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ABBREVIATION MEANING

MR Mixed Reality

MSE Mean Square Error

MVS Multi-View Stereo

NeRF Neural Radiance Fields

NICs Network Interface Cards

NIQE Naturallmage Quality Evaluator
NLP Natural Language Processing
NMR Neural Media Repository

NN Neural Network

PSNR PeakSignaito-Noise Ratio

QA Question Answering

QEM Quadric Error Metric

RBVSR RealBasic Video Super Resolution
RDMA Remote Direct Memory Access
RGB+D Red, Gren and Blue + Depth
RTP RealTime Transport Protocol
RTSP RealTime Streamingrotocol
SDF Signed Distance Function

StM Structure from Motion

SISR Single Image Super Resolution
SR Single Image Sup&esolution
SSIM Structural Similarity Index

TSV Tabseparated values file format
T2T Text to Text

UCF Unified Computing Framework
UDP User Datagram Protocol

VMAF Video Multimethod Assessment Fusion
VQA Video Quality Assessment
VSR Video Super Resolution

VT Video to Text

WebRTC Web Reallime Communication
WP Work Package

XR eXtended Reality
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1 Executive Summary

¢tKAad RSEAGSNIOGES NBLINBaSyda I aAayATFAOLYd YIF GdzNI GA2
foundational technologies presented in D4.1 to integrated, product@ady services within a distributed
microservices architecture. This sexl version deliverable demonstrates substantial progress in validation,
implementation and platform optimisation, addressing the critical evolution from prototype to productady

systems.

The deliverable highlights the successful validation and deployment of all major XReco services included in the
azty gKAES faz2 akK2gOFaAy3d FTRRAGAZ2YIFE FEI2NRGKYaA GF
enables seamless integration acro&s§ LJ | G F2 N Qa S023eaGSYS YIFAYGlFAYAY
for broad adoption. Through this evolution, the project demonstrates its commitment not only to technological
innovation but also delivering practical, implementable solutions thtfitrass realwvorld challenges in content

search and creation.

The deliverable showcases the succesgdlitlationand deployment of all major XReco services that are plart

the XRecoMVEEY I 6 f Ay3d &SI YfSaa AyidiSaNIrdiaAzy | ONPaa GKS LX |
and scalability essential flwoadl R2 LJG A2y ® ¢ KA & S@2ftdziaizy NBFfSOGa (K!
just technological innovation, but practical, implementable solutions that addressvwaréd content search and

content creation challenges.

In a nutshell, this deliverable provisla description regarding the activities within Wil M34, encompassing
five tasks:

1 Content sourcing and filteringT4.1) Services for content search, incoming content monitoring and filtering
according to a particular topic or productipimteractive retrieval of content, locatieoentric retrieval MR
interfaces for content retrieval.

1 Neural rendering service§l'4.2) Services for reconstructing 3D scenes from 2D image data utilizing Neural
Radiance Field (NeRF) approaclaswell as Network Acceleratiorfrastructure

1 3D asset aggregation and optimisation servigqdet.3) Services foBD reconstructiorfrom 2D image data
employing computer vision as well as machine learning pipelieditionally, services for media content
(video, 3D point cloud data) enhancement.

1 XR volumetric and Free Viewpoint Video servigéd.4) Services for producing humaentred volumetric
and freeviewpoint videq utilising RGE data.

1 APIs and authoring tool developmerf4.5) The development of authoring tools, as well as of appropriate
communication APIs between authoring tools and XReco services.

These tasks collectively contribute to the goal of advancing the capabilities of XR applications, with a focus on
content creation, and integration. This progress is pivotal for fostering innovation and modularity within the XR
landscape, ultimately enhaimg the quality and diversity of immersive experiences and content creation.
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2 Introduction

This deliverable reports on the maturation and integration of the vertical technologies that enable XR application
realisation according to the usmses and requirements specified in WP5 and WP2 respectively. Building upon
the foundational work presented in D4.1, this deliverable documents the successful transition from prototype
technologies to productiomeady services deployed within a distributedcroservices architecture.

The containerisation and integration efforts represent a significant milestone in the XReco project timeline,
showcasing not just technological innovation but the practical implementation of scalable, enteyme
solutions addressing re&forld contert search and content creation challenges. This evolution has been carefully
orchestrated to maintain modularity while enabling seamless interoperability between services, reflecting
modern practices and cloudative design principles.

Since the initial development phase, the XReco platform has undergone substantial architectural refinements to
ensure optimal performance, reliability, and scalability. The adoption of containerisation technologies has
enabled consistent deployment acrods/erse environments while facilitating rapid iteration based on user
feedback and changing requirements.

The implementation follows a microservices approach where each component operates independently yet
integrated coherently within the overadicosystem. This design supports horizontal scaling of-deghand
services without impacting the entire platform, a critical consideration for procesgstagsive operation like
neural rendering.

The work package continues to be organised into five interconnected tasks, each now reaching production
readiness for most of the developed technologies with validated implementations. The current status reflects
substantial progress in validation, implentation, and platform optimisation since D4.1

2.1 Document Organisation

Considering the diverse technical domains covered within WP4 and their advanced implementation status, this
deliverable is organised to highlight both the technical achievements and the integration aspects of most
componentsin contrast with D4.1 which was organised according to the Task structure within WP4, this updated
version is structured in consistent technological thematic areas, in order to provide a coherenarftbw
readability, as well as awverview of the achievement3he document structurés as follows

Section3: Content Search, Monitoring, and Filterimyesents the intelligent content discovery and management
services that operate on top of the Neural Media Repository (NMR). This section encompasses the Mixed Reality
multimedia retrieval system, news content tagging using fieted Large Language MaddgLLMs), and novel
content detection methodologies. These services form the foundation for content curation and discovery
workflows that enable efficient asset management across the XReco platform.

Section4: Scene Reconstruction Servicaddresses the core 3D reconstruction capabilities, encompassing both
neural rendering approaches and more traditional computer vision methodologies. Neural rendering services
include the enhanag Fast NeRF ithe-wild implementation with octree optimisatign3D Gaussian Splatting
(3DGS), and fast neural reconstruction. Computer vision services focus on Structure from Motion (SfM) with
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Multi-t ASg {GSNB2 RSYaATAOIGA2Yd ¢KAA aSOGAz2y RSY2yaidN
into 3D representations suitable for XR applications.

Section5: Scene Reconstruction Services Validatjmmovides comprehensive quality evaluation methodologies
and results for the reconstruction services described in Sedtidrnis unified validation approach represents a
significant advancement over D4.1, demonstrating the maturation of evaluation frameworks and the
establishment of quality benchmarks across different reconstruction methodologies. The section includes both
objective metrics and subjective evaluation protocols, ensuring robust assessment of reconstruction fidelity.

Section 0: HumanCentred Reconstruction, Volumetric and Frdewpoint Video focuses on specialised
services for capturing and rendering human subjects in XR environments. This includes GDNeRF-foewparse
human reconstruction, humanentred Gaussian Splatting approaches, ®GA#sed freeviewpoint video (FVV)
systems, holopodtion capabilities, and automated 3D face reconstruction services. These technologies address
the specific challenges of human representation in immersive media productions.

Section7: Asset Aggregation and Optimisation Servigagesents enhancement and optimisation technologies

that improve the quality and usability of multimedia assets. This encompasses 2D video upscaling services, blind
face restoration capabilities, humasentred point cloud superesolution, comprehensive 3ata enhancement
methodologies, and 3D content generation services. These services ensure that assets within the XReco
ecosystem meet quality standards regardless of their original capture conditions.

Section 8: Network Acceleration Infrastructuredescribes the underlying computational and networking
optimisations that enable efficient deployment of XReco services. This includes direct memory management
approaches, unified cloud services tools, and performance optimisation strategies that supposgaitime
processing requirements of XR content creation.

Section 9: Authoring Tool Development and Service Communicatipresents the integrated authoring
environments that enable content creators to leverage XReco services effectively. This encompasdessbaity
authoring, XRCapsules for templatdriven content creation, the Orchestrator dashboard for service
coordination, anda CMShased authoring solution for locatiespecific content development.

Supporting Documentation and Technical Details

Annex|: Extended Information for Components Contegtovides detailed implementation specifications and
technical documentation that support the main content. This includes comprehensive details on sample
structures for RSS items in news content tagging, complete API implementation for the GDNeRFasetvice,
other technical specifications that enable developers to integrate XReco services.

Annex Il: RGBD Cameras Informatioroffers comprehensive information on RE&Bsensor technologies,
including detailed comparisons of capture devices and depth estimation algorithms. This technical reference
supports the implementation decisions described throughout the document and progidéance for hardware
selection in different deployment scenarios.
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3 Content searchmonitoring, andfiltering

3.1 Overview

This section describes tools and frontends building on top of the NMR described in D3.1 and D3.2. As these
components are part of the authoring workflow, they are addressed in WP4.

Most of these components are backend components that filter incoming content to select items relevant for
stories being worked ora component for tagging news contesmid interfaces for media search, including novel
search paradigms such as search in mixed reality.

3.2 Content sourcingnd filtering

The content sourcing and filtering component aims to automatically select content items from those ingested
into the NMR based on the relevance of those items for stories being worked loeseare represented by the
content collectedfor them, materialised as content baskets (see D3.1 for a description of the concept and
implementation of content baskets). The content involved may be multimodal, i.e., include texandCBD
content. The aim is to select candidate items that may be of relevance fordhie af the journalist or content
creator.

D4.1 has described the adaptation of tHSTORYramework to make it compatible with a newer deep learning
framework versionand to exchange the backbone network with ELlilPorder to suppormultimodal content
This section focuses on the novel content detection aspect, describing first atoidext service, and then an
LLMbased novel content detection approach on the resulting texts.

3.2.1 Video totext

The videato-text component is responsible for analysing video content and determining whether it introduces
novel elements relevant to a story currently in development, in terms of content badketsder to perform
downstream tasks such as novelty detection, text is a more sustainable and interoperable representation than
feature embeddings. This allows to apply the current state of the art of language models, without mtla
specific featureembedding space. Unlike image captioning, which focasesisual information within single
frames (spatial information), video to text (V2T) must also account for the semantics over time (temporal
information), making it a more complex challedge

LYoon, Susik, et al. "Unsupervised Story Discovery @ominuous News Streams via Scalable Thematic Embedding." arXiv

preprint arXiv:2304.04099 (2023).

2 Radford, Alec, et al. "Learning transferable visual models from natural language superuig@mnadtional conference on

machine learningPMLR, 2021.

a2t 2dzR ' ORINI SO Ftdx a! wS@OASE 2F 5SSLI [SINYyAYyI F2N AR
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For several years, video captioning was tackled using task specific models, often based ‘bartI8Etures.
Early approaches were inspired by image captioning techniques and typically generatedsaitigiece
descriptions.

Subsequently, "dense video captioning” methods emerged, aiming to produce longer and more detailed
descriptions. These models inclutigegmenting videos into actionsr events$, which were then translated into
sentences. With multimodal embeddings, models like VideoBi&pfoved representation.

More recently, transformebased models, such as mPLfGnd VAST have advanced the field by leveraging
visionlanguage integration. However, keeping pace with the capabilities of geperpbse multimodal large
language models (MLLMs) remains a significant challenge.

MLLMs have accelerated video captioning progiessffering flexible solutions through fiAgning or
prompting. Many are vision/video variants of broader LLM families, including Videok},dhtarnVideo2?,
Deepseek/13, and Pixtrat. Tablel summarizes recent opesource methods.

Tablel: A selection of recent video to text methods with permissive licenses.

Specific 2023 Apache2.0 Combines prdrained vision and languag
transformers for video to text tasks.
Specific 2023 MIT Fuses video, audio, and subtitle information vii

transformer architecture.

“yyYylE w2KNDBFOKSXI al NOdza w2 KNE K@D K iR NBES RIF( 2adHResogBign ONK KX |
37th German Conference, GCPR 2015, Aachen, Germany, Oeldh&015, Proceedings 83pringer, 2015), 2@21.
SI' YRNBG {KAYXZ Yl GaAdzy2NRA hKYAAKAZ YR ¢l dGadz2l | FNYRFZ a.
{ Sy (i Sy 008&IBEEE Infeyiational Conference on Image ProcessingIEEIP)2016), 336@8.
Swlkyalke YNRaAKYH LER 2yA¢ga & DS Prickedingy of thé IREE2IdteInationkl yConference on
Computer Vision2017, 70615.
I KSYy {dzy SiG fdX axARS20SNIY ! W2 Ayl a2R Ptoceddgdlofshe RS2 |
IEEE/CVF International Conference on Computer V348, 746473.
8l I A&t y3 . dz -&AMddilatized Muet A RIIDE C2dzy RI iA2y a2z2RSf | ON&edigst SEG =
of the International Conference on Machine Lear{iPBILR, 2023).
YAKFEY [/ KSy S -AddieSubtiteXext{OtnWa 2 R [+fAAAE2 yC 2 dzy R (i A 2 yComfe@edRc®@ bn | Y R
Neural Information Processing Syster?823.
0 dzyt2y3a ¢Fky3a SiG Ftodr axARS2 ! yRSNE (IEBERfaysactiogsion GircitdaNdH S [
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1SasSy [/ KSy3a S |t o &+ ATReBpdral [Mbdeling amdrAudioRUbidersténiliggan \idep adarsl
(arXiv, 2024), https://doi.org/10.48550/arXiv.2406.07476.
2 X 2ry3 SG Ftdr aLYGSNY+xARS2uHY { Ot Ay3 C2 BrygcBeditigs @the a 2 RS
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arXiv Preprint arXiv:2412.10302024.
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MLLM 2024 Apache2.0 Employstemporal modeling through LLMs witt
the DREAM evaluation benchmark.

MLLM 2024 Apache2.0 Enhances spatitemporal understanding with ¢
convolutional connector.

MLLM 2023 Apache2.0 Supports longcontext inputs/outputs and high
resolution inputs.

MLLM 2024 Apache2.0 MVBench benchmark for spattemporal
understanding with VideoChat2 as a baseline.

MLLM 2024 Apache2.0 Leader on MVBench for firgrained action

description, supports longontext inputs.
MLLM 2024 MIT & DsML Efficient MLLM with competitive performance.
MLLM 2024 Apache2.0 Efficient model from the mistral family with imag
support.

3.2.2 Service architecture

Video captioning presents challenges across the entire processing pipeline, beginning with variations in input
video properties and extending to the requirements of the textual output. Differences in video length, resolution,
orientation, and frame rate can cortigate practical implementation. Simultaneously, output expectations may
vary in terms of language, structural format (e.g., natural language vs. keywords), level of detail, and length
adding further complexity.

To ensure robustness arflgxibility, we adopted a modular cliesserver architecture with polling mechanisms
to efficiently handle large volumes of video data. The architecture comprises the following components:

1 V2T ServerPerforms shot boundary detection and caption generation.
9 Client ScriptsManage job submission, polling for completion, and error handling.

1 Textto-Text (T2T) ServerEnables LLMased posiprocessing of captions, including translation, fact
extraction, keyword identification, and more.

Effective coordination across these components is essential for maintaining consistency and performance
throughout the pipeline.

BWAF@SA 2Fy3ax [ALAY3I ,dzqryz FyR |, dzOKSY %KFIy3a> ac¢l NBRASNY
a2RSta¢ O6FNIADET HAHNUIE KAOGLIAYKKR2ZAOG2NAKMAPNYyppAklk N} APDOHnN
Bt |y %KEFy3 S ixXConfpesaR.5:0ALV¢rsatid\lArpeaVision Language Model SupportingComgxtual Input
YR hdziilddzizé wWnunI KGGLIYkkl NEAGP2ZNEHKEIOGAKHNATDPANOOHAD
UYdzy OKFy3 [A SO I f 0 6aza2SRH0KY: AR Y22 Y LINSKNS (Brageifiingaizthé Sy O K Y
IEEE/CVF Conference on Computer Vision and Pattern Reco@0i#idn
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3.2.3 V2T server

The V2T server provides two primary functions: shot boundary detection and video captioning. To address
hardware and context length constraints, long videos are segmented into shots. The resulting clips are then
individually captioned using a V2T modelwdt specific prompt.

For captioning, we selected the opsource InternLMXComposer 2.5 model over Tarsier and VideoLLaMAZ2,
based on experiments done in the FAIRmedia préijecthese advantages include better accuracy,
responsiveness to prompts, support for long contexts and-hégiolution video, and reasonable-#deo text
recognition.

¢tKS NBO2YYSYRSR RSTFlLdzE G LINPYLII A& a5SaAO0ONRO6S G(KS Tz
generates naturalanguage descriptions in English for each clip. Alternatively, the model can be prompted to
produce concise singigentence captionsr to focus on specific aspects of the video, depending on the desired
output. The audio track may optionally be removed if the aim is to focus on visual content only.

The dockerized service accepts video input via direct upload or URL, including MinlO support, and manages
separate queues for shot detection and captioning. Configuration options such as logging are available via an
environment file. An example responsesfgown below:

{
"success" : true ,
"data" :{
"collective_id" . "CID8h82e4a96aecffe2fb28ffcfb5735¢c10" ,
"status" : "complete" ,
"is_complete" : true ,
"file_name" : "testmp4"
"file_size" : "2.63 MB"
"video_duration_s" : 19.52,
"timestamp" : "2025- 06- 23T15:07:47.938618+00:00"
"jobs" [
{
"status" : "complete" ,
“job_id" : "4d145276365ed9beb3b6fc73ac5fh388"
"collective_id" . "CID8b82e4a96aecffe2fb28ffcfb5735c10" ,
"file_name" : "testmp4" ,
"use_audio" : false ,
"video_duration_s" : 19.52,
"file_size" : "2.63MB",
"prompt" : "Describe the following in detail with a word limit of 50 words." ,
"model_name": ‘"internlm"
"caption” : "A group of tourists ... exploration.” ,
"inference_time_s" : 24.522,
"clip_duration_s" : 16.48,
“clip_pos" : 0,
"clip_start_s" . 0.0,
"clip_end_s" : 16.48,
"timestamp" : "2025-06- 23T15:08:59.858970+00:00"
h
{
"status" : “"complete" ,
"job_id" : "30ad1f3c03d0a47f0418d606f53d7595"

18 https://www.joanneum.at/digital/en/projects/fairmedia/
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"collective_id" . "CID8b82e4a96aecffe2fb28ffcfb5735¢10"
"file_name" : "test.mp4"
"use_audio" : false ,
"video_duration_s" : 19.52,
"file_size" . "2.63MB" ,
"prompt" : "Describe the following in detail with a word limit of 50 words."
"model_name": “internlm"
"caption" : "A serene lake ... landscape.”
"inference_time_s" : 8.647,
"clip_duration_s" : 3.04,
"clip_pos" : 1,
"clip_start_s" : 16.48,
"clip_end_s" : 19.52,
"timestamp" : "2025-06- 23T15:09:09.244173+00:00"
}
]
}

}

message”: "Collective status retrieved."

3.2.4 V2T client

The client script for the V2T server manages the submission and polling of video processing jobs. It supports
batch processing of videos provided either as local files or URL lists. To ensure robust operation, the script detects
and handles potential issgearising from variations in video size, format, or orientation, which could otherwise
lead to servesside errors such as memory overflows.

Upon completion, the script generates a tabparated values (TSV) file for each truncated video clip. Each entry
AyOf dzZRSa (GKS 3ISYSNIGSR OFLIWGA2YyS>S OfALI aGlI NI FyR SyR

A TSV example for multiple videos is shown below:

"file_name" “clip_pos"  “clip_start_s" "clip_end_s" "caption”
"test.mp4"” "o" "0.0" "16.48" "A group of tourists ... exploration."”
"test.mp4" "1" "16.48" "19.52" "A serene lake ... landscape."
"test2.mp4" "0" “"3.72"  "125.731" "The next video ... ends."
"test2.mp4" L R

3.2.5 T2T server

Postprocessing of video captions enables the generation of textual descriptions in different languages or formats
after the initial extraction of relevant information in English via optimized prompts to the V2T server. To support
this, we developed a sepate textto-text (T2T) serviaea generalpurpose module built on large language
models (LLMs), such as LLaMA;8RInstruct. The T2T service facilitates various tasks, including translation (see
Table2), fact or keyword extraction, the combination of multiple text sources, and more.

