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Abstract

The construction and operation of industrial buildings benefit significantly from semantically
rich 3D building models that contain accurate and up-to-date data. When changes to the
physical facility are automatically reflected in its digital representation, this synchronized
digital model can be referred to as a Digital Shadow. Conventional methods for creating
such Digital Shadows of industrial buildings are inadequate, as they rely on costly and
time-consuming manual data collection by experts. This economic barrier often leads
project stakeholders to abandon holistic, data-centric approaches, sacrificing process
efficiency in both the construction and operation phases.

Recent technological advances in data collection and processing methods offer potential
for automating these processes, thereby significantly increasing the economic viability
of holistic, data-driven approaches. However, realizing tangible benefits for industrial
buildings requires solutions that extend beyond the current state of the art in individual
domains. This work presents three novel, independent yet complementary methods that
contribute to the creation of a Digital Shadow for industrial buildings.

The first method addresses the acquisition of point cloud data through stationary laser
scanning. To ensure that collected data meets application-specific requirements while
maintaining efficiency, this dissertation developed an approach that automatically deter-
mines optimal scanning strategies based on complex environmental models. This method
considers both technical requirements for data quality and the parameters of available
scanning equipment. The approach was tested in various scenarios and validated through
comparative experiments, where scanning strategies created manually by experts were
benchmarked against the automated method.

The second method tackles semantic segmentation of point clouds using deep neural
networks. While supervised learning approaches can achieve robust results, they re-
quire substantial annotated training data – a resource lacking in the industrial buildings
domain. An approach was developed to generate synthetic, fully annotated point cloud
data from semantically rich 3D building models commonly used for industrial facilities.
This method employs realistic laser scan simulation and was rigorously compared with a
simple sampling-based approach to evaluate how synthetic training data affects network
performance when segmenting real point cloud data from industrial contexts.

The third method focuses on specific point cloud enrichment for automated model re-
construction. Using semantically segmented point clouds from the second method as
input, a process was developed to automatically create high-quality, semantically rich
geometry models for systems of elongated components. This approach leverages local
geometric features at micro and macro levels, along with sequential heuristics, to iteratively
separate semantic segments into individual instances. These instance clusters enable the
identification of standardized profile cross-sections through multi-objective evolution-based



optimization. The result is a partially parametric building model created via procedural
geometry operations, which is exported with all semantic information in the internationally
standardized Industry Foundation Classes (IFC) exchange format.

Together, these three methods provide a comprehensive framework for creating and
maintaining Digital Shadows of industrial buildings, enabling more efficient construction
and operation through automated, data-driven processes.



Zusammenfassung

Der Bau und Betrieb von Industriegebäude pro�tieren erheblich von semantisch reich-

haltigen 3D-Gebäudemodellen, die genaue und aktuelle Daten enthalten. Wenn Änderun-

gen an der physischen Anlage automatisch in ihrer digitalen Repräsentation abgebildet

werden, kann dieses synchronisierte digitale Modell als Digitaler Schatten bezeichnet

werden. Herkömmliche Methoden sind zur Erstellung solcher Digitalen Schatten von

Industriegebäuden unzureichend, da sie auf kostspieliger und zeitaufwändiger manueller

Datenerfassung durch Experten beruhen. Diese wirtschaftliche Barriere führt Projek-

tbeteiligte oft dazu, ganzheitliche, datenzentrierte Ansätze aufzugeben und somit der

Prozessef�zienz sowohl in der Bau- als auch in der Betriebsphase zu schaden.

Aktuelle technologische Fortschritte im Bereich der Datenerfassung und Verarbeitungsmeth-

oden bieten das Potenzial diese Prozesse zu automatisieren und dadurch die wirtschaftliche

Machbarkeit ganzheitlicher, datengetriebener Ansätze erheblich zu steigern. Um jedoch

substanzielle Vorteile für Industriegebäude zu realisieren, sind Lösungen erforderlich, die

über den aktuellen Stand der Technik in einzelnen Fachdomänen hinausgehen. Diese

Arbeit präsentiert drei neuartige, unabhängige und dennoch komplementäre Methoden,

die zur Generierung eines Digitalen Schattens für Industriegebäude beitragen.

Die erste Methode adressiert die Erfassung von Punktwolkendaten mittels stationärem

Laserscanning. Um sicherzustellen, dass die erfassten Daten anwendungsspezi�sche

Anforderungen erfüllen und gleichzeitig Ef�zienz zu gewährleisten, wurde im Rahmen

dieser Dissertation ein Ansatz entwickelt, der automatisch optimale Scanstrategien auf

Basis komplexer Umgebungsmodelle generiert. Diese Methode berücksichtigt sowohl

technische Anforderungen an die Datenqualität als auch die Parameter der verfügbaren

Laserscanner. Der Ansatz wurde in verschiedenen Szenarien evaluiert und durch vergle-

ichende Experimente validiert, bei denen manuell von Experten erstellte Scanstrategien

mit Ergebnissen der automatisierten Methode gegenübergestellt wurden.

Die zweite Methode befasst sich mit der semantischen Segmentierung von Punktwolken

mittels tiefer neuronaler Netzwerke. Während überwachte Lernansätze robuste Ergebnisse

erzielen können, benötigen sie umfangreiche annotierte Trainingsdaten – eine Ressource,

an der es im Bereich der Industriegebäude mangelt. Es wurde ein Ansatz entwickelt,

um synthetische, vollständig annotierte Punktwolkendaten aus semantisch reichen 3D-

Gebäudemodellen zu generieren, die in der Industrie häu�g Anwendung �nden. Diese

Methode implementiert eine realistische Laserscan-Simulation und wurde systematisch

mit einem einfachen Sampling-basierten Ansatz verglichen, um zu evaluieren, wie syn-

thetische Trainingsdaten die Leistungsfähigkeit des Netzwerks bei der Segmentierung

realer Punktwolkendaten aus industriellen Kontexten beein�ussen.

Die dritte Methode fokussiert sich auf die spezi�sche Anreicherung von Punktwolken zum

Zweck der automatisierten Modellrekonstruktion. Unter Verwendung semantisch seg-



mentierter Punktwolken aus der zweiten Methode als Eingangsdaten wurde ein Prozess

entwickelt, um automatisch hochwertige, semantisch reiche Geometriemodelle für Sys-

teme aus länglichen Komponenten zu erstellen. Dieser Ansatz nutzt lokale geometrische

Merkmale auf Mikro- und Makroebene sowie sequenzielle Heuristiken, um semantis-

che Segmente iterativ in individuelle Instanzen zu separieren. Diese Instanzcluster

ermöglichen die Identi�kation standardisierter Pro�lquerschnitte durch multikriterielle, evo-

lutionsbasierte Optimierung. Das Resultat ist ein teilparametrisches Gebäudemodell, das

mittels prozeduraler Geometrieoperationen generiert und mit allen semantischen Infor-

mationen im international standardisierten Austauschformat Industry Foundation Classes

(IFC) exportiert wird.

In ihrer Gesamtheit bieten diese drei Methoden eine umfassende Methodik für die Erstel-

lung und P�ege Digitaler Schatten von Industriegebäuden und ermöglichen somit einen

ef�zienteren Bau und Betrieb durch automatisierte, datengesteuerte Prozesse.
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Chapter 1

Introduction

The sector of Architecture, Engineering, Construction, and Operations (AECO) is dealing

with all lifecycle phases of built assets. AECO projects are inherently complex and involve

a variety of stakeholders with diverse interests and expertise. Throughout all planning

phases up to construction and operation, these stakeholders have different information

requirements and return heterogeneous information to the project. The method of Building

Information Modeling (BIM) aims to empower stakeholders and improve the projects by

operating on the basis of a commonly used, information-rich, and accurate digital model

(Borrmann et al., 2018; Sacks et al., 2018).

