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Abstract III 
 

How we design, construct and operate buildings and other infrastructures has a 

profound influence on the economy and ecology of the society and the earth. Building 

Information Modeling (BIM) based Life Cycle Assessment (LCA) is an effective method 

to quantify and alleviate the ecological effect of buildings while considering the 

economic aspect. As the international BIM standard, Industry Foundation Classes (IFC) 

format plays an irreplaceable role in the BIM-LCA integration notably in the data 

exchange. In addition, with the rapid development of computer science and artificial 

intelligence, the application of which in the architecture, engineering and construction 

(AEC) industry arouses more and more interest in recent years. Thereinto, the 

technology Natural Language Processing (NLP) is regarded as a powerful helping 

hand for dealing with data exchange and processing tasks particularly the mapping of 

BIM (IFC) data to the predefined LCA profiles. 

On the basis of a systematic literature review, this thesis summarizes state-of-the-art 

utilization of LCA, BIM, and NLP in the AEC industry, and compares three kinds of 

BIM-LCA integration strategies: manual, semi-automated, and automated approaches. 

Moreover, an automated method of mapping LCA data to BIM models which introduces 

NLP technology is proposed, including the methodology and a prototypical workflow. 

To verify the feasibility of this method, a case study is implemented, where an IFC file 

is at first extracted from a BIM model, followed by the processing of the LCA-related 

data contained in the IFC file. Then the processed information (material names) is 

mapped to the LCA database Ökobaudat respectively through manual attempt and 

three different NLP tools – Gensim, spaCy, and BERT. In the end, after quantitatively 

analyzing and comparing the contributions of the three NLP technologies to the 

accuracy of the mapping task, performing the automated method based on the pre-

trained BERT model in conjunction with manual checking and adjustment is concluded 

to be the most efficient and recommendable. 
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Zusammenfassung IV 
 

Wie wir Gebäude und andere Infrastrukturen planen, bauen und betreiben, hat einen 

tiefgreifenden Einfluss auf die Ökonomie und Ökologie der Gesellschaft und der Erde. 

Die Ökobilanzierung (LCA) basierend auf Building Information Modeling (BIM) ist eine 

effektive Methode, um die ökologischen Auswirkungen von Gebäuden unter 

Berücksichtigung des ökonomischen Aspekts zu quantifizieren und zu mindern. Als 

internationaler BIM-Standard spielt das Format Industry Foundation Classes (IFC) eine 

unersetzliche Rolle bei der BIM-LCA-Integration, insbesondere beim Datenaustausch. 

Darüber hinaus hat mit der rasanten Entwicklung der Informatik und der künstlichen 

Intelligenz ihre Anwendung in der Bau-, Ingenieur- und Bauindustrie (AEC) in den 

letzten Jahren immer mehr Aufmerksamkeit auf sich gezogen. Die Technologie Natural 

Language Processing (NLP) gilt als leistungsstarkes Hilfswerkzeug für die Bewältigung 

von Datenaustausch- und Verarbeitungsaufgaben, insbesondere der Abbildung von 

BIM (IFC)-Daten auf vordefinierte LCA-Profile. 

Auf der Grundlage einer systematischen Literaturrecherche fasst diese Masterarbeit 

den aktuellen Stand der Nutzung von LCA, BIM und NLP in der AEC-Branche 

zusammen und vergleicht drei Arten von BIM-LCA-Integrationsstrategien: manuelle, 

halbautomatische und automatisierte Methoden. Hinzu kommt wird eine automatisierte 

Methode von Abbildung der Ökobilanzdaten zu BIM-Modellen vorgeschlagen, die die 

NLP-Technik einführt, einschließlich der Methodik und eines prototypischen Workflows. 

Um die Machbarkeit dieser Methode zu überprüfen, wird eine Fallstudie durchgeführt, 

bei der zunächst eine IFC-Datei aus einem BIM-Modell extrahiert wird, gefolgt von der 

Verarbeitung der in der IFC-Datei enthaltenen LCA-bezogenen Daten. Anschließend 

werden die verarbeiteten Informationen (Materialnamen) durch manuellen Versuch 

und drei verschiedene NLP-Tools – Gensim, spaCy und BERT – zu der 

Ökobilanzdatenbank Ökobaudat abgebildet. Am Ende, nach quantitativer Analyse und 

Vergleich der Beiträge der drei NLP-Technologien zur Genauigkeit der 

Abbildungsaufgabe, ist die Durchführung der automatisierten Methode auf Basis des 

vortrainierten BERT-Modell in Verbindung mit manueller Überprüfung und Anpassung 

am effizientesten und empfehlenswertesten. 

  

Zusammenfassung 



Contents V 
 

List of Figures VII 

List of Tables VIII 

List of Abbreviations IX 

1 Introduction 1 

1.1 Motivation and Objectives .............................................................................2 

1.2 Outline ..........................................................................................................4 

2 State of the Art 5 

2.1 LCA – Life Cycle Assessment .......................................................................5 

2.1.1 Definition and Methodological Framework of LCA According to ISO 14040 .5 

2.1.2 Building Life Cycle Stages According to EN 15643-2 ...................................6 

2.1.3 LCA Applied in the AEC Industry ..................................................................6 

2.1.4 LCA/ LCI Databases .....................................................................................8 

2.2 BIM – Building Information Modeling .......................................................... 11 

2.2.1 Definition of BIM According to NBIMS-US V3 ............................................. 11 

2.2.2 BIM Dimensions .......................................................................................... 11 

2.2.3 Little/ Big BIM and Closed/ Open BIM ......................................................... 13 

2.2.4 IFC – Industry Foundation Classes ............................................................. 14 

2.2.5 IDM, MVD and BCF .................................................................................... 19 

2.3 NLP – Natural Language Processing .......................................................... 21 

2.3.1 NLP Steps and Tasks ................................................................................. 21 

2.3.2 NLP Tools ................................................................................................... 22 

2.3.3 Text Similarity Metrics in NLP ..................................................................... 25 

2.3.4 NLP Applied in the AEC Industry ................................................................ 26 

2.4 BIM-based LCA and BIM-LCA Integration .................................................. 28 

2.4.1 BIM-LCA Integration Types and Their Pros and Cons ................................ 28 

2.4.2 BIM-based LCA for Decision-making .......................................................... 31 

2.4.3 BIM-based LCA/ LCC Data Exchange and Processing via IFC Format ...... 32 

2.5 BIM (IFC) Data Extraction and Mapping Methods....................................... 35 

Contents 



Contents VI 
 

3 An Automated Method of Mapping LCA Data to BIM Models 37 

3.1 Research Questions ................................................................................... 37 

3.2 Methodology ............................................................................................... 39 

3.3 Workflow and Tools .................................................................................... 42 

4 Case Study 51 

4.1 BIM Model Creation and IFC File Exportation ............................................. 51 

4.2 LCA-related IFC Data Extraction and Processing ....................................... 53 

4.3 LCA Database Ökobaudat Condensation ................................................... 55 

4.4 Manual Mapping ......................................................................................... 57 

4.5 Automated Mapping Using NLP Libraries and Pre-trained NLP Models ..... 58 

4.5.1 Word Embedding and Semantic Similarity Computation through Gensim .. 58 

4.5.2 Word Embedding and Semantic Similarity Computation through spaCy .... 60 

4.5.3 Word Embedding and Semantic Similarity Computation through BERT ..... 61 

4.6 Comparison of Mapping Results ................................................................. 63 

4.7 LCA Implementation, Results, and Comparison ......................................... 66 

5 Discussion 71 

6 Conclusion and Outlook 73 

References 75 

Appendix A: IFC Data 85 

Appendix B: Mapping Results and Similarities 88 

Appendix C: LCA Results and Errors 93 

 



List of Figures VII 
 

Figure 1-1 MacLeamy Curve – Planning effort over time (WP-1202, 2004; Borrmann 
et al., 2018) ....................................................................................... 2 

Figure 2-1 Methodological framework of LCA (ISO 14040, 2006) .............................. 5 

Figure 2-2 Building life cycle stages (EN 15643-2, 2011) ........................................... 6 

Figure 2-3 Options of BIM implementation (Borrmann et al., 2018) .......................... 13 

Figure 2-4 IFC data schema architecture with conceptual layers (buildingSMART 
International, 2021b) ....................................................................... 16 

Figure 2-5 Part of the IFC inheritance hierarchy (Borrmann et al, 2018) .................. 17 

Figure 2-6 Entity inheritance of IFC classes – IfcBuildingElement (buildingSMART 
International, 2021b) ....................................................................... 18 

Figure 2-7 BIM-LCA integration types (Wastiels & Decuypere, 2019; Potrč Obrecht et 
al., 2020) ......................................................................................... 29 

Figure 3-1 Flowchart of the methodology ................................................................. 40 