The service supports hightsvel abstractions through LLM Chains, where outputs from one step can serve as
inputs for subsequent steps. This enables complex applications, such as -stepwd.LMbased text
correspondence measure.
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Following the V2T architecture, the T2T service employs a selieet model with polling. Model configurations,
system/user prompts, and parameters are fully customizable. For LLM Chains, step dependencies and parsing
for specific textual formats (e.gJSON, Python dictionaries) can be configured using conventional methods or
prompt-based syntax correction. Consistent with the V2T service, each atomic LLM call is logged and registered,
enabling full traceability of dependent operations.

An example T2T response for fact extraction is shown below:

{
"success" : true ,
"data" :{
"job" :{
"status" : “"complete" ,
"job_id" : "c338b8eea5ea80d0260660ce79e021h8" ,
"collective_id" : "VAL54c47d590104e58e727c1dd2e7af0700" ,
"model_key" : "llama31_8B" ,
"prompt_key" : "facts -extraction"
"text_inputs"  :{
"textl" : "A group of tourists ... exploration."

h
"output_text" : "{\"facts \":[{ \"fact_index \™ 1, \"fact \": \"A group of tourists gathers at the entrance

of MUTITIULU.\ ", .. )" ,
"timestamp" : "2025-06-23T15:31:28.946128+00:00" ,
"inference_time_s" : 26.804
}
h
"message": "Job status retrieved."

}
The corresponding prompt used for this task is:

prompt_key: "facts -extraction ",
system_prompt : "You are a helpful Al Assistant.
user_prompt : " Bellow is a description of a video clip: \ nVideo Description: {textl} \n\nExtract key facts from
the above video description paragraph. \n\
- Each fact should contain a subject, predicate, and object. Optionally include context such as time,
place, and causality when relevant (e.g., where, when, why an action occurs). \n\
- Ensure facts capture modalities (e.g., ‘could’, 'might'), negations, and quantifiers (e.g., ‘all',
'some’) if present in the video description. \n\
- Facts should be atomic, meaning that they cannot be further split into multiple simpler facts. \n\
- Pronouns must be substituted by the corresponding nouns. \n\
- Avoid redundant or overlapping facts, ensuring each fact is unique. \n\
- Scene cuts, camera motions, and purely technical details are NOT facts, but gestures, facial expressions,
and actions that carry meaning ARE facts. \n\
- Implicit aspects such as 'The video starts.' or ‘'The video ends." are NOT facts. \n\
- The number of facts extracted should dynamically depend on the complexity of the video description.
Extract as many key facts as necessary to fully capture the relevant information. \n\in\
Please generate the response in the form of a Python dictionary string with keys \"facts \". Each fact must
include its index in the format: \n\
{\n\
\"fact_index \":index_number, \"fact \": \"copy the fact here \"\'n\
\n\in\
DO NOT PROVIDE ANY OTHER OUTPUT TEXT OR EXPLANATION. Only provide the VALID Python dictionary string. \ nFor
example, your response should look like this: {{'facts": [{{'fact_index": 1, 'fact": 'Fact 1 description.'}},
{{!fact_index'": 2, 'fact’: 'Fact 2 description.'}}, ...]}}
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3.2.6 Example results

The following presents the results of applying the V2T pipeline to a test case involving the artificial concatenation
of two independent video shots from the Wiener Video Rekoftenllection. The pipeline correctly identifies
and segments them and subsequently generates detailed descriptions for each.

To illustrate the translation capabilities of the T2T service, an example output is also provided in Spanish.
Additionally, extracted facts are presented to demonstrate gasicessing functionality.

Table2: Example test video with shot keyframes, V2T generated captions, and corresponding Spanish translations.

MUITJULU

T ASSST son CONSERVATION
BEASRES wiTew T AREA

Describe the following in detail with a word limit of 50 words.

A group of tourists gathers around a signpost at the
entrance of MUTITJULU, a natural landmark. They are
dressed in casual attire suitable for outdoor

activities, with some wearing hats for sun protection.
The signpost, made of wood, bears the name of the
location and advises visitors to follow walking tracks

to aid soil conservation. The surrounding landscape is
arid, with sparse vegetation and rocky te rrain,
indicative of a desert or semi - desert environment. The
sky is clear, suggesting favorable weather conditions
for outdoor exploration. (84 words)

Un grupo de turistas se retine alrededor de un poste

indicador en la entrada de MUTITJULU, un lugar natural.

Estan vestidos con ropa casual adecuada para

actividades al aire libre, y algunos llevan sombreros

para protegerse del sol. El poste indicador, hech ode
madera, lleva el nombre del lugar y aconseja a los

visitantes que sigan los senderos para ayudar a la

conservacion del suelo. El paisaje circundante es

arido, con una vegetacion escasa y un terreno rocoso,

indicativo de un desierto o un entorno semi - desértico.
El cielo esta despejado, lo que sugiere condiciones

climaticas favorables para la exploracion al aire

libre.

A serene lake nestled in a
rugged mountainous area,
with a single sailboat

gently floating on the calm
waters. The surrounding
cliffs are adorned with
patches of greenery, and

the sunlight bathes the
scene in a warm glow,
highlighting the natural
beauty of the landscape.
(19 words)

Un lago sereno se encuentra
en una zona montafiosa
abrupta, con un solo barco

a vela flotando suavemente
en las aguas tranquilas.
Las rocas circundantes
estan adornadas con

de vegetacion, y la luz
solar bafia la escena con
una calida luz, resaltando
la belleza natural del
paisaje.

parches

19 https://www.mediathek.at/wienervideorekorder/englisinformation
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Extracted facts for SHOT1:

A group of tourists gathers at the entrance of MUTITJULU.

The tourists are dressed @asual attire suitable for outdoor activities.

Some tourists are wearing hats for sun protection.

The signpost is made of wood.

The signpost bears the name of the location MUTITJULU.

The signpost advises visitors to follow walking tracks.

The signpost advises visitors to follow walking tracks to aid soil conservation.
The surrounding landscape is arid.

The surrounding landscape has sparse vegetation.

The surrounding landscape has rocky terrain.

The surrounding landscape is indicative of a desert or-sE&sert environment.
The sky is clear.

The clear sky suggests favable weather conditions for outdoor exploration.

3.3 Novel content detection in news

Determining whether a document i®vel orcontains some novel parts w.r.t. another document can be seen as

a problem of comparing embeddings, as question answering between the documents, or as checking claims
extracted from one document vs. another or a collection-Ibsed novelty detection onatument level can be
approached using sentence embeddings in a vector space. As this may not fully capture semantics of the whole
documents, this is complemented with attention to determine documieveel novelty®. A dataset for testing
entailment of propositions has been providédand the authors test on baseline approaches, including seq2seq,
BERT embeddings and question answering.

Framing the novelty detection problem within a questianswering paradigm effectively leverages recent
advancement in LLMs and QA systems. The Peak #crosthodology exemplifies this approach, utilising
guestion extraction from a source document to identify crdsgument relationships within a collection. This
technique builds upon two establishddundations:The Qasem method for extractirguestionranswer pairs
from unstructured text® and advanced contextualisation techniquédor refined question formulation. The

20Ghosal, Tirthankar, et al. "Is your document novel? Let attergigde you. An attentiofbased model for documedevel
novelty detection.” Natural Language Engineering 27.4 (2021)4827
Al d [/ KSYS | @ [AZ vod 2y3aAs %o %K iladbsubtidetekt dmghEmodalty fdgridatian  y R\
Y2RStf IyR RIGlI&aSGzé ' ROIFIyOSa Ay bSdzNI {c728¢6F2MN | GA2Y t NRBOS
22 Caciularu, Avi, et al. "Peek Across: Improving Mitument Modeling via Crof3ocument Questiomnswering." The
61st Annual Meeting of the Association for Computational Linguistics (2023).
2Klein, Ayal, et al. "QASem Parsing: exext Modeling of QAased SemanticsProceedings of the 2022 Conference on
Empirical Methods in Natural Language Processt@@2.
24 pyatkin, Valentina, et al. "Asking It All: Generating Contextualized Questions for any SemantierBoéedings of the
2021 Conference on Empirical Methods in Natural Language Proce3#ig
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implementation involves pretraining a mutliocument model (QAMDen) on the NewsHead dat&sand task
specific finetuning for targeted questioranswering application®eyond this corenethodology supplementary

QA frameworks demonstrate versatility by enabling msiiép reasoning chains for comprehensive verificafion

and conducting gap analysis between generated answers and reference materials to identify information
deficiencied'’.

A claimbased methodology identifies novel content by extracting assertions from a document and verifying
them against reference sources. Current Liliwen verification strategieg surveyed comprehensivefy/g
encompass evidence retrieval from corpora, prompt engineering for optimised verification, transfer learning for
R2YIAY FTRFELIWFGAZ2YY 2N SOGARSYOS aSyidSyOS 3ISyideNd GA2Y
framework®, multi-step prompting for enhanced verification accurdey | YR 5A &0 Af GOned wSy >
DistIBERF model for claim refutation (English/Italian). A critical limitation persists: these approaches
presuppose preextracted claims, lacking integrated methods for automated claim extraction from source
documents.

Due to advances in LLMs and synergies with other taskshamged oupriginal plan to base the approach on
guestionanswering butecided to post it as a problem of analysing overlapping facts.

The basic idea of the metric is to extract single sentence statements contained in¥@d ¥ QG a¢ 0 F yR
them against another textY. We then investigate two approaches for comparing them: one is similar to the
approach used in claim checking/refutation, while the other directly applies an LUsbffingfacts as novel.

The fact extraction is modél “Y © "Q where"Ois the set of factsy "OFBHQ is implemented as a

prompt for an LLM. The LLM is prompted to identify atomic facstatiementsfrom paragrapHength input.

Extracted facts must be saibntained, including subject, predicate, and object, and must retain linguistic
modifiers such as modality, negation, and quantification.

The system uses the Llama 3.1388 model with deterministic hyperparameters and a high token limit to
preserve context integrity. Smaller models (e.g., 3B variants) showed deficiencies in meaningful fact extraction.

25 Gu, Xiaotao, et al. "Generating representative headlines for news stoResceedings of The Web Conference 2020

2020.

Bwd I fex ad { NP yraXer Qyeiion adswetiriglfoOrataral bgick a SR T OG0 GOSNATFAOI G A
Conference on Empirical Methods in Natural Language Processing, 2023.

wed wlkoAYyZ !'®@ 52SNDSGAlIYS wd 9y3IStoSNAZ [® | FO1Y2ys: DO 9
GapF20dza SR jdzSaGA2y 3ISYSNIGA2Y F2N) yagSN FaaSaavySyiaszé
Computational Linguistics, 28.

Bl o 5Y2y0ST wd hNUHOKSS ad %l YLIASNAZT tod /Ft&FYZ YR L® ! d
I &dzNBSesé FNIADG LINBLINRYUG INIAGYHNAYyDPMNOMTI HAHNOD
PW-Y.Kaoand A2d  Sys a1l 26 6S NBT-ESODAYRYEKNRAdZARYFGOGRAO® XROUGAT

Companion Proceedings of the ACM Web Conference 2024, 2024, 76158
V. d W%BKFYy3IA | YR 2 dbaget Bd verfidafosn bn\NiBWS cldinis Wiith a hierarchical stgptep prompting
YSGK2RXZé TN} AQD LINBLINAY(G N AGYHOMAN®ANONPIE HAHOD
31 Sanh, V., Debut, L., Chaumond, J., & Wolf, T. (2019). DistilBERT, a distilled version of BERT: smaller, faster, cheaper and
lighter. arXiv preprint arXiv:1910.01108.
21 @ DN GaGFFAZ2NR YR SiG Ffodr a¢KS tfFYlF o KSNR 2F Y2RSfa:z
33 https://huggingface.co/metdlama/Llama3.1-8B-Instruct
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Prompts were iteratively refined for robustness; the final versions are documented in the GitHub repository of
the dataset.

3.3.1 Fact entailment or contradiction

Given the facts extractedO, text Y may support these factsefitailmen), be in conflict with them
(contradictior), or not contain information related to this statememtdutral). The checking modél ~ "Yi0O ©
OBh) , where' O, 6 and’ are binary vectors of size encodes for each fact whether it is considered entailed,
contradicting or neutralg0s ¥s s 'O where Y denotes thed norm. We thusobtain 0o h
0o Uo 0 YR Y

Facts that are entailed in either matching direction are clearly not novel. Facts contained in thé feoin the
collection and found to be neutral are prior knowledge not related to the new text, and thus also not novel.
Novelty is thus based on the neutral facts in the new text (as no related information could be found in the text
from the collection), ad contradicting facts in both directions (as a contradiction implies new information):

610 6Zo 601
d 0 o :

The checking model is also implemented as a prompt for Llama 3.1 8B. Each fact is evaluated for entailment,
contradiction, or neutrality with respect to a comparison paragraph. This step is performed collectively: the
entire fact set is assessed againse flull reference or hypothesis text, rather than individually. If parsing fails
due to syntactic inconsistencies, an auxiliary LLM call attempts structural correction. Manual inspection was
occasionally needed for edge cases, such as removing spuriowtignanarks around named entities.

In order to obtain an aggregated score for the collection of text, we consider facts that are either supported by
all texts in the collection, or that contradict at least one text within it.

b Py
- 0
> ¢
" p "
(0] - 0 20
g
B U 20 B B 0 20 i EQB O o 2
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3.3.2 Fact novelty

The alternative approach is to define a novelty mdaglel "YiO © 0RY where0 andYare binary vectors of
size® encoding for each fact whether it is considered known or unkno@irs SYs &. We thus obtain
0o RAYo 0 "YA)  "Y .The checking model is also implemented as a prompt for Llama 3.1 8B.

We determine the pairwise novelty as the maximum of the fraction of novel facts in both directions:

o SYsY
0 |Afz§&—§hd—

The aggregation over the collection considers whether a fact is found to be noakltdéats in the collection,
i.e.

We first provide results on the stability o,

the fact extraction and matching approact :Dgg
based on work and a datasggEM-V2T)from 08 = CoNTUefren
the FAIRmedia projett In order to assess

the reliability of the metric, we test the .

metric on seHmatching the references in ..

the FMV2T dataset. This should result i

entailment close top, and contradictions 02

close tom. We perform the experiment __Jl_ o
twice, matching forward and backward, il

order to test the reproducibility of the

models. In addition, we repeat the sam Figurel: Bidirectional validation of LLM metric for entailment (ENT, green)

. ith linatchi th tout contradiction (CONT, red): Across matching direction (left/right part of each
experiment with selmatching the outpu subplot), asvell as across the (a) referenragainstreference and (b) InternLh
of InternLMXCompose.5® on the FM to-InternLM6 output.

V2T dataset.Figure 1 shows the results,

indicating that the metric is very reliable in terms of contradictions, which are almost 0. The rate of entailments
is very high, though with more outliers, i.e. captions resulting in lower entailment rates. This means that support
for some extracted stat@entscould not be verified, and they are thus considered neutral. We also match the

34 https://www.joanneum.at/digital/en/projects/fairmedia/
35 pan Zhang, Xiaoyi Dong, Yuhang Zang, Yuhang Cao, Rui Qian, Lin Chen, Qipeng Guo, Haodong Duan, Bin Wang, Link
Ouyang, et al. 2024. Internlxcomposef2.5: A versatile large vision language model supporting-tmmgextual input and
output. arXiv preprinerXiv:2407.03320 (2024).
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InternLM® videoto-text model output against itself, which turns out to be even more reliable, with a lower
number of outliers. This is probably due to simpler and shorter nature of the outputs compared to the references.

There are few multimedia datasets which are suitable for the task. We identified the FIVR200K¢jataseed

by the H2020 InVID projeétas a relevant one. It is a collection6buTubevideos related to different news
events. For parts of the dataset, annotations of four categories of relations between videos are provided: near
duplicate vide@i.e., at least one scene overlapsjuplicate scene videdse., all scenes overlappmplementary

scene videos (i.e., capturing the same scene of the event, but with complementary content), and incident scene
videos (i.e., related to the same scene, but not capturing overlapping content). Unfortunately, not all of the
videos are still avilable on Youtube, and if one video used in an annotated pair is not available, this makes the
pair unusable.

3.4 News content tagging

NewsTaggeis a service developed fautomaticallytagging news content. is a finetuned variant of Llama
3.1-8B-Instruct® (opensourced andieveloped by Meta), adapted specifically for the task of assigning a set of
semantically meaningful tags to news articles. It is useful for supporting downstream tasks such as content
indexing, retrieval, and thematic categorization in a scalable and deag#iptable manner.

This componentelates tothe requirements FR4.5 ¢ ¢ KS b SdzNI f aSRAF wSLI2&AG2N
contextd I a SR & S+ NOK FR.57 R4THeIDdtaNFh& iy Plafom=MUST provide the functionality to
provide contentbased and sourcbased filtering)z | YR Cwdmy ndm G ¢KS 51 4F { KI NR
posiAGAfAGE 2F FLILX &8AyYy3 | (I GtheoxRbdsystert 65t 0 (2 + ySat

Recent advances in NLP, especially with the rise of LLMs, have fundamentally changed how text classification
and annotation tasks are approached. LLMs;tpatned on vast multilingual datasets and fineed for specific
applications, now deliver strongsults across tasks such as summarisation, headline generation, and tagging.

In the media and journalism domain, research shows that while large, resouesesive models can achieve
high performance for tasks like automatic headline generdfjosmaller modelsg when finetuned for a
particular task¢ can match the results of their larger counterpdftsThis insight underpins our NewsTagger
approach, which leverages fistened, smaller LLMs to automatically assign semantic tags to news articles.
Tagging, much like headline generation, requires a deep semantic understanding of the text, but doesywt alwa
need the full generapurpose capabilities of the largest models.

% G. KordopatigstA £ 243 {® t I LI R2L2dzZ 243 L -BNIANYER AYBARDY I 2FAR &+
Transactions on Multimedia, vol. 21, no. 10, pp. 263852, 2019.

37 https://cordis.europa.eu/project/id/687786

38 hitps://huggingface.co/metdlama/Llama3.1-8B-Instruct (last accessed May £92025)

®¥Gu, X., Mao, Y., Han, J., Liu, J., Wu, Y., Yu, C., Finnie, D., Yu, H., Zhai, J. andZekeskiny representative
headlines for news storiel: Proceedings of The Web Conference 2@220, pp. 1778L784.

40 Scotta, Stefano and Alberto Messirexperimenting taskpecific LLMsn: Proceedings of the Seventh Workshop on

Natural Language for Artificial Intelligence (NL4AI 2023pcated with the 22nd International Conference of the Italian
Association for Artificial Intelligence (AI*1A 2023023.
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Building on prior work in headline generation, NewsTagger adapts these methods for multilingual semantic
tagging, evaluating whether firgined, compact LLMs can serve as efficient alternatives to massive, general
purpose models. By targeting reabrld media content in languages such as lItalian, English, Slovenian, and
German, NewTagger also contributes to the underexplored area of multilingual, doms@écific LLM
applications. Thanks to the instructidallowing and multilingual strengths of models likkema3.1-8B-Instruct,

a single finguning process can yield a tagging system that generalises across languages, reducing the need for
separate models and making the approach both efficient and scalable.

3.4.1 Modelfine-tuningprocedure

To fine tune the base model Llar3al-8B-Instruct, wecollecteda dataset fronpublicly accessible RSS feduls
the four languages considergiiltering thosewith either no text or no tagsandspanningrom January2023to
July 2024The resultant datasdbtalled approximately 3,000RS&ems, with about 11,000, 9,000, 10,00a8nd
1,000 forltalian, German, English, and Slovenian, respectively.