BIM models represent a static, manually created snapshot of a built asset at a speci�c

point in time, most commonly at the as-designed stage. Recent advances in data acquisi-

tion technologies and computational methods enable partial automation of creating and

updating these models. When a digital representation continuously re�ects the current

state of the physical facility through automated processes, it is referred to as a Digital

Shadow (DS) – a concept that addresses the gap between static models and changing

physical reality (see Section 2.1.3). Figure 1.1 illustrates this relationship in an industrial

context. The comparison demonstrates the complexity involved: raw laser scanning point

clouds (Figure 1.1a) capture the physical environment but present signi�cant challenges

due to occlusions, density variations, and noise, while the processed digital model in the

DS (Figure 1.1b) represents this information in a structured, semantically rich form suitable

for various applications.

(a) (b)

Figure 1.1: Overview of the source and target data for creating the Digital Shadow of an
industrial facility: Identical sections of (a) a laser scanning point cloud from a scanning
location and (b) a digital building model with typical structural elements and equipment
objects
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Figure 1.2: Development of useful project information along the lifecycle in a conventional
project (based on Bodden et al., 2017, p. 12, adapted)

To contextualize the signi�cance of a DS for industrial facilities, it is essential to estab-

lish the fundamental value of integrated digital information models in the AECO sector.

Conventional construction projects lacking BIM implementation suffer from information in-

consistency and loss between lifecycle phases, as illustrated in Figure 1.2. The adoption of

processes centered on a coherent digital model mitigates information degradation, thereby

enhancing project transparency and enabling more ef�cient and economical execution

(Bryde et al., 2013).

Factory buildings and other buildings in the industrial sector pose speci�c challenges,

which constitute the main focus of this dissertation. Such buildings can exhibit large

spanning structures to accommodate large and heavy machinery and equipment, complex

and redundant Mechanical, Electrical, and Plumbing (MEP) and Heating, Ventilation, and

Air Conditioning (HVAC) systems supply uninterrupted operations in the facility. Other

than in typical residential or of�ce buildings, girders, beams, pipes, ducts, and other

elements of structural and technical building equipment systems are usually openly visible

for best accessibility and due to a less architectural and more technical focus of operations.

Depending on the type of operation, regular access to elements of MEP and HVAC

systems might be necessary for inspection reasons (e.g. for re�nery operations), and

other operations might require changes to this technical equipment due to changes in

manufacturing machinery (e.g. for optimization reasons or due to changing production

cycles). At the same time, industrial buildings are designed to withstand lifecycles of 50

years and more.

Due to these speci�c and demanding circumstances, industrial buildings have been

planned, constructed, and operated in information-rich 3D models as industry best practice

for more than 20 years (Wiendahl et al., 2015). Adoption of BIM constitutes additional

value beyond geometry, towards a product model to support various kinds of activities

along the lifecycle. Figure 1.3 depicts the development of useful project information for a

factory building with a long life cycle and multiple production cycles that in�ict changes

for the building and building equipment, showing the limited loss of information between

life cycles in contrast to the conventional approach and its increased signi�cance due to

repeated cycle changes.
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Figure 1.3: Development of useful project information along the lifecycle in BIM project for
a factory asset with cyclic changes (developed based on Bodden et al., 2017, p. 12)

For many older industrial facilities, digital models are not available. Even when industrial

buildings were initially planned and constructed using digital building models, these rep-

resentations typically remain static at the as-designed or as-built stage, failing to re�ect

the current as-is state. Unlike residential or of�ce buildings, industrial facilities undergo

frequent and signi�cant modi�cations due to changing production requirements, equip-

ment upgrades, and operational optimizations (Rammo & Graf, 2023). This dynamic

environment creates a substantial challenge, as updating digital models to accurately

re�ect these continuous changes demands considerable effort. This challenge exists for

both new construction projects (green�eld) and projects involving existing building stock

(brown�eld) (Wiendahl et al., 2015). Despite signi�cant advancements in reality capture

technologies and data processing methodologies, many critical steps in creating and

maintaining accurate digital representations still require manual intervention by skilled en-

gineers and planners, preventing the widespread implementation of continuously updated

digital models in industrial settings.

This dissertation advances the automation of processes that capture the current state

of industrial facilities and transform it into information-rich 3D models, thereby enabling

the creation of a DS for industrial facilities. The �rst chapter introduces the most funda-

mental aspects of this work as follows: Section 1.1 introduces the need for digital models

and automated processes to create and update them. Section 1.2 de�nes the speci�c

goals and outlines the scope of this dissertation. Section 1.3 introduces the applied

research methodology to lay the foundation for answering the research questions stated in

Section 1.4. Section 1.5 provides an overview of the structure of this dissertation.
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1.1 Problem Statement and Motivation

Creating a Digital Shadow of industrial facilities requires automated methods for estab-

lishing and maintaining an accurate digital representation, which demands a structured

approach comprising several key processes. This dissertation aims to develop methods

that automate these processes to create a precise, up-to-date, and semantically rich

digital representation of the industrial building's structural and technical systems, col-

lectively referred to as the scene. Industrial facilities frequently undergo modi�cations

due to process optimization initiatives, scheduled renovations, production cycle changes,

emergency repairs, and other unforeseen incidents, making continuous updates essential.

To systematically address this challenge, this research adopts a framework consisting

of three fundamental steps: Acquisition, Enrichment, and Provision (Abreu et al., 2023;

Noichl, Collins, Pan, et al., 2024). Figure 1.4 illustrates these steps as a continuous

cycle necessary for maintaining an up-to-date Digital Shadow. This three-step framework

provides the organizational structure for the entirety of this dissertation.

Figure 1.4: Conceptual overview of the repetitive cycle to keep the Digital Shadow of an
industrial facility up-to-date: As-is information deteriorates to a-priori knowledge of the
scene, inducing the three-step process of acquisition, enrichment, and provision.

1.2 Aim and Scope of Research

The main goal of this dissertation project is to contribute to the automation of processes

necessary for capturing, processing, and providing as-is information about the current state

in information-rich 3D models, creating Digital Shadows ready for diverse applications in

the industrial domain. These applications include optimization of existing production equip-

ment, re-planning due to changes in production cycles, or even complete re-purposing

of industrial facilities for new functions (Askar et al., 2021). The focus is speci�cally on

industrial buildings and facilities, which pose unique challenges and are characterized

by distinct features, as introduced in Section 1.1. The large-scale nature of industrial
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Figure 1.5: High-level overview of the processing steps in creating a Digital Shadow of an
industrial facility (adapted from Noichl et al., 2021, p. 8)

facilities further promises signi�cant economic and operational bene�ts if these automated

processes can be successfully implemented.

For this dissertation, three distinct challenges are identi�ed within the related computational

processes, in line with the three-step structure which are introduced above, and depicted

in Figure 1.5 with exemplary visualizations. The three challenges are presented, justi�ed,

and explained in detail below.