Figure 3-2 Workflow of the automated method of mapping LCA data to BIM models43 

Figure 3-3 Processors contained in the Stanza German language model ................ 47 

Figure 3-4 Algorithm of the automated mapping ....................................................... 48 

Figure 4-1 The building for the case study modeled in Revit 2022 ........................... 51 

Figure 4-2 An example of the material composition of a building element (one of the 
roofs) ............................................................................................... 52 

Figure 4-3 Part of the IFC Options ............................................................................ 53 

Figure 4-4 An example of the material layers of a building element modeled in eLCA
 ........................................................................................................ 66 

Figure 4-5 Errors of the LCA result based on BERT mapping – Total ...................... 68 

Figure 4-6 Errors of the LCA result based on BERT mapping – A1-A3, C3, C4, B ... 69 

Figure 4-7 Errors of the LCA result based on BERT mapping - D ............................ 69 

  

List of Figures 



List of Tables VIII 
 

Table 2-1 Part of the building cost groups according to DIN 276 ................................ 7 

Table 2-2 BIM dimensions (United BIM, 2020) ......................................................... 11 

Table 2-3 Comparison of IFC2x3 and IFC4 (buildingSMART International, 2021e) . 19 

Table 2-4 Pros and cons of manual, semi-manual and automated BIM-based LCA 
methods .......................................................................................... 31 

Table 3-1 An example of the extracted IFC data obtained through the eLCA tool .... 42 

Table 3-2 Comparison of the LCA/ LCI databases ................................................... 44 

Table 3-3 An example of the data in the LCA database Ökobaudat ......................... 45 

Table 3-4 NLP tools .................................................................................................. 46 

Table 4-1 Part of the raw IFC data ........................................................................... 54 

Table 4-2 Part of the extracted, split, condensed and selected IFC data ................. 55 

Table 4-3 Part of the LCA database Ökobaudat ....................................................... 56 

Table 4-4 Part of the manual mapping result ............................................................ 57 

Table 4-5 Part of the mapping result obtained through Gensim ............................... 59 

Table 4-6 Part of the mapping result obtained through spaCy .................................. 60 

Table 4-7 Part of the mapping result obtained through BERT .................................. 62 

Table 4-8 Comparison of mapping results ................................................................ 63 

Table 4-9 Part of the similarities of mapping results computed through different NLP 
tools ................................................................................................. 64 

Table 4-10 Similarities of the two materials and their variants .................................. 65 

Table 4-11 Values of LCA indicators obtained through eLCA ................................... 67 

  

List of Tables 



List of Abbreviations IX 
 

2D 

3D 

4D 

5D 

6D 

7D 

ADP 

AEC 

AI 

AP 

API 

BCF 

BIM 

BOQ 

CS 

ELCD 

EP 

GHG 

GUID 

GWP 

IDM 

IFC 

LCA 

Two-dimensional 

Three-dimensional 

Four-dimensional 

Five-dimensional 

Six-dimensional 

Seven-dimensional 

Abiotic Depletion Potential 

Architecture, Engineering and Construction 

Artificial Intelligence 

Acidification Potential 

Application Programming Interface 

BIM Collaboration Format 

Building Information Modeling 

Bill of Quantities 

Computer Science 

European Life Cycle Database 

Eutrophication Potential 

Greenhouse Gas 

Global Unique Identifier 

Global warming potential 

Information Delivery Manual 

Industry Foundation Classes 

Life Cycle Assessment 

List of Abbreviations 



List of Abbreviations X 
 

LCC 

LCEA 

LCI 

LCSA 

LOD 

MVD 

NIBS 

NL 

NLP 

ODP 

PE 

PENR 

PER 

POCP 

QTO 

SLR 

STEP 

WorldGBC 

XML 

Life Cycle Cost 

Life Cycle Energy Assessment 

Life Cycle Inventory 

Life Cycle Sustainability Assessment 

Level of Development 

Model View Definition 

National Institute of Building Sciences 

Natural Language 

Natural Language Processing 

Ozone Depletion Potential 

Primary Energy 

Non-renewable Primary Energy 

Renewable Primary Energy 

Photochemical Ozone Creation Potential 

Quantity Takeoff 

Systematic Literature Review 

STandard for the Exchange of Product model data 

World Green Building Council 

Extensible Markup Language 



1  Introduction 1 
 

The architecture, engineering and construction (AEC) industry yearly consumes 

approximately 3 billion tons of raw materials, being responsible for up to 40% of solid 

waste and 25-40% of global energy use (Valle, 2021). Furthermore, it accounts for a 

significant portion (about 40%) of global greenhouse gas (GHG) emissions (WorldGBC, 

2019). When moving up to cities, the impacts become even larger, being obligated to 

70% of GHG emissions and more than 66% of electricity consumption (Hauschild, 

Rosenbaum & Olsen, 2018). From another perspective, the building sector has great 

potential in reducing environmental impacts and mitigating global warming. 

Life Cycle Assessment (LCA) is the established methodology for quantifying the 

environmental impacts of product systems during their creation, operation, and end-of-

life phases (Klöpffer, 2014). Having gone through years of continuous development, 

enrichment and refinement in both methodology and applications, LCA is currently 

applied to dozens of fields including the AEC industry, where it is utilized to evaluate 

the environmental performance of buildings and other infrastructures (Hauschild, 

Rosenbaum & Olsen, 2018). 

With the rapid development of computer science (CS) in the last few decades, the 

possibility of its application in other fields is constantly being explored, as well as in the 

AEC industry, which is exposed to new input and more information regarding the 

digitization and computerization of this sector (BibLus, 2021). Building Information 

Modeling (BIM) is one of the most notable applications of computer technology in the 

AEC industry, being supported by a large number of professional platforms and 

software. BIM allows to cloud-create, -access and -modify models, consequently 

improving the collaboration and communication between project teams and 

stakeholders. Meanwhile, BIM efficiently integrates various interdisciplinary functions 

such as clash detection, cost estimation and project scheduling based on a central 

model, which reduces the risk, saves the cost, and strengthens the handover (Hall, 

2021). Moreover, BIM facilitates the method advance and can support the application 

 

 BIM is an abbreviation that can represent three terms: Building Information Modeling, Building Infor-
mation Model, and Building Information Management. In this thesis, BIM stands for Building Information 
Modeling, unless otherwise specified. 
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of LCA/ Life Cycle Cost (LCC) in the AEC industry to a large extent through BIM-based 

LCA analysis and BIM-LCA integration (Wastiels & Decuypere, 2019). 

Since BIM is a product of CS, and a lot of LCA calculations and analyse are dependent 

on computer tools, there is still great potential of optimizing BIM-based LCA with CS 

techniques such as Artificial Intelligence (AI). As an advanced technology in the field 

of AI, Natural Language Processing (NLP) is known as a powerful instrument to cope 

with semantic problems, which can be also applied to processing semantic information 

during the BIM-LCA integration. 

1.1 Motivation and Objectives 

Up to now, LCA is generally implemented as a post-design evaluation in later design 

stages, where there is sufficient building information and the design plan has been 

determined. It is not used to support or optimize design decisions during early design 

stages (Potrč Obrecht et al., 2020; Meex et al., 2018).  

 

Figure 1-1 MacLeamy Curve – Planning effort over time (WP-1202, 2004; Borrmann et al., 2018) 

However, as depicted by the green and red curves in Figure 1-1, with the progress of 

building design and construction, the impact on design and costs rapidly decreases, 
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while the costs in case of changes dramatically increases. In this context, developing 

methods for applying LCA in early design stages is the research trend and focus, for 

which numerous obstacles need to be overcome. First and foremost, there are a lot of 

uncertainties due to the lack of information (Rezaei, Bulle & Lesage, 2019), e.g., 

unspecified materials and missing layers, which is required to decide upon holistic 

calculations to compare design variants by considering different use cases, such as 

LCA or Life Cycle Cost (LCC) calculations. In addition, another limitation of current 

LCA is that most calculations are carried out manually or semi-automatically, which is 

inefficient and time-consuming (Azizoglu & Seyis, 2020). 

BIM can effectively integrate LCA and LCC in early design stages by shifting planning 

effort and design decisions to earlier phases (see Figure 1-1), making it possible to 

influence the design, performance and costs in early design phases, greatly improving 

the quantification and balance of the ecological and economic impact of buildings (Lu 

et al., 2021; Borrmann et al., 2018). 

The open and international BIM standard, industry foundation classes (IFC), provides 

a standardized data model that codifies all information in a logical way, e.g., the identity, 

semantics, characteristics, attributes and relationships of objects, abstract concepts 

like performance and costing, and the processes of installation and operations 

(buildingSMART International, 2021b). In the meantime, it promotes vendor-neutral 

and usable capabilities across a wide range of hardware devices, software platforms 

and interfaces for various use cases (buildingSMART International, 2021a). With its 

characteristics and advantages, it plays a crucial role in the semi-automated and 

automated data exchange process of BIM-LCA integration, and thereby becomes a 

hot research point of which in recent years. 

