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ABSTRACT:

Urban Digital Twins (UDTs) have emerged as important tools for supporting sustainable urban
planning, renewable energy integration, and smart city applications. However, generating geo-
metrically accurate and semantically rich urban models remains challenging due to limitations
in airborne LiDAR data and existing rooftop reconstruction workflows. This thesis presents a
multi-stage geospatial methodology for developing an Urban Digital Twin of the Le Vigne district
in Cesena, Italy, with a focus on rooftop reconstruction and photovoltaic suitability assessment.
The proposed workflow integrates cadastral building footprints, institutional LiDAR datasets,
DSM/DTM products, Google Earth Pro measurements, Google Photorealistic 3D Tiles, semantic
segmentation, and automated reconstruction using Roofer. Geospatial harmonisation was per-
formed in QGIS, while dense photogrammetric point clouds were generated and processed us-
ing Blender and CloudCompare. The resulting LoD2 building models were semantically enriched
and exported in CityJSON format. The findings indicate that sparse airborne LiDAR data are ef-
fective for general urban modelling but insufficient for accurately reconstructing complex resi-
dential roofs. Dense photogrammetric reconstruction significantly improved roof geometry,
ridge continuity, and roof-type representation. The final Urban Digital Twin incorporated seman-
tic attributes such as roof slope, roof type, and photovoltaic suitability, enabling rooftop solar
assessment and urban energy analysis. The study demonstrates the potential of combining Li-
DAR and photogrammetric data to create interoperable Urban Digital Twins that support data-
driven urban planning and smart city decision-making.

KEYWORDS: Urban Digital Twin (UDT), LiDAR Analytics, 3D City Modelling, Semantic City
Modelling, Rooftop Solar Assessment
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1 Introduction

Rapid urbanization, increasing energy demand, and the accelerating impacts of climate
change have intensified the need for sustainable urban development strategies capable
of supporting resilient and energy-efficient cities (United Nations, 2019). Contemporary
urban environments are responsible for a substantial proportion of global energy con-
sumption and greenhouse gas emissions, particularly through the operation of buildings
and associated infrastructure systems (International Energy Agency [IEA], 2023). As cities
continue to expand both spatially and demographically, the transition toward low-car-
bon urban energy systems has become a critical scientific, technological, and policy chal-
lenge (Intergovernmental Panel on Climate Change [IPCC], 2023). Within this context,
rooftop photovoltaic (PV) deployment has emerged as one of the most promising dis-
tributed renewable energy solutions for reducing dependence on centralized fossil-fuel-
based electricity generation while simultaneously improving urban energy resilience and
decentralization. However, effective rooftop solar planning requires highly detailed geo-
spatial intelligence capable of accurately representing building morphology, roof orien-
tation, slope geometry, and surrounding urban context.

The growing complexity of urban systems has simultaneously accelerated the emer-
gence of smart city paradigms centred around real-time urban analytics, interoperable
geospatial infrastructures (Batty et al., 2012), and data-driven decision-making frame-
works. Modern smart city initiatives increasingly rely on the integration of spatial data,
sensor networks, remote sensing technologies, and computational modelling platforms
to support sustainable urban governance. In this evolving landscape, geospatial technol-
ogies such as airborne LiDAR, photogrammetry, semantic 3D modelling, and Urban Dig-
ital Twins (UDTs) have become fundamental components of urban informatics research
(Kitchin, 2014). These technologies enable the generation of high-resolution digital rep-
resentations of cities capable of supporting applications including urban energy analysis,
environmental monitoring, infrastructure management, disaster resilience assessment,
and mobility optimization. Consequently, the quality, accuracy, and semantic richness of
urban geospatial models directly influence the reliability of downstream analytical and

simulation-based smart city applications.



Although smart-city initiatives and renewable energy technologies offer significant op-
portunities for sustainable urban development, several challenges continue to hinder
their effective implementation. Reliable rooftop photovoltaic planning depends on ac-
curate information regarding roof morphology, slope geometry, aspect orientation, usa-
ble rooftop area, and surrounding urban conditions (Deren et al., 2021). Even minor in-
accuracies in these characteristics can significantly affect solar irradiance estimation,
photovoltaic energy yield calculations, and installation feasibility assessments. Tradi-
tional two-dimensional geospatial representations are insufficient for capturing the ge-
ometric complexity of modern urban environments (White et al., 2021). Furthermore,
urban areas are characterized by heterogeneous building morphologies, dense residen-
tial structures, vegetation interference, and complex rooftop configurations, making ac-
curate rooftop characterization increasingly difficult.

Additional challenges arise from the need to integrate multiple datasets originating from
different sources, resolutions, acquisition methods, and semantic standards. Misalign-
ment between spatial datasets often introduces geometric inconsistencies and reduces
the reliability of urban analyses. Consequently, urban planners and energy stakeholders
require advanced methodologies capable of generating accurate, semantically meaning-
ful, and interoperable representations of urban environments for sustainable decision-
making.

1.1 Geospatial Databases, Data Sources, and Urban Informatics

As a result, the growing complexity of urban systems has accelerated the development
of geospatial databases, urban informatics platforms, remote sensing technologies, and
data-driven decision-support systems. Modern smart-city initiatives increasingly rely on
the integration of spatial data, sensor networks, geospatial databases, and
computational modelling frameworks to support sustainable urban governance.
Advanced geospatial technologies such as airborne LiDAR, photogrammetry, semantic
3D modelling, Geographic Information Systems (GIS), and remote sensing have become
fundamental components of urban informatics research (Jones et al., 2020). These
technologies enable the generation of high-resolution digital representations of cities

capable of supporting applications including urban energy analysis, environmental



monitoring, infrastructure management, disaster resilience assessment, and mobility
optimization.

Airborne LiDAR point clouds provide direct elevation measurements and reliable terrain
modelling capabilities, whereas photogrammetric reconstruction techniques generate
dense surface representations through multi-view image processing. Recent
developments, such as Google Photorealistic 3D Tiles, further enhance the availability of
detailed urban surface information. Simultaneously, semantic modelling standards such
as CityGML and CityJSON enable structured representation of buildings, rooftops, terrain,
and infrastructure elements within machine-readable urban environments (Biljecki et al.,
2016; Ledoux et al., 2019). As a result, the quality, accuracy, and semantic richness of
urban geospatial datasets have become critical factors influencing the reliability of

analytical and simulation-based urban applications.

1.2 Urban Digital Twins as a Framework for Smart-City Analysis

In this context, the increasing convergence of geospatial intelligence, urban informatics,
and sustainable energy planning has accelerated the development of advanced three-
dimensional urban modelling methodologies. Among these developments, Urban Digital
Twins (UDTs) have emerged as critical computational frameworks for integrating
heterogeneous geospatial datasets, semantic city models, remote sensing products, and
analytical simulations within unified digital environments (Kolbe, 2009). Urban Digital
Twins can be understood as semantically enriched digital replicas of urban environments
that combine spatial geometry, semantic attributes, sensor data, and analytical models
within interoperable computational ecosystems. Unlike traditional three-dimensional
city models that primarily focus on visualization, UDTs are designed to support dynamic
analysis, simulation, and decision-making processes.

The development of UDTs has been strongly supported by advancements in airborne
LiDAR, photogrammetric reconstruction, Building Information Modelling (BIM),
semantic city standards, and machine-learning-based geospatial analytics. These
technologies enable urban models to evolve beyond static visualization and support
applications such as energy simulation, environmental modelling, urban resilience

assessment, infrastructure monitoring, and solar potential analysis (Ledoux et al., 2019;



Tao et al., 2019). However, the effectiveness of Urban Digital Twins depends heavily on
the geometric fidelity and semantic completeness of reconstructed urban models.
Existing workflows frequently struggle to achieve an optimal balance between geometric
accuracy, semantic richness, interoperability, and computational efficiency.
Consequently, many current UDT implementations still contain simplified roof
geometries, incomplete semantic structures, and inconsistencies among heterogeneous

datasets.

1.3 Role of Rooftop Photovoltaic Assessment within Urban Digital Twins

Furthermore, rooftop photovoltaic suitability assessment has gained increasing scientific
and societal importance due to the urgent need for decentralized renewable energy
integration within urban environments. Accurate rooftop solar assessment requires
detailed information regarding roof slope, orientation, roof typology, shading behaviour,
and available installation area (Haala & Brenner, 1999). Therefore, rooftop geometry
reconstruction represents one of the most critical components of energy-oriented Urban
Digital Twins. Airborne LiDAR datasets have historically served as primary sources for
rooftop reconstruction because of their reliable elevation measurements. However,
publicly available LiDAR datasets often exhibit sparse point distributions that limit the
accurate reconstruction of complex residential rooftops. In contrast, photogrammetric
reconstruction techniques can generate denser urban surface representations but may
introduce reconstruction artefacts, image-matching instability, and uncertain geometric
accuracy (Rottensteiner et al., 2005). Consequently, contemporary urban reconstruction
research increasingly explores hybrid approaches that combine LiDAR, photogrammetry,
semantic segmentation, and machine-learning techniques to improve both geometric
quality and semantic completeness. Such approaches provide the foundation for more
reliable photovoltaic suitability assessment and urban energy analysis within Urban

Digital Twin environments.

1.4 Challenges in Existing Urban Reconstruction Workflows

However, despite substantial advances in remote sensing and urban reconstruction

technologies, several limitations continue to affect existing workflows for semantically



enriched rooftop modelling and Urban Digital Twin generation. One of the most
persistent challenges concerns the dependence on sparse airborne LiDAR datasets that
are often incapable of accurately reconstructing complex residential roof structures. In
many institutional datasets, point densities remain insufficient for resolving narrow
ridges, dormers, intersecting roof planes, and architecturally heterogeneous rooftops,
leading to simplified or flat-roof approximations during automated reconstruction.
Another major challenge concerns interoperability across heterogeneous geospatial
datasets and software ecosystems. Urban reconstruction workflows frequently integrate
data acquired from different spatial infrastructures, coordinate reference systems,
resolutions, and semantic standards. Misalignment between cadastral footprints, LiDAR
point clouds, DSM/DTM rasters, and photogrammetric datasets can introduce significant
reconstruction errors and semantic inconsistencies (Brito et al., 2018). Consequently,
spatial harmonisation and geospatial preprocessing constitute critical but often
underestimated stages within urban modelling pipelines.

Existing workflows additionally suffer from limited semantic richness. Many
reconstruction approaches focus primarily on geometric visualization without
embedding semantically meaningful building attributes required for analytical urban
applications. As a result, numerous three-dimensional city models remain unsuitable for
energy-oriented analyses such as rooftop photovoltaic assessment, solar irradiance
simulation, or infrastructure intelligence generation. Furthermore, fully automated
reconstruction pipelines frequently struggle with vegetation occlusion, noisy point
clouds, classification instability, and inconsistent roof-plane segmentation, particularly
within dense residential neighbourhoods.