1. Automated planning of laser scanning missions: Laser scanning missions to ac-

quire the current situation in complex scenes need to be planned to choose suitable

equipment, estimate duration, and prepare for the conditions on site. Convention-

ally, this is done manually by surveying experts, which is inef�cient and leads to

suboptimal results. An automated solution can substantially bene�t the process,

eventually laying the foundation for autonomous data collection using robotic plat-

forms. Existing approaches in automated scan planning mostly aim to solve the

problem using 2D �oor plans as input data, underestimating the complex reality of

industrial environments, and resulting in gaps and quality defects in the collected

data. For application in complex 3D environments such as factories and other indus-

trial facilities, a method is required that works directly based on a 3D representation

of the scene while considering real equipment parameters and strict quality criteria

for the point cloud to be acquired. Chapter 3 presents a novel automated method for

scan planning in complex 3D environments.

2. Synthetic training data for point cloud semantic segmentation: Semantic seg-

mentation of point clouds signi�cantly bene�ts subsequent data processing steps

required to create the Digital Shadow of any built asset. State-of-the-art deep learn-

ing methods achieve robust results given the availability of suf�cient high-quality

annotated ground truth point cloud data for training. In the industrial domain, such

data is not publicly available in suf�cient amounts due to concerns about privacy
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and secrecy among factory owners. More than in other domains, the availability of

semantically rich 3D models can be leveraged to generate synthetic training data

without additional effort for annotation. It needs to be investigated how much value is

in such synthetic data concerning the segmentation performance of networks trained

using this data on real-world laser scanning data. In Chapter 4, distinct methods

for generating synthetic training data are introduced – along with comprehensive

experiments to investigate the value of such data for applications with real-world

industrial point cloud data.

3. Reconstruction of high-quality models: While state-of-the-art methods can per-

form semantic segmentation robustly, subsequent tasks require more specialized

solutions. Generic approaches fail to capture the necessary details for precise

instance segmentation and reconstruction of speci�c industrial components. Elon-

gated parts, which dominate industrial environments, exhibit distinctive geometric

properties that can be exploited for advanced processing. These geometric char-

acteristics enable both effective instance segmentation and enrichment, including

accurate determination of object orientation and cross-section pro�les. With this

information, accurate and semantically rich 3D building models of industrial facili-

ties can be reconstructed in standardized exchange formats. Chapter 5 presents

a method that utilizes these unique geometric properties of elongated structural

elements to achieve precise instance segmentation and cross-section identi�cation,

ultimately producing high-quality models suitable for industrial applications.
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1.3 Research Methodology

This dissertation is situated at the intersection of three distinct disciplines: engineering

geodesy (laser scanning), computer science (data processing), and engineering informat-

ics (applied informatics, building models). This cross-disciplinary nature presents unique

challenges that require innovative solutions bridging multiple domains of expertise.

To address these complex technical challenges systematically, this dissertation employs

Design Science Research (DSR) methodology (Hevner et al., 2004). DSR is particularly

suitable for this work for several fundamental reasons:

1. Problem-solving Focus: DSR emphasizes creating and evaluating artifacts that

address speci�c organizational problems, aligning with the objective of automating

Scan-to-BIM processes.

2. Iterative Nature: The methodology supports iterative development and re�nement

of solutions, essential when addressing complex technical challenges in an emerging

�eld.

3. Rigorous Validation: DSR provides a framework for systematic evaluation of the

developed artifacts, ensuring both technical validity and practical utility.

The research process follows Hevner's DSR framework through a series of structured

phases. Initially, the problem space is explored through analysis of current Scan-to-BIM

challenges, identi�cation of speci�c gaps in automation, and de�nition of requirements

from an industry perspective. This leads to the design phase, where automated pro-

cesses and computational methods are developed, �nally in the form of proof-of-concept

implementations.

The methodological approach emphasizes practical applicability while maintaining scienti�c

rigor in order to balance theoretical advancement with real-world utility. Each developed

artifact undergoes systematic evaluation through technical validation, comparative analysis

with existing methods, practical application in real-world case studies, or evaluation from

industry practitioners. This comprehensive set of evaluation methods ensures that the

developed solutions not only advance the state of the art but also provide tangible bene�ts

for industry implementation.

As part of the knowledge contribution phase, the artifacts created in this research are

made available to the research community as open-source implementations, enabling

validation and further development (see Section 6.4).

Through this methodological framework, each technical challenge is addressed through

the development and evaluation of novel computational methods and processes. The

iterative nature of DSR allows for continuous re�nement of solutions based on evaluation

results and emerging requirements. This approach ensures that each contribution is both

scienti�cally sound and practically relevant to the domain of automated Scan-to-BIM for
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Figure 1.6: Design Science Research cycles as applied in this dissertation (adapted from
Hevner, 2007)

industrial facilities while maintaining the �exibility to adapt to the complex and evolving

nature of the problem space.

The evaluation process for each artifact follows a structured approach, combining quan-

titative performance metrics with a qualitative assessment of practical utility. Technical

validation ensures that developed methods meet speci�ed requirements, while practical

validation through case studies con�rms their applicability in real-world scenarios. This

dual validation approach, characteristic of DSR, helps bridge the gap between theoretical

advancement and practical implementation of Scan-to-BIM in the domain of industrial

facilities (see Figure 1.6). The understanding of industry needs was ensured in this

project through collaboration with several industry partners with different perspectives and

requirements.

1.4 Research Questions

This dissertation aims to contribute to automation along the process of the generation of a

Digital Shadow for existing industrial facilities. To achieve this, computational methods are

developed to ful�ll domain-speci�c requirements in the �eld of Scan-to-BIM. This process

can be split into three stages as depicted in Figure 1.4. Each poses particular challenges

in the context of industrial facilities and demands speci�c solutions. In the scope of this

dissertation, three research questions are formulated as follows, addressing a speci�c

issue for each of the three stages. Each research question is presented with a compact

introduction to its context due to the heterogeneous nature of the topics.
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Research Question 1

Industrial environments present unique challenges for reality capture: Their geometric

complexity, frequent and signi�cant changes, and large scenes require systematic ap-

proaches to plan and execute ef�cient laser scanning missions. Existing approaches

to scan planning are predominantly limited to 2D �oor plans or simpli�ed environments,

failing to address the full spatial complexity of industrial facilities. This planning process

involves a critical trade-off: each additional scanning location increases data quality and

coverage but adds signi�cant time and cost to the scanning mission.

How can scan planning be automated for complex industrial environments to enable

ef�cient cyclical reality capture that meets speci�c quality requirements?

Research Question 2

Semantic segmentation of point clouds is essential for converting raw scan data into

useful information and can be automated using established Machine Learning methods.

However, the industrial domain lacks publicly available training datasets, limiting the

application of data-driven approaches. This absence stems from proprietary concerns and

the specialized nature of industrial facilities, creating a signi�cant barrier to implementing

automated semantic segmentation in this sector. Synthetic data generation using existing

3D building models offers a potential solution, but the effectiveness of different generation

methods remains unclear.

To what extent can synthetic point cloud training data, generated from industrial

building models through different methods, effectively support semantic segmenta-

tion of real-world industrial point clouds?

Research Question 3

While semantic segmentation classi�es point clouds into object categories, this classi�ca-

tion alone is insuf�cient for creating practical building models for industrial applications.

Industrial environments contain numerous standardized elements with speci�c geomet-

ric characteristics, particularly elongated components like beams, columns, and pipes.

Converting semantically labeled point clouds into parametric models requires additional

enrichment steps to identify individual instances, determine their precise orientation,

and extract their geometric parameters. Generic reconstruction approaches lack the

domain-speci�c knowledge needed for high-quality model generation in industrial settings.