Although much progress has been made in the field of BIM-based LCA data exchange 

via the IFC format, it still does not work perfectly, which specifically manifests in that 

data loss and misinterpretation occur from time to time (Borrmann et al., 2018; Safari 

& AzariJafari, 2021). Therefore, current BIM-based LCA implementation relies heavily 

on the laborious manual work (Safari & AzariJafari, 2021). 

With regard to this, this master’s thesis aims to explore the way towards employing 

NLP to optimize the data exchange process of BIM-based LCA, which is expected to 

reduce data loss, enhance the BIM-LCA integration and improve the automation and 

digitization. 
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1.2 Outline 

In Chapter 2, the theoretical and research background is presented, including the 

technologies LCA, BIM, IFC and NLP, as well as their state-of-the-art utilization in the 

AEC industry. In addition, several of the most commonly-used LCA databases and 

NLP tools are introduced. At the end of this chapter, the strategies and some relevant 

studies of BIM-LCA integration and BIM data mapping methods are summarized. 

On the basis of the literature review in Chapter 2, the research questions are 

determined and phased first in Chapter 3. Then, an NLP-based automated method of 

mapping LCA data to BIM models is proposed, including the methodology, a 

prototypical workflow and the employed BIM/ LCA/ NLP/ computational tools.  

In accordance with the workflow structured in Chapter 3, a case study is carried out 

and presented in Chapter 4, for the purpose of verifying the feasibility and effectiveness 

of the automated mapping method. 

Chapter 5 discusses the results of the case study and the limitations of the automated 

mapping method. 

The last chapter (Chapter 6) is an overall conclusion, which summarizes the results 

and contributions of the thesis, and makes an outlook on the future work. 
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2.1 LCA – Life Cycle Assessment 

2.1.1 Definition and Methodological Framework of LCA According to ISO 14040 

The international standards ISO 14040 defines life cycle as “consecutive and 

interlinked stages of a product system, from raw material acquisition or generation from 

natural resources to final disposal”, and Life Cycle Assessment (LCA) as “compilation 

and evaluation of the inputs, outputs and the potential environmental impacts of a 

product system throughout its life cycle” (ISO 14040, 2006). 

Moreover, ISO 14040 standardizes the methodological framework of LCA, which 

contains four phases, namely the goal and scope definition, life cycle inventory analysis, 

life cycle impact assessment, and interpretation (ISO 14040, 2006). As shown in Figure 

2-1, the LCA results can be used for various purposes in multiple fields, such as 

agriculture, energy systems, and significantly the AEC industry (Klöpffer, 2014).  

 

 

2 State of the Art 

Figure 2-1 Methodological framework of LCA (ISO 14040, 2006) 
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2.1.2 Building Life Cycle Stages According to EN 15643-2 

In accordance with the standard EN 15643-2, the life cycle of a building can be divided 

into four stages: product stage (A1 – A3), construction stage (A4 – A5), use stage (B1 

– B7), and end of life stage (C1 – C4) (EN 15643-2, 2011). More specifically, the four 

stages together with the division of sub-stages are illustrated in Figure 2-2. 

 

 

In addition to the four life cycle stages, the supplementary information – benefits and 

loads beyond the system boundary – needs to be considered when implementing a 

building LCA, i.e., the potential for reuse, recovery and recycling. 

2.1.3 LCA Applied in the AEC Industry 

In recent years, the application of LCA in the AEC industry has seen increasing interest, 

especially the utilization in early design stages, when it’s in time to make changes to 

the project, instead of being applied as a post-design evaluation in later design stages 

(Potrč Obrecht et al., 2020). 

In light of the SLR conducted by Nwodo and Anumba, the general objective of building 

LCA in early design stages can be summarized as minimizing environmental impacts, 

carbon emissions, energy and cost (Nwodo & Anumba, 2019). To this end, a lot of 

scientists have dived into this area and made some achievements. For instance, some 

of them took uncertainty and sensitivity analyses emphasizing on construction 

materials to evaluate life cycle embedded energy or carbon emission of buildings 

Figure 2-2 Building life cycle stages (EN 15643-2, 2011) 





2  State of the Art 8 
 

Furthermore, the WorldGBC released a report entitled “Bringing embodied carbon 

upfront” in 2019, for the sake of eliminating the life cycle emissions of buildings and 

construction sector by 2050 through coordinated actions that tackle embodied carbon 

(WorldGBC, 2019). 

In conclusion, the application of LCA in the AEC industry is of great help for optimizing 

the decision-making of design options and construction materials by weighing up the 

pros and cons. Furthermore, with the technological updates especially the gradual 

maturity of BIM and CS technologies, the development of BIM-based LCA and BIM-

LCA integration is becoming a research hotspot, which will be later presented in 

Chapter 2.4. 

2.1.4 LCA/ LCI Databases 

Ideally, the primary data on material and energy inputs should be obtained when 

conducting an LCA study. However, some data are not lightly available, for example, 

on raw material extraction and processing (Kalverkamp & Karbe, 2018). Therefore, 

numerous LCA or Life Cycle Inventory (LCI) databases have been established to 

support LCA studies, e.g., European databases like Ecoinvent, GaBi and ELCD, 

American databases like Athena and USLCI, and other databases like Base Carbone, 

BEDEC, CPM LCA, ProBas, ECORCE, KBOB and Ökobaudat (Martínez-Rocamora et 

al., 2016). 

Correspondingly, most building LCA studies take use of predefined datasets for the 

materials or components to simplify the process and reduce the workload of data 

collection, selection and validation (Hollberg et al., 2021). The following paragraphs 

and Table 2-1 will outline and compare six of the most prevailing LCA/ LCI databases. 

1. Ecoinvent1 

The Ecoinvent database is a commercial database from Switzerland. As one of the first 

comprehensive LCI databases and one of the world’s leading data systems, it contains 

exceeding 14,000 datasets from both Switzerland and Europe in the fields of transport, 

energy, chemicals, agriculture, metals, building materials, waste treatment, etc. The 

database is mainly based on unit processes. In contrast to accumulated process data, 

these data records do not involve multiple unit process chains (Kalverkamp & Karbe, 

 

1 https://www.ecoinvent.org/ 
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2018). With its consistency and transparency, Ecoinvent is perfectly suitable for 

construction purposes, since almost all categories of construction materials are 

incorporated. 

2. GaBi2 

The GaBi LCA database is also a market-oriented database that offers more than 

15,000 plans and processes based mostly on the primary data collection across the 

globe, spanning most industries, e.g., agriculture, building and construction, chemicals 

and materials, electronics, energy, food, education, healthcare. Thereinto, in excess of 

1,000 processes are related to construction materials and predominantly cradle-to-

gate (Martínez-Rocamora et al., 2016). In addition to its wide range, it is annually 

updated by more than 300 life cycle experts from over 20 countries to keep all datasets 

up-to-date. 

3. ELCD3 

Originated from a project of the Joint Research Center of the European Commission, 

European Life Cycle Database (ELCD) comprises over 300 entries including some key 

materials, energy, transport, waste management and other areas, which is much fewer 

compared to Ecoinvent and GaBi. Its limited number of datasets for construction 

materials indicates that it needs to be complemented with other databases. 

Unfortunately, ELCD has been discontinued in the middle of 2018, after which, it is no 

longer available online, while is still downloadable as a ZIP package. 

4. USLCI4 

The U.S. Life Cycle Inventory (USLCI) Database was developed by the National 

Renewable Energy Laboratory of the U.S. Department of Energy, providing individual 

gate-to-gate, cradle-to-gate, and cradle-to-grave processes, and taking into account 

input and output flows of energy and materials exclusively for the U.S. This database 

focuses on metals, wood materials, and plastics, which constitute approximately 80 

out of the 600 processes in the whole database (Martínez-Rocamora et al., 2016). 

5. ProBas5 

 

2 https://gabi.sphera.com/international/databases/gabi-databases/ 
3 https://eplca.jrc.ec.europa.eu/ELCD3/ 
4 https://www.nrel.gov/lci/ 
5 https://www.probas.umweltbundesamt.de/php/index.php 
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The Web Portal Prozessorientierte Basisdaten für Umweltmanagement-Instrumente 

(ProBas, Process-oriented Basic Data for Environmental Management Instruments) is 

a well-structured German database that integrates a large amount of publicly available 

data sources comprising energy, materials and products, transport, waste disposal and 

so on, in order to provide the broadest possible spectrum of life cycle data. Exceeding 

8,000 unitary data records can be queried using extensive search and filter functions, 

containing around 700 unitary processes relevant to construction materials. 