The finetuning process of the base model Lla®ad-8B-Instruct was performed after the-Bit quantization of

the model using the LORA technique to enable efficient training ofrbov« adapters, significantly reducing
memory and computational requirementghile preserving model performan¢éThe whole finetuning process
took approximately 60 hours of training on an-premisesNVIDIA A40 40GB GPU. The prompts fed to the model
are detailed in Annex-ISection11.1

3.4.2 Experimental results

In this section, we present an analysis of the performance of thetfined NewsTaggemodel. We compare it
against three different modelgypt4-0*> from OpenAl, which is one of the best commercial modeisilable
Llama3.1-70BInstruct®, which is the best model of the LLama @eheration andLlama3.1-8B-Instruct, which
is the base model of the NewsTaggercheckthe improvementsmadeby the fine-tuning process.

All models, including the NewsTagger, were appropriately prompted to assign semantic tags to the RSS items.
The quality of the tags generated by each model was then evaluated against the grounddruthgs assigned

by professionals, as originally posted in published RSS feeds. The analysis was conducted on a test set of 5,069
RSS items, comprising 1,485 in Italian, 1,500 in German, 1,500 in English, and 584 in Slhes@aRSS items

were collected from the same sources that were used for the inginbut they were published after July 2024

This allowed us to test the model's ability to generalise to unseenswedt data outside of the finéuning
dataset.The quality of the tags generated by the models was evaluated according to the following measures:

Intersectionover Union (ke yrdefined, for each RSS item and model, as the number of tags generated by the
model that are also present in the ground truth, over the total number of unique tags from both the model and
the ground truth.Formally, fixed a model, l# be the set of tags generated by the model a@dhe set of
ground truth tagsthe Intersection over Union is defined: as

41Hu, E.J., Shen, Y., Wallis, P., Aleua, Z., Li, Y., Wang, S., Wang, L. and Chen, W., 2022. Lerank@agaptation of large
language models. ICLR, 1(2)

42 hitps://openai.com/index/hellegpt-40/ (last accessed May 802025)

43 https://huggingface.co/metdlama/Meta-Llama3-70B-Instruct (last accessed May 302025)
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For example, if the ground truth tags for R$S iterare ofvhd , and the modegenerates ¢t |, then'Oé °Y
.

‘0¢ Ry

Average Semantic SimilarityﬂI: this quantity measures the average semantic similarity between the list of
generatediags and the list of ground truth tags. For each RSS item and modelbkethe list of generated tags
and"Cthe list of ground truth tags. We build a similarity matrixwhere the rows correspond to the tagstin

and the columns to the tags i@ The element on thé@h row and’@h column of is given by the Cosine
Smilarity of the embeddings, computed using the sentence transformer mod#lialLM-L6v2*, of the"@h

tag ind and of the’@h in "0 The average semantic similarity measigeefined as

VY a
where™Y and"Y are the mean value of the maximum values of each row and each colummespectively.

Figure2 and Figure3 show the average values of the previously defined metrics on the test set, respectively. For
each model, the averages were computed both per language and over the entire test set, regardless of the
language of thékSS itemdThe results clearly demonstrate the effectiveness of the NewsTagger model. Both in
terms of "Yand ‘O¢, e NewsTagger outperforms all the alternative models considered, demonstrating that
domainspecific finetuning, even on smaller language models, is a viable alternative to relying on
larger/expensive LLMs.
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Figure2: Average loU over the tags generated by each model for the RSS items in the test set, for individual languagegditssleng,
and aggregated (total).

4 https://huggingface.co/sentencéransformers/altMiniL M-L6v2 (last accessed MeB0O", 2025)
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Figure3: Average S value over the tags generated by each model for the RSS items in the test set for individual languageg(jta, eng,
slo) and aggregated (total).

The mairimitation of this analysis lies in the fact that the only ground truth available is the set of tags assigned

by the publishers of the RSS feeds. This does not exclude the possibility that, in some cases, the tags generated
by one of the models may be asayl as- or even better (., more informativg than - the original ones.
¢t KSNBF2NBS GKS 02yOfdzaAzy &aK2dzZ R KAIKEAIKGEG y2i
other models, but rather that they are more similar to the referenags assigned by journalists.

K

3.4.3 Deployment and integration in the XReco platform

The NewsTaggeervice is packaged addstributed as @ocker image and runs as a container on a Docker host.
The service is exposed throuBEST Arhplemented using the FastAPI framewrdnd served using Uvicoffi.
The generation of tags is invoked WiIR by callinghe /tags endpointof the NewsTagger servigdivenan item
uploadedto the platform, such as a news article, an imagevideo or a 3D modelthe tags aregenerated
combining the title, the subtitle and the description of the uploaded itdéins not mandatory to specify all three,
but at least one of them.

3.5 Mixed Reality User Interface

As the boundaries between physical and digital environments continue to blur, creating seamless workflows for
multimedia retrieval and content authoring in Mixed Reality (MR) is becoming increasingly essential. To address
this, we have developed a Mixed &gy Multimedia Retrieval Smartphone App that bridges intuitive,-veaild
interactions with content search on mobile devices.

This app is adapted from our earlier prototype (MR)2 and has been extended and tailored to match the
technological infrastructure and requirements of the XReco préjetttenables mobile users to capture their

4 hitps://fastapi.tiangolo.com/(last accessed May 802025)
46 hitps://www.uvicorn.org/ (last accessed May 802025)
4T https://xreco.eu/mixedreality-userinterface/
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environment, perform contextual queries, and retrieve reusable media assets in real time. The app is designed
for tight integration with authoring environments, especially the U#igsedZAUBAR\uthoring Tool, enabling
direct content flow from the physical world into XR experience design.

3.5.1 App Functionality

The Mixed Reality Multimedia Retrieval Smartphone App supports multiple query modalities and live interaction
features:

{1 Live object detection using integrated YOLOv12 mdtigsenable contexiaware, reaiworld object
based querying.

1 Manual region selection for visual queries within the live camera feed that extend a single detected
object.

9 Text queries entered by the user are processed agdutisearch queries, similar to those sent from the
XReco Marketplace.

9 Visual result presentation in a scrollable grid or as an augmented overlay, enabling instant browsing and
reuse.

All queries are executed in reine. Depending on the modality, features are extracted either directly on the
device or through backend services and matched against collections utilisindvtRéackend.

3.5.2 Placement in XReco stack

The app enables multimodal queries based on object detection, region selection, or text input, which are sent to
the NMR-backend fossimilarity-based multimedia retrieval. All query modalities provided in the Marketplace are
available in the smartphone app. Query features are processed and matched using a PostgreSQL database with
pgVectof®. The results are returned to the mobile interface and can be exported directly to the-hhasgd
ZAUBARAuthoring Tool. The architecture supports that content ingested via the orchestrator also becomes
directly available for the MR search.

The architecture and the connection to other XReeovices is visible fRigure4.

4 Tian, Y., Ye, Q., & Doermann, D. (2025). Yolovl2: Attecgiomnic reaitime object detectors. arXiv preprint
arXiv:2502.12524.

4 https://github.com/pgvector/pgvector
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Figure4: System architecture of the Mixed Reality Multimedia Retrieval smartphone app integrated into the XReco platform.

3.5.3 Backend Infrastructure

The app communicates with tiédMR-backend, reusing the same API endpoints employed by the Marketplace
within XReco, thereby ensuring full compatibility with existing pipelines.
Key backend features include:
1 Anadditional endpoint for similarity search based on captured images, supporting digeet queries
from the live retrieval interface.
9 Feature extraction services powered by CLIP, enabling robustmmdal queries across images and
text.
1 A pgVectoienhanced PostgreSQL database, allowing for efficient and scalable similarity search across
largecollections.
1 Optional integration with thiregparty services, such as:
0 Obiject detection models (e.g., from JRS and i2Cat)
o0 Landmark recognition systems
o Crossmodal descriptor providers (e.g., CERTH)
1 All descriptor handling and result ranking is managed vid\iR&tbackend built upon vitrivengine.

3.5.4 Integration into XReco visBAUBARuthoring Tool

To fully support content reuse and authoring workflows, the smartphone app is integrated witBADBAR
Authoring Tool, a Unithased content creation platform.
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This integration enables a bidirectional workflow:

1 From authoring to retrieval: The authoring tool can directly launch the smartphone app, allowing content
creators to perform mobile retrieval sessions in the field.

1 From retrieval to authoring: Users can select assets from search results and send them back to the Unity
authoring interface, where they are embedded as linkable, reusable objects (vidddBd asset
references).

This integration supports a mobife'st authoring approach: creators are no longer limited to curating content
from office desktops but can instead collect, retrieve, and reuse material live on location, making XR experience
creationfaster and easily connected to the physical context.

4 Scene Reconstruction Services

This section presents the core 3D reconstruction technologies developed within XReco, encompassing both
neural rendering approaches and more traditional computer vision methodologies. These services have evolved
significantly from their initial implementains in D4.1, now achieving productiosady status with enhanced
performance, quality and integration capabilities.

4.1 Neural Rendering

4.1.1 FastNeRF irthe-wild

Building upon the foundational work established in D4.1, where an adapted version of-iN¢Ré&-wild
(NeRFW¥ was implemented, this deliverable presents significant advancements designed to enhance both
performance and reconstruction quality in unconstrained, +@atld scenarios. These improvements directly
address the slow training convergence limitations of ReRdentified in the previous deliverable.

To overcome these challenges, D4.2 introduces two major architectural enhancements: a hierarchical octree
feature volume representation for improved spatial efficiency, and an advanced appearance and transient object
handling mechanism inspired byallucinatedNeRF (HAleRF). These innovations collectively enable faster
convergence while maintaining higjuality reconstruction capabilities for practical deployment within the
XReco ecosystemn overview of our pipeline is presentedrigure5: Fast NeRF dthe-wild pipelineFigureb.

50Martin-Brualla, R., Radwan, N., Sajjadi, M. S., Barron, J. T., Dosovitskiy, A., & Duckworth, D. (2021). Nerf in the wild: Neural
radiance fields for unconstrained photo collections. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition (pp. 7214219).
51 Chen, X., Zhang, Q., Li, X., Chen, Y., Feng, Y., Wang, X., & Wang, J. (2022). Hallucinated neural radiance fields in the wild
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (fi29452943
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Figure5: Fast NeRF 4the-wild pipeline.

Octree feature volume To optimise spatial sampling and drastically redgeoenputational overhead, we
implemented our approach utilising an octrbased spatial data structure. An octree efficiently represents
sparse volumetric scenes by allocating high resolution information only where needed (i.e., in areas with
significant scee detail). This approach reduces unnecessary computation in empty or uniform regions, leading
to improved rendering and training performance. The use of the octree structure is particularly valuable in the
XReco context, where large, aggregated datasé®B fY Y dzf G ALK S a2 dzZNOSa Ydza{d? o085
integration with PyTorch allowed for seamless integration with our previously developed pipelines, resulting in
a system that significantly improves memory usage and rendering times while maintaining high reconstruction

quality.

Integration of appearance and transient embeddings from -NeRF While D4.1 leveraged NeR#ftyle
appearance and transient embeddings, our current implementation adopts a more robust mechanism to better
disentangle scene geometry from variable appearance and transient phenomena. The NeRFw approach is limited
as it requies optimising embeddings for every training image, hindering its ability to generalise to novel, unseen
image samples. HeRF overcomes this with two key components

1 A convolutional encoder which learns a disentangled appearance representation, mapping each input
image to a latent vector that captures its appearance due to different illumination. This architecture
allows the model to render the scene with appearanaesnfimages outside the original training set,
enabling true appearance interpolation. To ensure the appearance is fully separated from scene
geometry, a viewconsistent loss prevents geometric details from being encoded into the appearance

vector.

1 Instead of modelling transient objects with a computationally expensive 3D field as in NeRReRHA
utilises a streamlined 2D visibility map. This map, modelled by an implicit furfeitoan MLR)predicts
the probability that each pixel belongs to the static background versus the transient foreground. It is

52 https://developer.nvidia.com/kaolin
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trained in an unsupervised mannerhich effectively learns to separate the static scene from dynamic
elements, resulting in cleaner reconstructions.

These advancements in appearance disentanglement and transient handling further align our NeRF pipeline with
- wS02Q4a 6 NERI RS NJ-@pbsitdrncontedt agipgdgatibri aBdsEmalibl@&adrch in 3D environments.

4.1.1.1 Results and observations

To validate the performance of our enhanicleRF pipeline, we conducted a series of experiments comparing
our method againsthe mentionedbaselines for ifthe-wild scene reconstruction: NeRFw and-NeRF. The
evaluation focuses on two primary aspects: reconstruction quality, measured by standardbamsegbmetrics,
and computational efficiency, measured by total training time.

Experimental SetupThe evaluation was performed on the Phototesaridataset®, which is used widely in the
literature in relevant tasks. It includes four scenBsandenburg Gate, Trevi Fountain, Taj Mahal, and Sacre
Coeur, which are characterised by significant variations in lighting, camera parameters, and transient occluders.

Metrics: We use three standard imadmsed metrics to assess reconstruction quality via rendering: PSNR, SSIM,
and LPIPS.

Energy efficiencyFor a training run of 300,000 iterations, our method consumed 2.59 kWh. In comparison,
NeRFw and HAeRF methods consumed 9.75 kWh and 7.71 kWh, respectivelyNERS§t irthe-wild
demonstrates a significant improvement in energy efficiency, consuminghtg onethird of the GPU power
required by comparable techniques.

Implementation details Our model was trained on an NVIDIA A10G 24GB GPU running on AWS g5.4xlarge EC2
instances. The core architecture integrates the octree representation with the appearance and transient
modelling components from HNeRF, as described abovihe quantitative results, summarized Trable 3,
demonstrate that our method achieves a significant improvement in computational efficiency without
compromising reconstruction quality.

Table3: Quantitative results comparing different NeRREhe-wild methodologies on the Phototourism dataset.

t{bw{{La[tLt t{bw{{LalLPIP& t{bw{{LalLPIP& t{bw{{La LPIP&
20.04 0.887 0.139 20.02 0801 0171 20.18 069  0.222 20.84 0.826 0.249
2345 0.811 0247 254 087 0124 2215 069  0.117 2272 0.767 0.301
2315 0.902 0238 2223 077 0165 2339 077 0241 2573 0.849 0.163

As shownTable3, our method delivers PSNR, LPIPS and SSIM scores that are on par with, or superior to, both
NeRFw and HANeRF. This confirms that the integration of the octree structure does not negatively impact the
model's ability to reconstruct scenes with high fitdel The most significant result is the dramatic reduction in
training time. By leveraging an octree to focus computation only on occupied space, our method colverges
times fasterthan the baselines. Wean these experiments in the same machine for 300k iterations each. While

53 Snavely, N., Seitz, S. M., & Szeliski, R. (2006). Photo tourism: exploring photo collections in 3D. In ACM siggraph 2006
papers (pp. 83%46).
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both NeRFw and HaeRF need48 hoursfor convergence, our method needs oy hours This rapid
convergence is critical for the XReco project's goal of processingdeatgs multisource datasets efficiently.

. A 55

Figure6: Qualitative results on Phototourism Brandenburg Gate scene. (a) The original image. (b) The original image with transiency
subtracted. (c) The rendered OctieasedNeRF from the same viewpoint with same agopace. (d) The rendered OctrbasedNeRF
from the same viewpoint with a different appearance. (e) The estimated transiency mask.

Quialitative resultsalso underscore the effectiveness of our approaétigure6 presents rendered novel views
from the Branderburg Gate scene with different appearances, as well as the estimated transiency mask.

The experimental results validate that our proposed method successfully addresses the primary limitations of
previous inthe-wild NeRF techniques. By combinithg hierarchical octree representation for speed with an
advanced architecture for appearance and transient modelling, we have developed a pipeline that is both fast
and robust. The system delivers reconstruction quatity par with the stateof-the-art, while significantly
reducing computational requirements, making it a highly effective and seasaflition for the demands of the
XReco project.

4.1.2 3D Gaussian Splatting

Although Gaussian Splattffd3DGS}oes not constitute a purely neural reconstruction methodolagyeing
fundamentally a gradient descent optimisation algorithm tlogtimisesGaussian parameters through muilti
view RGB supervisiaqit is presented within this section due to its hybrid nature, bridging traditicaaiputer

vision techniques witmeuralrfSY RSNA Yy 3 | LILINR I OKSa®d ¢KAa OflFaaAFTAOl

classical optimisatioprinciples with modern differential rendering paradigarsd novel 3D representations

The developed service provides static scene reconstruction using 3DGS,-afstetart technique for high
fidelity 3D reconstruction from muHiiew images or video input. This service is implemented based on the open

S4Kerbl, B., Kopanas, G., Leimkuhler, T., & Drettakis, G. (2023). 3d gaussian splattingifoe raaliance field rendering.
ACM Trans. Graph., 42(4), 189
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source gsplat component from the NeRFStudio framewkvhich features a permissive license and delivers
performance on par with the original 3DGS method. Users can upload images or video sequences of static scenes,
which the service processes to produce photorealistic and spatially consistent 3D representatough 3D
Gaussian primitives. Designed with a focus on efficiency, rendering quality, and broad compatibility with
common input formats, this service offers a robust and scalable solution suitable faveddl applications and
deployment.

The 3DGS reconstruction technology addresses diverse industry requirements for accurate 3D scene
reconstruction. In digital heritage, institutions can preserve physical spaces and artefacts with high fidelity from
standard photographs and videdBigure7, Figure8). Architecture and real estate professionals can generate
immersive 3D walkthroughs from visual captures, enhancing design validation and client engagement. The
entertainment industry can reconstruct film sets and locations from footage, supporting vyitodiction and

VEX workflows. For training applications, realistic 3D environments enable spatially accurate simulation
experiences. Technical advantages include high rendering performance and compact representation, making this
technology particularly Maable for AR/VR applications and-B'S @A OS @A adzr t Aal GA2yd ¢ K
supports both professional deployment and research experimentation, facilitating rapid iteration across diverse
use cases.

Figure7: Qualitative results of our 3DGS pipeline on the Einstein Tower footage, captured by DW. (left) A frame from thed®e@inal vi
footage. (right) The corresponding 3DGS render.

%5 hitps://github.com/nerfstudio-project/gsplat
%6 https://github.com/nerfstudio-project/nerfstudio
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/s

Figure8: Qualitative results from 3DGS on the Einstein Tower footage captured by DW. Two renders from viewpoints outside lthe origina
videofootage. Although some artifacts appear (especially at the horizon), the geometry and the level of detail remain consistent.

4.1.2.1 Implementation Overview
Thedeliveredpipeline includes the following steps:

Input Handling Supports image sequences and video files. Automated camera pose estimation (e.g., via
COLMAP) is included if external camera parameters are unavailable.

9 Data Preprocessing-rames are extracted, resized, and processed to ensure consistent qQalitgra
intrinsics and extrinsics are validated or inferred.

1 Gaussian Splatting Reconstructiohe core reconstruction engine generates a 3D point cloud with per
point anisotropic Gaussian distributions. These represefuur, opacity, andanisotropic scaleenabling
high-quality rendering.

9 Output: The result is a 3D representation viewable within a brovisered viewer or exportable for
integration into downstream applications (e.g., Unity, Unreal Engine).

is asset an image? YES COLMAP
list of assets list of images S 3DGS reconstruction _ply generation
camera calibration

h

extract sharp
keyirames from video

Figure9: A schematicepresentatiorof the 3DGS reconstruction pipeline

The chosen implementation strikes a balance between licensing fredd@ache License 2,0performance,
and practical usability, ensuring the reconstruction service can be deployed in a wide range of environments,
including clouebased and local setups.