How can semantically segmented point clouds of industrial environments be further

enriched through geometric feature analysis to enable the automated generation of

high-quality parametric building models suitable for industry-standard exchange

formats?
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1.5 Dissertation Structure

This dissertation consists of an introduction, the core research, and a conclusion. Fig-

ure 1.7 depicts an overview of the dissertation and the developed research artifacts:

Chapter 1 introduces the motivation, research concepts, and questions. Chapter 2

presents the background of the presented work and important underlying concepts. In

Chapters 3 to 5, the research artifacts developed in this dissertation project are included

in their peer-reviewed, published content, in line with the three-step structure introduced in

Section 1.1: Chapter 3 focuses on scan planning for the acquisition of point clouds using

static laser scanning, Chapter 4 covers fundamental point cloud data enrichment using

semantic segmentation using synthetic data, and Chapter 5 completes the process of

data provision through model reconstruction. Chapter 6 concludes the dissertation with a

summary of the �ndings with regard to the research questions and an outlook on future

work.

Figure 1.7: Dissertation structure including the three core research artifacts (Chapters 3
to 5) addressing the sequential processing steps of Acquisition, Enrichment, and Provision
for creating the Digital Shadow of industrial facilities
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Chapter 2

Background and Related Concepts

Several basic concepts form the framework for the presented work. In the following, the

most fundamental ones are introduced on a high level to aid the understanding of the

conducted works and embed them in the broader context. For detailed reviews of the

state of the art in speci�c aspects, the reader is referred to the related works section of

the respective paper in Chapters 3 to 5.

To report the current situation of a scene in an information-rich digital representation, the

scene needs to be captured, processed, and stored. Conceptual approaches to formalize

this as a framework comprising real-world assets, their digital representations, and ways

to connect them, are described in Section 2.1. Various methods and technologies are

involved in acquiring required input data, ranging from fast, low-cost options with limited

accuracy to high-precision measurements, as introduced in Section 2.2. The resulting

data is most commonly 3D point clouds, describing captured, visible surfaces in 3D. To

increase its value and allow further steps, this data needs to be processed and enriched

to be transformed into useful digital models, which is an error-prone and time-consuming

task when performed manually – hindering broad application and limiting the economic

value of doing so. Individual steps to process and enrich this data can be automated.

The most relevant related methods in the context of this dissertation are introduced in

Section 2.3. The intended use case determines the required data format and level of detail

for the �nal output. An overview of this topic can be found in Section 2.4.
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2.1 Digital Models, Shadows, and Twins in Industrial Facilities

Digital models form the foundation for managing assets in the built environment throughout

their lifecycle. Traditionally, these models serve as static representations of as-planned

or as-built states, supporting tasks from design to operations (Borrmann et al., 2018;

Eastman, 2011). Industrial facilities pose unique requirements that necessitate specialized

approaches to digital building modeling (Burggräf et al., 2019; Zribi et al., 2025).

2.1.1 Speci�c Characteristics of Industrial Buildings

Industrial buildings possess distinct characteristics that differentiate them from residential,

commercial, or infrastructure projects. These facilities are primarily designed for manufac-

turing goods, storage and distribution of products, processing materials, power generation,

and research activities (BMDV, 2025).

Structurally, industrial buildings often feature open �oor plans and high ceilings to accom-

modate large machinery and facilitate material �ow. They typically require heavy-duty

�ooring to support the weight of industrial equipment, and specialized infrastructure such

as three-phase electricity, customized drainage systems, and advanced ventilation. As

noted, girders, beams, pipes, ducts, and other elements of structural and technical building

equipment systems are usually openly visible for best accessibility, re�ecting a more

technical focus. (Burggräf et al., 2019)

The usage patterns for industrial buildings also differ signi�cantly, as they are often

located on the periphery of urban areas, providing proximity to transportation hubs like

highways, ports, and airports to facilitate the movement of raw materials and �nished

goods. These facilities must comply with stringent industry-speci�c regulations and safety

standards, which can be more demanding than those for other building types. Design

priorities for industrial buildings place functionality, operational ef�ciency, and safety as

paramount considerations, often taking precedence over aesthetic concerns (Wiendahl et

al., 2015). The core purpose of an industrial building dictates its unique spatial, structural,

and systemic needs, often surpassing the requirements of residential or commercial

structures. These speci�c challenges make industrial buildings particularly suited for

advanced applications of digital methods, as their complexity and frequent modi�cations

bene�t signi�cantly from up-to-date digital representations (Burggräf et al., 2019; Dér et al.,

2022).

2.1.2 Digital Factory Concepts

The digital representation of industrial facilities has evolved from basic 3D geometric

models to more sophisticated concepts that re�ect the dynamic nature of manufacturing

environments. Three primary concepts have emerged in this domain, as collected in

(Cieply et al., 2023; Yildiz et al., 2020):
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The Digital Factory involves creating an integrated virtual environment that links process

planning and manufacturing execution. This concept enables comprehensive planning,

simulation, and optimization of factory operations before physical implementation.

Virtual Factories, often used synonymously with digital factories, emphasize simulation

and analysis capabilities for optimizing production processes and resources in a risk-free

setting. These virtual environments allow stakeholders to test different scenarios without

disrupting actual operations.

Digital Twins (DTs) extend these concepts further by creating dynamic virtual counterparts

of physical factories that integrate real-time data. This bidirectional connection enables

not only monitoring but also control and optimization of factory operations. The term is not

exclusive to factory applications and is introduced as a general concept and speci�cally

with respect to AECO in Sections 2.1.4 and 2.1.5.

2.1.3 Types of Digital Integration

Clear terminology around digital representations can be established using the classi�ca-

tion framework provided by Kritzinger et al. (2018), which was originally developed for

manufacturing and Industry 4.0 applications (Lasi et al., 2014). This framework is depicted

in Figure 2.1 and proposes three distinct levels of integration between physical and digital

objects, depending on the degree of automation in data �ow:

1. Digital Model (DM) : Both directions of data �ow between physical and digital objects

are manual. This represents the traditional approach where models are created

once and updated through manual intervention.

2. Digital Shadow (DS) : Data �ow from physical to digital is automated, but changes

in the digital model do not automatically affect the physical object. This enables

real-time monitoring and analysis of factory conditions.

3. Digital Twin (DT) : Bidirectional data �ow between physical and digital objects is fully

automated. Changes in the physical factory are automatically re�ected in the digital

representation, and modi�cations to the digital twin can directly control physical

systems.

2.1.4 Origins of the Digital Twin

The term Digital Twin was �rst used in an of�cial publication by the National Aeronautics

and Space Administration (NASA) in 2010 in a technical roadmap as an "integrated multi-

physics, multi-scale, probabilistic simulation of a vehicle or system that uses the best

available physical models, sensor updates, �eet history, etc., to mirror the life of its �ying

twin" (Shafto et al., 2010, p. 11). Previously, related concepts were referred to as Mirror

Worlds (1991), Mirrored Spaces Model (2002), and Information Mirroring Model (2006)

13



Figure 2.1: Types of data �ow integration between physical and digital representation, as
de�ned in Kritzinger et al., 2018, p. 1017: Fully manual (left) to fully automated (right)

(Singh et al., 2021). In their initial application �eld of aerospace engineering, DTs provide

insights into aircraft condition, performance, and ef�ciency, which allows for reducing

downtime and improving operations1.