6. Ökobaudat6 

With the support of German Federal Ministry of the Interior, Building and Community, 

Ökobaudat is a platform with a standardized LCA database as the core, involving 

datasets on building materials, construction, transport, energy and disposal prosses. 

Outstandingly, it offers more than 1,400 strictly checked and selected datasets for 

building products, including both generic and specific environmental declaration 

datasets from diverse companies or associations. All datasets comply with DIN EN 

15804 and the Assessment System for Sustainable Building (BNB, Bewertungssystem 

Nachhaltiges Bauen). In addition to providing a web user interface, Ökobaudat also 

has a standardized interface for data exchange with some other applications and 

software tools, and it can be downloaded as a ZIP archive or in CSV format as well. 

  

 

6 https://www.oekobaudat.de/en.html 
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2020). The specific information contained in BIM model with different dimensions and 

their respective definitions are listed in Table 2-2. 

As the most basic type of BIM model, 3D BIM comprises the three geographical 

dimensions (x, y, z) of a structure, which is commonly used for 3D visualization and 

rendering of the design (Höflich & Maier Consult GmbH, 2021). Apart from this, model 

checking like code checking and clash detection is another usage, i.e., the verification 

of the model adherence to the project or to standards requirements, and the preventive 

analysis of the possible geometric conflicts (BibLus, 2021). 

The fourth dimension of a BIM model stands for the project duration and timeline, 

showing how the project evolves over different phases, which helps to improve site 

planning and optimize the schedule (Axis Steel Detailing, LLC., 2021). Compared with 

traditional scheduling tools such as Gantt and Pert charts, 4D BIM is more flexible to 

dynamically simulate and adjust project phases rather than displaying project tasks 

and timeline with static bar chart or flowchart (BibLus, 2021). Moreover, it improves the 

data delivery efficiency and enhances the communication between stakeholders 

(BibLus, 2021). 

The fifth dimension is associated with quantity takeoff (QTO) and cost estimation. 5D 

BIM is particularly useful in decision-making in the early phases of a project for it 

supports QTO and cost estimation under different design and construction scenarios 

(Axis Steel Detailing, LLC., 2021). Meanwhile, it helps with budgetary analysis by 

visualizing the predicted and actual costs of a project over time with real-time 

notifications of cost overrun (Axis Steel Detailing, LLC., 2021). However, since the 

QTO and cost estimation are updated simultaneously with project evolvement, a high 

risk of data loss exists with large probability (BibLus, 2021). 

On the basis of 5D BIM, sustainability is introduced into 6D BIM to accomplish self-

sustainability and energy-efficiency. It supports exhaustive analyses in terms of 

economic and environmental sustainability by creating overall and partial energy usage 

estimates during the initial design phase (BibLus, 2021; Axis Steel Detailing, LLC., 

2021). Besides, 6D BIM offers the opportunity for detailed visualizing and planning 

component logistics and disposal, which in the long run can facilitate operational 

management (Höflich & Maier Consult GmbH, 2021; Axis Steel Detailing, LLC., 2021). 

The additional focal point of 7D BIM is facility management. It provides an “as-built” 

model that not only can visualize the planning and scenario of maintenance and 
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operation, but allows stakeholders to track important asset data like status, warranty 

information, technical specifications, and maintenance and operation manuals (Höflich 

& Maier Consult GmbH, 2021; Axis Steel Detailing, LLC., 2021). In the meantime, 7D 

BIM is also commonly applied to BIM strategy based LCA/ LCC (Höflich & Maier 

Consult GmbH, 2021). 

Laying a solid foundation for the digitalization and automation of the AEC industry as 

well as creating great potential for achieving various purposes, BIM is now 

considerably employed by individuals, enterprises and government departments 

throughout the entire life cycle of buildings and diverse infrastructure (3Units 

Technology, 2021). 

2.2.3 Little/ Big BIM and Closed/ Open BIM 

To stepwisely shift conventional drawing-based workflows to model-based ones 

without unduly unsettling the established basic functioning, different technological 

levels of BIM implementation are distinguished, namely little BIM, big BIM, closed BIM, 

and open BIM (Borrmann et al., 2018). Thereof, little BIM is opposite to big BIM, which 

refer to the extent of BIM usage, and closed BIM is opposite to open BIM, which care 

about the variety of software vendors. Figure 2-3 illustrates the characteristics, 

differences, and relationships of the four BIM implementation options. 

 

Figure 2-3 Options of BIM implementation (Borrmann et al., 2018) 
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Little BIM describes the application of a specific BIM software by an individual 

stakeholder to realize a discipline-specific design task. The building model created in 

this software is not used across different software and is not handed over to other 

stakeholders, accordingly all external communications take place using derived 

drawings. This BIM implementation can offer efficiency gains, whereas the potential of 

comprehensively using digital building information remains untapped (Borrmann et al., 

2018).  In contrast, big BIM involves consistently model-based communication among 

all stakeholders and during the entire life cycle of a facility. Regarding the data 

exchange and the coordination of the workflows, digital technologies such as model 

servers, databases and project platforms are employed in a comprehensive manner 

(Borrmann et al., 2018). 

When implementing closed BIM, all the employed software products come from just 

one vendor. Although some software companies provide a large range of software 

products for the facility design, construction and operation, there will always be a need 

to exchange data with other products that either serve a specific purpose or are used 

by other stakeholders in the overall process (Borrmann et al., 2018). In this context, 

open BIM utilizes open and vendor-neutral data formats to exchange data across 

products provided by different software vendors (Borrmann et al., 2018), supporting 

seamless collaboration for all project participants and thereby promoting the 

interoperability to benefit the project throughout its life cycle (Petrie, 2021). Meanwhile, 

it extends the breadth and depth of BIM deliverables by creating common alignment 

and language by adhering to international standards and commonly defined work 

processes. Furthermore, open BIM facilitates a common data environment that 

provides opportunities for users to develop new workflows and software applications, 

as well as improve technology automation (Petrie, 2021). 

2.2.4 IFC – Industry Foundation Classes 

To this day, several open and vendor-neutral standards have been created to achieve 

the interoperability and improve the data exchange between different BIM software 

applications, such as Industry Foundation Classes (IFC) developed by the international 

non-profit organization buildingSMART* and Construction Operations Building 

information exchange (COBie) devised by United States Army Corps of Engineers, 

 

* https://www.buildingsmart.org/ 
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allowing all project teams and stakeholders to access to any information at the same 

time. 

Among all the standards, IFC is the most widely recognized and adopted non-

proprietary (open BIM) standard for exchanging and sharing BIM information, providing 

a vendor-neutral file format and an object-oriented data model (buildingSMART 

International, 2021a). It is registered by ISO as the official international standard ISO 

16739-1: 2018, forming the basis for many national guidelines that stipulate the 

implementation of BIM. 

According to ISO 10303-11, the IFC schema is described by the standard data 

modeling language EXPRESS, which is designed exclusively for defining a data model 

and can be translated into the markup language XML (Extensible Markup Language) 

(ISO 10303-11, 2004). Whereas, it is impossible to describe concrete instances of the 

data model using EXPRESS, instead of which various approaches can be adopted, 

such as the STEP (STandard for the Exchange of Product model data) Physical File, 

XML instances or storing data in databases (Borrmann et al., 2018). 

The IFC schema characterizes a data model that codifies both geometric and semantic 

data in a logical manner, to be specific, the identity semantics (name, machine-

readable unique identifier, object type, etc.), the characteristics or attributes (material, 

thermal properties, etc.), relationships (locations, connections, ownership, etc.) of 

objects (walls, columns, slabs, etc.), abstract concepts (performance, costing, etc.), 

processes (installation, operations, etc.), and people (owners, designers, suppliers, 

etc.) (buildingSMART International, 2021a). On this account, the IFC data model is 

immensely extensive and complex. 

In order to improve the maintainability and extensibility, the IFC data model is 

structured into four conceptual layers (Figure 2-4) with the principle that elements in 

the upper layer can reference elements in the layers below but not vice versa 

(Borrmann et al., 2018). 

The lowest layer, Resource layer, includes all individual schemas related to resource 

definitions which do not derive from IfcRoot. Therefore, they have no Globally Unique 

Identifier (GUID) and shall not be used independently of a declaration at a higher layer 

(buildingSMART International, 2021b). In IFC specification, the GUID is generated for 

object instances that complies with the Universal Unique Identifier (UUID) standard 

and its implementation. It is compressed for exchange purpose following a published 
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compression function, which results in a fixed 22-character length string 

(buildingSMART International, 2021g). 

 

Figure 2-4 IFC data schema architecture with conceptual layers (buildingSMART International, 2021b) 

The next layer is the Core layer, in which most general entity definitions are contained 

as well as all entities are defined, e.g., the basic structures, key relationships and 

general concepts. The Kernel schema represents the core of the IFC data model and 

comprises basic abstract classes, e.g., IfcRoot, IfcObject, IfcProcess, IfcProduct, 

IfcRelationship (Borrmann et al., 2018). 
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Above the Core layer lies the Interoperability layer, also regarded as the shared layer 

(Borrmann et al., 2018), in which the important building element classes (e.g., IfcWall, 

IfcColumn, IfcBeam) are defined for inter-domain information exchange and sharing 

across different disciplines. 