57 Schonberger, J. L., & Frahmi.(2016). Structurdrom-Motion Revisited. Conference on Computer Vision and Pattern
Recognition (CVPR).
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The 3DGS reconstruction service is packaged as a Docker image and deployed as a container on a Docker
compatible host. It provides a RESTful API built with the FastAPI framework, offering a streamlined -and high
performance interface for client interaction®\ job tracking system, implemented using Céfersnanages
asynchronous reconstruction tasks, allowing clients to monitor job progress and query their status. Upon
completion of a reconstruction task, the system can generate a download link to access the resulting data.

4.1.3 Fast Neural reconstruction4the-wild

Extracting explicit 3D geometry as textured meshes from unstructured image collections represents a critical
functionality within the XReco platform. While the Fast NeR#héavild service(Section4.1.1) successfully
renders photorealistic novel views of 3D scenes, this service addresses a complementary requirement by
generating texture mesh outputs that enable direct integration with standard 3D engines such as Unity3D.

A fundamental limitation of NeRbased methods is that their underlying volume density representation makes
it difficult to extract a precise and continuous surfadéhile meshes can be extracted from the learned density
field, theseoften suffer from noise or lack fine detail. To overcome this, this algorithm employs a different neural
representation specifically designed for hifittelity surface recovery.

- Mask CGNet .
Original image Transient mask

Appearance

embeddings
< Ve )
5 /
1 —
1 Ft_:- il
| eatures Render
A - s function .
L —_— Rendered image
Octree grid

SDF MLP Color MLP

Background NeRF

FigurelO: Octree based reconstructiontime-wild pipeline. We rayrace an octreeébased feature volume to propagate features to an
SDF and an RGB MLP. Additionally, the input image is fed into a CNN for estimating a transierdgmeassr,we optimise
appearance embeddings to encode the appearance of each image which provide us with the ability to learn an appearance space.

Our Fast Neural Reconstructiontire-wild pipeline builds upon the methodology introduced in N&u8s
depicted inFigurel0, this approach employs a hierarchical network structure comprising three specialised MLPs.
The primary MLP encodes a Signed Distance Function (SDF) representation of the complete neural field, with the
object surface mathematically defined as the z&reelset of this function. The output from this SDF network is

S8 https://docs.celeryq.dev/en/latest/index.html
Wang, P., Liu, L., Liu, Y., Theobalt, C., Komura, T., & Wang, W. (2021). Neus: Learning neural implicit surfaces by volume
rendering for multiview reconstruction. arXiv preprint arXiv:2106.10689.
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subsequently processed by a secondary MLP dedicated to encoding colour information across the neural field. A
tertiary MLP, implementing a Nefased architecture, models background elements {nbject regions such
as sky) to ensure complete scene reprgsdion.

To maintain photometric consistency, these networks undergo concurrent optimisation through volume
rendering. This integrated training approach ensures that the rendered colour for each ray is precisely
determined by both the surface location (defined HyetSDF) and the surface gradient at the-sayface
intersection point, thereby preserving geometric accuracy.

A significant architectural enhancement, consistent with our Fast NefRE-inild methodology(Sectiord.1.1),
incorporates an octredased feature volume representation. This hierarchical spatial structure delivers
substantial improvements in memory utilisation and computation efficiency. By storing optimised features
within the octree grid as the primary recongttion information source, the system enables deployment of
considerably more compact MLPs for SDF and colour representation learning. This structural optimisation yields
measurable reductions in training duration while simultaneously decreasing enengyroption requirements.

Appearance modellingIn this pipeline, we follow NeRFw, introducing {oeage appearance embeddings to
account for photometric variations in unstructured image collections. These embeddings are learned during
optimisation and are provided as conditions to the RGB netwosxeflore, allowing the model to adjust the
emitted radiance of the scene for a particular image, ensuring that the trained 3D geometry remains static across
all images despite difference in illumination, exposure, and-postessing.

Occlusion handlingTransient objects such as pedestrians and vehicles often disrupt static scene reconstruction.
To robustly filter these occluders, we generate a-pixel visibility map using a learniijised CGNet
segmentation networ¥. We train our pipeline in an en-end manner on Phototourism datasetene’,

without manual mask annotations (as in Neural Reconstructieghemwild®?), by utilising a selfupervised loss.

We multiply the predicted visibility map with the pprxel squared difference between the rendered and
observed images before computing the reconstruction loss. This encourages the network to downweight regions
where transient objects appear, preserving only the static scene geometry for th&&de# reconstruction.

Energy efficiencyOur method, running for 200,000 iterations consumes only 1,81kWh of GPU power. The only
other alternative method to ours, which is Neural Reconstructioth@wild (using pretrained masksy is
estimated to consume at least one order of magnitude more power.

The evaluation was performed on the same scenes as our Fast N&fRmwiid pipeline (Sectiod.1.1) and we
follow the same evaluation scheme as described in Sedtibd Our model was trained on an NVIDIA RTX A6000
48GB GPWualitative results on the Brandenburg Gate scene are presenteijurell, showcasing a textured
mesh output Additionally, interpolation on the learned appearance embedding space is presented for the same

80 Wu, T., Tang, S., Zhang, R., Cao, J., & Zhang, Y. (2020). Cgnetwdiglightontext guided network for semantic
segmentation. IEEE Transactions on Image Processing, 36117199
61 Sun, J., Chen, X., Wang, Q., Li, Z., AvetBlorhH., Zhou, X., & Snavely, N. (2022, July). Neural 3d reconstruction in the
wild. In ACM SIGGRAPH 2022 conference proceedings$pp. 1
52Sun, J., Chen, X., Wang, Q., Li, Z., AvetBlorhH., Zhou, X., & Snavely, N. (2022, July). Neural 3d reconstruction in the
wild. In ACM SIGGRAPH 2022 conference proceedings$pp. 1
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scene inFigurel2, in which we showcase that the integral parts of the reconstructed object remain structurally
distinct while only the appearance of the scene is modified. Quantitative results are presented in Sglc8on

Figurell: Textured mesh results on Phototourism's Brandendburg Gate scene from different viewpoints.

WL T N L L
PR PR e PR T R

Figurel2: Qualitative results of appearance interpolation in the learned embedding space. (a) the original iméQyendole! rendering
output with different appearance embeddings.

Our method successfully reconstructs hiigdtelity, coloured 3D meshes from-the-wild images using an SDF
based representation for explicit surface extraction. Efficiency is central to the design, with the incorporation of
the octree feature volume traing and energy consumption are significardlgcelerated by pruning empty
space. The pipeline demonstrates robustness by using appearance embeddings to handle photometric variations
and a selsupervised network to effectively filter transient occluders.

4.1.4 3DVista

In recent years, the advancement of artificial intelligence models, particularly techniques based on NeRFs, has
revolutionised the way 3D content can be generated. NeRF technologies enable the creation of photorealistic 3D
reconstructions from simple videsequences (like drone footage) or image collections captured from multiple
viewpoints, significantly reducing the time and technical expertise required compared to traditional 3D modeling
methods.

3D Vista is a usdriendly 3D reconstruction service powered by NerfStudio and NeRF technology. It allows users
to easily generate highquality 3D models from video footage. The system automatically configures optimal
parameters refined through extensivéestingt based on a single user input: the desired model resolution.
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With just one setting, 3D Vista generates a retmyun command string, streamlining the entire NeRF workflow
for fast and accurate results

The3D Vistaservice was developed to address the growing demand for accessible and efficient tools for creating
3D models from video footage, such as drone captures or mobile recordings. In fields such as audiovisual
production, augmented and virtual reality, architare, and cultural heritage documentation, there is a strong
need to quickly and cogffectively transform realorld environments into detailed digital replicas.

By integrating with NerfStudio, 3D Vista makes this process accessible evendrpwrhusers, automating the
steps of preprocessing, training, and 3D model visualization. The use of optimized dralpd NeRF models
allows for faster and more effient training phases, supporting iterative, rapid, and scalable workflows.

4.1.4.1 Experimental results

In this section, we present the results generated by systematically combining key parameters, including texture
resolution and vertex count, to produce low, medium, high, and super high resolution mesh variants. These
settings simplify the user\workflow by automating the process of balancing individual parameters. Users may
simply select the resolution tier that best fits their needs and requirements.

Table4 shows the mesh profiles defined according to different texture resolution, and number dtesert
together with the corresponding output size and computation time using an NVIDIA RTX A5000 GPU. An example
of a 3D model of the Basilica of Superga generated by applying the LOW profile and the SUPER HIGH profile
starting from the same 2D video is gtwated inFigurel3.

Table4: 3D Vista mesh profiles acdrrespondingparameters.

LOW 1,024 50,723 23 5 minutes

MID 2,048 152,450 72 50 minutes

HIGH 4,096 252,404 119 1 hour 45 minutes
SUPER HIGI 4,096 504,415 247 4 hours 30 minutes
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Super HIGH

Figurel3: Examples of two 3D models of the Basilica di Superga, generated starting from the same 2D video source and applying two
opposite mesh profiles of the 3D Vista service.

4.2 Vision based Reconstruction

4.2.1 Structure from Motion

4.2.1.1 Previous pipeline

The B1 version of the Structure from Motion (Sfdised 3D reconstruction service offered by XReco relied on a
traditional SfM approach using unordered 2D images as input to produce a dense, textured 3D mesh model.

The process begins with an initial SfM optimisation aimed at obtaining the camera parameters for the input
images, which uses StFio extract the feature points needed in this task. The results include a sparse point
cloud, which is not suitable for 3D reconstruction. Once the camera parameters are available, contrast

B85 [26ST a5Aa0GAYyO0A @Sy @IYNIEISY (CSY S@iNBRY FNLY { IOMIK YSISNI L W/ +
60, p. 95110, Nov. 2004. DOI: 10.1023/B:VISI.0000029664.99615.94.
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adjustment algorithms such as CLAHEBNd
MSRCR are applied to the images, and featur
points are once again extracted, this time using
KAZE. As shownin Figure 14, this approach
significantly increases the number of featury
points obtained, which can then be triangulatec
using the camera parameters to end up with
much denser point cloud.

Poisson surface reconstruction is applied to t
point cloud to generate a triangular mesh. Thgs
number of triangles of this mesh is reduced to ti
number requested by the user using a combinatig
of Laplacian smoothing and Quadric Error Met
(QEMY"-based decimation.

(a) SIFT (b) pre-processing + A-KAZE
Finally, a multtexturingﬁg step is performed to Figurel4: SIFT feature points vs gpeocessing +&KAZE feature point
compute a texture atlas for the mesh. This

approach evaluates pdriangle visibility from each camera to interpolate texture contributions smoothly,
reducing seams and lighting inconsistencies. Additionally, partial occlusions are handled by comparing color
consistency across views, with inconsigtcontributions being suppressed. Textures are efficiently packed into

an atlas using bloekased packing.

4.2.1.2 Densifyng point clouds using MultiView Stereo

One of the main improvements introduced in the updated pipeline is the modification of the method used for
point cloud densification. In previous versions, densification was performed using feature points detected with
A-KAZE. However, in the new workflahis approach has been replaced by an algorithm based on the
PatchMatch MultiView Stereo (MV®)algorithm. This change not only allows more accurate results to be
obtained, thanks to better exploitation of photometric consistency between multiple calibrated views, but also
significantly improves the computational efficiency of the process. The Match algorithm structure is

4l d ad tATSNE 9 td ! YOdINYEI Wd 5 !dzadAyT S It d3 od! RI LIG S

Graphics, and Image Processing, vol. 39, no. 3, g685%ep. 1987. DOI: 10.1016/S0ABYX(87)8018K.

BLd wlKYFYYI 50 Wd W20482yX DO ! & 222RStf3 dadzZ GA&a0FES NB

SPIE, vol. 2847, Applications of Digital Image Processing XIX, Nov. 1996. DOI: 10.1117/12.258224.

®td Cd ! fOFIYydFrNAEEFET Wod bdzS@23r ' . FNI2FAT aClad 9ELX AOJ

BMVC (British Machine Vision Conf), p. &3l Sep. 2013. DOI: 10.5244/C.27.13 (https://bmva

archive.org.uk/bmvc/2013/Papers/p&p0013/).

%a®d DFNIFYRZ td {d | SO10SNIY a{dzNFI OS aAiGRAPH f R@6, Aug2 y dza )

1997. DOI: 10.1145/258734.258849.
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Graphics Forum, vol. 34, no. 1, p. 2328, Feb. 2015. DOI: 10.1111/cgf.12508.
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onImage Processidg @2f ® HHXMgan pallBRIOH mpa®d 5hLY MAOMMAPK ELE OH A MO C
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designed for highly parallel execution, which considerably reduces processing times without compromising
quality.

The method used is based on the MVS approach, which is widely used in computational photogrammetry
because it allows highly accurate estimation of the geometry of a 3D scene from multiple views. The system
implemented relies on an optimised version of thigorithm, which combines efficiency and robustness

against occlusions and complg&ometries This process can be divided into three main blocks:
PreprocessingFirst, a region of interest is determined that delimits the 3D volume where relevant geometry is
expected to be found. This region is calculated from the initial cloud and expanded to ensure the inclusion of
potentially visible peripheral areas. Next, iHeamera visibility is analysed, constructing a graph that indicates
which image pairs share sufficient overlap and provide adequate parallax. Finallyrasaltition versions of

the input images are generated, allowing hierarchical preiresfrom coarse scales to full resolutions, facilitating
progressive and more stable estimation.

Depth Estimation The core of the densification process consists of estimating, for each pixel in each reference
image, a depth and surface (normaljientation hypothesis. Initially, random hypotheses are assigned and
refined by means of an adaptive spatial propagation scheme, where the best solutions are diffused to
neighbouring pixels. This process is enhanced by stochastic refinement, which aetscstuall perturbations to
escape local minima and explore alternative solutions in ambiguous ecdotvast regions.

Each hypothesis is validated by comparing its consistency with multiple neighbouring images, assessing both
photometric similarity (based on texture patch matching) and geometric consistency (through epipolar
consistency and normal orientation). The altfum integrates all these metrics into a composite cost function
that guides the selection of the optimal solution for each pixel.

Fusion and Posprocessing Once the pewpixel depths are estimated, multiew fusion is performed to
reconstruct a dense point cloud in threfimensional space. This step combines the different validated
hypotheses, resolving conflicts and eliminating ambiguities through voting iatet-view consistency
mechanisms.

Subsequently, adaptive filtering is applied to improve the quality of the result by eliminating inconsistent points,
with poor visibility or located in unreliable regions. Additional information such as average colour, surface
normals and scale or local dgity measures are also calculated, attributes that enrich the point cloud and
prepare it for the next stages of the pipeline, such as mesh reconstruction.

Figurel5: Comparison between SIfdft), AKAZE (middle), and MVS (right).
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4.2.1.3 Mesh optimisation

Mesh cutting/trimming In certain cases, the primary goal is to obtain an accurate 3D representation of a specific
object, without the need to reconstruct the surrounding environment. However, depending on how the images
are captured, reconstruction algorithms often generatsignificantly larger scene that includes much of the
background visible to the cameras.

For this reason, when the object lies entirely within the perimeter defined by the camera positions, it is highly
beneficial to include a functionality that automatically crops the generated 3D mesh. This automatic cropping is
based on the estimated camepmsitions obtained during the SfM process.

It is important to note that cropping the input images to focus solely on the object is not a viable solution. Such
preprocessing could alter the effective resolution and field of view of the images, potentially causing
inconsistencies that negatively imgtaboth the geometric reconstruction and the texturing quality. 3D
reconstruction algorithms rely on accurate keypoint matches and consistent-wieiti coverage, reducing
overlap through image cropping can lower the number of shared features, resultinigas accurate model.

The mesh cropping process begins by defining a vertical coordinate system. Reconstructed meshes are typically
generated in arbitrary coordinates unrelated to the object's +@alld orientation. Defining a consistent vertical

axis allows for precise aligremt and enables targeted mesh cropping, isolating the object and removing
irrelevant parts of the scene, thereby improving efficiency and clarity.

This process starts with a setidtameras, each associated with a calibration matrix that encodes its orientation

AY o5 &LI OSo Ly GKAA O2yGSEGZ 2 atistford ik Sonsii@edl,lad k 2y |
corresponds to the tilt relative to the horizontal plane. For each cari§étsioptical axi®] =| is extracted based

solely on this rotational componenErom these direction vectors - 8 i, a cumulative covariance matrix

0 is constructed.

0 >

An eigen decomposition is then performed:

0 0zZ0
where0 A haha contains the orthonormal eigenvectors and Q"Q¢"® h_ the eigenvalues. The
eigenvector associated with the smallest eigenvalue represents the direction of least variance across all camera
viewing directions, in other words, the direction most orthogonal to the observation set. This vector is selected
as thevertical axis of the custom coordinate system:

",

Using this axis, each camera positiais orthogonally projected omta plane perpendicular to the aX®and
centered at the origin. This projection is achieved by removing the component in the axis direction:

- - ="

A second plane is defined at a positive offset talong the axis.
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Resulting in two projections per original poibising all the projected points, a 3D convexfdlis constructed.
This hull represents the smallest convex volume that encloses all camera positions and serves as a proxy volume
for defining the region of interest. &= are the projected points, then:

Next, a cutting plane perpendicular to the vertical axis is generated and centered at the mesh's centroid. The
intersection between this plane and the mesh creates a triangulated surface representing the cutting region. This
method ensures structural corstency, unlike computing a convex hull over a single projected plane, which may
produce nonflat or incomplete geometries.

(a) The original mesh and the original camera (b) The original mesh and the projected camera
positions. positions.

(c) The original mesh and the convex hull obtained (d) The original mesh and the cutting plane
from the projected camera positions. obtained.

Figurel6: Process to obtain the cutting plane.
Once the cutting plane is defined, each vertex is orthogonally projected onto the plane using the formula:

o 0 0 =@

" d . d . FNDSNE 500 tCD 5201 AY I | & | dzK RAQMONdgactiods®ikKNathenuzicad | K dzt
Software€& @2t ® HHEYYDRO55DPLIMPHCc® S5hLY MAPMMNPKHOPYMPDPHOPYHMD
51

XRecois an HorizonEurope Innovation Projectfamanced by the EC under Grant Agreement ID: 101070250.
The content of this document is © the author(s). For further information, xigitaeu.




XRecd’roject¢ Grant ID 101070250 D4.2 /I XR &edia Transformation Services \

wherer) is a point on the plane an@is the normalized direction vector perpendicular to the plane.

An orthonormal basisgQ } is then constructed in the plane, whege is a vector lying on the plane, aggl
= @, With= being the normal vector to the plane. Each projected vertex is then mapped to 2D coordinates
via dot products:

° o _%
« o _f_i

From the resulting 2D coordinates, a polygoi® 'Y is built from the previously generated intersection. Each
projected vertex is tested for inclusion in this polygon:

o N0 0QI R@a6QQQ
Only those faces whose three vertices are entirely contained within the polygoa retained:
Q @@QN o o b o nNOD

Finally, the remaining vertices and faces are remapped to ensure the mesh's topological continuity. Unused
vertices are discarded, and face indices are updated accordingly, resulting in a clean and optimised
representation of the target 3D object.

Figurel7: Result of applying the mesh cutting on the 3D mesh of the Einstein tower.

Mesh filtering. The geometry resulting from the reconstruction process may contain multiple disconnected
components, also known as "islands.” These can arise because the reconstruction method attempts to generate
information in regions with insufficient data or becausstain mesh regions partially intersect with the cutting
plane when the clipping stage is applied. To enhance the robustness and quality of the model, components with
significantly smaller surface areas compared to the main component dgigdljndiscarded.
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Specifically, all components representing less than 10% of the total number of faces of the largest component
are removed. This operation helps eliminate artifacts, structural noise, and degenerate regions, thereby
improving both computational performanand the clarity and readability of the model.

From a topological standpoint, a search for connected components is performed on the mesh graph, and their
relative size is evaluated by the condition:
S8 T e s e %
—— TPt wEANE S QHE LQQ
S{OS
where"Odenotes the set of faces of componeéfand™© s the set of faces of the largest component.