NASA leveraged DTs to optimize running systems by creating virtual replicas of spacecraft

that could be monitored, tested, and modi�ed without affecting the physical counterparts

operating in space. This approach was particularly valuable for mission-critical systems

where physical testing would be impractical or impossible. A notable industrial application

emerged with Rolls-Royce's implementation of DT technology for their aircraft engines. By

creating detailed digital representations of their engines, Rolls-Royce gained insights into

engine condition, performance, and ef�ciency, which allowed them to reduce downtime

and improve operations through predictive maintenance and real-time monitoring. By

applying the DT methodology, their "customers could improve forecasting, reduce life-cycle

cost, increase asset availability, and optimize performance" (Casola, 2023, p. 3).

After successful implementation was achieved in the aerospace domain, the DT concept

was further developed in the manufacturing sector to encompass broader industrial appli-

cations (Grieves, 2014). Grieves 's work emphasized how the connection between physical

product data and virtual product information enables manufacturers to achieve multiple

bene�ts, including better productivity and higher quality. This development of the DT

concept across industries shows a shift from the targets of the initial DT at NASA, where

one main reason to create the digital representation was the need for safety and reliability

in spite of the inaccessibility of the physical object, towards an economic argument in the

context of manufacturing.

2.1.5 Digital Models, Twins, and Shadows in the Built Environment

As brie�y introduced in Chapter 1, digital models form the foundation for managing assets

in the built environment throughout their lifecycle following the notion of Building Information

Modeling (BIM). These models traditionally serve as static representations of as-planned

1https://www.cio.com/article/195755/rolls-royce-cdo-neil-crockett-drives-data-into-engine-design.html, vis-
ited February 20, 2025
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or as-built states, supporting tasks from design to operations (Borrmann et al., 2018;

Eastman, 2011). Although the bene�ts of the method are recognized and it is generally

de�ned as a goal for design and construction, the application of BIM has not yet been

universally implemented in practice (Chowdhury et al., 2024). Furthermore, there is a

growing need for up-to-date information to maximize the use of digital models, as the focus

is shifting towards the operations phase and decommissioning (X. Gao & Pishdad-Bozorgi,

2019; Volk et al., 2014). This brought the terminology of DT and DS to the AECO domain.

While the manufacturing context differs in its focus on production processes and equipment,

the fundamental principles of digital-physical integration are applicable to built assets. A

relevant example can be made with automated manufacturing cells, where robotic systems

and production equipment maintain a continuous digital-physical connection through

sensors and control systems. Such a system represents an example of a DT as per the

introduced de�nition, with automated bidirectional data �ow between physical equipment

and digital controllers (Cachada et al., 2018). Speci�cally for AECO, such systems can

be created for speci�c tasks, such as additive manufacturing in the construction phase

(Slepicka & Borrmann, 2024). Others have de�ned conceptual frameworks of achieving

a DT for the operation and maintenance of buildings using sensor data and more (Boje

et al., 2020). However, achieving this level of integration for entire buildings or industrial

facilities remains challenging due to their scale and complexity.

To propose uniform requirements in the domain, the German Federal Ministry for Digital

and Transport (BMDV) provides valuable perspectives on these concepts, particularly

relevant for the German construction and infrastructure context. According to BMDV

guidelines, a DT is characterized as a virtual, dynamic representation of physical objects,

processes, or systems, facilitated by a continuous bidirectional exchange of data. This

two-way data �ow enables not only monitoring of current states but also forecasting

future behavior and simulating potential interventions to optimize performance and extend

lifecycles. In contrast, the BMDV differentiates the DS as a virtual representation that

mirrors a physical object, process, or system but operates with a unidirectional data �ow

from the physical entity to the digital copy. This distinction aligns with Kritzinger et al.'s

framework while providing regulatory context for implementation in German industrial and

infrastructure projects. (BMDV, 2025)

In the United Kingdom, the Centre for Digital Built Britain (CDBB) established the Gemini

Principles as a foundational framework for guiding the development and implementation of

DTs in the built environment (Bolton et al., 2018). These principles are organized around

three core themes: Purpose (serving public good, creating value, and providing insight),

Trust (ensuring security, openness, and quality), and Function (enabling federation, clear

curation, and evolution). The Gemini Principles share notable parallels with the Design Sci-

ence Research (DSR) methodology as applied in this dissertation (cf. Section 1.3), as both

emphasize practical utility, value creation through artifacts, and systematic approaches to

solving domain-speci�c problems. While DSR focuses on the process of creating artifacts

to address identi�ed challenges, the Gemini Principles by the CDBB provide ethical and

functional guidelines for implementing these solutions.
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2.1.6 Scan-to-BIM, Scan-vs-BIM, and Scan-to-X

This dissertation focuses on the automation process of creating accurate digital repre-

sentations of industrial facilities. While this might constitute a contribution to enable DT

for such assets eventually, successful implementation of this process constitutes a DS in

the widely acknowledged technical de�nition. For existing assets in the AECO domain, in

many cases, no or no suitable digital representations are available (Volk et al., 2014). This

has led to the growth of a distinct research domain, commonly referred to as Scan-to-BIM

(H. Son, Kim, & Turkan, 2015). Alongside research on methods that can help to update

and enrich existing models in Scan-vs-BIM (Bosché et al., 2015), Scan-to-BIM contributes

to the integration of real-world data with new or previously created building models, in line

with the concept of a DS. This dissertation focuses on the automation of Scan-to-BIM

methods, and uses the terms DS and Scan-to-BIM interchangeably.

The fundamental work�ow of Scan-to-BIM typically comprises three stages. Initially, data

acquisition is performed using scanning technologies such as laser scanners, which

capture millions or billions of measurement points to create a dense, spatially accurate

coordinate map of visible surfaces. Following this, point cloud processing involves critical

steps such as registration, �ltering, and segmentation to prepare the data for interpretation.

Finally, model creation translates the processed point cloud data into intelligent BIM

models, interpreting the raw measurements to generate detailed 3D elements like walls,

�oors, and MEP components. Another term to describe approaches to transform as-is

data into useful digital representations of information is Scan-to-X. Stemming from industry

mainly, this aims to encompass other activities such as creating �oorplans (F. C. Collins

et al., 2021; Liu et al., 2018) and extraction of objects only. The latter can be used to

generate more abstract yet semantically rich digital representations of built assets, often

represented in data structures that are well-suited to depict topology, such as graphs

(Armeni et al., 2019; F. C. Collins et al., 2023; Jabi & Chatzivasileiadi, 2021).

2.1.7 Digital Shadows of Industrial Facilities

The application of Scan-to-BIM and Scan-vs-BIM methods in industrial environments

represents a practical implementation of DS concepts, where automated data �ow from

physical facilities creates continuously updated digital representations. Industrial facilities,

with their complex geometries and critical operational requirements, demonstrate the

particular value of DS for asset management and operational optimization.

Industrial facilities present unique challenges and opportunities that distinguish them

from conventional buildings, which also impacts the application of both Scan-to-BIM and

Scan-vs-BIM methods (Maxime et al., 2024). Industrial environments possess intricate,

modularized, and often prefabricated components, such as extensive pipe spool systems,

complex mechanical equipment, and dense networks of utilities that necessitate excep-

tionally precise tracking and rigorous quality assurance protocols (Burggräf et al., 2019).