Manual reconstruction approaches, while capable of improving local geometric accuracy,
are generally non-scalable and computationally inefficient for neighbourhood-scale or
city-scale implementation. This creates an important methodological gap between high-
fidelity but labour-intensive reconstruction methods and scalable but semantically
simplified automated workflows. Addressing this gap requires reconstruction

frameworks capable of integrating dense photogrammetric datasets, airborne LiDAR,
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semantic segmentation techniques, and interoperable city modelling standards within

unified computational pipelines (Mainzer et al., 2014).
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2 Objectives

In response to these challenges, this research proposes a multi-stage Urban Digital Twin

reconstruction workflow with the following:

2.1 Main Research Objective

The main objective of this research is to define an automatized Urban Digital Twin (UDT)
workflow for enriching 3D city models with accurate roof slope geometries and
photovoltaic (PV) panel representations using open-source geospatial data, with the aim
of supporting energy-related urban analysis and semantic 3D city modelling within a
CityGML 3.0 environment. The scope is designed to be applied to the Italian or EU
context in general.

The research further seeks to evaluate the technical feasibility, geometric reliability, and
practical limitations of integrating heterogeneous geospatial datasets, photogrammetric
reconstruction techniques, and semantic urban modelling frameworks into a scalable

neighbourhood-scale case study.

2.2 Specific Objectives

To achieve this overarching objective, a set of specific objectives has been defined,
addressing the key stages of data acquisition, roof reconstruction, photovoltaic
modelling, semantic integration, and workflow evaluation within the proposed Urban
Digital Twin framework:

SO1: Roof Geometry Extraction

To develop a methodology for extracting accurate sloped roof geometries from Google
Earth and complementary open geospatial datasets to enhance the geometric realism
of Level of Detail (LOD) 2.0 3D building models.

502: Photovoltaic Panel Detection and Modelling

To define a procedure for detecting, modelling, and representing existing rooftop
photovoltaic panels as geometric and semantic objects within a 3D urban modelling
environment using Google Earth imagery and photogrammetric data sources.

5$03: Semantic Integration within 3DCityDB
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To integrate roof slope attributes and photovoltaic panel information into 3DCityDB
through a semantically structured database workflow aligned with CityGML 3.0
standards.

S504: Generation of an Enhanced CityGML Model

To export an enriched CityGML 3.0 LOD 2.0 model demonstrating enhanced roof
representation, semantic building attributes, and photovoltaic object integration
suitable for Urban Digital Twin applications and energy-related urban analysis.

SO5: Case Study Implementation and Evaluation

To implement and evaluate the proposed workflow within the Le Vigne district in Cesena,
Italy, to assess the robustness, interoperability, scalability, and limitations of the
proposed methodology under real urban conditions.

SOe6: Analysis of Available Geospatial Data Sources

To identify, analyse, and evaluate the suitability of available open-source and publicly
accessible geospatial datasets, including Google Earth imagery, photogrammetric data,
LiDAR data, cadastral information, and semantic city modelling resources, for supporting

Urban Digital Twin development and rooftop photovoltaic assessment.

2.3 Research Questions

The research questions are directly linked to the specific objectives and are intended to
guide the development, implementation, and evaluation of the proposed Urban Digital
Twin workflow:

» s it feasible to accurately extract sloped roof geometries from open-source geo-
spatial data and Google Earth imagery for the enhancement of CityGML 3.0 LOD
2.0 building models?

» Can rooftop photovoltaic panels be reliably detected, geometrically modelled,
and semantically represented within 3D city models using Google Earth imagery
and photogrammetric reconstruction techniques?

» How effectively can enriched roof geometry and photovoltaic panel information
be integrated into 3DCityDB and exported within an interoperable CityGML 3.0

framework?
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» What are the principal technical limitations, geometric uncertainties, and in-
teroperability challenges associated with using open-source and publicly acces-

sible geospatial datasets for energy-related Urban Digital Twin applications?

Achieving these objectives requires a comprehensive understanding of the current state
of knowledge, methodologies, technologies, and challenges related to Urban Digital
Twins, semantic 3D city modelling, rooftop photovoltaic assessment, LiDAR and
photogrammetric reconstruction, and geospatial interoperability standards. Therefore,
the following chapter reviews the relevant scientific literature and existing approaches
in these domains, identifying current achievements, limitations, and research gaps that

motivate the proposed methodology of this study.
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3 State of the Art on Roof and Photovoltaic Detection

Unlike conventional Geographic Information Systems (GIS), Urban Digital Twins are not
merely spatial visualization platforms; rather, they function as dynamic, semantically en-
riched, multi-layered representations of urban environments capable of supporting sim-
ulation, prediction, and policy-oriented decision-making (Tao et al., 2019). Within this
context, three-dimensional (3D) building reconstruction has become a central research
problem due to its critical role in energy modelling, urban sustainability assessment, in-
frastructure management, and photovoltaic (PV) potential estimation.

Among the various applications of UDTs, rooftop solar suitability analysis has received
considerable attention in recent years because accurate building-envelope reconstruc-
tion directly influences solar irradiance modelling and energy yield prediction (Bddis et
al., 2021). However, existing literature demonstrates substantial inconsistencies regard-
ing the optimal methodology for extracting reliable roof geometry information at neigh-
bourhood and city scales. Current research remains fragmented between LiDAR-based
reconstruction, photogrammetric mesh reconstruction, procedural modelling ap-
proaches, and increasingly, hybrid machine learning-driven pipelines. Consequently, the
field continues to face unresolved challenges concerning geometric accuracy, scalability,
semantic enrichment, and data interoperability.

Early research on 3D urban reconstruction relied predominantly on procedural extrusion
techniques using 2D cadastral footprints combined with coarse elevation models. Alt-
hough computationally efficient, these methods generated simplified Level of Detail
(LoD1) representations incapable of accurately modelling roof typologies, pitch angles,
or obstruction geometries (Kolbe et al., 2005). Biljecki et al. argued that such simplifica-
tions introduce substantial uncertainty into downstream urban simulations, particularly
solar irradiation analysis, because generalized rooftops fail to preserve critical geometric
attributes (Biljecki et al., 2016). Similarly, Kolbe emphasized that semantically poor build-
ing models significantly constrain the operational utility of digital twins, as geometry
alone cannot support advanced urban analytics without semantic contextualization

(Kolbe, 2009).
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To overcome these limitations, airborne LiDAR rapidly emerged as the dominant tech-
nology for urban reconstruction due to its ability to capture direct elevation measure-
ments with relatively high vertical precision. LiDAR-based workflows typically employ
point cloud segmentation followed by planar fitting algorithms such as RANSAC, Hough
Transform, or region-growing methods for roof plane extraction (Awrangjeb et al., 2011).
Vosselman and Dijkman demonstrated that LiDAR-based segmentation performs effec-
tively for regular roof structures characterized by large planar surfaces (Vosselman &
Dijkman, 2001). However, subsequent studies identified severe limitations when these
approaches are applied to dense urban environments containing occlusions, vegetation
interference, and architecturally complex rooftops.

One of the most persistent challenges concerns point cloud density. Oude Elberink and
Vosselman observed that sparse airborne LiDAR acquisitions frequently fail to capture
fine-grained roof discontinuities, resulting in incomplete segmentation and inaccurate
roof topology reconstruction (Oude Elberink & Vosselman, 2010). This issue becomes
particularly problematic for photovoltaic suitability analysis because even small slope
estimation errors may propagate into substantial deviations in solar irradiance calcula-
tions. In comparative studies, Yan et al. reported that sparse LiDAR datasets systemati-
cally underestimate roof slope values by overgeneralizing multi-faceted roofs into flat or
simplified planar structures (Yan et al., 2021). Similar conclusions were reached by Nex
and Remondino, who argued that conventional airborne LiDAR often lacks sufficient sur-
face continuity for detailed urban reconstruction despite its strong metric reliability (Nex
& Remondino, 2014).

These shortcomings have stimulated increasing interest in photogrammetric reconstruc-
tion techniques based on Structure-from-Motion (SfM) and Multi-View Stereo (MVS).
Unlike LiDAR, photogrammetric pipelines reconstruct dense surface geometry from
overlapping imagery, often generating point clouds with substantially higher spatial den-
sity. Research by Murtiyoso et al. demonstrated that dense image matching can produce
centimetric surface detail suitable for heritage and urban reconstruction applications

(Murtiyoso et al., 2017). More recent studies indicate that dense photogrammetric
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meshes frequently outperform conventional LiDAR in rooftop-detail preservation, espe-
cially for ridge delineation and small architectural features (Zhang et al., 2013).
Nevertheless, photogrammetric reconstruction introduces a different class of limitations.
Whereas LiDAR directly measures elevation, photogrammetric geometry is indirectly in-
ferred through image correspondence estimation, making reconstruction quality highly
sensitive to illumination conditions, surface texture, viewing geometry, and occlusions
(Haala & Kada, 2010). Fan et al. demonstrated that urban photogrammetric meshes fre-
quently contain surface noise, stitching artefacts, and geometric distortions near build-
ing edges (Fan et al., 2020). Moreover, the metric reliability of commercial photogram-
metric products remains insufficiently documented because reconstruction algorithms
and calibration parameters are often proprietary. Consequently, while photogrammetry
offers superior surface density, concerns persist regarding geometric fidelity and scien-
tific reproducibility.

The emergence of Google Photorealistic 3D Tiles has intensified scholarly interest in
large-scale photogrammetric urban reconstruction. Generated through extensive multi-
view stereo pipelines using aerial and satellite imagery, these datasets provide visually
detailed city-scale meshes at resolutions unattainable through most publicly available
LiDAR acquisitions (McClure et al., 2022). However, despite growing adoption within vis-
ualization platforms, relatively few studies have critically evaluated their scientific ap-
plicability for quantitative urban analysis. Existing research primarily focuses on render-
ing quality and visualization performance rather than metric reconstruction accuracy
(Degan et al., 2021). Furthermore, most commercial photogrammetric meshes lack se-
mantic segmentation, requiring substantial preprocessing before analytical use.

This limitation has contributed to growing research attention toward semantic point
cloud classification. Traditional geometric segmentation approaches rely heavily on
handcrafted heuristics, which often fail in heterogeneous urban scenes. Consequently,
machine learning-based segmentation has become increasingly dominant. Weinmann et
al. demonstrated that semantic classification using geometric descriptors significantly
improves urban point cloud interpretation compared to rule-based segmentation (Wein-

mann et al., 2015). CANUPO, introduced by Brodu and Lague, represented a major
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advancement using multiscale dimensionality analysis combined with Support Vector
Machine (SVM) classification (Brodu & Lague, 2012). By computing local covariance-
based descriptors such as linearity, planarity, and sphericity across multiple neighbour-
hood scales, CANUPO achieved strong discrimination between vegetation, ground sur-
faces, and buildings.