The highly specialized classes defined in the highest layer, Domain layer, can only be 

applied to particular domains typically for intra-domain information exchange and 

sharing, and they form the leaf notes in the inheritance hierarchy tree. 

IFC classes are generally described as what they inherit from, which can be divided 

into two categories: rooted and non-rooted classes (OSArch, 2021). Figure 2-5 

illustrates part of the IFC inheritance hierarchy. Similar to any other object-oriented 

data model, the inheritance hierarchy plays a crucial role in the IFC, defining 

specialization and generalization relationships, and following a semantic approach – 

the meaning of objects is the basis for modeling inheritance relationships (Borrmann 

et al., 2018). 

 

 

The class IfcBuildingElement is a generation of all elements that participate in a 

building system, which are primarily part of the construction of a building, i.e., its 

structural and space separating system, and are all physically existent and tangible 

things (buildingSMART International, 2021b). The elaborate hierarchical inheritance of 

this class is shown in Figure 2-6. 

Figure 2-5 Part of the IFC inheritance hierarchy (Borrmann et al, 2018) 
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There are several IFC versions in service, two of the most commonly-used of which 

are IFC2x3 and IFC4. The IFC Certification is based on the Model View Definition 

(MVD, which will be introduced in Section 2.2.4). IFC2x3 owns only one certification, 

namely IFC2x3 Coordination View 2.0 (CV2.0), while the IFC4 Certification has been 

split into two more specific view definitions to better support the purpose of IFC data 

exchange (buildingSMART International, 2019). The first is Design Transfer View, 

which is aiming at supporting the transfer of model data to be used for further design, 

analysis, estimation and facility management tasks. It can be understood as a CV2.0 

with some extended range. The second is Reference View, which aims to support the 

architecture, structural analysis and building services, the coordination of the planning 

disciplines, especially the clash detection and resolution of issues resulting from 

geometry (buildingSMART International, 2019). 

Compare to IFC2x3, IFC4 is an advanced schema that has extended and overcomes 

certain limitations of IFC2x3 such as it attains the supports of mvdXML and BIM 

Collaboration Format (BCF, which will be introduced in 2.2.4) (buildingSMART 

International, 2021f). The former enables the MVDs machine-readable, as well as the 

checking tool suitable and the platform automatically configured for multiple MVDs 

driven by mvdXML. The latter can be used via API to integrate issue management 

during auditing into BIM applications, and can cooperate with mvdXML for auto-

configuration of IFC-interfacesAPI for access to checking tools (buildingSMART 

International, 2021f). The detailed differences between the two IFC versions are listed 

in Table 2-3. 

Figure 2-6 Entity inheritance of IFC classes – IfcBuildingElement (buildingSMART International, 2021b) 
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document existing or new processes and describe the associated information that have 

to be exchanged between parties (buildingSMART International, 2021c). 

The second is a selection of entities of the entire IFC schema that defines which parts 

of the IFC data model need to be implemented for a specific data exchange scenario 

(Borrmann et al., 2018). MVDs can be as broad as nearly the entire schema (e.g., for 

archiving a project) or as specific as a couple object types and associated data (e.g., 

for pricing a curtain wall system) (buildingSMART International, 2021d). Moreover, it 

can add additional restrictions to the IFC schema, and even overrule some agreements 

(buildingSMART International, 2021d). 

The last one BCF allows different BIM applications to communicate model-based 

issues with each other by leveraging IFC models that have been previously shared 

among project collaborators (buildingSMART International, 2021e). There are two 

different ways to utilize BCF – via a file-based exchange or via a web service. More 

specifically, BCF works by transferring XML formatted data, which is contextualized 

information about an issue or problem directly referencing a view, captured via PNG 

and IFC coordinates, and elements of a BIM, as referenced via their IFC GUIDs, from 

one application to another (buildingSMART International, 2021e). 
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2.3 NLP – Natural Language Processing 

Natural language (NL) represents the language which is used by human and evolves 

over time with continuous usage and repetition (Kumar, 2017), the scope of which 

contains text, speech, cognition, and their interactions (Yalçın, 2020). Concerned with 

the interaction between humans and machines, Natural Language Processing (NLP) 

is an interdisciplinary subfield which has components from fields of linguistics, CS, AI, 

and so on (Yalçın, 2020). Nowadays, it has been heavily utilized in a variety of 

applications such as chatbot, speech recognition and generation, language translation, 

spam detection, question responses, and sentiment analysis (Rebala, Ravi & 

Churiwala, 2019; Singh, 2018).  

2.3.1 NLP Steps and Tasks 

NLP deals with how machines or computers process NL commands, whether written 

or verbal, and then engage with any action as requested (Kumar, 2017). From a 

machine learning view, an NLP analysis commonly comprises five major steps: (1) 

reading the corpus, (2) tokenization, (3) cleaning/ stopwords removal, (4) stemming/ 

lemmatization, (5) converting into numerical form/ word embedding (Singh, 2018). 

To be more specific, a corpus is regarded as the entire collection of text documents 

(Singh, 2018). Tokenization is known as the method of dividing the given sentence or 

collection of words of a text document into separate or individual words, which removes 

the unnecessary characters such as punctuation (Singh, 2018). In spite of this, the 

tokens column still contains a certain amount of stopwords such as “this”, “the” and 

“to”, which largely increase the computation complexity without adding much value 

(Singh, 2018). Therefore, a cleaning step is recommended to remove these 

meaningless words from the tokens. After dropping the stopwords, the inflectional 

forms and derivationally related forms of words need to be converted to common base 

forms through the stemming or lemmatization step (Manning, Raghavan & Schütze, 

2018). 

The last major step word embedding is one of the key breakthroughs of deep learning 

for solving NLP problems (Kanani, 2019), which aims to transform words into vectors 

of numbers that preserve a form of syntactic and semantic relationships between words 

(Rebala, Ravi & Churiwala, 2019). Conceptually, it involves a mathematical embedding 

which transforms sparse vector representations of words into a dense, continuous 
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vector space. The outcomes, word vectors (also called word embeddings), are 

basically a type of word representation that allows words with similar meaning to have 

similar representation (Kanani, 2019). One of the most popular word embedding tools 

is Word2Vec, which is a two-layer neural net that processes text by vectorizing words 

(Nicholson, 2020). 

With the general steps hereinabove, NLP is capable of coping with tasks including 

identifying sentence boundaries in documents, extracting relationships from 

documents, and searching and retrieving of documents among others (Akerkar, 2018). 

Moreover, basic NLP tasks also involve tokenization and parsing, lemmatization and 

stemming, part-of-speech tagging, language detection and identification of semantic 

relationships (Akerkar, 2018). 

2.3.2 NLP Tools 

This section will outline and compare five of the most commonly employed NLP tools. 

1. NLTK1 

Natural Language Toolkit (NLTK) is a free, open-source and community-driven 

platform with comprehensive Application Programming Interface (API) documentation 

for building Python programs to work with human language data (NLTK Project, 2021). 

It provides interfaces to more than 50 corpora and lexical resources such as WordNet, 

along with a suite of text processing libraries for classification, tokenization, stemming, 

tagging, parsing, and semantic reasoning, and wrappers for industrial-strength NLP 

libraries (NLTK Project, 2021). 

NLTK is powerful for simple text analysis. However, it is inefficient when it comes to 

working on a massive amount of data on account that it requires significant resources 

(Bushkovskyi, 2019). Additionally, NLTK was initially created for academic use and it 

mostly supports the English language so that it offers no pre-trained German language 

model. 

2. Gensim2 

Gensim is an open-source and platform-independent machine learning library, which 

can process arbitrarily large corpora using data-streamed algorithms without “dataset 

 

1 https://www.nltk.org/# 
2 https://radimrehurek.com/gensim/# 
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must fit in RAM” limitations (Řehůřek, 2021). The key feature of Gensim is word vectors, 

which converts the content of the documents into the sequences of vectors and 

clusters, and then classifies them. Therefore, it is probably applied to perform word-to-

vector and sentence-to-vector tasks (Bushkovskyi, 2019). Gensim does not require 

costly annotations or hand tagging of documents because it uses unsupervised models 

(Kharkovyna, 2021). Hence, it is known as the fastest library for training of vector 

embeddings in Python. Furthermore, the Gensim community also publishes pre-

trained models for specific domains like legal or health (Řehůřek, 2021). 

3. CoreNLP3 and Stanza4 

CoreNLP is a one-stop-shop for NLP in Java, whose centerpiece is the pipeline. 