Cylindrical components, particularly piping systems, represent a signi�cant portion of
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industrial facility infrastructure and require specialized approaches for accurate geometric

representation and dimensional compliance control (Bosché et al., 2015).

For creating new digital representations, industrial Scan-to-BIM methods address several

critical applications. Legacy industrial assets, including critical infrastructure such as

nuclear power plants, present particular challenges for creating accurate digital models and

managing their ongoing operations. Automated linking processes have been developed to

integrate 3D scan data with existing asset management systems, enabling the creation of

digital representations for facilities that lack comprehensive documentation (Edwards et al.,

2023). The complexity of industrial assets creates speci�c requirements for automated

recognition and reconstruction methods, particularly for interconnected systems (Bosché,

2010).

For validation and quality control applications, industrial Scan-vs-BIM methods enable

comprehensive monitoring and veri�cation processes. Automated progress tracking in in-

dustrial projects has been achieved through integration of 4D (3D extended by the temporal

dimension) schedule information with 3D sensing technologies, enabling real-time compar-

ison between planned and actual construction progress (Bosché et al., 2010; Turkan et al.,

2012). For MEP works in industrial settings, the value of Scan-vs-BIM approaches has

been demonstrated through systematic assessment of as-built state against design intent

(Bosché et al., 2014) and specialized registration techniques (C. H. P. Nguyen & Choi,

2018). The tracking of secondary and temporary objects in industrial construction, such

as scaffolding, formwork, and construction equipment, presents additional challenges that

have been addressed through specialized recognition techniques (Turkan et al., 2014;

Vega Torres et al., 2021). Point cloud data can further be used to identify and classify

potential clashes during pipe component installation (Pe�cur et al., 2025).
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2.2 Data Acquisition through Reality Capture

Various methods exist for acquiring data that describes the as-is state of the built environ-

ment. For a comprehensive overview, the reader is referred to Q. Wang et al., 2019 and

Rashdi et al., 2022. This �eld is commonly known as either Remote Sensing (Campbell

& Wynne, 2011) or Reality Capture (H. S. Xie et al., 2022), encompassing multiple tech-

nologies and approaches for environmental data collection. The selection of appropriate

acquisition methods signi�cantly impacts the quality, coverage, and usability of the result-

ing data for downstream processing tasks, making it a critical consideration in the creation

of digital representations of industrial facilities. This dissertation focuses speci�cally on

Terrestrial Laser Scanning (TLS) as the primary acquisition method due to its superior

precision and suitability for industrial applications requiring high geometric accuracy.

2.2.1 Acquisition Methods and Sensors

One of the predominant technologies in reality capture is Light Detection And Ranging

(LiDAR), also known as laser scanning. A LiDAR scanner operates by emitting laser

beams that are re�ected off a rotating mirror to sweep the surrounding environment. When

these beams encounter surfaces, they are re�ected, and part of the re�ection arrives

at the scanner. The precise distance to each surface point is calculated by measuring

the beam's return time. This process generates millions of individual measurements,

creating a detailed 3D representation of the scanned environment. The resulting point

clouds provide highly accurate spatial information that forms the foundation for subsequent

geometric analysis and modeling tasks.

While a detailed examination of LiDAR sensors extends beyond the scope of this disserta-

tion, it is important to distinguish between two fundamental acquisition types: Terrestrial

Laser Scanning (TLS) and Mobile Laser Scanning (MLS). TLS, which is the primary focus

of this dissertation, involves stationary scanning from �xed positions. However, due to

stationary scanning, limitations in collected data, caused by line-of-sight occlusions, as

well as the Field Of View (FOV), and Depth Of Field (DOF) of the used scanning equip-

ment can signi�cantly impact the collected data (see Figure 2.2). The static nature of

TLS enables highly controlled data collection, resulting in superior precision and point

quality compared to mobile methods. Modern TLS systems can achieve sub-millimeter

to millimeter-level accuracy, making them ideal for precise documentation of industrial

facilities where dimensional accuracy is critical. In contrast, MLS enables continuous

data acquisition while in motion, allowing for more ef�cient coverage of large areas at

the cost of some precision. Though both methods rely on the same basic principle of

acquisition using LiDAR, they produce data with distinct characteristics regarding density,

accuracy, and coverage patterns. Readers are directed to (Rashdi et al., 2022; Trzeciak &

Brilakis, 2021) for an application-oriented comparison of MLS and TLS. Figure 2.3 depicts

typical artifacts in a point cloud collected using TLS, illustrating common challenges such
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Figure 2.2: Scannable volume and limitations for surface coverage using TLS, vertical
section: line of sight, Depth Of Field (DOF) and Field Of View (FOV) (from Aryan et al.,
2021, p. 5)

as occlusions, varying point density, and noise that must be addressed in subsequent

processing steps.

Photogrammetric reconstruction presents another method for obtaining accurate 3D rep-

resentations of the environment. This approach combines Structure from Motion (SfM)

(Schönberger & Frahm, 2016) and Multi View Stereo (MVS) (Seitz et al., 2006) techniques

to identify feature matches between 2D images captured from different viewpoints, en-

abling the reconstruction of underlying real-world geometry. The process begins with

capturing multiple overlapping images of the target scene, followed by feature detection

and matching across these images to establish correspondence points. Camera positions

and orientations are then estimated through bundle adjustment, after which dense recon-

struction algorithms generate detailed 3D geometry. This method has gained signi�cant

traction due to its accessibility and cost-effectiveness, particularly when implemented

using an Unmanned Aerial Vehicle (UAV) for data collection, which enables capture of

otherwise inaccessible areas such as rooftops and high structural elements.

Data quality and uncertainty characterization vary across these acquisition methods,

necessitating careful selection based on project requirements. Static laser scanning

using TLS typically provides the highest accuracy and precision but requires more time

and expertise for data collection. The millimeter-level accuracy of modern TLS systems

makes them particularly suitable for applications requiring high geometric �delity, such

as industrial plant documentation or structural analysis. Mobile methods offer increased

ef�ciency and coverage at the cost of reduced accuracy, making them appropriate for

larger-scale mapping or preliminary surveys where centimeter-level precision is suf�cient.

Photogrammetric reconstruction accuracy depends heavily on factors such as image

quality, camera calibration, lighting conditions, and the success of intermediate processing

steps such as feature matching (Trzeciak & Brilakis, 2021). For industrial environments

with high precision requirements, SfM often lacks the required geometric detail (F. Dai

et al., 2012; Wilkinson et al., 2016), particularly for small features or in areas with repetitive

or textureless surfaces common in manufacturing settings.
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Figure 2.3: Typical artifacts in laser scanning point cloud in complex structures: Surface
occlusions due to blocked lines of sight, noise due to measurement errors, inhomogeneous
point cloud density, depending on distance and incidence angle

The selection of the acquisition method must balance multiple factors, including required

accuracy, time constraints, budget limitations, environmental conditions, and intended

applications of the resulting data. For industrial facilities, where complex geometry and

precise measurements are often critical, TLS remains the preferred method for most docu-

mentation and modeling tasks due to its static nature and superior precision capabilities.

While other methods may offer advantages in terms of ef�ciency or coverage, the focus

of this dissertation is on TLS-based acquisition and the subsequent processing of such

high-precision data, as it provides the most reliable foundation for detailed digital repre-

sentations of industrial facilities. The resulting point cloud data requires further processing

and enrichment to derive meaningful semantic information and generate usable digital

models, topics which are addressed in subsequent sections of this dissertation.