Despite these improvements, semantic segmentation research continues to face im-
portant unresolved challenges. Classification performance remains highly dependent on
training sample selection and neighbourhood scale configuration (Griffiths & Boehm,
2019). In urban environments characterized by mixed vegetation and dense architectural
complexity, overhanging trees and facade-shadow interactions frequently produce mis-
classifications. Moreover, most existing segmentation studies evaluate algorithms using
terrestrial laser scanning datasets rather than photogrammetric urban meshes, leaving
the robustness of these methods under photogrammetric noise conditions insufficiently
investigated.

In parallel with advances in geometric reconstruction, the field has increasingly shifted
toward semantic urban modelling frameworks such as CityGML and CityJSON. Unlike tra-
ditional mesh representations, semantic city models encode explicit relationships be-
tween urban objects and their attributes, thereby enabling interoperability across ana-
lytical platforms (Ledoux, 2018). Agugiaro argued that semantic enrichment constitutes
a prerequisite for operational Urban Digital Twins because energy modelling, mobility
simulation, and infrastructure analysis all require machine-readable building semantics
rather than purely visual geometries (Agugiaro, 2016). However, maintaining semantic
consistency during automated reconstruction remains a major challenge. Several studies
report that automated pipelines frequently generate geometrically plausible models
with inconsistent semantic labelling, particularly when roof planes are fragmented or
partially reconstructed (Peters et al., 2022).

Recent literature has therefore explored the integration of machine learning into seman-
tically enriched urban reconstruction pipelines. Deep learning frameworks based on
PointNet++, KPConv, and graph neural networks have demonstrated promising perfor-

mance in point cloud segmentation and urban object classification (Qi et al., 2017).
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Nevertheless, these methods generally require extensive labelled datasets and compu-
tational resources, limiting their applicability in municipal-scale digital twin generation.
Additionally, most deep learning approaches prioritize semantic classification accuracy
without adequately addressing geometric reconstruction fidelity. Consequently, the in-
tegration of accurate roof geometry extraction with semantic intelligence remains insuf-
ficiently developed.

Within the context of solar energy modelling, the literature reveals similarly persistent
methodological fragmentation. Rooftop PV estimation studies typically rely on one of
three approaches: DSM-based irradiance modelling, LiDAR-driven roof segmentation, or
image-based deep learning classification (Catita et al., 2017). DSM-based approaches are
computationally scalable but suffer from coarse spatial resolution and poor roof-plane
delineation. LiDAR-based approaches achieve stronger geometric precision but remain
constrained by data accessibility and point density limitations (Hofierka & Kariuk, 2009).
Meanwhile, image-based deep learning methods can identify rooftop features effec-
tively but often lack accurate elevation modelling necessary for reliable irradiance esti-
mation.

Jakica observed that roof pitch and orientation constitute the most influential variables
affecting rooftop PV estimation accuracy, yet these parameters are frequently oversim-
plified in large-scale studies (Jakica, 2016). Similarly, Mainzer et al. demonstrated that
uncertainties in roof-plane extraction propagate directly into irradiance estimation er-
rors, particularly in dense European urban environments with complex roof morpholo-
gies (Mainzer et al., 2017). Although several urban solar cadastre systems have been
proposed in recent years, most continue to rely on simplified geometric assumptions
that inadequately represent real-world roof complexity (Alobaidi et al., 2021).

A notable trend in recent research is the movement toward hybrid reconstruction archi-
tectures integrating multiple heterogeneous data sources. Rather than relying exclu-
sively on LiDAR or photogrammetry, contemporary studies increasingly combine air-
borne point clouds, dense image matching, procedural modelling, and machine learning
classification within unified workflows (Biljecki et al., 2015). This evolution reflects a

broader recognition that no single reconstruction modality adequately satisfies all
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requirements concerning accuracy, scalability, accessibility, and semantic richness. How-
ever, despite this transition, interoperability between heterogeneous geospatial tools re-
mains poorly standardized. Coordinate reference inconsistencies, incompatible file for-
mats, and varying semantic schemas continue to complicate end-to-end pipeline repro-
ducibility (Ledoux et al., 2021).

Another unresolved issue concerns validation methodology. Many urban reconstruction
studies evaluate performance primarily through visual inspection rather than rigorous
geometric benchmarking. Quantitative validation using terrestrial laser scanning or high-
precision reference datasets remains comparatively rare due to cost and data availability
constraints (Kada & Wichmann, 2015). Consequently, reported reconstruction accura-
cies often lack sufficient external verification, particularly in studies utilizing proprietary
photogrammetric datasets. This limitation becomes especially significant in photovoltaic
applications where small geometric inaccuracies may substantially affect energy simula-
tions.

Collectively, the existing literature reveals several critical research gaps directly relevant
to this thesis. First, there remains no widely accepted methodology capable of simulta-
neously achieving high roof-geometry fidelity, semantic enrichment, automation scala-
bility, and accessibility using open or reproducible data sources. Second, although dense
photogrammetric urban meshes such as Google 3D Tiles provide unprecedented geo-
metric detail, their integration into semantically structured reconstruction workflows re-
mains largely underexplored. Third, most semantic segmentation studies focus either on
LiDAR datasets or deep learning frameworks, with comparatively limited investigation
into multiscale machine learning approaches for photogrammetric urban point clouds.
Finally, existing rooftop PV assessment frameworks frequently depend on simplified ge-
ometric assumptions that inadequately capture roof complexity in dense urban environ-
ments.

These unresolved challenges collectively motivate the need for integrated reconstruc-
tion pipelines capable of combining dense urban geometry, semantic segmentation, ma-
chine learning classification, and interoperable digital twin modelling within a unified

architecture. The broader technical evolution of the field suggests that future Urban
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Digital Twin systems will increasingly depend on hybrid reconstruction methodologies
that bridge the divide between geometric precision and semantic intelligence while re-

maining computationally scalable and operationally reproducible.
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4 Methodology

This chapter presents the methodological framework developed to achieve the research
objectives outlined in Chapter 3. The proposed methodology was designed to support
the generation of a semantically enriched Urban Digital Twin (UDT) for rooftop photo-
voltaic assessment through the integration of heterogeneous geospatial datasets, in-
cluding airborne LiDAR, photogrammetric data, cadastral information, and semantic city-
modelling standards. The chapter first introduces the overall research workflow, describ-
ing the logical progression from data-source analysis to methodology design and case-
study implementation. Subsequently, the proposed methodological framework, data ac-
quisition procedures, interoperability strategies, and processing stages are presented in
detail, followed by the implementation of the workflow and the generation of the final

Urban Digital Twin outputs.
4.1 Research Workflow

The research workflow was designed in response to the limitations identified in the
literature review. Existing rooftop reconstruction methodologies frequently rely on a
single source of geospatial information, most commonly airborne LiDAR data, and
therefore inherit the limitations associated with point density, acquisition geometry,
vegetation occlusion, and incomplete roof representation. Similarly, many existing Urban
Digital Twin implementations emphasize geometric visualization while providing only
limited semantic information suitable for urban energy analysis. These limitations
motivated the development of a multi-source reconstruction framework capable of
combining airborne LiDAR data, photogrammetric datasets, semantic classification
techniques, and interoperable city-modelling standards within a unified methodological
architecture.

The workflow consists of three major research stages. The first stage focuses on the
analysis and evaluation of available geospatial databases and data sources. The second
stage concerns the design and implementation of the proposed reconstruction

methodology. The third stage involves the application and validation of the methodology



22

within a real-world urban environment. These stages are interconnected and collectively
contribute to the achievement of the research objectives defined in Chapter 3.

The first stage involved a systematic assessment of available geospatial resources
capable of supporting rooftop reconstruction and Urban Digital Twin generation. This
analysis was necessary because the quality of any reconstruction workflow is
fundamentally constrained by the quality of the input data. Rather than selecting
datasets solely based on availability, each candidate data source was evaluated
according to its spatial resolution, geometric accuracy, semantic richness, coverage,
accessibility, interoperability, and suitability for rooftop photovoltaic assessment.
Attention was devoted to understanding the complementary strengths and weaknesses
of airborne LiDAR datasets and photogrammetric urban meshes. While LiDAR datasets
provide highly reliable elevation measurements and terrain characterization capabilities,
they frequently exhibit insufficient sampling density over roof surfaces. Conversely,
photogrammetric datasets provide dense surface continuity and visually complete roof
structures but may contain geometric artefacts and uncertain elevation accuracy. This
analysis established the rationale for integrating both data types within a hybrid
reconstruction workflow.

The second stage focused on the design of the methodological framework itself. Rather
than implementing a conventional linear reconstruction approach, the methodology was
developed as a modular architecture in which intermediate outputs generated by one
processing stage become inputs for subsequent stages. This design philosophy was
adopted to improve workflow transparency, facilitate independent validation of
individual components, and enhance reproducibility. The workflow integrates multiple
software environments, including QGIS, Roofer, Blender, CloudCompare, Google Earth
Engine, Google Earth Pro, and custom Python scripts. Each environment performs a
specialized analytical function within the broader reconstruction process. QGIS serves as
the primary platform for spatial preprocessing and harmonization; Roofer performs
automated roof reconstruction; Blender and Blosm facilitate access to Google

Photorealistic 3D Tiles; CloudCompare supports dense point-cloud processing and
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semantic filtering; Google Earth Engine provides independent slope validation; and
Python scripts automate attribute calculations and data transformations.

The third stage consists of the practical implementation of the methodology within the
selected case study area, namely the Le Vigne district of Cesena, Italy. The purpose of
the implementation phase extends beyond simple demonstration of the workflow. It
provides an opportunity to evaluate the feasibility, robustness, scalability, and
interoperability of the proposed framework under realistic urban conditions.
Furthermore, the case study enables comparative assessment between reconstruction
results obtained from sparse airborne LiDAR data and those generated from dense
photogrammetric point clouds, thereby allowing investigation of the extent to which
dense photogrammetric reconstruction can improve rooftop representation for
photovoltaic applications.

The overall workflow therefore represents a complete research pipeline beginning with
data-source evaluation, progressing through methodological design and implementation,
and culminating in the generation of a semantically enriched Urban Digital Twin. By
structuring the research process in this manner, the study ensures methodological
traceability while providing a reproducible framework that can potentially be adapted to
other urban environments where high-quality rooftop information is required for

energy-related analyses.

4.2 Proposed Methodology

The proposed methodology is based on the premise that accurate rooftop photovoltaic
assessment requires both geometrically reliable roof reconstruction and semantically
meaningful building representation.

4.2.1 Conceptual Framework

This research proposes a multi-stage Urban Digital Twin reconstruction framework that
combines geospatial data acquisition, spatial harmonization, automated roof
reconstruction, photogrammetric enhancement, semantic segmentation, and CityJSON-

based semantic enrichment within a unified processing architecture. The framework was
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designed according to four fundamental principles: geometric fidelity, semantic richness,
interoperability, and reproducibility.