Once smaller islands have been removed, the mesh may still contain several disconnected components. To
manage them individually, a complete partition of the mesh icdmnected components is performed, defined

as maximal subsets of vertices and faces in which any pair of vertices is connected by a path of edges. This
separation allows each component to be treated as an independent entity within the global mesh setdll{zorm

this corresponds to a decomposition into equivalence classes under the connectivity relation between vertices.

Although this partitioning step is theoretically sufficient, removing small islands beforehand has been shown to
significantly improve computational performance by reducing the complexity of the connectivity graph and the
overhead associated with procesginumerous insignificant components. For instance, in the case of the Arco
Valentino mesh, this préltering step reduces computation time from 620 seconds to just 40, demonstrating its
practical importance in optimizing mesh workflows.

Among all separated components, the one with the greatest number of vertices is automatically selected,
regarded as the main component because it presumably contains the geometry of greatest interest.

Giventhe setd i) B F)  of separated components, the main component is defined as:
0 A O CA @ gos
wherew is the set of vertices of componeit .

This criterion favars retaining the most structurally significant region, automatically discarding disconnected
fragments of lesser importance without requiring manual interventigigure18 compares the resulting mesh
without any postprocessing (left) and the same mesh after applying only the mesh filtering step (right).

53

XRecois an HorizonEurope Innovation Projectfomnced by the EC under Grant Agreement ID: 101070250.
The content of this document is © the author(s). For further information, xigitaeu.




XRecd’roject¢ Grant ID 101070250 D4.2 /I XR &edia Transformation Services \

e )
&
2 e, p
et :
~A v/
- b
LA : ¥
) 1w~
¢ 1

Figurel8: Comparison between the mesh without any pastcessing (left) and the mesh after applying the mesh filtering step (right).

Mesh simplification We apply again a QEMased decimation process to make sure that simpler (i.e., flatter)
mesh areas are represented with fewer triangles while mesh corners and details are preserved. However, this
time, thanks to the prior optimisation (mesh cutting and mesh filtering), the quality of the final model increases:
since the same number of triangles is now distributed over a smaller surface area, the level of detail on the object
of interest increases.

7 iy

(a) Original mesh (b) Einstein tower mesh with (c) Einstein tower mesh after
500k faces mesh optimization process
with 500k faces

Figurel9: Comparison between the original mesh of the Einstein tower (a), the mesh with 500k faces and the mesh after the complete
optimisation process with 500k faces.

5 Scene Reconstruction Services Validation

This section presents a complete validation framework for most of the 3D reconstruction services described in

Section4, encompassing both objective (for all the services presented) and subjective (for SfM) quality

assessment methodologies. The evaluation approach employs synthetic view rendering from reference models
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to enable systematic and repeatable quality analysis across different reconstruction parameters and input
conditions.

5.1 Reconstruction quality evaluation

The methodology used to evaluate the quality of reconstruction services was based on the simulation of 3D
modeling processes applied to archaeological sites, buildings, and antiquities. This methodology enables a
systematic and repeatable evaluation of o&struction quality under varied input conditions. To this end, six 3D
meshes were selected from the BASIdS&taset and downloaded from Sketchfato serve as reference models.
These models, representative of reabrld cultural heritage objects, are shownRigure20.

(TN

ML SR S L
| ¥
et .l

=il | Il
—

a) Horn of Salt Diggers b) Palace of Fine Arts. c¢) Kriegerdenkmal.
Brotherhood of Wieliczka.

d) Schwarzenbachhouses with e) Roman Temple of Evora. f) Mexico City Metropolitan
interior. Cathedral.
Figure20: Selected models for the 3D reconstruction quality evaluation
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The models were chosen to ensure variability while
maintaining comparable characteristics. For examp
objects a, b, and c iRigure20 each contain fewer than
500,000 triangles, whereas objects d, e, and f h
approximately 2 million triangles each

Each reference model was used to generate 1,0
synthetic views from virtual camera positions uniform
distributed over a spherical surface, following a spi
trajectory from the base to the top. All images we
rendered using a fixed field of view (42a8nd a
resolution of 3840 x 2160 pixels (~8.3 MP).

For the reconstruction process, different subsets
these images were used, containing 50, 125, 250, or
views, respectively. An independent set of 3(Figure2l: Example of one of the reference models along witt

additional views, not included in the reconstructio camera positions used to capture the synthetic views.

process, was reserved exclusively for evaluation. This ensures that the assessment focuses on previously unseen
viewpoints, thereby improving the robustness and fairness of the evaluation.

An example of one of the reference models along with the camera positions used to capture the 1000 synthetic
views is shown ifrigure21.

To ensure accurate comparison, the reconstructed models were aligned with the reference models using
transformation parameters (scale, rotation, and translation). This alignment facilitates the calculation of both 2D
and 3D quality metrics.

For fultreference (FR) metrics, image comparisons were made from matching viewpoints in both the original and
reconstructed models. Since only specific regions of each image were relevant, binary masks were created to
isolate the object from the backgrodn

5.1.1 Objective quality metrics

The evaluation focused on commonly used imagsed quality metrics to assess the effects of reconstruction
parameters in each service.

For FR metrics, comparisons were performed between images rendered from corresponding viewpoints in the
original and reconstructed models. Since only specific regions of each image were relevant, binary masks were
generated to isolate the object from theabkground, ensuring that quality assessments focused solely on the
reconstructed content. The following metrics were employed:
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T FR metricsPSNR, SSIM and LPIPS
No-reference metrics BRISQUEand Natural Image Quality Evaluator (NIQE)

Together, these metrics provided a robust and automated framework for evaluating the visual fidelity of 3D
reconstructions under varying input conditions.

5.1.2 SfM

We conducted objective and subjective experiments to evaluate the quality of the models reconstructed using
SfM and how it varies depending on different configuration parameters. This was achieved by systematically
varying three parameters: the number aput images, the number of triangles used in the mesh, and the texture
resolution.

5.1.2.1 Objective evaluation

For each viewpoint, the union of the binary masks from the reference and reconstructed images was used to
compute imagebased metrics. This approach avoids the overly optimistic results that can arise when using the
intersection of masks, particularly iages where reconstructions significantly deviate from the ground truth. To
validate the effectiveness of the masking strategy, the Intersection over Union (loU) was also computed across
all views, achieving an average loU of 98.44% (+0.79%).

Fr oL &

a) Original model mask b) Reconstructed model mask ¢) Final mask

Figure22: Visualisation of the union between the reference model's mask amtbthesponding reconstructed model's mask, used to
produce the final mask employed for evaluation in that view.

7 https://en.wikipedia.org/wiki/Peak_signab-noise_ratio
" https://en.wikipedia.org/wiki/Structural_similarity_index_measure
5 Zhang, R., Isola, P., Efros, A. A., Shechtman, E., & Wang, O. (2018). The unreasonable effectiveness of deep features as ¢
perceptual metric. In Proceedings of the IEEE conference on computer vision and pattern recognition-§85)586
6 Mittal, A., A. K. Moorthy, and A. C. Bovik. “Reference Image Quality Assessment in the Spatial Domain." IEEE
Transactions on Image Processing. Vol. 21, Number 12, December 2012, pyl 74405
Mo aAlddlfr wod {2dzyRENINI¥2FlysS FyR !'®d /& .2@A1% aal{Ay3 |
letters, vol. 20, no. 3, pp. 2Q212, 2012.
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Compare between

Figure23: Workflow for generating the final comparison view between original and reconstructed models.

Additionally, because SfM produces mdmsed reconstructions, two geometbased metrics were
incorporated to complement the imageased evaluations: Hausddfftlistance and 1(Euclidean) distance.

These metrics offer a spatial analysis of reconstruction accuracy, allowing for a more comprehensive assessment
that considers not only visual similarity but also geometric fidelighle5 presents the mean and Standard
Deviation (SD) of both imad®ased for the 300 test images and motbalsed quality metrics.

Table5: Mean + SD evaluated over the 300 test captured images for the selected 3D model reconstruction parameters. Theibest result
bolddzy RSNX Ay SR G(GKS aS02yR 0Sad Ay 02ftRYX GKS GKANR AYy dzyRSNI AY
O2NNB&aLRYyR (2 o6SGGUSNI ljdzr f AGéY 6KAES @ aAdyAaTAasSa GKS 2L

t{bw {{La [tLt BRISQUE bLv9 I dzaR2 [?Q
(]
Mean+SD Mean+ Meanz Mean+*SD Mean+ Mean+SD Mean +
SD SD SD SD
o 24.037+ 0.634+ 0.124+ 70974+ 6.710+ 0.011+ 0.001 +
= 2.931 0.143 0.075 12.962 1.533 0.003 0.000
x 24.105+ 0.636+ 0.121+ 69.708+ 6.759+ 0.011+ 0.001 +
ol 3.029 0.147 0.077 13.500 1.600 0.004 0.000
N 24,088+ 0.632+ 0.120% 69.156+ 6.789+ 0.013+ 0.001 +
o 3.021 0.147 0.077 13.656 1.615 0.005 0.000
o 23907+ 0.618+ 0.119+ 68.701+ 6.802 + 0.014+ 0.001 +
8 2909 0.145 0.077 13913  1.621 0.008 0.000

8N. Aspert, D. Santa NHzl = YR ¢® 906N} KAYAIZ daSaKyY aS dazdRR MEHF SRNR2 By
Proceedings. IEEE international conference on multimedia and expo, vol. 1. IEEE, 2002, 788. 705
58

XRecois an HorizonEurope Innovation Projectfomnced by the EC under Grant Agreement ID: 101070250.
The content of this document is © the author(s). For further information, xigitaeu.




XRecd’roject¢ Grant ID 101070250 D4.2 /I XR &edia Transformation Services \

t{bw {{La [tLt BRISQUE bLv9 I I dzaR2 L@
(]
Mean £ SD Meanz Meanz Meanz+=SD Meanxz Mean+SD Mean*
SD SD SD SD
o 22797+ 0587+ 0.127+ 71.682+ 6.759+ 0.012 + 0.001 +
~ 2.458 0.121 0.078 13.629 1.617 0.005 0.000
N 24.062+ 0.634+ 0.120+ 69.789+ 6.767+ 0.012 + 0.001 +
L 3.002 0.149 0.077 13.464 1.595 0.006 0.000
o 24518+ 0.647+ 0.117+ 68.917+ 6.762+ 0.012 + 0.001 +
= 3.048 0.153 0.076 13.476 1.585 0.006 0.000
100k 24.759+ 0.651+ 0.118% 68.151+ 6.771 + 0.012 + 0.001 £
2.958 0.149 0.074 13.329 1.575 0.006 0.000
1 22132+ 0.482+ 0.181+ 81.499+ 7.002 % - -
2.381 0.108 0.086 9.242 1.187
4 23.748+ 0.607+ 0.133+ 69.811+ 6.750+ - -
2.667 0.115 0.069 10.605 1.485
16 25.031+ 0.707+ 0.090+ 64.168+  6.650+ - -
2.845 0.108 0.051 12.433 1.773
32 25.226+  0.724+ 0.079+ 63.060+ 6.657+ - -

2.897 0.108 0.046 12.918 1.820

In terms of the number of input images, the results are inconsistent across metrics. While LPIPS and BRISQUE
indicate improvements with more images, Hausdorff and NdQE suggest the opposite. PSNR, SSIM, &nd L
show no clear trend.

Regarding mesh complexity, most metrics, such as PSNR, BRISQUE, and LPIPS, point to a quality increase wit
higher triangle counts. All metrics identify the 5k triangle models as the lowest quality. The best results are
generally found with 100k triangle§PIPS fawws the 50k configurationhough In contrast, NIQE shows a

reverse pattern, with quality decreasing as triangle count increases.

In terms of texture resolution, most metrics agree on improved quality at higher resolutions, with the exception
of NIQE, which rates 16 MP slightly higher than 32 MP.

To further investigate these differences, statistical analyses were performed. Since the data did not follow a
normal distribution (confirmed by multiple normality tests), rparametric KruskgWallis® tests were used,
seeTable6. For parameters showing statistically significant results (p < 0.05)hpaspairwise comparisons
were performed using Wilcoxon tests with Bonferroni correction, 3eble 7. These analyses confirmed
significant effects for triangle count and texture resolution across most metrics. For the number of images, only

M2 | @ YNHzA{lIE YR 20 !-ONRGENRAY O} BB @S NIy &1 &ANVa 2¢y SW2
Association, vol. 47, no. 260, pp. §821, 1952.
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the Hausdorff distance showed statistically significant differences, especially between configurations with 500
images and those with 50 or 125. This suggests that georbasgd evaluations are more sensitive to image
count than appearancbased metricspotentially due to the uniform distribution of camera viewpoints in the
dataset.

Table6: Pvalues for the Krusk&Wallis test, asterisks indicate statistical significanc@Mirdicates that the test was not performed.

PSNR SSIM LPIPS BRISQUE NIQE Hausdorff L2
0.9648 0.7447 0.9300 0.4001 0.8794 0.0349* 0.8122
<0.0001* 0.0036* <0.0001* 0.0666 0.9872 0.9824 < 0.0001*

<0.0001* <0.0001* <0.0001* <0.0001* 0.0024* - -

Table7: Pvalues for the pairedVilcoxon tests with Bonferroni correction, asterisks indicate statistical significance. N/A has been used to
indicate the cases in which the KrusWéallis test did not report statistical difference #¥ndicates that the test was not applicable.
Texture resolution is indicated in MP.

PSNR SSIM LPIPS BRISQUE NIQE Hausdorff L2

50 vs 125 N/A N/A N/A N/A N/A 1.0000 N/A

50 vs 250 N/A N/A N/A N/A N/A 0.2199 N/A

50 vs 500 N/A N/A N/A N/A N/A 0.0135* N/A
125 vs 250 N/A N/A N/A N/A N/A 0.6443 N/A
125 vs 500 N/A N/A N/A N/A N/A 0.0051* N/A
250 vs 500 N/A N/A N/A N/A N/A 0.7250 N/A

5k vs 25k <0.0001* <0.0001* < 0.0001* N/A N/A N/A < 0.0001*

5k vs50k < 0.0001* <0.0001* < 0.0001* N/A N/A N/A < 0.0001*
5k vs 100k < 0.0001* < 0.0001* < 0.0001* N/A N/A N/A < 0.0001*
25k vs 50k < 0.0001* < 0.0001* < 0.0001* N/A N/A N/A < 0.0001*
25k vs 100k < 0.0001* <0.0001* 0.0420* N/A N/A N/A < 0.0001*
50k vs 100k < 0.0001* 0.6424 1 N/A N/A N/A < 0.0001*

lvs4 <0.0001* <0.0001* <0.0001* <0.0001* <0.0001* = >
1vs 16 < 0.0001* <0.0001* <0.0001* <0.0001* < 0.0001* = =
1vs 32 <0.0001* <0.0001* <0.0001* <0.0001* < 0.0001* = >
4vs 16 <0.0001* <0.0001* <0.0001* <0.0001* 0.0723 = =
4 vs 32 <0.0001* <0.0001* <0.0001* <0.0001* 0.1748 = >
16 vs 32 <0.0001* <0.0001* <0.0001* <0.0001* 0.5398 = =

Posthoc analysis reveals that FR metrics (PSNR, SSIM, eRge®jely detect changes in mesh detalil,
particularly at lower triangle counts. Likewise, texture resolution significantly impacts all ibzesgel metrics,
though NIQE only distinguishes between the lowest and higher resolutions, not between mediumghnd h
settings.

The results indicate that variations in the objective metrics are largely driven by differences in mesh complexity
and texture resolution inherent to the models. In contrast, the number of input images has a limited impact on
the metrics whenthe images are uniformly distributed, suggesting that model characteristics play a more
significant role in influencing the evaluation outcomes under these acquisition conditions.
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5.1.2.2 Subjective evaluation

The Double Stimulus Degradation Category Rating {P@R)hodology has been employed to design the
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subjective evaluation of the models. This approach allows participants to view the original model alongside its

reconstructed versions, each generated using different parameter settings and therefore exhiaiiimg levels

of distortion. By directly comparing the original and distorted models, users are better equipped to assess the

visual quality of the 3D reconstructions with greater accuracy and consistency.

Prior to the evaluation, a selection process was conducted to determine which models would be used. Five
individuals collaboratively divided and assessed all available models, ensuring that each model was evaluated
during an initial round of voting. Thepeeliminary assessments were used solely for model selection and were

not included in the final results. Based on this initial evaluationgBehwarzenbachK 2 dza S a
excluded, as it consistently received high scores (mostly 4s anth&®rting limited potential for revealing

perceptible quality differences across parameter variations.

& A wiak

Ly G &

Following this selection process, the decision was made to evaluate the remaining models using the parameter

combinations shown ifable8.

Table8: Combinations of parameters evaluated during the subjective experiment.

5k

12.5k

100k
25k

100k
5k
50k
100k
100k

16
32

16
32
32

16
32
32
32
32
32
32

8 |TU, P. (1999). 910. Subjective video quality assessment methods for multimedia applications. International

telecommunications union telecommunication sector.
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These parameter combinations were selected with the goal of exploring a wide and representative spectrum of
reconstruction quality levels. By systematically varying mlienber of input images, the mesh complexity
(number of triangles), and the texture resolution (in megapixels), it was possible to simulate differembréhl
scenari®, from lowresource reconstructions to higfidelity outputs.

The combinations were designed to isolate th=

impact of each parameter while maintaining contre

over the others. For example, in some tests tf

number of imagesaried while keeping resolution Welcome! Please select the
] ) esired scene

and mesh complexity constant, allowing for &

analysis of how image coverage affects perceiv

| Training Session

guality. In other cases, triangle count, or resolutic Lestsesson
was varied independently. Additionally, certai _

i i . K ID: Playlist:
combinations intentionallypushed parameters to Selectone.  ~

extreme values (e.g., 5k triangles or 1MP textures)

1 1
examine _ perceptual thresholds  for  mode Figure24: lllustration of the Main Menu of the subjective evaluati
degradation. application.

This experimental design ensures a comprehensive
evaluation of how each individual factor contributes to gubjective perception of quality in 3D reconstructions.

An interactive application was developed in order ta
conduct the tests using Unity and C#. This tool w Please, provide us some information about
specifically designed to streamline the evaluatic yourself before starting the test
process and is structured into several function
scenes. The central scene is the Main Menu, ¢
Figure24, from which users can access two prima
modes: the Training Session and the me Do you have experience with 3D modelling?
evaluation mode, referred to as the Test Sessic 5. |
Both scenes share a similar visual layout a

interaction logic to ensure consistency throughot
the user experience.

Age \

Gender | Select one... v

<5 times 5-20 times | >20times Every day

Figure25: lllustration of the Tester data collection interface.

The Training Session serves as a preparatory

environment in which users can become familiar with the visual exploration and rating mechanics of the
application. In this mode, three distorted versions of a 3D model, distinct from those used in the Test Session,
are presented.

Before entering the Test Session, users are required to provide basic demographic and contextual information,
including an identification code (ID), age, gender, the specific playlist to be evaluated, and their previous
experience with 3D models, as showmrFigure25.

In both the Training and Test Sessions, participants are presented with a pair of 3D models: a reconstructed
original and its corresponding distorted version. These models are dynamically loaded from two separate folders,
Originals and Distorted, using Wné Résourcesoad) function, following the structure defined by
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preconfigured playlists. The selection of model pairs is handled through a randomization algorithm that ensures
no repeated combinations are shown and prevents consecutive evaluations of identical models. Additionally, the
system automatically detects wheall pairs in the playlist have been evaluated, triggering a transition to a final
closing scene.

The application enables synchronized rotation and tilting of both models using a system of coupled cameras that
orbit around each object. These camera movements are controlled via sliders, ensuring that the user observes
both models from identical and synetrical perspectives.

a) lllustration of the Training Session view. b) lllustration of the Test Session view.
Figure26: lllustration of the user interface during the visualisation of models in both the Training (a) and Test sessions (b).