2.2.2 Point Cloud Characteristics

Point clouds digitally represent existing environments as collections of three-dimensional

points. Depending on the acquisition method, the resulting data shows distinctive charac-

teristics. Despite the inherent precision of TLS for applications within its range, the utility

of the acquired data is signi�cantly in�uenced by several characteristics. (Berger et al.,

2017)

Geometric Properties and Information Content

Regardless of the acquisition method, the captured data is typically represented as 3D

point clouds (Berger et al., 2017). Each point in these clouds contains fundamental spatial

information in the form of 3D coordinates. Beyond these basic positional attributes, points

may carry additional information that enriches their descriptive capability. Modern scanning

systems often integrate cameras to capture RGB color values, providing visual information
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Figure 2.4: Occlusion types in cylindrical objects (from Q. Wang et al., 2022, p. 4)

alongside geometric data (Weinmann, 2016). The intensity of the re�ected laser beam is

frequently recorded, offering insights into surface properties and material characteristics

(Kashani et al., 2015). Furthermore, normal vectors can be computed to determine surface

orientation. This additional information becomes particularly valuable in the enrichment

phase of processing.

Occlusions and Coverage

Occlusions in point clouds refer to regions within the scanned environment that are not

captured by the sensor due to obstructions blocking the line of sight. This is particularly

problematic in industrial environments featuring complex intertwined geometries (Previtali

et al., 2014). A typical example of point cloud data acquired by TLS in an industrial

environment is depicted in Figure 2.3.

In indoor scenarios, common sources of occlusions can include building structure, MEP

elements, furniture, equipment, and even the presence of personnel during scanning. Out-

door built environments are susceptible to occlusions from vegetation, adjacent buildings,

and vehicles. Even with meticulous scan planning involving multiple viewpoints, occlusions

are often unavoidable, especially in densely populated and intricate built environments

(Previtali et al., 2014).

The presence of occlusions leads to incomplete geometric information, which can signi�-

cantly impact the success of Scan-to-BIM methods and the accuracy of resulting as-built

models, potentially resulting in errors in volume calculations and spatial relationships

between elements (Hachisuka et al., 2023). Typical occlusions for elongated parts can be

categorized in several occlusion types (see Figure 2.4), challenging the accurate modeling

of MEP systems (Q. Wang et al., 2022).

Noise and Accuracy

Noise in point clouds refers to spurious or inaccurate data points that deviate from the true

geometry of the scanned environment (Zhu et al., 2023). For TLS, noise can arise from
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random errors inherent in the measurement process and systematic errors in�uenced by

surface properties and environmental conditions (Dong et al., 2018). MLS data can be

affected by noise from vibrations, re�ections, and inaccuracies in the scanner's positioning

system (Cui et al., 2019). These noise factors must be addressed through appropriate

�ltering and processing techniques to ensure the quality of subsequent modeling steps.

Point Density Variations

Depending on the use case, the necessary data needs to provide suf�cient coverage

of the interior scene in a facility or building, or the outer hull. The Local Point Density

(LPD) varies signi�cantly based on distance from the scanner to the surface, incidence

angle of the laser beam, surface properties such as re�ectivity and texture, and scanner

resolution settings (Rebolj et al., 2017). These variations can signi�cantly impact the

quality of subsequent processing steps.

Q. Wang et al. (2022) investigate occlusion types and LPD speci�cally with regards to

implications of MEP modeling. Kwon et al. (2004) investigate methods to �t geometric

primitives such as cylinders to sparse, low-density point clouds. Rebolj et al. (2017)

investigate the issue of required LPD for Scan-to-BIM in general from a conceptual

perspective. As depicted in Figure 2.5, the local density of the point cloud can have a

signi�cant impact on the captured information and the resulting 3D model based on a point

cloud acquired by TLS. Understanding these density variations is crucial for both planning

scanning missions and interpreting the resulting data correctly.

Different use cases lead to different requirements, which in turn determine suitable im-

plementation choices (Noichl, Collins, Pan, et al., 2024). While guidelines such as those

provided by BMDV and CDBB (see Section 2.1.6) establish general terminology and

targets, speci�c requirements must be de�ned for successful implementation. Several

attempts have been made to address this gap. For example, Lu et al. de�ned a Level of

Figure 2.5: The impact of scanner positioning on point density and the resulting recon-
structed 3D model of a straight pipe (from Q. Wang et al., 2022, p. 4)
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Geometric Accuracy (LOGA) for DTs used in structural health monitoring of bridges (Lu et

al., 2022). Similarly, U.S. General Services Administration (GSA) and Fraunhofer Institute

for Factory Operation and Automation (IFF) have established point cloud requirements

(see Section 2.2.2) for data acquisition through laser scanning of buildings in general

(GSA, 2009) and industrial facilities speci�cally (IFF, 2018), providing practical guidance

for laser scanning based on equipment capabilities, object size, and scanning distances.

2.2.3 Scan Planning for Optimal Data Acquisition

Scan planning is the process of determining optimal scanner positions to capture the

required data ef�ciently while meeting quality criteria. It represents a crucial step in the

data acquisition work�ow that directly impacts the completeness, accuracy, and usability

of the resulting point cloud.

Objectives of Scan Planning

The acquisition of data in the �eld needs to be thoroughly planned to ensure ef�ciency and

data quality, which is a tedious and error-prone task if performed manually (Aryan et al.,

2021). Different methods for automated scan planning come into consideration depending

on whether or not prior information is available.

When prior information about the environment exists (e.g. CAD models, BIM models,

previous scans), model-based planning methods can be employed (Scott et al., 2003).

These approaches utilize existing geometric models to simulate the scanning process,

evaluate the potential viewpoints based on coverage and quality metrics, optimize scanner

positioning by considering limitations regarding FOV and DOF, and minimum requirements

for LPD. Furthermore, they account for expected occlusions based on the geometry of the

environment, allowing for more informed planning decisions.

While 3D models are often not available (see Section 2.1.5), existing buildings conven-

tionally have documentation in the form of 2D �oorplans. Hence, various approaches

use such layout information to plan laser scanning missions (Jia & Lichti, 2019; Zeng

et al., 2022). However, 2D-based approaches have limitations when dealing with complex

vertical structures common in industrial facilities, which necessitates more sophisticated

3D-aware planning methods.

When no prior information is available, exploration-based methods are applied to pro-

gressively map the environment. Next Best View (NBV) algorithms determine optimal

successive scanner positions by analyzing the information gain from potential viewpoints

(Gazani et al., 2023). Other approaches include autonomous exploration techniques that

combine real-time data processing with on-the-�y planning, and sequential approaches

that build a model incrementally, using each new scan to inform subsequent positioning

decisions (Heidari Mozaffar & Varshosaz, 2016). These exploratory methods are particu-

larly valuable when entering entirely unknown or poorly documented environments. Finally,
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(a) (b) (c)

Figure 2.6: Implication of TLS placement in a scene: (a) scene with sensor placed in
doorframe (tripod and red dot), (b) surface visible to the scanner (yellow), (c) actual surface
coverage limited by sensor FOV, DOF, and requirements for local surface point density
(green)

there are also approaches that �rst collect rough information about the scene, for example

collected using UAV, and then use it as a starting point for more detailed planning (Chung

et al., 2025).

Challenges in Industrial Environments

Industrial facilities present unique challenges for scan planning due to several factors.