Geometric fidelity refers to the ability of the reconstructed model to accurately
represent roof morphology, including slope, ridge configuration, roof typology, and
aspect orientation. Semantic richness refers to the incorporation of building-level
attributes capable of supporting analytical applications beyond visualization.
Interoperability ensures compatibility between heterogeneous datasets and software
ecosystems. Reproducibility guarantees that the workflow can be replicated using
publicly accessible datasets and open-source software environments.

4.2.2 Methodological Inputs

The proposed methodology relies on multiple categories of geospatial information, each
contributing distinct forms of spatial knowledge required for Urban Digital Twin
generation.

Cadastral building footprints provide the geometric boundaries used for building
identification, spatial clipping, and roof reconstruction. These footprints establish the
fundamental spatial units upon which all subsequent analyses are performed.

Airborne LiDAR point clouds provide three-dimensional elevation measurements that
support terrain modelling, roof-plane extraction, and building height estimation. Despite
their importance, preliminary analysis revealed that the available LiDAR datasets exhibit
limited roof-surface density in certain portions of the study area, motivating the
exploration of complementary reconstruction approaches.

Digital Surface Models and Digital Terrain Models provide raster-based representations
of above-ground and bare-earth elevation respectively. These datasets support slope
analysis, terrain correction, and validation of reconstructed geometries.

Google Earth imagery and Google Photorealistic 3D Tiles provide dense
photogrammetric representations of urban surfaces. These datasets play a crucial role
in compensating for the geometric limitations of sparse LiDAR observations by providing
continuous roof-surface coverage across the study area.

Finally, semantic city-modelling standards, particularly CityJSON, provide the data

structure required for transforming reconstructed geometries into semantically enriched
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Urban Digital Twin entities capable of supporting downstream urban-energy
applications.

4.2.3 Data Acquisition and Preparation

The acquisition strategy adopted in this research was intentionally designed to combine
authoritative institutional datasets with globally accessible photogrammetric resources.
This approach reflects a central objective of the study: developing a workflow that
remains transferable and reproducible even in locations where dense airborne LiDAR
datasets may not be available.

Authoritative datasets were obtained from the Emilia-Romagna Regional Geoportal and
include LiDAR point clouds, DSM products, DTM products, and cadastral building
footprints. These datasets provide survey-grade spatial information characterized by
well-documented acquisition procedures and known positional accuracy.
Photogrammetric datasets were acquired through Google Earth Pro and Google
Photorealistic 3D Tiles. Unlike LiDAR datasets, which measure elevation directly, these
resources are generated through large-scale multi-view stereo reconstruction processes
and provide dense surface representations of urban environments. The integration of
these datasets introduces an important methodological trade-off: increased geometric
completeness at the cost of potentially greater geometric uncertainty. Rather than
treating this as a limitation, the methodology explicitly investigates the potential
benefits and constraints associated with this trade-off.

4.2.4 Data Integration and Interoperability

A central challenge addressed by this research concerns interoperability between
heterogeneous datasets and software environments. The acquired datasets differ
substantially in coordinate reference systems, geometric representations, semantic
structures, storage formats, and acquisition epochs.

To overcome these challenges, all datasets underwent harmonization procedures
involving coordinate transformation, spatial alignment, topology verification, geometric

validation, and format standardization. Attention was devoted to CRS consistency
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because inaccurate transformations can introduce geometric distortions that propagate
throughout subsequent reconstruction stages.

Interoperability was further achieved using standardized exchange formats including
KML, GeoJSON, LAZ, OBJ, and CityJSON. These formats enabled the transfer of
information between GIS platforms, point-cloud processing environments,
photogrammetric modelling software, and semantic city-modelling frameworks without
significant loss of information.

4.2.5 Methodological Outputs

The final output of the proposed methodology is a semantically enriched Urban Digital
Twin representing the study area at neighbourhood scale. Unlike conventional three-
dimensional city models focused primarily on visualization, the generated Urban Digital
Twin contains both geometric and semantic information required for photovoltaic-
oriented urban analysis.

The resulting model incorporates reconstructed roof geometries together with
attributes describing roof slope, roof typology, aspect orientation, building height,
photovoltaic suitability indicators, and estimated rooftop energy potential. Intermediate
outputs generated throughout the workflow include harmonized spatial datasets,
filtered point clouds, segmented building surfaces, reconstructed roof models, validation
datasets, and semantic enrichment layers.

Collectively, these outputs establish the foundation for rooftop photovoltaic assessment,
Urban Digital Twin development, and future smart-city applications while
simultaneously providing a reproducible methodological framework capable of being

transferred to other urban environments.
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5 Case Study

The study area selected for this research is the Le Vigne district located within the mu-
nicipality of Cesena in the Emilia-Romagna region of northern Italy. Cesena represents a
particularly suitable urban environment for investigating neighbourhood-scale Urban
Digital Twin (UDT) reconstruction and rooftop photovoltaic (PV) suitability analysis due
to its heterogeneous urban morphology, diverse building typologies, and availability of
high-quality regional geospatial datasets.

Le Vigne is characterized by a mixed residential urban fabric composed primarily of de-
tached and semi-detached residential buildings, low-rise apartment blocks, commercial
structures, and service-related urban infrastructure. The district exhibits considerable
variation in roof typologies, including flat, gabled, hipped, shed, and multi-faceted
pitched roofs, thereby providing a representative environment for evaluating the robust-
ness of automated roof reconstruction methodologies. This architectural diversity is par-
ticularly significant in the context of rooftop solar analysis because roof geometry di-
rectly influences solar irradiance interception, shading behaviour, panel orientation, and
energy yield estimation.

From a geospatial modelling perspective, the study area presents several challenges
commonly encountered in dense urban environments. These include partial roof occlu-
sions caused by vegetation, heterogeneous building heights, narrow inter-building spac-
ing, and complex roof discontinuities. Such conditions create substantial difficulties for
automated plane-fitting algorithms and semantic segmentation techniques operating on
sparse airborne LiDAR datasets. Consequently, the Le Vigne district constitutes an ap-
propriate experimental environment for assessing the comparative performance of
sparse LiDAR reconstruction and dense photogrammetric reconstruction workflows.
The district is also particularly relevant for urban-scale solar suitability analysis due to
the prevalence of sloped residential rooftops with varying aspect orientations and pitch
angles. In photovoltaic energy modelling, roof slope and orientation are among the most
influential geometric variables affecting annual solar irradiance and potential energy

production. The presence of diverse roof morphologies within the study area therefore
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enables comprehensive evaluation of the proposed reconstruction pipeline under real-
istic urban energy-planning conditions.

In addition, the Emilia-Romagna region maintains one of the most advanced regional
geospatial infrastructures in Italy through its institutional geoportal, providing open ac-
cess to airborne LiDAR datasets, Digital Surface Models (DSM), Digital Terrain Models
(DTM), cadastral data, and Web Map Services (WMS). The availability of these authori-
tative datasets significantly enhances the reproducibility and scientific validity of the pro-

posed Urban Digital Twin workflow.

5.1 Data Sources

The reconstruction pipeline developed in this research integrates multiple heterogene-
ous geospatial datasets originating from both institutional and commercial sources. The
selection of these datasets was guided by four principal criteria: geometric accuracy,
spatial resolution, semantic relevance, and interoperability within Urban Digital Twin en-
vironments.

The adopted data sources collectively support the extraction, reconstruction, validation,
and semantic enrichment of rooftop geometries required for photovoltaic suitability
analysis. Because no single dataset independently satisfies all requirements related to
roof reconstruction accuracy, semantic completeness, and neighbourhood-scale scala-
bility, a multi-source integration strategy was implemented.

5.1.1 Cadastral Building Footprints

The foundational vector dataset used in this research consists of cadastral building foot-
print polygons acquired in KML and GeolJSON formats. These datasets provide two-di-
mensional building boundaries and serve as the geometric basis for three-dimensional
roof reconstruction. The footprints were used to define building extents, constrain roof
reconstruction, enable point cloud clipping, and establish building segmentation bound-
aries within the Roofer framework. Acting as geometric priors, they guide roof-plane ex-
traction by limiting point cloud analysis to relevant building regions, making geometric
accuracy essential to avoid reconstruction errors and semantic inconsistencies. Origi-

nally encoded in EPSG:4326, the datasets were reprojected to EPSG:25832 and
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EPSG:32632 to ensure spatial consistency with LiDAR point clouds, DSMs, DTMs, and
photogrammetric meshes. GeoJSON was selected as the primary workflow format due
to its compatibility with Roofer, QGIS, and Python-based geospatial tools, while KML was
additionally used for manual roof geometry extraction in Google Earth Pro. Although
cadastral footprints provide accurate planimetric building delineation, they lack vertical
geometric information and semantic roof attributes, requiring integration with elevation
datasets such as LiDAR and photogrammetric meshes.

5.1.2 Institutional LIDAR Data

Institutional airborne LiDAR datasets were acquired from the Emilia-Romagna regional
geoportal through the QU_LIDAR_RER2023 2024 acquisition campaign and included
compressed LAZ point clouds, Digital Surface Models (DSM), and Digital Terrain Models
(DTM), which served as the authoritative elevation source within the reconstruction
pipeline. The airborne LiDAR point clouds, provided in EPSG:25832 using a 1 x 1 km tiling
structure, contain three-dimensional laser return measurements and were selected for
their high vertical accuracy, direct elevation measurement capability, relative independ-
ence from illumination conditions, and suitability for roof-plane extraction. As an active
sensing technology, LiDAR enables reliable measurement of roof heights and terrain
morphology and was therefore used as the primary source for automated roof modelling
in Roofer.

However, the moderate point density of approximately 5-10 points/m? limited its ability
to capture small roof discontinuities, narrow ridges, and complex roof structures, result-
ing in incomplete segmentation and flat-roof approximations for some buildings. DSM
datasets were used for elevation verification, roof-height assessment, and terrain analy-
sis, while DTMs provided bare-earth elevation for terrain normalization, building-height
estimation, and elevation referencing. The difference between DSM and DTM surfaces
enabled the calculation of normalized building heights, which is important for shading
analysis and solar potential assessment. Overall, although the institutional LiDAR da-
tasets provide highly reliable elevation information, their limitations in representing
complex rooftop geometries motivated the investigation of denser reconstruction alter-

natives.
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5.1.3 Google Photorealistic 3D Tiles

To overcome the sparse sampling limitations of institutional LiDAR, this research em-
ployed Google Photorealistic 3D Tiles as an alternative dense urban reconstruction
source accessed through the Blosm plugin in Blender. Generated through large-scale
photogrammetric reconstruction using multi-view stereo processing of high-resolution
aerial and satellite imagery, these datasets provide highly detailed textured meshes ca-
pable of representing fine-scale rooftop geometry. Their primary advantage lies in their
high surface density and geometric continuity, allowing the visualization of complex roof
morphologies, ridge lines, dormers, and roof discontinuities that are often unresolved in
sparse LiDAR datasets. Consequently, the meshes were used for dense point cloud gen-
eration, high-resolution roof reconstruction, and improved roof-plane segmentation.
The imported meshes were converted into dense point clouds using CloudCompare and
subsequently processed through semantic segmentation and automated reconstruction
with Roofer. However, because the reconstruction is image-based rather than measure-
ment-based, the datasets may contain stitching artefacts, surface noise, geometric dis-
tortions, and local irregularities. Furthermore, the proprietary nature of Google’s recon-
struction pipeline limits transparency regarding acquisition and accuracy metrics, requir-
ing careful validation. Another limitation is semantic ambiguity, as the meshes include
buildings, vegetation, roads, terrain, and street furniture, necessitating CANUPO-based
semantic segmentation to isolate building surfaces before reconstruction.

