open source. THING, the partner that owns this
KER, is planning to continue the close collaboration with partners TUC and CERTH for
further developments, especially for the use of the results in further research projects
and scientific work. THING is also planning to include this KER in its product portfolio,
offering it as a B2B solution to large rehabilitation centers, including hospitals, large
gyms, and large (research) institutions that work on rehabilitation and biomechanical
engineering.

23.4.9 Fingertip Haptic Devices

The developed Fingertip Haptic Devices (Chapter 8) are mature prototypes that can
provide advanced, modulated haptic feedback while being compliant with modern VR
devices and can thus become a solid basis for a new wearable product line.

Providing tactile feedback in VR is a relevant aspect for effective user interaction. On
the other hand, at the moment most of the haptic interfaces tend to be cumbersome
(i.e., soft exoskeleton gloves, multi-degree-of-freedom thimbles) or provide scarcely
informative feedback (i.e., only vibrotactile, similar to mobile phones vibration). Bulk
solutions are also a problem for vision-based tracking systems, now becoming the
standard hand tracking method in VR headsets.

Two Fingertip haptic devices have been developed by partners SSSA. They both
exploit soft interfaces with the skin to enhance ergonomics and transmission of signals
to the fingerpad or to the forearm tissues, and feature a direct-drive, noiseless actuation.
Compared to other solutions proposed in the state of the art, they provide low-intensity,
but clean, dynamic, and informative haptic signals. The compact shape makes them
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compliant with vision-based hand tracking systems featured by commercial 3D visors
(i.e., Oculus Quest, HoloLens). SSSA has placed a special focus on features such as
wearability and compliance in order to obtain better usability and acceptability of haptic
interfaces by end users.

The first device will be released as open source, while the method used in the second
device is currently part of a filed patent (pending). Thus, there are three different
exploitation paths that have been identified: a) use in further research (either own
research or paid by a company) based on the open source solution; b) knowledge
transfer or licensing to a company doing wearable devices; and c) patent royalties.

23.410 OmniBridge

OmniBridge (Chapter 16) is a middleware that aggregates, standardizes, secures, and
manages data flow within the SUN ecosystem. It is a flexible, decentralised, and
performant data broker implemented on top of Java Quarkus, MQTT, gRPC, and protocol
buffers. By providing secure APls and message-based communication, OmniBridge
enables other technology providers to integrate new modules into the SUN platform
with minimal effort — only a thin adaptation layer is needed on top of their existing
components.

While OmniBridge has been tailored to the architectural needs of the SUN project,
its capabilities extend far beyond. It represents a generic data-exchange backbone
that can support any distributed or hybrid platform requiring efficient communication
among heterogeneous components. Its differentiating strengths lie in its real-time
performance, security-by-design architecture, and scalability across on-premises and
cloud deployments.

Partner IN2 plans to exploit OmniBridge through a dual strategy combining research
and commercial initiatives. In the research domain, the middleware will serve as a foun-
dation for new Horizon Europe and national innovation projects that demand flexible
integration frameworks for Al-driven or immersive systems. On the commercial side,
IN2 will incorporate OmniBridge into its portfolio as part of custom B2B data-exchange
and interoperability services, enabling clients to deploy secure, high-throughput back-
ends tailored to their operational environments. This approach not only broadens IN2’s
service offering but also positions OmniBridge as a core enabler of next-generation,
interoperable digital ecosystems.
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23.411 Dense Vision-Language Models for Open-Vocabulary
Understanding

Novel multimodal models developed in SUN by partner CNR are capable of efficiently
bridging vision and language in a dense manner, i.e., describing the local semantics of
an image or a 3D object/scene for every one of its pixel/location in a very efficient
way (see Chapter 5). This expands the tasks that Large Multimodal Models can solve
in generic domains (i.e., in open-vocabulary or zero-shot settings).

Attaching dense local semantics to images opens up new, simplified, and efficient
methodologies to tackle visually-local tasks with natural language. For example, they
could enable applications like a) counting small objects in an image described by a
textual query, b) provide a textual description of a local area of an image (e.g., visually
impaired people could get a description of the area of an image thats under their
finger while swiping), and c) searching for sub-regions in image collections with textual
queries, all in a training-free and zero-shot setting. The results have been openly
published [Bianchi et al. 2024; D'Orsi et al. 2025; Bianchi et al. 2025], and CNR is
planning to use these in future research activities.