Pipelines take in raw text, run a series of NLP annotators on the text, and produce a 

final set of annotations, CoreDocuments and data objects (Stanford NLP Group, 

2020a). The annotations include token and sentence boundaries, parts of speech, 

named entities, numeric and time values, dependency and constituency parses, 

coreference, sentiment, quote attributions, and relations (Stanford NLP Group, 2020a). 

The CoreDocuments contain all of the annotation information, accessible with a simple 

API (Stanford NLP Group, 2020a). With its high scalability, CoreNLP supports 

information scraping from open sources, sentiment analysis, conversational interfaces, 

and text generation (Bushkovskyi, 2019). CoreNLP is a good choice for processing 

large amounts of data and performing complex operations (Bushkovskyi, 2019). 

Currently, it supports eight languages, namely Arabic, Chinese, English, French, 

German, Hungarian, Italian, and Spanish (Stanford NLP Group, 2020a). 

Although CoreNLP is based on Java, its creators developed an alternative for Python 

with the same functionality, called Stanza, which provides pre-trained NLP models for 

a total of 66 human languages (Stanford NLP Group, 2020b). It is a collection of 

accurate and efficient tools, which can be used in a pipeline, to convert a string of 

human language text into lists of sentences and words, to generate base forms of those 

words, their parts of speech and morphological features, to give a syntactic structure 

dependency parse, and to recognize named entities (Stanford NLP Group, 2020b). 

 

3 https://stanfordnlp.github.io/CoreNLP/ 
4 https://stanfordnlp.github.io/stanza/ 
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4. spaCy5 

Being a free and open-source library for advanced NLP in Python, spaCy is designed 

particularly for production use and helps build applications that process and analyze 

large volumes of text (Explosion, 2021). It provides a one-stop-shop for tasks 

commonly involved in any NLP project, incorporating tokenization, lemmatization, part-

of-speech tagging, entity and sentence recognition, dependency parsing, word-to-

vector transformation, and text cleaning and normalization (Mc., 2017). As of now, 

spaCy has released 64 trained pipelines for 19 languages (Explosion, 2021). 

Unlike NLTK or CoreNLP, spaCy is not a platform or an API since it does not provide 

software or web applications as service. In addition, notwithstanding it can be used to 

power conversational applications, it is not designed specifically for chatbots, but only 

provides the underlying text processing capabilities (Explosion, 2021). 

5. BERT 

Since 2017, Transformers have taken NLP by storm, providing enhanced 

parallelization and better modeling of long-range dependencies (Rogers, Kovaleva & 

Rumshisky, 2020). Developed by Google, BERT stands for Bidirectional Encoder 

Representations from Transformers (Devlin et al., 2019), which is the most well-known 

Transformer-based model. 

Different from the above four tools, BERT is a language representation model instead 

of a platform or library. It is designed to pre-train deep bidirectional representations 

from unlabeled text by jointly conditioning on both left and right context in all layers 

(Devlin et al., 2019). The conventional workflow for BERT consists of two stages: pre-

training and fine-tuning (Rogers, Kovaleva & Rumshisky, 2020). Pretraining involves 

two self-supervised tasks: masked language modeling (MLM, prediction of randomly 

masked input tokens) and next sentence prediction (NSP, predicting if two input 

sentences are adjacent to each other). In fine-tuning for downstream applications, one 

or more fully connected layers are typically added on top of the final encoder layer 

(Rogers, Kovaleva & Rumshisky, 2020). 

The pre-trained BERT model can be fine-tuned with just one additional output layer to 

create state-of-the-art models for a wide range of NLP tasks, e.g., question answering, 

 

5 https://spacy.io/ 
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language inference and sentiment analysis, without substantial task-specific 

architecture modifications (Devlin et al., 2019). 

2.3.3 Text Similarity Metrics in NLP 

The text similarity denotes how two text documents close to each other in terms of their 

context and meaning (Kanani, 2020b). There are various text similarity metrics 

pervasively applied in NLP, e.g., Jaccard similarity, Euclidean distance, and cosine 

similarity, all of which possess their own specification, and the outcomes of which 

range from 0 to 1 with 0 stands for the lowest similarity while 1 indicates the largest 

(Kanani, 2020b). 

1. Jaccard Similarity 

Jaccard similarity is also known as Jaccard index and Intersection over Union (Formula 

2.1), which matches documents by means of counting the maximum number of 

identical words between the documents (Prabhakaran, 2018; Kanani, 2020a). 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = 𝐽(𝑑𝑜𝑐1, 𝑑𝑜𝑐2) =
𝑑𝑜𝑐1 ∩ 𝑑𝑜𝑐2

𝑑𝑜𝑐1 ∪ 𝑑𝑜𝑐2
                              (2.1) 

However, this approach has an inherent flaw that with the increase of the document 

size, the number of common words tend to simultaneously increase even if the 

documents talk about different topics (Prabhakaran, 2018). 

2. Euclidean Distance 

Euclidean distance is one of the most well-known formulas for computing the distance 

between two points based on the Pythagorean theorem (Neto, 2021). To calculate it, 

at first the points need to be subtracted from the vectors, raised to squares, and then 

added up and taken the square root, as shown in Formula 2.2 (Neto, 2021). 

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 𝑑(𝑝, 𝑞) = 𝑑(𝑞, 𝑝) = √(𝑞1 − 𝑝1)2 + (𝑞2 − 𝑝2)2 + ⋯ + (𝑞𝑛 − 𝑝𝑛)2  

                                                                           = √∑(𝑞𝑖 − 𝑝𝑖)2

𝑛

𝑖=1

                                                (2.2) 

Being applied to NLP, the Euclidean distance is regarded as the most intuitive text 

similarity metric (Briggs, 2021). Whereas, it might be imprecise when it comes to 

documents with large size (Prabhakaran, 2018). 

3. Cosine Similarity 
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Cosine similarity is a metric to measure the text similarity between two documents 

irrespective of their sizes. Mathematically, it calculates the cosine of the angle between 

two n-dimensional vectors projected in a multi-dimensional space by taking the dot 

product between the vectors and dividing it by the multiplication of the vector norms 

(Prabhakaran, 2018; Neto, 2021), the mathematical formula of which is:  

𝑐𝑜𝑠𝑖𝑛𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 = cos(𝜃) =
𝐴 ∙ 𝐵

||𝐴|| ||𝐵||
=

∑ 𝐴𝑖𝐵𝑖
𝑛
𝑖=1

√∑ 𝐴𝑖
2𝑛

𝑖=1 √∑ 𝐵𝑖
2𝑛

𝑖=1

                   (2.3) 

Where in NLP A and B represent the word embeddings of two documents, and cannot 

be empty. 

Compare to the first two metrics, the last one cosine similarity is advantages in that its 

precision will not be significantly affected regardless the document size. In other words, 

even though the two being compared documents are reflected to be far apart by the 

Jaccard similarity or Euclidean distance due to the size of the document, the chance 

still exists that they are oriented closer together, or vice versa (Prabhakaran, 2018). 

On this account, most of current NLP tools utilize the cosine similarity. 

2.3.4 NLP Applied in the AEC Industry 

According to the SLR made by Di Giuda et al. (Di Giuda, Locatelli & Seghezzi, 2020), 

NLP has been applied in the AEC industry mainly in cooperation with BIM technologies 

to cope with issues of data processing, automation level improving, etc. Additionally, 

Wu et al. pointed out in their state-of-the-art SLR that BIM combined with NLP is 

increasingly exploited in smart construction such as information extraction and 

exchange, multi-model information integration, and achieving accuracy-efficiency 

trade-off (Wu et al., 2022). 

Furthermore, Yalcinkaya and Singh revealed twelve research themes that indicate the 

patterns and trends in research of introducing Latent Semantic Analysis (an NLP 

technique) into BIM, e.g., information exchange and interoperability, safety 

management, urban/ building space design and analysis, design codes and code 

compliance, maintaining and managing facilities (Yalcinkaya & Singh, 2015; Pauwels, 

Zhang & Lee, 2017). Moreover, NLP is growingly appearing in the domain of 

construction engineering to improve construction safety, which intends to retrieve 

important information from the safety reports and make content analysis for better 

interpretability and less ambiguity (Pan & Zhang, 2021). 
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Jung and Lee comparatively analyzed a method to automatically classify case studies 

of BIM in construction projects by BIM use (Jung & Lee, 2019). To automate and 

expedite the analysis tasks of the study, they deployed NLP and commonly-used 

unsupervised learning for text classification, namely latent semantic analysis and latent 

Dirichlet allocation. 

In building design codes and regulations, some progress has been achieved in the 

application of NLP, but it has not been realized in commercial use (Sacks, Girolami & 

Brilakis, 2020). Zhang and El-Gohary proposed a unified automated compliance 

checking system that integrates semantic NLP techniques and EXPRESS data-based 

techniques to automatically extract and transform both regulatory and design 

information (in BIM) for automated compliance reasoning (Zhang & EI-Gohary, 2017). 