Once the visual inspection is complete, the us
proceeds to a voting scene where they rate the qual
of the distorted model in comparison to the origina
using a scale from 1 to 5, s€égure27. All results are
automatically recorded in a CSV file along w
additional metadata such as user input and sess
configuration. Furthermore, the application logs &
camera interactions (rotations and tilts), enabli
subsequent analysis of usdsehaviour and visual Submit
exploration patterns.

5 - Imperceptible

not annoying

Figure27: Illustration of the voting interface.

The user testing phase involved 36 participants, 26 mer
and 10 women. 14 of them completed two sessions with different playlists on separatendalgsthe remaining
22 completed a single session

In terms of prior experience with 3D models, 7 participants reported no previous exposure, 11 had interacted
with 3D models fewer than five times, 6 had between 5 and 20 prior experiences, 7 had used 3D models on more
than 20 occasions, and 5 indicated yhese them on a daily basis.

Each testing session lasted between 15 and 35 minutes, depending on the individual participant.

At the start of each session, participants received a detailed explanation of the evaluation procedure, the type
of data that would be collected, and the structure of the test. In addition, a short screening test was conducted
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to identify potential visual impairments, such eslourblindness or difficulty seeing at certain distances. After
this initial briefing, users proceeded to interact with the application.

Each session comprised the evaluatic s MOS = 95% CI = Horn of Salt
of a training set followed by two
distinct test playlists, each containing *
different subset of 3D models.
Participants were free to take as muc _
time as needed to examine the model
before submitting their ratings. 2
Additionally, they were given the
opportunity to take a short break
between the evaluation of each .
playlist to reduce visual fatigue anc
maintain  consistent  performance
throughout the session.

3

Parameter combination (I: images, T: triangles, R: resolution)

Figure28 MOSt 95% Cl for the "Horn of Salts Diggers Brotherhood of Wielicz

. model across different parameter combinations in subjective tests.
The results obtained for each mode P )

are presented below.

Horn of Salt diggers brotherhood of - MOS = 95% CI — Palace of Arts
Wieliczka In the following graph,
Figure 28, we can observe that the
model generally received very goo
scores, consistently achieving a_’
average Mean Opinion ScoreMO3g =
above 3 in all cases, except when usil 2
both 50 and 125 images combined wit
25,000 triangles and a 1MP resolutior

=

Palace of Fine ArtsIn Figure29, the
Y2RSf Qa ao0O2NBa | s 55 &
C0m pared tO the prevlous Case Thv Parameter combination (I: images, T: triangles, R: resolution)

difference may be attributed to the Figure29: MOSt 95% ClI for the "Palace of Fine Arts" model across differen
paraemeter combinations in subjective tests.

fact that, although the original models
have a similar number of triangles
O0FS6SNI GKIFY pnnZnnnov: GKA&A Y2RStfQa 3IS2YSGNEBR YR
potentially improve by increasing the number of triangles. However, it is worth noting that when higher
parameter settings are applied, the MOS scooesisurpass 3.

64

XRecois an HorizonEurope Innovation Projectfamanced by the EC under Grant Agreement ID: 101070250.
The content of this document is © the author(s). For further information, xigitaeu.

[N

2~



XRecd’roject¢ Grant ID 101070250 D4.2 /I XR &edia Transformation Services \

Kriegerdenkmal Figure30 shows that this - MOS 2 95% €I — Kriegerdenkmal
model scored above 3 in nearly a
parameter combinations. These favourabl *
results might be due to the relatively simpl-
geometry of the original model and the fairl
uniform colairation, which likely makeszz
reconstruction easier and more visuall
pleasing.

Roman Temple of Evordn Figure3l, the °
model received very high scores. Despite tl &
original model having a high triangle coun., Parameter combination (1 mages, T: triangles. R resolution)

the uniform colair of the object helps mask ~Figure30Y ah{ & dpz /L F2NJ GKS aVYNR:!
geometric imperfections, leading to better parameter combinations in subjective tests.

subjective evaluations. ;

R RPN S s
‘)‘\’

o

fag

3 A 3 3

o KT or ol
) RIS e

A 2O

< o Y 8
g °F§ h“é & -
N R RA

MOS + 95% Cl — Temple of Evora

Mexico City Metropolitan CathedralIn -
the case ofFigure 32, the ratings drop
again, with MOS scores exceeding 3 only
four instances. This decline can I:gz
explained by the fact that the origina
model is the most complex of all studiec -
both in terms of geometry and texture
Consequently, distortions become mor ¢ IR
apparent when comparing the original an " « & &7 % o7 57 75T T

reconstructed models Parameter combination (I: images, T: triangles, R: resolution)
Figure3lY ah{ p ¢p2 /L FT2NJ dKS awz2yYl
Overall, across all cases, resolutic different parameter combinations in subjective tests.

emerges as the most influential paramete - HOS = 85% £ — Mexico Eity Cothedre)
followed by the number of triangles. Tht
number of images appears to have th
least impact in these scenarios, whic
aligns with the results observed in thig
objective tests. 5

o "
o e S8 $°
& U -

-

%
P 3

0’0 P
TN N g

Parameter combination (I: images, T: triangles, R: resolution)

Figure32Yy ah{ 5 dpz /L F2N §KS &aaSEAO
parameter combinations in subjective tests.
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5.1.3 Fast Neural Reconstruction-ihe-wild

In a unified mannemwe additionally tested our Fast Neural Reconstructiocthgrwild algorithm (Sectiod.1.3
on the proposed dataset with the proposed evaluation pipeline. The quantitative results are preseitolén
9, while qualitative results are presentedhigure33.

Table9: Quantitative result§or Fast Neural Reconstructiontime-wild. Results on imagkased reference and nemeference metrics are
provided, along witlgeometrybasedmetrics.

50 24.402+3.080 0.475+ 0.264+ 35.567+ 20.06+ 0.122+ 0.009+
0.235 0.094 23.12 0.64 0.048 0.008
125 27.993+3.49 0.804+ 0.199+ 26.543% 20.31% 0.105+ 0.008+
0.093 0.087 15.31 0.59 0.057 0.005
250 28.091+3.59 0.808+ 0.196+ 25.67£15.64  20.34+ 0.105+0.1 0.006+
0.095 0.087 0.55 0.003
500 27.17+2.82 0.778+ 0.215+ 23.55+£17.5 20.15+ 0.097+ 0.007+
0.073 0.077 0.47 0.058 0.005

The experimental results demonstrate that model performance correlates positively with the quantity of input
images. Specifically, imadpased quality metrics achieve optimal performance on the-@58ge subset, while
geometric quality metrics indicate sapor results with larger image sets, though the improvement over the 250
image subset remains marginal. These findings suggest that while rendering quality plateaus beyond a certain
input threshold, geometric reconstruction accuracy continues to benafinfadditional input data.

*
.,
e

Ny

(a)

Figure33: Fast Neural Reconstructiontime-wild qualitative results. The top row presents textured, while the bottom row presents
geometric results. (a) Homf-salt. (b) Palace of fine arts. (c) Roman temple of Evora.

This distinction has important implications for applicatswecific deployment strategies. Use cases requiring
high geometric precisioq such as architectural documentation, cultural heritage preservation, or engineering
applications¢g will benefit from comprehensive image datasets to achieve optimal reconstruction accuracy.
Conversely, applications prioritising visual fidelity over geometric precigiancluding XR experiences,
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entertainment content, and immersive visualisatiancan achieve satisfactory results with reduced input
requirements, thereby minimising data collection overhead and processing complexity.

5.1.4 Fast NeRF ithe-wild

We also evaluated our Fast NeRfhHe-wild pipeline against the imageased metricsas thismethod does not
produce explicit geometric outputs suitable for geometric evaluatibimequantitativeresults are presented in
Table10. Additionally, qualitative results on the six scenes of the dataset proposed by UPM are presented in
Figure34

Tablel0: Quantitative results of Fast NelRRthe-wild. Here only the imagbased metrics are considered, since our NeRF pipeline does
not provide consistent geometry in the explicit sense.

50 20.716+ 0.59 0.6431+0.06 0.3169+0.0606 48.012+11.976  19.58+0.52

125 20.798+1.049 0.679+0.046 0.361+0.081 60.302+10.411 19.256+0.675
250 21.711+0.647 0.674+0.055 0.364+0.085 61.482+12.924 19.329+0.894
500 21.991+0.679 0.726+0.051 0.302+0.075 52.132+12.125 19.664+0.704

The results demonstrate a consistent improvement in rendering quality with increased input data. PSNR values
show steady enhancement from 20.716dB iB@ages) to 21.991dB (500 images), indicating improved signal

noise ratio and overall image fidelity. SSIM scores exhibit the most significant improvement, reflecting enhanced
structural preservation in the reconstructed views. Unlike previous geometdonstruction analysis, these
results clearly demonstrate that the pure NeRF implementation benefits consistently from additional input
images across all evaluated metrics except from NIQUE, which exhibits a different behaviour, as it assesses
intrinsic mage properties that may not correlate directly with reconstruction improvements.

Figure34: Qualitativeresults on the six scenes of the proposed dataset. (a) The original image. (b) The corresponding rendered image
with Fast NeRF ithe-wild.
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5.1.5 3D Gaussian Splatting

We conducted evaluation of our 3DGS pipeline on two representative scenes of the proposed dataset: Horn of
Salt Diggers and Schwarzenbach houses. All experiments followed a consistent protocol: for each train/test split,
camera poses where estimated via IQ@AP from the training images, and the 3DGS model was trained for
10,000 iterations. Quantitative results are summarised in

Tablell, while qualitative comparisons are illustratedrigure35. Here we calculate only imadpased metrics
as geometry in the sense of a mesh is not represented in 3DGS.

Tablell: Quantitative results for 3DGS on different splits of the proposed dataset.

PSNR SSIM LPIPS
50 29.286 0.898 0.125
125 32.070 0.922 0.096
250 31.238 0.921 0.098
500 31.759 0.928 0.092
50 27.058 0.907 0.111
125 38.161 0.989 0.016
250 40.266 0.990 0.015
500 40.125 0.990 0.015

Ground Truth 50 Iterations 250 Iterations

Figure35: Visual comparison between the ground truth (left) and renderings from models trained with 50 and 250 images (middle and
right respectively) on the Schwarzenback Houses dataset. While the model trained with 50 images produces a reasonebly detaile
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rendering, it lacks accuracy in regions with limited view covetagelzOK | & ( KS o glighlighting tAeQrapor@nte dfltiey O S
diversity over sheer quantity.

6 Humancentred Reconstruction, Volumetric and Fé@wpoint Video

This section presents specialised 3D reconstruction and volumetric video technologies specifically designed for
capturing and rendering human subjects in XR environments. Unlike the general scene reconstruction services
described in Sectiod, these technologies address the unique challenges of human representation, including
sparse viewpoint requirements, retime performance constraints, and the complex dynamics of human
movement and appearance.

6.1 Humancentred NeRF

2 KAfS 5ndm RSY2yaidiNlIiSR bSwcQa STFSOUADBSY ScariredT 2 NJ N
scenarios, significant usability challenges remain. Traditional NeRF implementations require numerous camera
viewpoints and extensive view overlap through SfM, creating complex, costly setups unsuitable for- human
centred applications. Additionally, standard NeRFs lack generalisation capabilities across different scenes.

To address these limitations, we developed GDNeREcepted at ICME 202, a method capable of high
guality view synthesis using sparse camera configurations with minimal viewpoints. The algorithm leverages
depth map information to construct probabilistic feature volumes from limited source images. Key innovations
include: a 3BCNN generator for processing ambiguous and occluded scene information; Style codes (similar to
StyleGARP) for gradual feature volume enhancement; A coaisdine depth estimation strategy for improved
rendering efficiency.

Evaluation on the CWI(7 cameras) and ActorsQlatasets demonstrates superior performance in sparse
camera settings where existing generalisable NeRF approaches produce artifacts and blurred renders. GDNeRF
successfully synthesises target views using only the three closest source views, signiféchrdigg setup
complexity while maintaining rendering qualifyigure36 provides an overview of the method.

81 Sergio Montoya, Ivan Huerta, Josep Escrig. GDNeRF: Generalizabléo&autiNeRF for sparse view synthesis. IEEE
International Conference on Multimedia & Expo (ICME), June 2025
82 hitps://2025.ieeeicme.org/
83Tero Karras, Samuli Laine, Timo Aila; Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR), 2019, pp. 448210
BwSA YL G S dsxit Romdtxloud fysaknic)iuman dataset for seBidE ¢ Ay t NEOSSRAy3I& 2F (K
Systems Conference,
2021, pp. 306306
8 MustafaL 6 P | X Riaz; Mdika§eorgopoulos, Tarashakhulin, JonathaStarck, LourdeAgapito, MatthiasNieRner;
ACM Transactions on Graphics (SIGGRAPH), 20@8, 12
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Figure36: From sparse few views, our method extracts a set of feature maps which are projected into our probabilistic feature volume
based on the source views depth maps. Our generator module processes the prolfahiiisgcvolume to generate a feasible
multilevel feature volume. These volumes contain features that the volumetric renderer uses to synthesize the targetaliémén
without the need of pescene training.

In addition to what was discussed in Section 4.4.6 of D4.1, we have incorporated a generative prior which
improves visible features and generates occluded or missing content in the scene for the sparse view setting.

6.1.1 Generative rendering volume

When addressing sparse novel view synthesis, it is crucial to incorporate a generative prior to infer missing
information based on the contextual source images. To achieve this within our framework, we adopt the
generator from StyleGAN and the discriminafoom StyleGANW?, which have been studied extensively in
recent literaturé”.

By | NN} & S0 Ffos a!yrtailAy3d FyR AYLINROAYI GKS AYF3IS |jdzk A
871K 2 dz S (i dstyledarz Mudtiscale pgiit cloud synthesis with stWe2 Rdzf | G A2y ¢ [/ 2YLIJzi SNI ! ARS
vol. 111, pp. 102302024.
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Specifically, the generatar is a 3D CNN that processes the probabilistic feature volitnand produces
multiple outputs at different resolutions. The generator follows a UNet architecturé®, incorporating AdalN

layer$® to embed the generative prior. We employ the NBaturating GAN objecti¥® The generator is trained

to produce feasible and realistic images given the sparse source views. To simplify notation, we encapsulate the
generation and volumetric rendering steps usin@. Therefore, the function i 0 outputs a rendered image
conditioned on the source vievgsand a latent codeé .

The discriminator, besides distinguishing between real and generated imagesarabseswhether the
generated image is coherent with the context of the source views. This helps the generator produce outputs that
are not only visually realistic but also geometrically and texturally consistent with the input. Additionally, we
experiment with ncorporating both synthesized depth information and ground truth depth as an auxiliary
supervision term. This encourages the predicted depth to align with the groutiddepth maps, improving the
spatial fidelity of the rendered views.

6.1.2 Experiments

We conduct both qualitative and quantitative evaluations, alongside comparisons with competing approaches.
Our quantitative evaluation involves measuring three key metBR&NRSSIM andLPIPS. We experimented
with two datasets: CVfft and ActorsHE€¥, as introduced in Section 4.4.2 of Deliverable D4.1.

6.1.3 Ablation study

Our GDNeRF model is primarily compared to ERfeRfe current stateof-the-art method for generalizable
NeRFs. Unlike ENeRF, which relies solely on imaggd rendering (IBR), our method combines both IBR and
modetbased rendering (MBR). Specifically, we leverage a probabilistic feature volume inatiomuvith a
generative model to better handle ambiguous and occluded regi@tenarios where ENeRF tends to struggle,
especially under sparse camera setups. This spaeselimitation is one of the key challenges that GDNeRF aims
to address. We preserd detailed ablation study ifable12, evaluating performance across three datasets:
DTU® CWE4, and ActorsH®. In this studyGDNeRMulti refers to the model variant using a multilevel feature
volume representationGDNeR#SANSsrefers to the full model, incorporating both multilevel features and a
generative rendering module.

88 Ronneberger, O., Fischer, P., & Brox, T. (201BetiUConvolutional networks for biomedical image segmentation. In
Medical image computing and computassisted interventiogMICCAI 2015: 18th international conference, Munich,
Germany, October-8, 2015 proceedings, part 1ll 18 (pp. 22411). Springer international publishing.
8/ KSy SG fox ahy aStF Y2Rdz I GA2y F2NJ ASYySNIGADBS | ROSNAEL
PD22RFSEE26 SiG It dX aDSYSNIGADS I RASNAF NRI f  yeH4d,e®@0N) azé |/
NyKEy3a SG FfdX a¢KS dzy NBFazyloftS STFFSOGA@SySaa 2F RSSLI
conference on computer vision and pattern recognition, 2018, ppc586.
RIAY SO FfdY G9FFAOASY( y SAMNG & LINA R | gFAORES FAS { Ry {FL2IND vik ly't(i1S NI
2022.
% Jensen, R., Dahl, A., Vogiatzis, G., Tola, E., & Aanzes, H. (2014). Large seadsvrstdtieopsis evaluation. 2014 IEEE
Conference on Computer Vision and Pattern Recognitiong41& IEEE.
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The results show that even the base GDNeRF model, which uses only the probabilistic feature volume,
significantly outperforms ENeRF across all datasets. Furthermore, adding the multilevel rendenvirispied

08 YA PIeBderidgdéchnique enhances results on the CWI and ActorsHQ datasets. Finally, the inclusion
of the generative rendering volume leads to further improvements in rendering quality and consistency.

The results on the ActorsHQ datasetfil the requirements of codes NF.156NF.157.1and NF.158.bf the 3D
Reconstruction Objective KPls.

Tablel2: Results on DTU, CWI, and ActorsHQ for the different components of GDNeRF and ENeRF.synifinad#{outperforms
ENeRF. Even tihaselineGDNeRRytilisingonly the probabilistic feature volume, already surpasses its performance.

PSNR SSIM  LPIPS PSNR SSIM  LPIPS
ENeRF 14.523 0.471 0.446 21.046 0.807 0.177
GDNeRF 18.504 0.665 0.427 26.445 0.900 0.116

GDNeRMulti  18.328 0.666  0.433 26.568 0.901 0.112
GDNeRf&ANs  18.897 0.648 0.381 25.446 0.911 0.097

Our modelconsistently outperforms ENeRF in sparse setting scenarios, particularly on CWI. Qualitatively, this
difference is evident ifrigure37. While ENeRF struggles to render the person adequately due to the sparse input
views, GDNeRF produces higlmlity rendersFigure38 depicts the qualitative results on the ActorsHQ dataset.

As can be seen, GDNeRF outperforms ENeRF, exhibiting greater consistency, higher quality and far less artifacts.
Finally, we provide the detailed integration APl in Anne$ection11.2

% Barron, Jonathan T., et al. "Zierf: Antialiased griebased neural radiance fieldsProceedings of the IEEE/CVF
International Conference on Computer Visiad23.
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Figure37: Comparison between ENeRF and GDNeRF on CWI. ENeRF generates many artbtdessamgpared to our GDNeRF

Groundtruth ~ ENeRF GDNeRE Groundtruth ~ ENeRF GDNERE Groundtruth  ENeRF G(l())Ij:SI?F

(Ours) (Ours)

Figure38: Comparison between ENeRF and GDNeRF in ActorsHQ. ENeRF generates many artifacts and holes compared to our GDNeRF.
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6.2 Humancentred Gaussian Splatting GDGS

o5D{ KIFIa SYSNHSR ta I O2YLIStftAy3a FtGSNYylFraaAgsS G2 b
computationally expensive volumetric rendering through neural networks, 3DGS enabléseadndering on

standard GPUs by representing scenes as &augrimitives. This computational efficiency makes 3DGS
particularly suitable for interactive applications including gaming, VR, and robotics. The explicibgsmdt
representation employed by 3DGS offers superior interoperability, manipulation ciigabiiind optimisation

LR OGSYGALf O2YLI NBR (2 bSwCQa AYLX AOAG @2f dzyYSGNRO | |
preserving detailed geometry and texture fidelityThese advantages have motivated our focus on 3p#3&d
algorithms, leading to the development of a novel method for generalisable sparse view synthesis.