5.1.4 Google Earth Engine

Google Earth Engine (GEE) was employed as a cloud-based geospatial analysis platform
for terrain slope validation and comparative roof geometry assessment. The platform
provides access to large-scale remote sensing and elevation datasets such as Shuttle Ra-
dar Topography Mission (SRTM), regional DEM products, and terrain derivatives. Within
this research, GEE was used to compute terrain slope values using the ee.Terrain.slope()
function over manually defined building polygons. The resulting slope estimates were
compared qualitatively against Roofer-derived roof slopes to assess geometric con-

sistency.
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The principal advantage of GEE lies in its scalable cloud-computing architecture, which
enables rapid geospatial processing without local computational constraints. The plat-
form also supports reproducible terrain analysis workflows and integration of multi-
source elevation datasets.

Nevertheless, GEE-based slope estimation remains constrained by the spatial resolution
of available DEM datasets. Satellite-derived terrain products generally lack the resolu-
tion required for precise rooftop geometry analysis, particularly for small residential
structures with complex roof morphologies. Consequently, GEE was not employed as a
primary reconstruction methodology but rather as an auxiliary validation framework for
cross-checking slope estimation trends derived from higher-resolution reconstruction

workflows.

5.2 Implementation of Proposed Methodology in Case study

Following are the phases which were implemented to test the proposed methodology:

5.2.1 Phase | - Manual Photogrammetric Roof Analysis

The initial phase of data collection employed Google Earth Pro as a photogrammetric
measurement environment for extracting building geometry attributes within the Ce-
sena study neighbourhood. This approach was motivated by the immediate availability
of high-resolution oblique and nadir 3D imagery within Google Earth Pro's geospatial
browser, which embeds photogrammetrically reconstructed 3D building meshes derived
from multi-view stereo imagery. Using the software's integrated Ruler toolset, which
supports 3D path and polygon measurement modes, the following geometric attributes
were manually digitised for each building of interest: geographic coordinates (latitude,
longitude) of key roof vertices; Z-values (absolute elevation in metres above mean sea
level); eave height and ridge height, representing the lower and upper horizontal termini
of a sloped roof face, respectively.

From the eave-to-ridge vertical differential (AZ) and the horizontal run distance derived
from the 2D cadastral footprint polygon (sourced as a .KML file from the regional geo-
portal), the roof slope angle 6 was computed using the inverse tangent relationship: 6 =

arctan (AZ / horizontal run). This computation was implemented in a purpose-written
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Python script that performed a spatial join between the manually collected CSV of geo-
metric attributes and the footprint centroids, enabling slope degree assignment on a
per-building basis.

While this approach yielded geometrically coherent results for isolated buildings where
clear ridge-to-eave measurement paths could be established, its fundamental limitation
was its non-scalable, entirely manual character. The methodology required operator in-
tervention for each individual building, precluding automation across the full study area.
Furthermore, measurement accuracy was subject to the native resolution and positional
accuracy of Google Earth Pro's 3D imagery, which in dense urban environments may ex-
hibit mesh artefacts, occlusion-induced gaps, and vertical datum inconsistencies. This
phase therefore served as a proof-of-concept and calibration baseline rather than as a

production-grade data source.

Roof Point Extraction, Ridge-Eave Distance Measurement, and Slope Estimation in Google Earth Pro
Le Vigne District, Cesena, Italy

1. ROOF POINT EXTRACTION 2. RIDGE-EAVE POINT MEASUREMENT

3. SLOPE ESTIMATION
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Workflow illustrating rooftop point extraction, ridge-eave distance measurement, and slope estimation in Google Earth Pro using the Ruler tool.
The process includes (1) manual extraction of roof points, (2) measurement of ridge-eave distance, and (3) computation of roof siope.

Figure 1: Google Earth Pro Geometry Extraction

5.2.2 Phase Il — Spatial Data Harmonisation in QGIS

To transition from manual measurement to a reproducible automated pipeline, the re-
search subsequently focused on integrating institutional-grade geospatial data sourced
from the official Emilia-Romagna regional geoportal (https://geoportale.regione.emilia-

romagna.it/). The following data products were acquired: DSM tiles (first-return surface
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model capturing both built structures and vegetation); DTM tiles (bare-earth terrain
model produced through ground-point classification of the LiDAR data); and LiDAR point
cloud tiles in LAZ format, representing the 2023-2024 airborne LiDAR acquisition cam-
paign (QU_LIDAR_RER2023_2024) delivered on a 1x1 km grid in EPSG:25832 projection.

Spatial Harmonisation and Geospatial Preprocessing Workflow in QGIS
Le Vigne District, Cesena, Italy

Figure 2: QGIS Processing Pipeline

Within QGIS 3.0, the 2D cadastral building footprints, originally encoded in an EPSG:4326
KML file were reprojected and co-registered with the LAZ point cloud tiles using spatial
overlay operations. A critical pre-processing step involved validating the geometric
alignment between the vector footprints and the point cloud extents through visual
inspection using the WMS layer interface connecting to the regional LiDAR tile index
(QU_LIDAR_RER2023 2024). This alignment was necessary because cadastral footprints
may exhibit planimetric offsets relative to surveyed ground positions due to differing
acquisition epochs, positional accuracy tolerances, and coordinate transformation
residuals.

Following alignment verification, the spatially consistent footprint polygons were
exported as a GeoJSON file, and the corresponding LiDAR tiles were merged and clipped
to the study area extent to produce a study-area-specific LAZ file. Both outputs, the .laz
point cloud and the .geojson footprint layer, were encoded in a consistent reference
system (WGS 84, EPSG:4326) to satisfy the input requirements of the Roofer

reconstruction engine.
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5.2.3 Phase lll - Automated Reconstruction Using Roofer

Roofer (https://github.com/3DBAG/roofer) is an open-source, command-line tool devel-
oped by the 3DBAG project at Delft University of Technology, designed to automatically
reconstruct 3D building models from a combination of an airborne LiDAR point cloud
and 2D building footprint polygons. Its reconstruction methodology is grounded in
plane-fitting algorithms that identify dominant planar facets within the subset of point
cloud returns overlying each footprint polygon. From these fitted planes, a geometric
roof model is assembled that captures roof type (flat, shed, gabled, hipped, pyramidal,
complex), slope angle, ridge orientation, and eave height.

Roofer was invoked via a Windows command-line environment, with the LAZ and
GeolJSON files as positional arguments. The tool operated on 1,153 source footprints
within the region of interest, identifying candidate reconstruction targets and producing
a CityJSON output file containing the 3D building geometries enriched with per-building
semantic attributes including: building_id, height_m (mean roof height above ground),
area_m2, roof _type classification, slope_deg (estimated roof pitch), pv_suitable (bool-
ean flag for photovoltaic suitability), and ert_kwp (estimated peak kilowatt capacity).
The primary limitation encountered in this phase was insufficient point cloud density
over individual roof surfaces. The regional LiDAR dataset, acquired at an approximate
pulse density of 5-10 pts/m?, proved inadequate for Roofer's plane-fitting routines in
cases of small-footprint buildings, complex multi-faceted roofs, or buildings whose roof
surfaces were occluded by adjacent structures or vegetation at the time of acquisition.
As a result, a significant proportion of reconstructed roofs exhibited partial geometries,
flat roof approximations were returned for buildings known from visual inspection to
possess sloped roofs, representing a systematic underestimation of slope angle and a
consequent bias in PV suitability classification. The Roofer outputs were visually vali-
dated using the Ninja CityJSON viewer, which confirmed these incomplete reconstruc-

tions, necessitating an alternative dense point cloud generation strategy.
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1. Roofer Command Line Processing

The Roofer engine processes LIDAR point clouds and building footprints

2. 3D City Model in CityJSON (Ninja)

The reconstructed rooftops are visualized as a 3D CityJSON model
using the Ninja platform.

to automatically reconstruct rooftop geometries.

0 ? ninja = @ Help
| city objects (EETEED

[ cmd.exe o x

> roofer.exe levigne_utm.laz levigne_footprints_utm.geojson output Al

Region of interest: 759454.020 4892689.257, ; - .
| | = Iy
| o 4

Number of source footprints: 1135 i "‘ i-

Using 3 threads for the reconstru 00 ot s B G — \

s i 1 -

1 2 > B 2 (oo ‘ T p
: Cropping pointcloud ... 4B RS ERCED ‘
8] W hnalt e oy posiiclaud s Sl e Sy
o[ > B 20 (oo
V0| > R 21 (oo \
(g > B 22 (o0
Input Data P
& 3 @ : i € suioe

LIDAR Point Cloud Building Footprints | Output
(laz) (.geojson) i @ 3D City Model
(CityJSON)
23 LiDAR Point Cloud C3-- Building Footprints Roofer Processing 3D City Model . Visualization
AD aes >
)\ (laz) - 3. (geojson) =y (Reconstruction) g (CityJSON) - @ (Ninja)

Figure 3: Roofer Processing and Ninja Viewer

5.2.4 Phase IV - Slope Validation Using Google Earth Engine

To provide an independent, pixel-based validation of roof slope angles, a secondary
methodology was developed using the Google Earth Engine (GEE) JavaScript APl. GEE
provides cloud-based access to the NASA Shuttle Radar Topography Mission (SRTM) and
regional elevation datasets, as well as the capability to compute terrain derivatives, in-
cluding slope (in degrees) and aspect, from DSM imagery at sub-metre resolution via the
ee.Terrain.slope() function.

For each building polygon of interest, a hand-digitised geometry was drawn interactively
on the GEE code editor map interface. The buildingAnalysis.reduceRegions() function
was then applied to compute statistical aggregations (mean, maximum) of the slope ras-
ter within each polygon boundary. The scale parameter was set to 5 metres to leverage
higher-resolution regional elevation data where available, with fallback to 10-metre
SRTM derivatives for buildings without corresponding high-resolution coverage.

While GEE provided a computationally tractable means of slope estimation for individual
buildings, its application to the full study area was impractical due to the manual polygon
digitisation requirement. Each building polygon had to be independently drawn, and

slope statistics were computed per digitisation session rather than as a batch operation
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over the entire footprint layer. This absence of batch automation over the full cadastral
inventory precluded its adoption as a primary reconstruction methodology, relegating

GEE to an auxiliary validation role for qualitatively cross-checking Roofer-derived slope

values against independently derived terrain analysis estimates.

o Statistic Extraction

Slope values are computed using ee.Terrain.slope() on elevation

datasets intersecting manually digitised rooftop polygons.

o Comparison with Roofer Estimates

GEE-derived slope values are compared with Roofer-derived

roof slope estimates for qualitative consistency assessment.
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Figure 4: Google Earth Engine Data Extraction

5.2.5 Phase V - Dense Point Cloud Generation from Google 3D Tile

The fifth methodological phase constituted the principal innovation component of the
workflow and focused on generating dense urban point clouds from Google Photoreal-
istic 3D Tiles.