Similarly, Song et al. put forward an NLP and deep learning-based approach for 

supporting automated rule checking system, which describes a semantic analysis 

process of regulatory sentences and its utilization for the system (Song et al., 2018). 
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2.4 BIM-based LCA and BIM-LCA Integration 

Relying on BIM technologies, the limitation of LCA/ LCEA/ LCC that is difficult to 

implement in early design stages can be gradually overcome. Thus, over the past 

decade, BIM incorporated with sustainability and LCA (i.e., 6D BIM and 7D BIM) has 

attracted more and more attention, simultaneously a lot of studies have been carried 

out. Accordingly, the number of relevant publications has seen a concomitant rise with 

a significant yearly increase since 2014 (Potrč Obrecht et al., 2020; Liu et al., 2021). 

Thereinto, studies of applying LCA in early design stages accounts for exceeding 50% 

of the BIM-LCA publications (Liu et al., 2021). 

Safari and AzariJafari pointed out that there is an extensive area of opportunity for 

integrating BIM and LCA (Safari & AzariJafari, 2021), such as creating local LCA 

databases following the LOD models, and developing a comprehensive framework for 

assessing different sources of uncertainties. Seyis identified and classified 21 

advantages and 7 disadvantages associated with BIM-based LCA (Seyis, 2020). The 

disadvantages – also opportunities from a different angle – can be grouped into two 

categories: standardization and data processing. In this context, the latest 

development of the data processing concentrated on BIM/ LCA data mapping methods 

will be presented in Section 2.4.3 and Chapter 2.5. 

2.4.1 BIM-LCA Integration Types and Their Pros and Cons 

Wastiels and Decuypere divided BIM-LCA integration into five types, as shown in 

Figure 2-7, which is acknowledged as the most comprehensive classification of BIM-

LCA integration strategies to date (Potrč Obrecht et al., 2020). 

The kernel of the first type is exporting the BOQ, which reflects the inventory of the 

building materials that a conventional LCA always starts with. The BOQ is at first 

exported from the BIM environment and then directly imported in a dedicated LCA 

software, where the LCA calculation, visualization and analysis are implemented. 

According to their investigation, this workflow is the most prevailingly performed one in 

current BIM-LCA integration practice. However, this strategy relies heavily on manual 

works such as linking the building components along with their quantities to the 

predefined LCA profiles in the LCA software, which is laborious and might not support 

the iterative design (Wastiels & Decuypere, 2019). 
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Compared with the first integration type, the second approach automates the data 

export and import by introducing the open exchange format IFC to replace the BOQ 

spreadsheet, based on which the material quantities, e.g., surfaces and volumes, can 

be determined. Furthermore, when the GUID contained in IFC file is imported and 

stored in the LCA software, the iterative design could be supported, since the quantities 

and descriptions can be updated through a new version of the IFC file without losing 

the existing links to the LCA profiles (Wastiels & Decuypere, 2019). 

In the third strategy, the LCA profiles are attributed in an intermediate step in a BIM 

Viewer between the export of IFC file and the LCA software. One of the advantages of 

this method is isolating the LCA profiles in a 3D environment while keeping the in-depth 

Figure 2-7 BIM-LCA integration types (Wastiels & Decuypere, 2019; Potrč Obrecht et al., 2020) 
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LCA analysis in a dedicated LCA environment. Besides, the link between the IFC data 

and the LCA profiles can be maintained for further reference during an iterative 

optimization process (Wastiels & Decuypere, 2019). 

The fourth type employs exclusively developed plug-ins that enable all LCA analyses 

within the BIM tools (Potrč Obrecht et al., 2020). Comparing to the previous strategies, 

an advantage of this approach is that the LCA results can be directly visualized in the 

geometric model created in the native BIM environment. Whereas, the LCA analyses 

can only be carried out on the basis of the LCA databases that are built-in in the plug-

in (Wastiels & Decuypere, 2019). At present, a number of LCA instruments are in 

service working with plug-ins for BIM software such as Tally1 and One Click LCA2 for 

Autodesk Revit. 

In the fifth approach, the LCA information is included in the BIM objects that are used 

in the BIM model instead of being attributed to the appropriate building components in 

a later stage or in separate tools (Wastiels & Decuypere, 2019). A great advantage is 

that the information regarding the environmental impacts can be analyzed along with 

the project development (Potrč Obrecht et al., 2020). Nevertheless, this strategy has 

not been efficiently realized yet due to lacking available BIM objects with LCA data and 

consensus on the way to structure LCA data and profiles (Wastiels & Decuypere, 2019). 

Among the five BIM-LCA integration strategies, the first can be seen as a manual 

approach on account of the manual obtained BOQ spreadsheet and the manual linking 

work. The second and the third can be categorized as semi-automated BIM-based LCA 

methods in that they still need manual links between the IFC file and the LCA profiles. 

The four and five can be regarded as automated approaches because they have 

integrated LCA information in the BIM tools through plug-ins or as built-in data, with 

which the laborious manual mapping work can be avoided. 

To better transversely compare the three kinds of integration methods (manual, semi-

automated, and automated), the strengths and weaknesses of which are listed in the 

following table (Table 2-5) (Wastiels & Decuypere, 2019). 

 

1 https://apps.autodesk.com/RVT/en/Detail/Index?id=3841858388457011756&appLang=en&os=Win64 
2 https://apps.autodesk.com/RVT/en/Detail/Index?id=3065869958781255107&appLang=en&os=Win64 
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Forth et al. developed a framework for optimizing building designs taking BIM as a 

main source of truth for a multicriteria analysis, which compares multicriterial variants 

to support decision-making during the early design stages, including the selection 

process and feedback communications of design changes (Forth et al., 2021). For a 

holistic variant comparison, they considered several criteria with the main focus on 

LCA (Forth et al., 2021). 

Schneider-Marin et al. introduced a BIM-based method to analyze the contribution of 

the main functional parts of buildings to discover potentials of embedded energy 

demand and GHG emission reduction (Schneider-Marin et al., 2020). They conducted 

a sensitivity analysis to exhibit the variance in results due to the early inherent 

uncertainties, indicating where to strategically reduce uncertainties to improve the 

precision, and considerably avoiding misleadingly outcomes. Although their study 

brought sensitivity analysis in the early design process, and showed how a simplified 

and fast BIM-based LCA calculation provides valuable guidance, a comprehensive 

framework for evaluating different sources of uncertainties has not been developed. 

Tushar et al. (Tushar et al., 2021) were the first to employ BIM-based LCA method 

combined with energy rating tool to quantify, compare and improve the building design 

options in terms of passive design strategies, such as orientation, shading, sealing, 

glazing and insulation, to reduce carbon footprint and energy consumptions in 

residential dwellings. In their research, a sensitivity analysis was performed to optimize 

the operational energy efficiency, and finally an evidence-based analytical framework 

was proposed for providing a BIM-based optimization platform to validate and justify 

the impact categories of environmental-friendly and energy-efficient design of buildings. 

To support decision-making in the early design phase, Röck et al. exploited an BIM-

based approach to assess a wide range of construction options and their embodied 

environmental impact (Röck et al., 2018), enabling to identify design-specific hotspots 

and promote the transparency of communication by visualizing them on the building 

model. In their research, an automated link between the aggregated LCA database 

(MS Excel) and the BIM model (Autodesk Revit) was established via a custom script 

developed through the visual scripting software (Autodesk Dynamo). 

2.4.3 BIM-based LCA/ LCC Data Exchange and Processing via IFC Format 

Despite much progress in recent years, BIM-based LCA data exchange via the IFC 

format still does not work perfectly, which concretely manifests in the time-to-time 
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occurrence of data loss and misinterpretation (Borrmann et al., 2018; Safari & 

AzariJafari, 2021). To work out this problem, there is a growing trend towards the 

automatic compilation of data exchange, including IFC data automatic recognition, 

extraction and mapping to LCA databases. 

Lawrence et al. proposed a generic method to create and maintain the LCC calculation 

using flexible mappings between the building model and the cost estimation (Lawrence 

et al., 2014). With the flexibility of modern query languages, this method is in favor of 

allowing estimator to encode a broad variety of relationships between the design and 

estimation. 

In a study conducted by Kim et al. (Kim et al., 2016), the information stored in the IFC 

file was first extracted and grouped into different element sets (ObjectPlacement, 

LayerSet, material layer, etc.), and proceeded to match the property data in the user 

defined library, then mapped to building energy analysis model. Although the mapping 

process was complemented with manually extending material information, their study 

has inspired the development of automated mapping method in some sense. 