Dynamiareconstruction captures 3D scenes with moving objects and deformations. Hyp&nRes geometric
primitives with memonyefficient volume representation, while 4D&®xtends 3DGS to spattemporal 4D
volumes. LongVolC&phandles extended sequences by modelling temporal redundancy. However, these
methods require substantial camera arrayapproximately 60 cameras for complete 3@dverage.

Humanoriented reconstruction leverages parametric templates like SRMRIs priors. HumanNeRE
reconstructs humans from singtemmera videos using canonical poses and deformation models°SIFU
enhances textures through creastention and diffusion, while HumanSpi&predicts Gaussian properties from
single images using human priors. SplattingAvétaombines mestbased shape modelling with 3DGS. Despite
these advances, achieving rdahe, generalisable sparagew synthesis remains challenging.

9 Huang, Binbin, et al. "2d gaussian splatting for geometrically accurate radiance ffelid.SIGGRAPH 2024 conference
papers 2024.
9 Attal, Benjamin, et al. "HyperReel: Hifitielity 6-DoF video with raggonditioned sampling.Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognie2s3.
9 Duan, Yuanxing, et al. "4d gaussian splatting: Towards efficient novel view synthesis for dynamic acéwesptints
(2024): arXin2402.
9% Xu, Zhen, et al. "Representing long volumetric video with temporal gaussian hieraiyl."Transactions on Graphics
(TOGY¥3.6 (2024): 118.
9 Loper, Matthew, et al. "SMPL: A skinned mpkison linear model.Seminal Graphics Papers: Pushing the Boundaries,
Volume 22023. 851866.
100\Weng, Chungi, et al. "Humannerf: Fredgewpoint rendering of moving people from monocular videBrbceedings of
the IEEE/CVF conference on computer vision and pattern Recog?itish
101 Zhang, Zechuan, Zongxin Yang, and Yi Yang. "Sifwie&ideonditioned implicit function for reaborld usable clothed
human reconstruction.Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Rec2@tion
102pan, Panwang, et al. "Humansplat: Generalizable sintgdge human gaussian splatting with structure priofsdvances
in Neural Information Processing Syste8Wg2024): 743834410.
103 Shao, Zhijing, et al. "Splattingavatar: Realistic-tiea human avatars with mesémbedded gaussian splatting."
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Rec2@@dtion
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6.2.1 Methodology

With the intention of improving our GDNeRF, we substitute the probabilistic feature volume construction and
ZipNeRF* rendering scheme with a pegixel Gaussian splatting prediction. IRigure39, we show the main
components of GDGS. Specifically, GDGS consistsfofltivéing components:

Nearest

input Splatting
views 2D UNet

Per-pixel 3D Gaussian
parameters prediction

Predicted
Gaussian
parameters:

« Rotation
e Scale
+ Opacity
« Spherical
harmonics

(]

Gausslan
centroids

Render

Depth Camera
maps parameters

Figure39: From sparse views, our method extracts a set of feature maps which are transformed ipboep8DGaussian primitives. A
Gaussian rasterizer is used to synthesise the target view in real time, without the neeesoépertraining.

1 Nearest Input View SelectionSelects the input view that is closest to the target direction to be
synthessed.

1 2D UNet with Cros&iew Attention: This module includes convolutional layers that extract features
from each input view independently, along with cradgsw attention modules that enable information
sharing across views. The cradasw attention mechanism helps determine which featuresiarportant
in each view and how they can complement each other.

9 Gaussian Prediction LayeBased on the feature maps generated by the 2D UNet, a final layer predicts
per-pixel 3D Gaussian attributes, including position offset, rotation, scale, opacity, and spherical
harmonics. The final 3D positions of the Gaussians are obtained by computingrgihates from depth
maps and camera parameters, then adding the predicted position offsets.

91 Splatting: After applying the input mask to filter the pgixel Gaussians, all remaining Gaussians are
merged into the scene and rendered using a Gaussian rasterizer.

104 Barron, J. T., Mildenhall, B., Verbin, D., Srinivasan, P. P., & Hedman, P. (2628} Ziptiraliased griebased neural
radiance fields. In Proceedings of the IEEE/CVF International Conference on Computer Vision (g0 2®&H97
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6.2.2 Results

Our GDGS model is compared to GDNeRF and ENeRF, the curreof-#tatart method for generalizable
NeRFs. We present a detailed ablation study of the key components of GDGS and a comparison to previous
approaches imablel3, evaluating performance in the ActorsHQ dataddte results on the ActorsHQ dataset

fulfil the requirements of codes NF.156.1, NF.157.1 and NF.158.1 of the 3D Reconstruction Objective KPIs.

Tablel3: Results on ActorsHQ for the different components of GDGS. Our model significantly outperforms ENeRF and GDNeRF. Even the
baseline GDGS already surpasses the performance of previous methods.

PSNR SSIM  LPIPS

ENeRF 21.046 0.807 0.177
GDNeRF 26.568 0.911 0.097
GDGS 27.597 0.917 0.078
+ Completion 27.627 0.908 0.081
+ Position offset 29.746  0.923 0.041

+ Camera embeddings 31.805 0.938 0.011

The experiments of adding different componett GDGS are the following:

1 Completion We experiment with incorporating a completion module that processes the predicted
Gaussians to generate a new set of Gaussians aimed at filling regions not visible from the input views. To
achieve this, we adapt the architecture from Poi§Tio handle the attributes of the 3D Gaussians and
produce an additional set of points. However, this approach yielded limited results: the completed
regions appear unrealistic and tend to form smooth blobs, as illustratéajimre40.

1 Position offset Due to potential noise in camera calibration and/or input depth maps, we augment the
RGB input by concatenating the 3D positions of each point in world coordinates. This allows the model
to learn to adjust the positions of individual 3D Gaussians whenssecg. The impact of this addition
on rendering quality is shown fablel3 andFigure4l.

1 Camera embeddingsSome scenes exhibit camestapendent illumination conditions that are difficult
to model without incorporating environmenbr cameraspecific latent embeddings. To address this, we
concatenate Plicker camera embeddings to the input, enabling the modetdount for peicamera
illumination effects. These embeddings help the model correct illumination inconsistencies and fuse
features in a way that is independent of the specific camera's lighting conditions.

InFigure42, we show an example of new view synthesis from 5 views for the ActorO1 of ActordHQurkw3,
we show the results of some free viewpoint frames from a video that we have visualized at 7 FPS with a dynamic
3DGS visualizer.

105 yy, X., Rao, Y., Wang, Z., Liu, Z., Lu, J., & Zhou, J. (2021). Pointr: Diverse point cloud completion witrageoemetry
transformers. In Proceedings of the IEEE/CVF international conference on computer vision (ppL2502/93
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w/o completion w/ completion w/o completion  w/ completion
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Figure40: Comparison of a rendered view with GDGS with and without the completion module. We use just 3 views spanning the scene,
in order to generate more occlusions. As can be,shercompletion module did not achieve what was initially intended.

No position offset Position offset

Figure41: Comparison of a rendered view with GDGS with and without the position offset.

5 Input Views

GT View 1 Render 1 GT View 2 Render 2

Figure42: Given 5 input views, GDGS renders a new view in a generalisable maeaétiime.
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Figure43: Frames from an online dynamic 3DGS visualiser given 5 input views.

Additionally, we experiment with loxgost manual recordings with a few synchronized ORBBEC cameras. One
example of such a setup can be seefigure44, for which we show some resultskigure45.

) "sﬁ T
¢ - %

Figure44: ORBBEC cameras example setup with projected-goinds from the depth estimation. As can be seen, the algorithm needs
to model noise that comes from the depth sensor and the calibration.
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Rendered Rendered Rendered
view 1 view 2 view 3

Figure45: Realtime rendering results from GDGS in our few camera setup.

6.2.2.1 API Implementation

The GDGS API provides an interface for training and running inference orb@ @Snodels. It is built using
FastAP] with asynchronous job handling througteleryand Redis The endpoints and workflow are the same
as those in the GDNeRF API (see AngeSelctionll.2).

6.3 RGRBD based realime free-viewpointvideo

The Free Viewpoint Video (FVV) functionality provided by XReco is based on the FVV Liv& s§st@his
technology allows its users to navigate freely around a scene controlling the position of a virtual camera. It is an
endto-end system, covering capture of the scene, video transmission, virtual view synthesis and delivery to the
user. It can work imeaktime with minimum latency.

The system is divided into 3 main modules: the capture, formed by the cameras and the Capture Servers; the
rendering module, which is in charge of rendering the virtual views requested by users; and a ¥&hdsEG
interface for users to connect to the system. It also offers a replay module that allows the playback of pre
recorded FVV contenEigure46 providesa schematic representation of the connections between components.

An indetail explanation of these componenisas provided in D4.1.

106pablo Carballeira, Carlos Carmona, César Diaz, Daniel Berjén, Daniel Corregidor, Julidn Cabrera, Francisco Moran, Carmer
520t FR2Y {SNEA2 ! NYylIfR23X al NNIF RSt aTinkFradvidWpdginy\sded Syskemb I N A
with ConsumerESOGNR YA O& | F NRgFNBZ£ L9999 ¢ NI, A% 2y a 2y adzZ GAY
07 pablo Pérez, Daniel Corregidor, Emilio Garrido, Ignacio Benito, Ester G&@usaedulian Cabrera, Daniel Berjon, César
BNFTZ CNIyOAaO2 a2Nlys>X bl NDOAaAZ2 DI NOpoirk Videe@ ia dagnerdiva tedias | y |
ProductionOver56 SG g2 NJ aZ¢ L999 ¢NIyal OGA2yacsdy2022NR I ROFadAy3Is @+
108 Holmberg, C., Hakansson, S., and G. Eriksson, "WelliReaCommunication Use Cases and Requirements", RFC 7478,
DOI 10.17487/RFC7478, March 2015, <https://wwweddor.org/info/rfc7478>.
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Figure46: General architecture of the FVV Live system using WebRTC to deliver FVV to the user.

6.3.1 Virtual viewpoint selection for virtual scenario integration

The virtual view rendering pipeline of the FVV Live system has been updated to enable the integration of real
time captured FVV content into virtual sceM8sThis approackenables insertingn external volumetric video
feed, that can be either live or precorded, inreali A YS | YR NBIljdZANAYy3I fAYAGSR O2Y

The system follows a remote rendering approach, where the user transmits their point of view to the system and
a coherent virtual view is then synthesized. The synthesized view is displayed inside the virtual scene on a plane
that rotates to always face thuser, which is an entity usually called billboard. While this integration is explained

in detail in the next subsectiofrigure47 shows an example of a virtual view inserted into a virtual scene.

Figured7: FVV Live synthesised views {lgfj are sent to the user application containing the virtual scenedtefin). They are
displayed on a billboard (2D plane) inside the virtual scene (right).

109 Javier Uson, Victoria Mufioz, Carlos Cortés, Daniel Berjon, Francisco Moran, César Diaz, JeslUs Gutierrez, Fernando
WI dzZNB3dzA T F NE bl NOAaA2 DUENDNFIINBFROWSZH BIE ¥y il | GNRER STANSAYYS
16th InternationalConference on Quality of Multimedia Experience (QOMEX), 2024, ppl141
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The decision of the viewpoint that the FVV Live Virtual View Renderer must choose to make the synthetic view
coherent with the virtual scene is made following the diagraigure48. The client application communicates

the position of the camera and the billboard (X, Y and Z coordinates) and the horizontal field of view encoded in
a JSON message. The View Renderer then uses that information to compute the direction from wheeatthe cli

application camera is watching the billboard and places the FVV virtual camera on the surface of a sphere around
the scene

| ) g : . .
| &® \ i Synthesized /
“‘ . : View :
] 54—1
Billboard : ]
: Camera i
Unity virtual i and Billboard !
Camera : position
Unity Scene ; FVV Live Scene

Figure48: Graphic scheme of the communication pipeline between the client application camera and the virtual camera from FVV Live
synthesised by the View Renderer.

The JSON messagsed to communicate the user position contains the following information:
Position of the camera in coordinates of the virtual scene (X, Y, Z).
Euler rotation angles of the camera in coordinates of the virtual scene (yaw, pitch, roll) in degrees.

1

1

1 Camera field of view in degrees.

1 Position of the billboard in coordinates of the virtual scene (X, Y, Z).
1

Extra parameters for functionality, such as communicating the radius of the sphere and pausing the video
when consuming preecorded content.

The complete process, presentedrigure49, involves the following steps:

1. Given the position of the camera in the virtual scedfe ( ), as well a®f the billboard §= ), the
Virtual View Renderer computes the direction from where the user is visualizing the avatars as simply:

with sts representing the Euclidean norm of the vector used to normalize it.

2. The sphere around the FVV Live scene is defined with a paraimgefined by the user) representing
the radius. The center of this scen{é () is then defined as the point atdistance from the central
reference camera:
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AL AL {m
r T
with4=  being the position of theentrereference camera an® its forward vector.
3. To place the virtual camera on the surface of the defined sphereeittre(%'f ) is defined as:
AL AL i =
r r

4. Only theorientation of the virtual camera remains to be defined. FVV Live represents orientation using
rotation matrices, which can be built from an orthonormal basis formed by the direction vectors: forward
(l ), up(© ) and right > ). To define this basi® is used as a starting point:

The vector » is computed using the positive upward
direction (named® =kere) to ensure that avatars are alway
rendered standing in place.

This approach was designed to obtain the followil
advantages:

9 The location of the avatars in the virtual scene
independent of the FVV Live scene. This means that
avatars can be placed anywhere on the virtual scene
selecting where the billboard should appear.

1 Similarly, the FVV viewpoint is independent of the came ‘ /(d, R5
orientation (rotation). FVV always renders the avatsa cyiwi © po
standing in place, the client application engine is the one ‘
charge of handling their location and orientation based « Corgrit

where the billboards.

1 Having the avatars fixed in place greatly reduces the eff
of motionto-photon (M2P) latency. Since the location ¢
the avatars does not depend on the transmitted video, the effects of delay are much less noticeable.

Figure 49: Detailed diagram of the selection of
viewpoint for FVV Live integrationvirtual scenarios

6.3.2 Integration of FVV Live feed with virtual scenarios

To develop experiences where FVV Live is integrated into virtual scenes crafted using 3D content retrieved from
the XReco platform, or generated with XReco tools, two communication pipelines have been developed which
allow the visualization of FVV Live Ikiene-captured scenes from applications built with Unity and Unreal.
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Both Unity and Unreal applications display the video received from the FVV system onto a billboard object in the
SyaaySQa aoSySo ¢ Kskraen shaderffod anieBs avatarSrdegration 2miBi&ays faces the
camera through dynamic rotatioms users move around, the engine transmits updated camera and billboard
LRaAldA2ya (2 SyadNBE GKS O2NNBOG aeyiKSGAO OASs Aa N
different scenarios for the user to choose from dynamically andyne®ve around them, as well as a laboratory

scene Figure50) where the user can interact with the displayed objects while viewing the FVV video.

—- -~
- — L J“
—
1 - o L
;

Figure50: Interactive lab scene in Unity3D (left) and in Unreal Engine (right).

6.3.2.1 Unity implementation

The main elements of this solution are tiebRTCConfiguratianodule, the camera movement script and the
billboard, namedQuad_rotA y ! y A (i @ Fiurekl) hdesNddHbie foorendering the FVV Live video.

The WebRTCConfiguratiotontains the script in charge of the connection establishment with the WebRTC
server. This module also manages the media reception: when a video or audio track is rece\amitjed to a
Mediastream If itis a video track, its texture is applied onto the billboard of the sceneislfit audio track, it

will be added to audiosourceén the scene and played. This script is also responsible for sending JSON messages
to the FVV Live system with the Unity camera position, rotafiield of view and a few more parameters. These
messages are only sent when the camera is moving around the scene and also include a few parameters for extra
Fdzy OlA2y Lt AGASAE fA1S &Ll dza S FiguredORso iil darSbe Gynamicdliyiupdatedd O S y
from the Unity application.

The billboard has two main components: one that manages the texture rendering of the billboard and -camera
dependent billboard rotation; and a Chrorka@y shader that controls the Greenscreen effect, the maskucolo
can be adjusted as well as its threshold sensitivity.
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Figure51: Example of an FMMve Unity project.

Regarding the communication architecture, the Unity application follows the main approach covered in previous
sections. As illustrated iRigure52 the Unity application runs a WebRTC client, establishing a connection to the
WebRTC Server that relays the Free Viewpoint Video (FVV) to the user. To receive the appropriate synthetic view
from the FVV via the WebRTC, the Unity client transmits its caametdillboard positions as JS@Mmatted

WebRTC data channel messages to the server, which transmits this information to the FVV system via UDP. To
successfully achieve this implementation, the Unity WebRTC plugin is used on the client sitetaa Python

library for WebRTC, is deployed on the server.

RTP

— >UDP

" ">WebRTC Datachannel
WebRTC MediaTrack

i rameters
Unity camera parameters r Un%
. /——$ >

N’

Unity user WebRTC server

Figure52: Unity3D implementation architecture.

Desktop (2D screen) and HMD Unity applications were developed to visualize FVV Live scenes. In these
applications, the user can choose dynamically between a set of different scenarios such as the Arco de Valentino
di Torino, a New York City square, theraghysical observatory of Albert Einstein from Potsdam, a medieval
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obyljdzSt KFEftx F adr3asS 2N GKS AyaGSNI OGAGBS €1 02NF (G2 NE
G.¢ odzid2y 2y GKS 1 a5 O2yiNRff SN

In the desktopapplication, the user can freely move around the Unity scene by pressing thenigise button

and using the WASD keys. Argame screenshot is included Fiigure53. In the laboratory room the user can

interact with different displayed objects, just by getting close to the object lefteclicking over it, then the
object can be rotated using the lafiousebutton or be zoomed in/outisingthe mouse wheel.

Disconnect

Change Scene S g ResetCam |

Figure53: Inngame screenshot of an FVV Live Ubaged application (left) and an HMD UHitgised application (right).

In the Unity HMD application, the user can freely move around the Unity scene either by physical movement
around the actual space where the user is placed or via teleportation.-ganre screenshot is includ@urFigure

53. In the laboratory room the user can interact with different displayed objects, just by getting close to the
202S00 YR LINBFaaAyd GKS a{SO2yRINE I IYyR ¢NAIISNE od
the object, it can be freely manifated by the user.

6.3.2.2 Unreal implementation

The main elements of this solution are tiBdllboard blueprint the Camera blueprinand the Stream Media
SourcgMediaStrearA Yy | YNBI f Qa4 02y GSyld F2f{ RSNDI G6KAOK O2yySOf

TheBillboard blueprints responsible for sending JSON messages to the FVV system with the Unreal camera
information. These messages have the same format as the ones used by the Unity implementation. This blueprint
also manages the billboard rotation, so it always faces theecam
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Figure55: Example of an FVV Live Unreal project.

RTP

Regarding communication architecture, ——>upe
different approach was developed since Unre =
does not provide a @ straightforward .
implementation of WebRTC. As illustrated
Figure54, the Unreal application runsnaRTSP
client, establishing a connection tan &RTSE°

Unreal comera parameters

Unreal user

server that relays the FVV Live synthesized vi FVV video
to the user. To achieve this, #impegmodule is

used to receive mRTP! stream from FVV Live B

and send it to the RTSP server in the corre uvﬁfmm

RTSP server

format. To receive the appropriate syntheti
view from FVV Live, the Unreal client transmi__
its camera and billboard positions as JSOhatted UDP!'? messages directly to the FVV system.

Figure54: Unrealimplementationarchitecture.

The Unreal Desktop application functionalities are similar to those in the Unity application: the user can choose
dynamically between a set of different scenarios such as the Arco de Valentino di Torino, the astrophysical
observatory of Albert Einsteinfi®®6 t 2 G a Rl YX | aGF3S 2NJ 0KS AYyGSNI OGAGS
key. An ingame screenshot is includedkiigure56. The user can also freely move around the Unreal scene by
pressing the right click of the mouse and using the WASD keys.