This phase was developed specifically to overcome the sparse sampling limitations ob-
served during airborne LiDAR reconstruction. Google Photorealistic 3D Tiles are gener-
ated through large-scale multi-view stereo (MVS) photogrammetric reconstruction using
aerial and satellite imagery. Unlike airborne LiDAR, these datasets provide highly detailed
urban surface meshes with dense rooftop continuity. The workflow involved: mesh ac-
quisition, mesh-to-point-cloud conversion, semantic segmentation, and point cloud re-

finement.
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5.2.6 Mesh Acquisition in Blender using Blosm

The Blosm add-in for Blender 5.0 provides a graphical interface for streaming and im-
porting Google 3D Tiles directly into a Blender scene as triangulated mesh objects. The
study area extent was defined as the bounding box corresponding to the Cesena neigh-
bourhood (Le Vigne district), and the Google 3D Tiles data was imported at the highest
available level of detail (LOD). The resulting Blender scene contained a textured 3D mesh
encompassing not only building structures but also terrain, vegetation canopies, street

furniture, and other non-building urban features, collectively referred to as scene noise.

Figure 5: Mesh in Blender

5.2.7 Point Cloud Processing in CloudCompare, CANUPO

The raw Blender mesh was exported as an OBJ file and imported into CloudCompare 2.0,
where it was first sampled into a dense point cloud representation. Point cloud subsam-
pling was performed using an octree-based spatial subsampling strategy to achieve uni-
form spatial density, yielding a point cloud of several million points over the study area
extent. To isolate building surfaces from non-building elements, specifically to remove
ground, vegetation, and noise returns, the CANUPO (Context-Aware Classification from
Normal and Orientation Point cloud Operations) machine-learning classifier plugin was

employed.
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CANUPO is a supervised classification framework that computes multi-scale geometric
descriptors at each point (including dimensionality features derived from eigenvalue de-
composition of local neighbourhood covariance matrices: linearity, planarity, sphericity,
and verticality) and trains a Support Vector Machine (SVM) classifier using labelled train-
ing samples. Three binary classifiers were configured: (1) ground vs. non-ground, (2) veg-
etation vs. non-vegetation, and (3) building vs. non-building. By applying the classifiers
sequentially and retaining only points classified as belonging to building surfaces, a se-
mantically filtered point cloud containing exclusively roof and facade geometries was
produced.

This cleaned point cloud was subsequently exported from CloudCompare as a LAZ file
using custom LAS scale and offset parameters to preserve spatial precision, and served
as the dense, high-fidelity point cloud input to the Roofer reconstruction engine in a
second reconstruction pass.

5.2.8 Phase VI - Dense Reconstruction Using Roofer

With the Google 3D Tiles-derived dense point cloud substituting the sparse LiDAR input,
the Roofer reconstruction pipeline was re-executed over the study area footprints. The
substantially higher point density over roof surfaces enabled Roofer's plane-fitting
algorithms to resolve fine-grained roof geometry features that had been unresolvable
with the sparse regional LiDAR. The resulting CityJSON model, validated in both the Ninja
CityJSON viewer and the Autodesk Viewer (AEC format), demonstrated significantly
improved roof completeness, with the proportion of flat-roof approximations

substantially reduced and the accuracy of slope angle estimates considerably improved.

5.2.9 Phase VIl — Semantic Enrichment and Classification

The final methodological phase focused on semantic enrichment and Urban Digital Twin
generation. The reconstructed CityJSON models were enriched with building-level se-

mantic attributes including slope_deg, roof type, aspect, and ert_kwp.
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Table 1: Classification and Semantic Enrichment

Semantic Enrich-

ment Component

Description / Function within Urban Digital Twin Framework

Purpose of Seman-

tic Enrichment

Transformed reconstructed building geometry from purely visual
3D models into analytically interpretable Urban Digital Twin en-

tities suitable for urban energy analysis.

Integrated Meth-

odology

COMPOD-based machine learning classification was incorpo-
rated to automate semantic categorisation of reconstructed

buildings.

Classification Pa-

rameters

Building geometries were semantically analysed using roof mor-
phology, building height, aspect distribution, roof slope charac-

teristics

Semantic Output

Generated semantically enriched building entities with rooftop

energy intelligence attributes.

Integrated Urban
Digital Twin Com-

ponents

The final Urban Digital Twin framework combined: geometric re-

construction, semantic classification, rooftop energy intelligence

Data Framework /

Interoperability

All enriched entities were organised within a unified interopera-

ble CityJSON framework.

Application Do-

main

Suitable for neighbourhood-scale photovoltaic suitability assess-

ment and smart city energy analysis.
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6 Key Considerations

The proposed methodology was developed while keeping in view the following consid-
erations including coordinate reference systems, python scripting and a machine learn-
ing algorithm.

6.1 Coordinate Reference System Management

A persistent challenge throughout the pipeline was the management of heterogeneous
coordinate reference systems across data sources. The cadastral footprints were deliv-
ered in EPSG:4326 (geographic, WGS 84), the LiDAR tiles in EPSG:25832 (UTM Zone 32N,
ETRS89), the DSM/DTM rasters in EPSG:25832, and the Google 3D Tiles mesh in a local
Blender coordinate system anchored to a user-defined geographic origin. All spatial data
operations requiring metric distance computation (slope angle, area, height) were per-
formed in a projected UTM coordinate system (EPSG:25832 or EPSG:32632 depending
on the tool), while file interchange formats (GeoJSON, KML) were encoded in EPSG:4326
to ensure cross-tool compatibility. Projection transformations were handled using QGIS's
built-in reprojection algorithms (GDAL OGR) and custom Python scripts leveraging the
pyproj library.

6.2 Python Scripting for Geometry Attribute Computation

A suite of Python scripts was developed to bridge tool-specific output formats and to
compute derived geometric attributes not natively produced by any single tool. Key
scripts included: a slope angle computation module that ingested the manually collected
eave/ridge coordinate CSV alongside the cadastral KML footprints to calculate per-build-
ing slope degree via trigonometric analysis; a coordinate transformation script managing
EPSG:4326 to EPSG:25832 reprojection for LiDAR alignment; and a mesh-to-point-cloud
conversion script that processed Blender OBJ exports into CloudCompare-compatible

formats using Open3D and laspy libraries.
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6.3 COMPOD Machine Learning Integration

In the terminal phase of the pipeline, the COMPOD (COMplex Polygonal Object Detec-
tion) machine learning algorithm was applied to the enriched 3D building model outputs
for automated classification of building attributes. COMPOD operates on geometric and
contextual features extracted from CityJSON building objects, including roof slope distri-
bution, building height, footprint compactness, and aspect orientation, to produce build-
ing-level classification outputs. The integration of COMPOD within the pipeline repre-
sents a transition from purely geometric reconstruction to semantically enriched build-

ing intelligence.

Le Vigne, Cesena — 3D Reconstruction Comparison

Roofer Results COMPOD Results
(Traditional Algorithm) (Al-based Algorithm)

LoD2.2
reconstructed

Full LoD2
reconstructed

' “— Failed

Skipped
LoDO only
(failed)
Partial
reconstruction
B LoD2.2 reconstructed 44.9% B Full LoD2 reconstructed 71.7%
Bl LoDO only (failed) 44.9% M Partial reconstruction 21.5%
[ Skipped 10.2% M Failed 6.8%

COMPOD (Al-based algorithm) significantly outperforms the traditional Roofer approach,
achieving a higher percentage of complete (LoD2) reconstructions and fewer failures.

Figure 6: Comparison of Results

6.4 Experimental Workflow

Figure 7 presents the overall methodological framework developed for the generation
of a semantically enriched Urban Digital Twin (UDT) of the Le Vigne district in Cesena,
Italy. The workflow follows a multi-stage geospatial reconstruction pipeline integrating

heterogeneous spatial datasets, airborne LiDAR point clouds, dense photogrammetric
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meshes, semantic segmentation techniques, and automated roof reconstruction algo-
rithms within a unified and interoperable architecture. The methodology was specifically
designed to address limitations associated with sparse LiDAR-based roof reconstruction
and the lack of semantically enriched 3D building models. Through progressive stages of
data acquisition, point cloud preprocessing, semantic classification, rooftop reconstruc-
tion, validation, and CityJSON-based model generation, the workflow incrementally im-
proves both geometric fidelity and semantic completeness, enabling the extraction of
roof slope, roof typology, and aspect orientation for neighbourhood-scale urban energy

analysis.

A Multi-Stage Point Cloud and 3D Building Reconstruction Pipeline for the Cesena Neighbourhood
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Figure 7: Overall Workflow Architecture

As illustrated in Figure 7, the proposed workflow follows a progressive refinement strat-
egy in which geometric reconstruction accuracy and semantic completeness are incre-
mentally enhanced through successive processing stages. The integration of sparse in-
stitutional LiDAR data with dense photogrammetric point clouds enables comparative
evaluation of reconstruction methodologies while simultaneously improving roof-plane
extraction reliability for complex urban morphologies. The final output of the pipeline
consists of a semantically enriched CityJSON-based Urban Digital Twin containing in-
teroperable building-level attributes suitable for neighbourhood-scale rooftop solar

analysis, urban energy assessment, and future smart-city applications.
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7 Results

The first reconstruction experiment employed the institutional airborne LiDAR dataset
acquired from the Emilia-Romagna regional geoportal as the primary elevation source

for automated roof reconstruction using Roofer.

Sparse LiDAR (ALS Point Cloud) ﬁ:\g;:;::::g;?:g}:ﬁ

Point Cloud
(3D View)

X

3D Model
(Shaded View)

%,

Classification
(Roof Suitability)

Not Suitable Suitable B Notsuitable [l Suitable L~x

Top View
(Planar Projection)

Figure 8: Mesh Comparison

The results demonstrated that sparse airborne LiDAR could support generalized LoD2
urban reconstruction; however, important geometric limitations emerged when
modelling complex residential rooftops. The LiDAR dataset exhibited an approximate
density of 5-10 pts/m?, which proved sufficient for reconstructing large planar surfaces
and overall building volumes but inadequate for resolving narrow ridges, intersecting
roof planes, dormers, and multi-faceted roof geometries. Consequently, several
buildings were reconstructed with simplified or flat roof approximations due to
incomplete roof-plane segmentation.