Complex vertical structures require comprehensive 3D planning approaches rather than

simpli�ed 2D methods. Intricate MEP systems create numerous occlusions that must be

accounted for during scanner placement. Additionally, industrial applications frequently

require higher precision in speci�c areas such as connection points or �anges, necessitat-

ing variable density requirements within the same scanning project. Safety restrictions

often limit accessible areas for scanner positioning, constraining the solution space for

optimization algorithms. The dynamic nature of industrial environments, with moving

equipment or personnel, adds temporal complexity to the planning process. Furthermore,

speci�c requirements must be considered for execution, such as hazardous zones and

areas with challenging aspects such as temperature and humidity (IFF, 2018).

As illustrated in Figure 2.6, the effective coverage area from a single scan position is

signi�cantly affected by the scanners' FOV, DOF, and potentially requirements towards

LPD. In complex industrial settings, these constraints necessitate specialized planning

approaches that go beyond the considerations of 2D layouts.
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Research gap: Adaptive Scan Planning in Complex 3D Environments

As pointed out in comprehensive review papers by Aryan et al., 2021, Rashidi et al., 2020,

and Abreu et al., 2023, the automated planning of laser scanning missions constitutes

a relevant research gap for the domain: “While the problem of 2D model-based P4S

[Planning for Scanning] has been well developed with mature solutions, there is a need for

methods to be developed that are able to handle 3D input models, in particular BIM models"

(Aryan et al., 2021, p. 12). Moreover: “there is still a need for planning methodologies that

consider both 3D BIM information and sensor measurement models" (Abreu et al., 2023,

p. 19).

Advanced scan planning approaches need to consider adaptive planning that adjusts

to partial scan results. This allows for ef�cient iterative re�nement of acquired data.

Furthermore, combining automated scan and path planning allows for robotic or drone-

based scanning to enable fully autonomous scanning missions and extend reach for

dif�cult-to-reach or hazardous areas.

As one of its major contributions, Chapter 3 of this dissertation presents a novel method

for automatic scan planning in arbitrarily complex 3D environments, which takes all types

of input data while considering sensor-speci�c attributes. Section 3.2 provides a detailed

review of related works that point to this research gap.
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2.3 Point Cloud Processing for Semantic Enrichment

While point clouds provide geometrically accurate representations of physical environ-

ments, they inherently lack semantic information, presenting only the raw coordinates

of surface points without identi�cation of the objects they represent. This limitation ne-

cessitates processing to transform these massive collections of unstructured points into

meaningful, semantically-rich models that can support decision-making in industrial con-

texts.

Point cloud datasets exhibit several characteristic properties that signi�cantly in�uence

subsequent processing steps. As depicted in Figure 2.3, laser scanning point clouds

typically contain artifacts that pose challenges for processing algorithms. Unlike grid-based

data formats, point clouds are inherently unstructured spatial distributions lacking regular

organization (Hackel et al., 2016). The point density varies considerably across the dataset,

primarily as a function of the distance between the scanner, the captured surface, and

the incidence angle (Soudarissanane et al., 2011). In complex environments, occlusions

frequently occur where objects block the scanner's line of sight, resulting in areas of missing

data that must be addressed during processing (H. S. Xie et al., 2022). Measurement

noise from various sources, including sensor limitations, environmental conditions, and

surface properties further complicates the analysis (Lichti, 2005). Additionally, surface

completeness is compromised when scanning re�ective or transparent materials, as

these materials can cause irregular re�ection patterns or allow laser beams to pass

through rather than return to the scanner (Riveiro et al., 2016). The development of

successful point cloud processing methods requires careful consideration of these inherent

characteristics. Robust algorithms must address these challenges while maintaining

accuracy and reliability in their speci�c applications (Q. Wang et al., 2019).

2.3.1 Feature Extraction and Geometric Processing

At the core of point cloud processing lies the extraction of geometric features that char-

acterize local surface properties. These features form the basis for traditional geometric

and contemporary learning-based techniques. Among the common geometric features

are surface normals, which describe the orientation of a surface at a given point (Hoppe

et al., 1992). Curvature estimates, quantifying the rate of change of the surface normal,

provide further geometric detail (Besl & McKay, 1992). More complex descriptors, such as

Fast Point Feature Histograms (FPFH) (Rusu et al., 2009), capture richer local geometric

information by considering the relationships between neighboring points. Signature of His-

tograms of Orientations (SHOT) (Salti et al., 2014) offers another sophisticated descriptor,

robust to variations in viewpoint and density.

Geometric processing methods typically leverage these extracted features for primitive

�tting operations. These operations aim to approximate local point cloud regions with

basic geometric shapes. RANSAC-based methods, known for their robustness to outliers,

are frequently used for detecting planes and cylinders within point clouds (Schnabel et al.,
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2007). Region growing algorithms offer an alternative approach to surface segmentation,

iteratively grouping neighboring points based on similarity criteria (Adams & Bischof, 1994;

Mehnert & Jackway, 1997). The Hough transform, with its various adaptations, provides

a powerful tool for detecting geometric primitives by transforming the point cloud data

into a parameter space (Ballard, 1981). While these traditional methods perform well for

well-de�ned geometric shapes, they often encounter dif�culties when dealing with the

complex and irregular geometries prevalent in real-world environments.

Having established the fundamental geometric properties extracted from point clouds,

the following section examines how these properties are leveraged in detection and

segmentation approaches that form the core of semantic enrichment.

2.3.2 Detection and Segmentation Approaches

A fundamental distinction in point cloud processing exists between detection and segmen-

tation tasks. Detection focuses on identifying speci�c objects or features within the point

cloud, often returning bounding boxes that enclose the detected objects or the coordinates

of their centers. Segmentation, conversely, aims to classify individual points or group

them into meaningful clusters, providing a more detailed understanding of the scene's

composition. Several comprehensive review papers provide an overview of the �eld with

different main focus aspects. The reader is referred to (Grilli et al., 2017; A. Nguyen &

Le, 2013; Vinodkumar et al., 2023; Zhang et al., 2019). Figure 2.7 provides a compact

overview of related terminology and methods. The following sections introduce the most

in�uential works in the �eld relevant to this dissertation.

Semantic Segmentation

Semantic segmentation assigns class labels to individual points, enabling the identi�cation

of different object types within the point cloud (Betsas et al., 2025; S. Xie et al., 2020).

This process allows to distinguish between, for example, building facades, vegetation,

and ground surfaces. In recent years, a signi�cant shift has occurred from traditional

feature-based methods to deep learning approaches, which have demonstrated superior

performance in many applications. PointNet (Qi, Su, et al., 2017) and PointNet++ (Qi, Yi,

et al., 2017) architectures pioneered the direct processing of point clouds using neural

networks, circumventing the need for manual feature engineering. Graph-based methods,

such as those employing Graph Convolutional Networks (GCN) (Q. Wang et al., 2019),

leverage the inherent structure of point clouds by considering local point neighborhoods

and their relationships. Other methods include discretization using voxels (Y. Zhou &

Tuzel, 2018) and projection-based approaches, transforming the 3D point cloud data into

2D representations, enabling the application of well-established 2D image processing

techniques (B. Yang et al., 2018).
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Figure 2.7: Taxonomy of point cloud processing approaches for data enrichment. Solid
arrows indicate direct methods operating on raw point clouds, dashed arrows show
cascaded methods using intermediate results. Results are visualized through semantic
coloring for segmentation tasks (semantic and instance) and a bounding box for object
detection. Instance segmentation separates object instances within semantic classes.
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