23.4.12 Advanced Al-driven 3D Design, Reconstruction, Processing,
and Optimization

CNR developed a suite of methods that enhance various stages of the 3D processing
pipeline: from 3D asset acquisition and reconstruction [Callieri et al. 2025], to texture
enhancement [Maggiordomo et al. 2023], and shape design and optimization [Favilli
et al. 2024] (see Chapter 1).

These research outcomes significantly reduce the time and effort required to pro-
duce high-quality, usable assets or to improve existing ones in terms of quality and
performance. They also have the potential to open up new research directions and
application opportunities. The results have been openly published, and CNR is planning
to use these in future research activities.

23.4.13 Policy Paper on Ethics

During the SUN project, partner VUB conducted benchmark research on the legal
and ethical framework for XR technologies (see Chapter 25). The study established a
regulatory and compliance framework for the project and contributed to the broader
discussion on ethical and lawful XR development in Europe.
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Since no specific EU regulation yet governs XR, the research analysed how existing
instruments, such as the GDPR, Al Act, and Data Governance Act, apply to immer-
sive environments. It also identified regulatory gaps and ethical risks related to data
collection, privacy, and user safety in XR applications. VUB also developed different
templates, e.g., for data protection assessment, which could be reused openly.

The work addressed three key stakeholder groups:

Policy makers, who can use the framework to guide future ethical XR regulation;

Industry actors, seeking practical compliance tools for data protection and consent
management;

End users, who need greater awareness and empowerment regarding their digital
rights.

The learning from the above has been synthesised in a policy paper which can
underpin future research and policy initiatives on responsible XR innovation.

23.5 Conclusions

The SUN project established a comprehensive framework for transforming cutting-edge
XR research into sustainable innovation. By combining systematic KER identification,
EC-aligned methodologies, and targeted business modeling, the project aims to achieve
the real exploitation potential of the results, which range from a modular integrated XR
platform to an ethical framework. While the human-centered design and open inno-
vation approaches used in the project are key drivers of societal and economic impact,
some challenges remain: many technologies still require further validation, productisa-
tion, regulatory adaptation, and large-scale testing before full market adoption. Future
research could address the further development of the state-of-the-art technologies,
interoperability standards, ethical data governance, and the creation of European value
chains supporting XR deployment.
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Abstract. This Chapter presents the SUN (Social and hUman ceNtered XR)
project’s strategy for linking technological innovation with human values in Ex-
tended Reality (XR). It highlights how Al, immersive interfaces, and multimodal
interaction were piloted in two key domains: clinical neurorehabilitation and In-
dustry 5.0. In healthcare, adaptive XR environments and wearable-based interac-
tions improved patient motivation, adherence, and recovery, while reducing care-
giver burden. In industrial contexts, digital twins, haptics, and Al-driven learning
enhanced worker safety, inclusivity, and training efficiency. The Chapter empha-
sizes co-creation with patients, clinicians, workers, and safety experts to ensure us-
ability, trust, and acceptance. Impact monitoring extended beyond technical KPIs
to include ethical and experiential dimensions such as fairness, transparency, and
user satisfaction. Results show both short-term gains—improved rehabilitation out-
comes and workplace safety—and long-term pathways, including integration into
European Data Spaces and refinement of ethics-by-design guidelines. The study
concludes that SUN represents not just a technological advance but a model of
human-centred, responsible innovation with strong clinical, industrial, and societal
relevance.
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24.1 Introduction

The SUN (Social and hUman ceNtered XR) project explores how Extended Reality (XR)
technologies, when combined with Artificial Intelligence (Al) and multimodal interaction,
can generate meaningful societal and industrial impact while remaining deeply rooted
in human values. Recognizing that immersive technologies represent not only technical
advances but also socio-cultural shifts, SUN adopts a framework where innovation is
guided by inclusivity, ethics, and real-world applicability. This Chapter presents a multi-
perspective view of impact, reflecting on how the project’s pilots—in clinical neuroreha-
bilitation and Industry 5.0 workplaces—were conceived, implemented, and evaluated.
The emphasis is on participatory design: scenarios were co-created with therapists,
patients, workers, and safety experts to ensure relevance, usability, and acceptance.
The approach highlights the project’s commitment to human-centricity, where impact
is measured not only by technical performance but also by qualitative factors such
as trust, fairness, transparency, and user well-being. By coupling technological piloting