These findings are consistent with previous LiDAR reconstruction studies reporting
reduced plane-fitting reliability under sparse sampling conditions. Geometric

incompleteness was particularly evident in areas affected by vegetation occlusion and
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dense urban clustering, where reduced rooftop sampling negatively influenced ridge
continuity and roof-edge delineation. Although the resulting CityJSON outputs preserved
overall volumetric consistency, the geometric simplifications introduced uncertainty into
roof slope estimation and photovoltaic suitability classification. Nevertheless, the sparse
LiDAR workflow demonstrated strong vertical consistency and reliable terrain
representation, indicating that airborne laser scanning remains suitable for generalized
LoD2 urban modelling where high-resolution rooftop analysis is not required.

The dense reconstruction experiment employed point clouds generated from Google
Photorealistic 3D Tiles following mesh extraction in Blender and semantic segmentation
in CloudCompare. Compared with the sparse LiDAR workflow, the dense
photogrammetric reconstruction produced substantially improved rooftop continuity,
geometric completeness, and architectural detail. The higher point density enabled
Roofer’s plane-fitting algorithms to reconstruct complex roof geometries with greater
stability. Multi-faceted residential roofs, gabled structures, and sloped roof planes that
previously collapsed into flat approximations were reconstructed with improved
geometric coherence. Ridge continuity and roof-edge definition were also significantly
enhanced.

A major improvement concerned the reduction of flat-roof fallback classifications
observed during the sparse LiDAR reconstruction. The dense photogrammetric point
cloud enabled more accurate extraction of roof slope, roof orientation, roof typology,
and usable roof area, all of which are critical variables for rooftop photovoltaic analysis.
However, several limitations remained. Since Google 3D Tiles are derived from image-
based reconstruction rather than direct elevation measurement, the generated meshes
occasionally contained stitching artefacts, surface irregularities, and reconstruction
noise. These distortions were most visible near vegetation boundaries and shadowed
regions where photogrammetric surface matching becomes unstable. Despite these
limitations, the dense reconstruction workflow produced substantially higher urban
representation fidelity than the sparse LiDAR approach.

Comparative evaluation between sparse airborne LiDAR and dense photogrammetric

reconstruction revealed significant differences in geometric quality, semantic
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consistency, and rooftop analytical suitability. The most influential factor was point-cloud
density. Sparse LiDAR provided reliable elevation measurements but insufficient rooftop
sampling for stable roof-plane extraction. In contrast, the dense photogrammetric
workflow significantly improved roof continuity, ridge preservation, roof-plane
segmentation, and roof typology reconstruction. These findings support previous
research indicating that dense photogrammetric point clouds often outperform sparse
airborne LiDAR in residential rooftop reconstruction. However, important trade-offs
were identified. Airborne LiDAR exhibited stronger metric reliability and reduced
susceptibility to surface artefacts because laser scanning directly measures elevation
independently of illumination conditions. Conversely, photogrammetric reconstruction
provided greater geometric richness but introduced localized distortions caused by
image matching and mesh stitching. The comparative analysis therefore highlights a
balance between elevation reliability and geometric completeness. The integration of
both datasets proved advantageous because LiDAR contributed vertical consistency
while photogrammetric reconstruction enhanced rooftop detail and semantic
reconstruction quality.

Semantic enrichment transformed the reconstructed geometries from visualization-
oriented models into analytically usable Urban Digital Twin entities. The final CityJSON
outputs contained building-level semantic attributes including roof slope degree
(slope_deg), roof typology (roof type), roof orientation, photovoltaic suitability
(pv_suitable), and estimated peak photovoltaic capacity (ert_kwp). The dense
photogrammetric workflow generated substantially more coherent semantic outputs
because improved roof-plane segmentation reduced ambiguities in roof classification
and slope estimation. The extracted slope values reflected realistic residential roof
characteristics within the Le Vigne district, while aspect analysis revealed varying solar
exposure conditions across the study area. Buildings exhibiting coherent roof planes,
moderate roof slopes, and sufficient usable rooftop area were classified as suitable for
photovoltaic installation. The semantic enrichment process therefore extended the

contribution of the research beyond geometric reconstruction by producing a
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semantically interpretable Urban Digital Twin suitable for urban energy analysis, rooftop
solar assessment, and future smart-city applications.

Visualization quality also played an important role in assessing the operational usability
of the reconstructed Urban Digital Twin. The final CityJSON outputs were visualized using
Ninja CityJSON Viewer, QGIS, and Autodesk Viewer. The dense reconstruction workflow
produced visibly improved architectural realism compared with the sparse LiDAR
outputs, with roof structures exhibiting stronger geometric continuity, more coherent
roof typologies, and improved semantic interpretability. CityJSON proved particularly
effective for representing semantically enriched urban models because it preserved
interoperability while maintaining lightweight data structures suitable for visualization
and analysis. The resulting Urban Digital Twin successfully integrated heterogeneous
geospatial datasets, semantic roof reconstruction, machine learning-based
segmentation, and rooftop solar suitability analysis within a unified interoperable
framework. Consequently, the generated model represents not only a visualization
environment but also an analytical geospatial infrastructure capable of supporting future
applications in urban energy planning, rooftop solar assessment, and sustainable smart-
city development.

However, several residual sources of geometric error and processing uncertainty remain
within the pipeline. First, the Google 3D Tiles mesh, while exhibiting high surface density,
is itself a photogrammetric reconstruction artefact, small-scale surface irregularities,
mesh stitching seams, and texturing artefacts may introduce localised noise into the
derived point cloud that biases plane-fitting. Second, the CANUPO classification, while
effective at separating ground and vegetation from building surfaces at neighbourhood
scale, may misclassify overhanging trees adjacent to building rooftops as building points,
introducing spurious points into the roof point cloud subset. Third, the absence of a
dense, independent validation reference dataset, such as a high-accuracy terrestrial
laser scanning survey of representative buildings, precludes rigorous quantitative
accuracy assessment of slope angle estimates. The GEE-derived slope values were used
as a qualitative cross-check only, given the coarser resolution of available satellite-

derived elevation products in the study area.
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8 Discussion

The research makes several important technical contributions to the fields of Urban Dig-
ital Twins (UDTs), geospatial reconstruction, and rooftop photovoltaic analysis through
the development of a modular multi-stage reconstruction pipeline integrating heteroge-
neous geospatial datasets within a unified semantic framework. A primary contribution
lies in the demonstrated integration of sparse institutional airborne LiDAR datasets with
dense photogrammetric urban meshes derived from Google Photorealistic 3D Tiles for
neighbourhood-scale roof reconstruction. Existing urban reconstruction workflows fre-
quently rely exclusively on either airborne laser scanning or photogrammetric recon-
struction, each of which presents inherent limitations related to point density, geometric
reliability, or semantic completeness.

The proposed methodology demonstrates that combining these data modalities within
a sequential reconstruction architecture substantially improves roof-plane continuity,
ridge preservation, and rooftop semantic extraction. In particular, the integration of
dense photogrammetric point clouds with Roofer reconstruction workflows enabled sig-
nificantly improved extraction of roof slope, roof typology, and roof orientation attrib-
utes, which are critical variables for photovoltaic suitability assessment. The incorpora-
tion of CANUPO-based semantic segmentation further extends the contribution of the
research by introducing machine learning-driven filtering of urban point clouds prior to
reconstruction, thereby improving building-surface isolation within geometrically noisy
photogrammetric environments. The resulting CityJSON-based Urban Digital Twin there-
fore represents not only a geometric reconstruction framework but also a semantically
enriched analytical infrastructure capable of supporting energy-oriented urban applica-
tions.

Beyond the technical reconstruction workflow itself, the findings carry broader scientific
implications for geospatial analytics, semantic city modelling, and smart-city research.
The comparative evaluation between sparse airborne LiDAR and dense photogrammet-
ric reconstruction highlights the increasing importance of hybrid geospatial reconstruc-
tion paradigms within contemporary urban informatics. The results demonstrate that

point cloud density exerts a greater influence on roof-plane reconstruction
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completeness than previously emphasized in many generalized LoD2 modelling studies.
This has direct implications for urban energy modelling because rooftop photovoltaic
suitability assessment depends heavily on accurate representation of roof morphology,
aspect orientation, and slope geometry.

The research additionally contributes to the growing transition from visualization-ori-
ented 3D city models toward semantically interpretable Urban Digital Twins capable of
supporting analytical and simulation-based applications. By embedding semantic attrib-
utes such as slope_deg, roof type within the CityJSON structure, the workflow demon-
strates how semantic enrichment can transform reconstructed geometry into machine-
readable urban intelligence suitable for integration into smart-city decision-support sys-
tems. Furthermore, the use of open geospatial standards and interoperable formats
strengthens the methodological relevance of the research within broader GIS and digital-
twin ecosystems where cross-platform compatibility and data exchange remain persis-
tent challenges.

Despite the methodological advances achieved, several limitations remain that must be
critically acknowledged. The first limitation concerns the sparse institutional LiDAR da-
taset itself, whose moderate point density constrained reliable reconstruction of com-
plex residential rooftops. Although the integration of dense photogrammetric recon-
struction partially addressed this issue, the sparse LiDAR workflow still produced incom-
plete roof-plane segmentation and flat-roof approximations for geometrically complex
structures. A second limitation arises from the use of Google Photorealistic 3D Tiles as a
dense reconstruction source.

While the photogrammetric meshes exhibited substantially improved rooftop continuity,
they also introduced reconstruction artefacts associated with image-based multi-view
stereo processing, including stitching irregularities, local surface distortions, and vegeta-
tion-induced noise. Because Google’s reconstruction pipeline is proprietary, rigorous
guantitative assessment of geometric accuracy was not feasible. Similarly, the semantic
segmentation stage remained sensitive to classifier training quality and neighbourhood-
scale parameterization, particularly in regions where vegetation and rooftop boundaries

intersected.
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Another important limitation concerns the absence of high-precision terrestrial laser
scanning or ground-truth survey data for quantitative benchmarking of roof slope accu-
racy. Consequently, validation relied primarily on comparative reconstruction con-
sistency, visual inspection, and supplementary terrain slope verification rather than ab-
solute geometric error metrics. Nevertheless, these limitations do not diminish the
methodological value of the research; rather, they reflect broader unresolved challenges
currently affecting neighbourhood-scale Urban Digital Twin reconstruction within open

and heterogeneous geospatial ecosystems.
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9 Conclusion and Future Work

The research presented in this thesis developed and validated a multi-stage Urban Digital
Twin (UDT) reconstruction pipeline for the Le Vigne district in Cesena, Italy, integrating
heterogeneous geospatial datasets, airborne LiDAR point clouds, dense photogrammet-
ric meshes, semantic segmentation techniques, and automated roof reconstruction al-
gorithms within a unified semantic modelling framework. The findings demonstrated
that sparse institutional airborne LiDAR datasets, while geometrically reliable for gener-
alized LoD2 urban modelling, exhibit important limitations when reconstructing complex
residential roof morphologies required for rooftop photovoltaic suitability assessment.
In contrast, the integration of dense photogrammetric point clouds derived from Google
Photorealistic 3D Tiles significantly improved roof-plane continuity, ridge preservation,
and rooftop semantic extraction.