103chulzrinne, H., Rao, A., and R. Lanphier, "Real Time Streaming Protocol (RTSP)", RFC 2326, DOI 10.17487/RFC2326, Ap
1998, <https://www.rfeeditor.org/info/rfc2326>.
11 Schulzrinne, H., Casner, S., Frederick, R., and V. Jacobson, "RTP: A Transport Protocdirfer Reglications”, STD
64, RFC 3550, DOI 10.17487/RFC3550, July 2003, <https://wagditdc.org/info/rfc3550>.
112 postel, J., "User Datagram Protocol", STD 6, RFC 768, DOI 10.17487/RFC0768, August 1980, <https://www.rfc
editor.org/info/rfc768>.
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Disconnect

Press T to take object

Figure56: Inrgame screenshot of the Unreal application.

6.3.3 Virtualized deployment of FVV Live components

The Virtual View Synthesis components (Stream selector, View Renderer and WebRTC Server modules) have
been virtualized as Docker images, enabling their deployment in cloud computing environments and edge
computing scenarios. This allows the managemenewérml simultaneous users and/or contents by deploying

the necessary number of instances of each module. Additionally, a transmission simulation (FVV Replay) module
is available to deliver the same precorded content simultaneously to several users. @& ¢ther hand, the

client applications are not provided as virtualized components since they are meant to run in user terminals

6.3.3.1 Multiple user management

FVV Livdollows a remote rendering approach, where each user requests their specific point of view to an
instance of the View Renderer. Three different approaches have been developed to manage multiple users, with
all of them involving the deployment of one instanof View Renderer per user:

1 Livetransmissionto manage several users visualizing a-tea¢ capture feed simultaneously, the RGB+D
content is transmitted to the Stream Selector component, which is in charge of its distribution among all the
View Renderer instances. Users can communicate with Wieiw Renderer through the WebRTC Server.
Figure57 presents a diagram of this approach

View Renderer 1
* View Renderer 2

Live
Camera Feed

View Renderer N

c c

wn o
o:po: Bo

= =

o =

User N

Figure57: Diagram of the configuration designed to deliver fizale FVVV content to multiple simultaneous users.
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1 Prerecorded content transmission (simulation): using the same configuration as in the Live scenario, the
FVV Replay module can be used to deliverrpmrded content to multiple users. In this configuration, all
users would watch the same content in a symefized wayFigure58 shows this configuration.

[ransmission
Simulation
(FVV Replavy)

Figure58: Diagram of the configuration designed to deliver the samerpecerded FVV content to multiple simultaneous users.

View Renderer 1

‘ View Renderer 2 I

View Renderer N

User N

T PreNBO2NRSR O2yiaSyid o6AlGK2dzi GNXyavYAaarazyy *ASg wSy
the RGHED content is available in the host machine storage and can be accessed without network
transmissio® ¢ KA & O2y FTAIdzNF GA2Y Fff26a dzaSNER (2 O2yadzySs
user watches it at their own pac€igures9).

View Renderer 1

View Renderer 2

View Renderer N

User N

Figure59: Diagram of the configuration designed to deliver-pgeorded FVV content as VoD to multiple users.

6.3.3.2 Multiple concurrent contents

In a similar way to the management of several users, several View Renderer instances can be deployed to
simultaneously deliver multiple different contents to one user. The system is flexible, allowing the combination
of both live and preecorded contentFigure60 offers an example of a configuration to deliver live content and

two different prerecorded contents to one user
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Live View Renderer
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View Renderer
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- v
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Figure60: Example of configuration capable of delivering several live antepoeded FVV streams to one user.

If enough computing resources are available, these two approaches can be combined to deliver multiple contents
to multiple simultaneous users.

6.3.4 Deep learninghased RGB content generation

TheFVV Live capture module is heavily influenced by the RGB+D information captured by Stereolab ZED cameras.
They are consumegrade stereo cameras with important limitations in their quality and flexibility, such as
providing fixed camera lenses and gtetermined resolution configurations (1080p or 720p). The aim to improve

the system quality and flexibility motivated the study of depth estimation techniques that could be applied on
any kind of camera setup.

Thanks to modern deep learning approaches, monocular depth estimation is now possibleof$tegart

models can estimate accurate depth information from only one RGB image, greatly reducing the complexity of
the setup and the amount of information to gress per frame. We performed a study where we tested the
performance of three monocular depth estimation models applied to the FVV use case: Depth Anytking V2
Depth-Pro'**and UniDepth V25,

To achieve this goal, a depth scale adjustment procedure based on multicamera calibration was designed to
make the estimation performed on every camera match the scale of the estimation on the rest of the cameras.
Figure61 shows a diagram of the complete process

WIAKS , Fy3as . Ay3IeA Yry3ar WBAf2y3 1 dzZy3az %KSYy %BKF2X - Al 23l
arXiv:2406.09414, 2024.

114 Aleksei Bochkovskii, Ama“el Delaunoy, Hugo Germain, Marcel Santos, Yichao Zhou, Stephan R. Richter, and Vladlen
Y2fhdzys a5SLIGK LINRPY {KIFNL) Y2y20dzZ I NJ YSGNRO RSLIGK Ay fSaa

U5| uigi Piccinelli, Christos Sakaridis, ¥Yurigdz , I y 33 al GdAF {S3dzx {AédzZry [AZX 2AY !
' VAGSNEFE Y2y20dd  NJ YSGONRO RSLIIK SadGAYFGA2Y YIRS &AAYLX SN
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Perform depth
estimation on
calibration captures
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e

Figure61: Monocular depth for volumetric capture pipeline diagram.

The first step involves a synchronize” .,

recording of several instances of a pattern ( “‘": . Reprojecton emor bopet

this case the OpenCV checkerboard) wi ./ T 8 8
different positions and orientations. A larg:-/ gio] 8 : ; o
number of visual features are extracted fror .. e :
these captures, which are then fed inthe E“m

OpenMVG Structure from Motion algorithm tc | £°”

perform camera calibration. The result - )

include a precise calibration of the intrinsi .| -

and extrinsic parameters of all the cameras o cam3 N mera cme

the setup and a pomt_CIOUd of the 3_D pos'tlovl‘:igureez Calibration Results, 3D plot on (left). Boxplot representation ¢

of every feature trianguled during the reprojection error distribution (right).

calibration process. Additionally, the resulting

calibration can be scaled making the distance between features match the square size of the calibration pattern,

obtaining a calibration with a scale similar to the real scenae{lilimetres).

Toanalysethe quality of the calibration obtained, the reprojection error is studied. This @sraomputed by
reprojecting the 3D features back into their original images and comparing this new 2D position to their original
2D positionFigure62 shows an example of camera calibration for a setup with 4 cameras, with the reprojection
error being mainly under 1 pixel

Using the 3D position of the features and the camera calibration parameters, the depth values for each feature
are computed. These depth values can be used as a ground truth to fit a quadratic regression that yields a per
camera depth scale adjustment thabrrects inconsistencies in the estimation between cameras. The scale
adjustment can be leveraged in future captures to obtain RGB+D content coherent among all the cameras in the
setup.Figure63 present examples of scale adjustments performed with the three proposed models

90

XRecois an HorizonEurope Innovation Projectfomnced by the EC under Grant Agreement ID: 101070250.
The content of this document is © the author(s). For further information, xigitaeu.




XRecd’roject¢ Grant ID 101070250 D4.2 /I XR &edia Transformation Services \

(a) Depth Anything V2 (b) Depth Pro (c) UniDepth V2

Figure63: Depth scale adjustment results for one camera using the three proposed models.

To evaluate the quality of the R&Binformation generated, the FVV live render algorithm was used to synthesize
virtual views corresponding to the reference cameras in the setup. As shokigure63, for each camera and
frame, the reference viewpoint is rendered using the information from the closest 3 cameras, yielding a
reconstruction of said reference view. This reconstruction is then compared to its reference using 2D quality
metrics: PSN, SSIMa&LPIPSigure65 shows results of the rendering process

» RGB
i, —» RGB+D
Reference camera Q — .

Reference camera
FVV Live

View Synthesis

A Synthetic camera view

Current camera

@

Reference camera Reference camera view

Figure64: Diagram illustrating the rendering process performed for evaluation. The results are two corresponding images which can be
compared to obtain objective metrics

For these experiments, the focus is on the reconstruction of the foreground elements (the people in the scene).
Thanks to FVV Live layered image synthesis, segmentation can be applied to tBenfiBEBial to only render
foreground elements. In this case, the segmentation was performed using the method prapd3ddL based

on Depth Anythintf®. An additional segmentation mask is generated from the virtual views, indicating the

116 Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete Xiao, Spencer Whitehead,
Alexander C. Berg, WanSy [ 23X tA20NJ 52f{fFNE FtYyR w2aada DANBRKAO|Z 4a&a{S
International Confeznce on Computer Vision (ICCV), October 2023, pp.ci0P%.
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rendered regions in the image. This mask is combined with the foreground mask of the reference view through
the union operation, and the result is applied to be able to consider only the foreground when computing the
metrics. Furthermore, we propose usitige Intersection over Union (loU) between these masks as a metric, as

it reflects the degree of alignment between the reference view and the synthetic view

(a) Reference view (b) Depth Anything V2 (c) Depth Pro (d) UniDepth V2

Figure65: Images rendered using F\/Me and depth information obtained with the propogagdeline.

The average results of the experiments are showable14. For all the metrics, the best performance is
obtained by UniDepth, which matches the quality shown by the exampl&sgome65.

Tablel4: Monocular depth estimation for FVV experiments results.

Depth Anything  13.39+2.84  40.81+7.50  0.13+0.07  56.22 +15.86
Depth-Pro 16.16 £+ 257  54.25+865  0.08+0.04  76.73+11.22
Uni-Depth 1827 +2.40  62.96+898  0.06+0.03  86.97 +6.28

Additionally, Table15 shows the result for the timing experiments performed using an NVIDIA RTX 4090. The
best performance again comes from UniDepth, being able to reach almost 20 fps for both resolutions. In the case
of Depthpro and UniDepth, there are no significant diffeces when changing the resolution, since both models
perform a resizing operation before processing the input images.

Tablel5: Monocular depth estimation timing experiment results.

Time (ms) FPS Time (ms) FPS

Depth Anything 292 3.34 1133 0.88
Depth-Pro 170 5.89 174 5.74
UniDepth 51 19.59 54 18.66

Based on the obtained results, UniDegdemonstrates compatibility with the FVV Live system and shows
potential for integration in specific use cases. However, the implementation of such integration lies beyond the
scope of the current project.
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6.3.5 Endto-End Tests

System performance was evaluated through a series of tests designed to meet the proposed requirements.
During these executions, performance indicators such as processing tirfiper (framerate) and transmitted
bitrate, were captured as log data. Thrgeesific configurations were considered for this assessment:

9 Live transmission of reélme RGED content.
9 Simulation of transmission with precorded RG® content.
1 Prerecorded content delivery using the VoD (offline) mode.

For the live transmission, the cameras were placed covering a range of approxid@QetegreegNF.161.1),
capturing at30 fps(NF.120.2 and NF.122.2) with resolution1®80p (NF.160.1). In those cases where pre
recorded contents were used, they were pgsbcessed to enhance the segmentation quality with the deep
learningbased approach proposed in D4.1. The enhanced segmentation greatly reduces the transmission bitrate,
sina@ only the essential depth information is transmitted.

The sequences used for evaluation involved a person standing in the middle of the scene talking. In the live
transmission experiments, the peadcorded transmissiobandwidth wash5 Mbpsper camera, using real time

green screen segmentation. For the simulated transmission, the peak bandwidth was reducedttipsper

camera thanks to the enhanced segmentation. Both results fulfil requirement NF.162.1.

Regarding rendering resolution and frameratégure66 shows the rendering time results for the live and VoD

tests rendering at a resolution of 1080p (NF.164.1) using an NVIDIA RTX 4090. In the VoD case where there is no
transmission, the renderer does not need to wait to receive, so the rendering is oitldiby the computing
capabilities and reaches up &0 fps(NF.163.1). For the Live transmission, the rendering framerate is limited

by the transmission to 30 fps. In this case and since cameras can only be synchronized by software, time
misalignments between video streams can produce fratraps that slightly rduce the average framerate of a

scene. In this experiment, the average framerate 2@4 fps

70 { — Online Decoding time
Online Synthesis time

- Offline Decoding time
Offline Synthesis time

3
©

Time (ms)
8 8 ¥
Time (ms)
g & 8

20

(a) Live transmission (online) (b) VoD visualization (offline)

Figure66: Rendering time measurements for the FVV Livetemhd tests.
Finally, sequence visusdtion was tested using the FVV Live web console and a Unity scene, both of which allow
for 6 Degrees of FreedoifDoF) navigation (NF.165.1).
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6.3.5.1 Several users and contents tests

In order to fulfil requirements 131.1 and 132.1, FVV Live rendering modules were \sedialaind their
deployment can be orchestrated as explained in Sedi83 These approaches were tested on 4 servers each
one with an NVIDIA RTX 4090. Each server could support the rendering capabilities needed by 3 users, with 12
concurrent users in total. Combination of ramhe capture and praecorded content was also tested, with 3
servers managing the volumetric capture and ohe tendering of both the live transmission and one-pre
recorded content. Figuré7 shows an example of two simultaneous web consoles controlling their own virtual
camera to visualize the same content from different points of view.

NN LI\ = ,, NN LI\ =
FVV Stream ’ FVV Stream m

@ Use STUN | Use STUN

server server
Request depth ) Request depth
stream stream
Go to video call Go to video call
IR page

Key pressed: Key pressed:
d ArrowRight

Figure67: Two concurrent FVV Live web console clients visualizing the same content from two different points of view.

6.3.5.2 Latency analysis

Latency measurements have been carried out to get the most significant metrics about these implementations.
¢tKSasS (SaidaqQ Navedgwiee the Mdionth-Ri®tanfatehcy main metrics are illustrated. The
requirements NF.119.2 and NF.121.2 are satisfied in all cases.

Table 3: FVV Live M2P latency analysis

Unity Desktop 240 33
Unity HMD 217 45
Unreal (desktop) 244 29

The process to obtain these metrics is as follows: a variation of the original Unity/Unreal application was
developed so the camera position messages are only sent when a specific button is pressed. The timestamp of
the button-pressing is registered and mopared to the one corresponding to the new view. An example of this
process is illustrated oRigure68.
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(7630925
2 2,

Figure68: Screenshot of M2P measurements carried out on the HMD.

The Unity and Unreal Desktop measurements were runroAsus Expertbook laptop with the following main
technical specifications:

- Processor: 13th Gen Intel(R) Core(TM)3B5U, 1700 Mhz, 10 Core(s), 12 Logical Processor(s)
- 32GBRAM
- Intel(R) Iris(R) Xe Graphics Card

While the HMD measurements were run on a Meta Quest 3 Headset:

- Processor: Octaore Kryo (1 x 3.19 GHz, 4 x 2.8 GHz, 3 x 2.0 GH2)
- 8 GBRAM
- GPU: Adreno 740

6.4 RGRBD based realime holoportation

Volumetric capture systems utilize multiple cameras positioned around the capture area to record images from
various viewpoints. This setup enables comprehensive coveragéhoiman subject resulting in a true 360

video. It also helps compensate for occluded or missing areas that may not be visible from a single camera's
perspective, as illustrated iRigure69. This section describes multiew camera calibration pipelines in the
context of realtime holoporation (see D4.4 Section 6.3).

Figure69: Effect of shadows from a single view reconstruction.

The system developed by i2CAT leverages cameras capable of capturing dense depth information in real time,

along withcolour data, to reconstruct a 3Bubjectusing input from a single camera. A transformation is then

applied to each geometric dataset to align and integrate them into a cohesive 3D reconstruction. This
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reconstruction is subsequently compressed and transmitted over the network to the client side, where it is
decompressed and rendered, enabling remote viewing of the captured scene

Two key aspects of the capture side of the pipeline we are tackling and improving as part of this project are the
cameras used and the calibration procedure.

As part of the development effort, we implemented a recording pipedinablingthe generation of datasets that

allow the reproduction of the whole reconstruction pipeline without the cameras or reproducegquaded

videos converting this pipeline into a possible new source of 3D assets. Moreover, this allows to record datasets
with more cameras than what is supported for the rBale pipeline, but that can be tested and used as input

for other off-line 3D reconstruction pipelines.

6.4.1 Automatic calibration

RGEBD sensorscompute the spatial coordinates of each visible point relative to their own local coordinate
system. Typically, the origin is located at ttentre of the camera lens, with theaxis extending outward from

the camera and thexy-plane aligned with the camera's image plane. However, to generate a unified 3D
reconstruction from multiple viewpoints, the individual 3D representations must be transformed into a common,
coherent coordinate system. This transformation process is reteesan in sintg-camera setups, as the
coordinate system used for visusgtion (e.g. in software environments like Ur8§) may differ. For instance,
Unity assumes the origin is located on the floor with ykaxis oriented vertically.

This process known as extrinsic calibration, or simply calibration invde®smining the transformation
matrices for each camera that align their respective point clouds into a unified 3D reconstruction. Broadly,
calibration requires solving two main problems: identifying corresponding points across different views and
computing the transformations that best align thei@ne of the most widely used algorithms for aligning point
clouds is the Iterative Closest Point (FERjlgorithm. ICP works by iteratively minimizing the distance between
points in overlapping point clouds to achieve alignment. In the context of this project, our focus hasrbeen
improving the point selection process for calibration.

Previously, reference points were selected manually on a known object placedarttre of the capture area.

For each camera's point cloud, five points were manually identified and used for alignment. This approach was
slow, labourintensive and prone to human error, as the selection was subjective and performed on inherently
noisy data (sed-igure71-left). To improve this method, we explored automatic point detection approaches.
These methods rely on placing a known objedbmmonly referred to as a calibratewithin the capture area,
ensuring it is visible to all cameras. The calibrator must be easily reproducible, interpretable by software, and
generally consists of higtbntrast geometric patterns in black and white. Automatic detection not only reduces
humanerror but also allows for a greater number of reference points per view, improving the robustness of the
resulting alignmentA classic example is the use of a chessboard pattern: it ischigfinast, symmetricaland
contains numerous identifiable corners. However, liepetitive pattern makes it difficult to distinguish
orientation, and its flat, singtsided nature limits visibility when cameras are placed at opposing angles.

1173, Rusinkiewicz and M. Levoy. Efficient variants of the ICP algorith+D. Digital Imaging and Modeling, 2001.
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A more advanced alternative involves using Affomarkers. These are square fiducial markers with a black
border and a binargoded interior arranged in a grid. Each marker contains an ID and-areoking bits,
allowing for unique and orientatiomvariant detection. ArUco markers can be used as stimm#afeatures or
integrated into larger calibration patterns, such as ArUco boards or even 3D objects covered in ArUco markers.
The latter approach is particularly effective for complex racdtnera configurations, as different cameras may
detect differentmarkers while still contributing to a unified coordinate system (Siggire70).

Figure70: Cube with ArUcos detected with OpenCV (left), cuboid used in Medeirosen@d (and cube used in Moreira et al. (right).

The specific object we ended up implementing is the one sedrigure71-right. It uses 6 markers per face and

has a front and back face pasted to a rigid box. The markers are printed on a standard A3 sheet, which is easy to
reproduce everywhere, and the width of the ground reference object is easy to adjust by running a simpple scri
with the actual width of the box useéigure72 presents calibration results on the final merged point cloud.

Figure71: Example of manually selected points for calibration (left), calibration object and detected markers in the automadttocalibr
(right); The four corners of each marker are detected and used as reference points.

1185, Garridelurado, R. Mufie8alinas, F.J. Madriduevas, and M.J. Mariliménez. Automatic generation and detection
of highly reliable fiducial markers under occlusion. Pattern Recognition, 47(6y;228®, 2014.
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