The comparative reconstruction experiments confirmed that point cloud density plays a
decisive role in the accuracy and completeness of automated roof reconstruction work-
flows. Furthermore, the integration of semantic enrichment procedures enabled the
generation of CityJSON-based Urban Digital Twin models containing analytically mean-
ingful building attributes including roof slope, roof typology, aspect orientation, and pho-
tovoltaic suitability indicators. Collectively, the results demonstrate the feasibility of gen-
erating semantically enriched and geometrically coherent neighbourhood-scale Urban
Digital Twins using interoperable geospatial processing pipelines built upon both institu-
tional and publicly accessible datasets.

The research objectives defined at the outset of the study were successfully achieved
through the implementation and evaluation of the proposed methodology. The first ob-
jective concerning the extraction of accurate sloped roof geometries from open geospa-
tial datasets was addressed through both manual photogrammetric analysis and auto-
mated reconstruction using Roofer. The second objective related to rooftop semantic
enrichment and photovoltaic suitability representation was achieved through the inte-
gration of roof slope, roof orientation, and energy-related semantic attributes within the
final CityJSON model. The methodological objective of integrating heterogeneous da-

tasets into an interoperable geospatial reconstruction framework was accomplished
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through systematic spatial harmonisation, coordinate transformation, semantic segmen-
tation, and automated reconstruction procedures implemented across QGIS, CloudCom-
pare, Blender, Roofer, and Google Earth Engine environments.

Additionally, the implementation of the workflow within the Le Vigne district provided a
realistic neighbourhood-scale validation environment through which the robustness,
scalability, and practical applicability of the proposed Urban Digital Twin architecture
could be critically evaluated. The research therefore addressed the identified problem
of insufficient rooftop geometric fidelity within existing urban reconstruction workflows
while simultaneously demonstrating the analytical value of semantically enriched 3D city
models for rooftop solar assessment.

From a broader scientific perspective, this thesis contributes to the advancement of Ur-
ban Digital Twin research, LiDAR-based geospatial analytics, semantic city modelling, and
smart-city geoinformatics. One of the principal contributions lies in demonstrating the
operational integration of sparse airborne LiDAR datasets with dense photogrammetric
urban meshes within a unified reconstruction framework. The research further contrib-
utes to the growing transition from visualization-oriented 3D city models toward seman-
tically interpretable Urban Digital Twins capable of supporting analytical urban applica-
tions. By integrating machine learning-based semantic segmentation and CityJSON se-
mantic enrichment into the reconstruction workflow, the study establishes a scalable
methodological foundation for generating machine-readable urban intelligence suitable
for rooftop solar analysis and future smart-city systems.

The findings additionally highlight the increasing relevance of hybrid reconstruction par-
adigms in contemporary geospatial research, where no single data modality inde-
pendently satisfies the requirements for geometric accuracy, semantic completeness,
and computational scalability. In this regard, the proposed workflow contributes to on-
going efforts within urban geospatial informatics to develop interoperable, semantically
enriched, and analytically operational digital representations of urban environments.
Although the proposed methodology demonstrated strong performance within the
neighbourhood-scale case study, several opportunities remain for future research and

methodological refinement.
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One important extension concerns the integration of deep learning-based rooftop object
detection frameworks capable of automatically identifying existing photovoltaic installa-
tions directly from dense photogrammetric meshes or high-resolution aerial imagery.
Such integration would significantly enhance the semantic richness of Urban Digital
Twins by enabling direct modelling of rooftop solar infrastructure rather than relying
solely on geometric suitability estimation.

Future research could additionally incorporate physically based solar irradiance simula-
tion models to transform the current geometry-oriented workflow into a fully opera-
tional urban energy simulation environment. Another promising direction involves re-
placing conventional plane-fitting reconstruction algorithms with graph neural networks
or transformer-based point cloud segmentation frameworks capable of handling highly
irregular roof morphologies with greater robustness.

From a scalability perspective, future studies should investigate cloud-native geospatial
processing architectures and distributed point cloud analytics capable of extending the
proposed workflow from neighbourhood-scale implementation to city-scale or regional
Urban Digital Twin generation. Such developments would support large-scale deploy-
ment of semantically enriched digital urban environments while maintaining computa-
tional efficiency and interoperability.

Finally, rigorous quantitative validation using terrestrial laser scanning or UAV-based
photogrammetric surveys would provide more robust geometric benchmarking and sup-
port systematic evaluation of reconstruction uncertainty. Such developments would fur-
ther strengthen the role of semantically enriched Urban Digital Twins as operational in-
frastructures for sustainable urban planning, rooftop solar deployment, and data-driven

smart-city governance.
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Figure 19: Overlaying of DSM on 2D Regional Footprints

(@ *Untitled Project — QGIS
Project Edit View Layer Settings Plugins Vector Raster Database Web Mesh Progessing Help

DEBARRE QLA PpraiBatBOR "B RN QBRI T -6
LA RN 1 : : a= : AQQR Ak |
LOF:4

Browser ol
Qev®o

T Favorites
» [ Spatial Bookmarks
» [&] Home
D
> [ DA (New Volume)

@ GeoPackage

/£ Spatialite

@ rostgresal [~
Layers B8
cBwmTE-R20O

v [H tevigne footprints utm
~ v 9 meshagis

z
7006

26592
~ vV §6 mesh2
z

7406

%63

s

Coordinate| 759637, 4893878 @ Scale |1:7568 |~ | Magnifier 100% < Rotation [0.0° 3|V Render @Epsc262 @

Figure 20: Mesh Overlaying on Polygons

NEBRRY (LA NPP 2. BabtlOR N-8-& &% QGE#IE =6
BV A MEBWR V4 - =g g : AQOER &

Browser BE
gSsv=x0

¢ Favorites =
» " Spatial Bookmarks

»Oa
» [ DA (New Volume)

@ GeoPackage

£ SpatiaLite

@ rostgresal =
Layers (-

¢ BeVEGE-RAO
' [M tevigne footprints utm
v levigne lidar_real ?

|

Ground
v M tuilding

Coordinate | 43°, -41° | B Scale 107548064 ~ | @ Magnifier | 100% 2| Rotaton [0.0° 3| ViRender @®epscaize @

Figure 21: Classification of Pointcloud



66

f) 52 L =r L e owm Loating 1 tle(s)

Rotation [0.0°

Figure 22: Resulting 3D View

@ *dsmCESENA — QGIS - B X

Project Edit Miew layer Settings Plugins Vector Raster Database Web Mesh Progessing Help

= ‘ » ’ dim P = BB )
8 el U P LS s e

@VLaRBW /

= |G

Browser @E Identify Results 2%
T®O 2 - I Sl SR |
Favorites = Feature Value
+ 1% spatial Bookmarks = cesena buildings results
» [ Project Home ~ building id KMLExtr_6f50d8e6-87fc-4e52-b522-0 30610463091
» [d] Home b Derived)
v D Cy » (Actions)
v D3 (New Volume) e ot . _ ~
@ coomr building id KMLExtr_8150d8e6-B7fc-4e52- 0622 28610463081
¥ GeoPackage height_m 1176
£ spatialite i 185
@ rostgresal slope._deg [}
! SAP HANA ype flat
5 STAC pv_stitable e
P 1S SQL Server pv_area m2 925
@ Omde est_kwp 54
@ wMmswmTS =
Layers IR
< e T &3 1t
v 0.0_extruded (1) — cesena_ ~
= ¥ [ cesena buildings results
v Jo-ss
&)
v s Python Cansole ‘ Im
L =T ) == S 1| Q »
v [ o-126 u —
v [l 125170 3 0.0-deg |~ 2 umedopy X v
vl s = B
= ¥ ¥ dsm cesena copd.tif 3 1037 (88,9 2
Band 1 ) 4
Hods | Current Layer -
b Identifying done. Coordinate | 44.128672°, 12 248266° 9§ Scale 1:455 - | @ Magnifier| 100% 2| Rotation [00° 2| v Render @EpsGaze @)

Figure 23: Slope Degree Estimation in QGIS



67

T C\Windows\System32\cmde X 4+ v

Microsoft Windows [Version 10.6.26200.8037]
(c) Microsoft Corporation. All rights reserved.

C:\Users\DELL\Downloads\roofer-windows-x64-v1.0.0-beta.5>bin\roofer.exe levigne_utm.laz levigne_footprints_utm.geojson o
utputd

[2026-63-18 17:51:08.1357746] INFO Region of interest: 759454.020 U4892689.257, 760290.894 4893936.023
[2026-03-18 17:51:08.1358067] INFO Number of source footprints: 1153

[2026-03-18 17:51:08.1358973] INFO Using 3 threads for the reconstructor pool, 8 threads in total (system offers 8)

[2026-63-18 17:51:08.1376838] INFO [serializer] Writing output to outputd
[2026-03-18 17:51:08.1761651] INFO Simplifying and buffering footprints...
[2026-63-18 17:51:08.2403236] INFO Cropping pointcloud
[2026-03-18 17:51:08.3160863] INFO Analysing pointcloud

C:\Users\DELL\Downloads\roofer-windows-x64-v1.0.0-beta.5>

Figure 24: Roofer Commands to Generate 3D Model
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e I [how s e o NS 0 8 O | oo e
Fiiter scripts , 23 var roofStats = buildingAnalysis. reduceRegions({
~ Owner (1) 25+  reducer: ee.Reducer.mean().combine({ ~ Pixels

5 26 reducer2: ee.Reducer.max(), ~Roof Pitch (Slope): Image (1 band)

wzslnahSen/levigne 27 sharedInputs: true roof_slope: ©.1444268524646759
B UntitledFile 2 ;i -
~ Writer 29 scale: 5 // Smaller scale for better detail on single roof » Objects

No accessible repositories. Click Refresh to check again ;‘: s
~Raadar 32 // 4. Visualization

No accessible repositories. Click Refresh to check again 33 Map.centerbject(geometry,
~ Archive 34 Map.setOptions('SATELLITE');

No accessible repositories. Click Refresh to check again. =

36 // Visualize the Slope layer to see the pitch of the roof
> Examples 37 var slopeVis = {min: @, max: 45, palette: ['blue', 'yellow’, ‘red']};
38 Map.addLayer(slopelmage. clip(geometry.buffer(19)), slopeVis, ‘Roof Pitch (Slope)');

40 // 5. Output the results to the Console
41 print(’Calculatad Roof Data:’, roofStats);|
a2

43 // Pro-tip: Click a polygon in the map with the "Inspector” tab
48 // to see its specific height and slope values.
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Figure 27: GEE Slope Calculation
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40 5 put Results
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41 print('Calculated Roof Data:’, roofStats);
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Figure 29: Mesh Extraction via Blosm Plugin
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Figure 31: Google 3D Tiles Mesh in Blender
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Figure 34: 3D Model View in Autodesk Viewer
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Figure 35: Classification of Sloped Roofs and Walls