Considering that the lack of semantic information within BIM models can lead to 

ineffective decision-making processes, Santos et al. explored the potential of BIM as 

a data repository for LCA and LCC information and its capacity for supporting the 

automatic/ semi-automatic environmental and economic assessment (Santos et al., 

2019). As the results of their research, a BIM-LCA/ LCC analysis framework was 

developed, as well as the compatibility of IFC4 for the proposal of an IDM and an MVD 

was verified. 

Horn et al. came up with an approach for integrating LCA in all phases of digital 

planning based on a single IFC data format (Horn et al., 2020), having taken in to 

account IDM, MVD, and varying levels of development and resulting data availability 

during integral planning phases, as well as resulting LCA application context. They 

concluded that an open BIM approach for LCA integration in model-based design is 

feasible, but requires a few adjustments in IFC, LCA, and planning practice. 

Theißen et al. proposed a BIM-LCA framework that forms the basis for BIM semi-

automation of the whole building LCA by enabling the integration of LCA data using 

the IFC (Theißen et al., 2020). Their project includes the development of an IDM in the 

line with a German assessment system for sustainable buildings (BNB), based on 

which, a MVD is also developed to define the software subset of the IFC data model 
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to meet the exchange requirements for the whole building LCA. Furthermore, they 

presented the solution approaches for adapting LCA databases and IFC4. The DIN EN 

15804 compliant and open access Ökobaudat is used as the LCA database. 

Khosakitchalert et al. put forward a method comprising of five processes 

(Khosakitchalert, Yabuki & Fukuda, 2020), including extracting material information 

from the original model, converting, recreating, joining and eliminating the components 

(walls, floors, etc.). This so-called automatic compound element modification (ACEM) 

method improves the accuracy of the incompletely or incorrectly extracted quantities 

of compound elements from BIM models by taking information from IFC-based clash 

detection to eliminate excess quantities and add missing quantities. It effectively saves 

the time of editing the BIM model and contributes a lot to the QTO of LCA/ LCC 

calculations. Analogously, Bernardino-Galeana et al. presented a structured proposal 

for the accomplishment of LCC with IFC based on the ISO 15686 standard 

(Bernardino-Galeana et al., 2021), expected to promote the LCC analysis in early 

design stages to achieve more economically efficient buildings. 

To sum up, more and more scientists and researchers have attached importance to 

the data recognition, extraction and mapping problems in the fields of BIM and LCA, 

but a widely acknowledged framework has not yet been established. There is still a 

long way to go to achieve fully automated data processing. 
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2.5 BIM (IFC) Data Extraction and Mapping Methods 

The emergence of BIM relies on the development of modern computer science and 

technologies, and there is still great potential of optimizing BIM with CS technologies. 

For this purpose, a lot of studies investigate the probable applications of CS 

technologies (NLP, neural networks, etc.) in the BIM data processing. In some cases, 

CS technologies are employed to tackle the IFC data extraction and mapping problem, 

which are regarded as complex tasks, involving dealing with different data structures 

and semantics that have to be aligned. 

Dankers et al. demonstrated an approach of linking the machine to human readable 

data in their paper, allowing non-CAD users or architectural experts to access the data 

(Dankers, Van Geel & Segers, 2014). A web-platform for integrating model-based and 

non-model-based data is the core part of the approach, where a mapping process was 

constructed from IFC properties to a national building element classification system as 

a way of structuring the objects and information. However, they translated the semantic 

information by means of a basic reasoning system rather than NLP, which is not 

accurate enough. 

Wu et al. put forward a NL-based intelligent retrieval engine for the BIM object 

database and Revit modeling, which outperforms traditional keyword-based retrieval 

instruments such as Autodesk Seek and BIMobject (Wu et al., 2019). Their research 

was comprised of four main steps – constructing a domain ontology for semantic 

understanding and establishing a BIM object database framework for testing the 

engine, extracting information from the natural sentences of users through NLP, 

forming a final query in light of “keyword” and “restriction sequence”, and presenting 

and ranking the results through the mapping from the final query to the BIM object 

database. 

Ismail et al. dealt with the problem of building related data extraction and processing 

(Ismail, Strug & Ślusarczyk, 2018). They retrieved information from the IFC files, then 

used the tool IfcWebServer to transform the information into the graph model, and 

stored the model in a graph database which allows for specific graph queries. However, 

the scope of transformation and queries does not consider all the geometry information 

or the process of creating geometry objects, which could be addressed by the next 

step of their research – developing an interface between the graph database and the 

IFC geometry engine. 
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Costa and Sicilia analyzed the potential of using semantic web query languages to 

promote automatic transformation of BIM data (Costa & Sicilia, 2020), having identified 

fourteen data mapping patterns (1 to 1, 1 to N, N to 1, N to N on class/ attribute level, 

etc.) and three data transformation cases with consideration of the semantic and 

structural differences. 

Barzegar et al. designed an IFC-based database schema in consideration of spatial 

analysis requirements, and provided a methodology to convert BIM data into this 

schema, which comprises of seven steps, namely designing the architectural model 

and adding legal data, georeferencing, IFC data validation and cleaning, mapping 

process, database data validation and cleaning, spatial analysis, and visualization 

(Barzegar et al., 2021). Their research demonstrated the feasibility of the proposed 

spatial database, and greatly facilitated spatial analyses required by different 

stakeholders. 

Koo et al. explored the feasibility of applying 3D geometric deep neural networks (DNN) 

in IFC data extraction, which confirms DNN as a viable solution to distinguishing BIM 

element subtypes (Koo., Jung & Yu, 2021). To be more specific, they compared the 

applicability of multi-view convolutional neural networks (MVCNN) and PointNet in 

extracting unique features of IfcDoor and IfcWall element subtypes. The test results 

indicated MVCNN as having the better prediction performance, while PointNet’s 

accuracy was hampered by resolution loss due to selective use of point cloud data. 

Even though LCA is not involved in the technological achievements or studies above, 

what they have figured out is indeed of great reference value and has great potential 

for filling up the gaps in implementing and improving BIM-based LCA from numerous 

sides, particularly in the realization of entirely automated data exchange. 
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3.1 Research Questions 

Chapter 2 has presented the state-of-the-art development and employment of LCA, 

BIM, and NLP in the AEC industry, and analyzed the current BIM-LCA integration 

approaches as well as the relevant research and practical applications. 

According to the advantages and disadvantages analysis of the manual, semi-

automated, and automated BIM-LCA integration strategies, the automated approach 

is discovered to be much faster than the other two approaches and is regarded as the 

promising direction. It is able to eliminate the laborious and time-consuming manual 

work, e.g., linking the BOQ to the existing predefined LCA profiles, or mapping the 

LCA-related IFC data to the LCA database. However, this method does have 

deficiencies, such as the lack of datasets due to the volume of the BIM software built-

in LCA database, and the low accuracy of the BIM-to-LCA data mapping due to the 

time-to-time data loss or misinterpretation. Therefore, it is the least frequently adopted 

method currently. 

Compared with closed BIM, open BIM uses open and vendor-neutral data formats to 

satisfy the demand for exchanging and sharing data across various software 

applications and among all project participants during the life cycle of a facility 

(Borrmann et al., 2018; Petrie, 2021). In the meantime, it promotes a common data 

environment that provides opportunities to enhance the level of automation (Petrie, 

2021). Thereby, for the purpose of improving the automated BIM-based LCA method, 

the BIM-LCA data exchange via the IFC format is a great starting point, as it is the 

most prevailing open BIM standard, and most BIM software on the market supports 

the export of IFC files. If the LCA-related information stored in the IFC files can be 

automatically and accurately mapped to the LCA/ LCI databases, data loss and manual 

work in the BIM-LCA data exchange process are supposed to be reduced and avoided 

to a large extent. 

Furthermore, the technology NLP is known as an advanced and powerful instrument 

to coping with semantic tasks, which is increasingly applied to the AEC industry to 

3 An Automated Method of Mapping LCA Data to BIM Models 
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process semantic data in the BIM-LCA integration (Di Giuda, Locatelli & Seghezzi, 

2020). 

In this context, the research of this thesis aims to explore the potential of employing 

NLP technique to improve the automated BIM-LCA integration strategy in terms of the 

data mapping process. To accomplish this objective, the following two research 

questions are proposed to be addressed: 

 Can NLP help with the automated method of mapping LCA data to BIM models? 

 Is the automated mapping result efficient and accurate enough to support the 

downstream LCA analyses? 
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3.2 Methodology 

In order to resolve the two research questions, an automated method of mapping LCA 

data to BIM models was developed, with introducing the technology NLP, the 

methodology of which is depicted in Figure 3-1. 

First of all, the BIM model is created in the BIM software, from which the IFC file can 

be exported. There are a large number of BIM software that supports adding and 

editing building component or material information, as well as exporting IFC files with 

different versions of IFC certification, e.g., Autodesk Revit1, Graphisoft ArchiCAD2, and 

Allplan3. 

Afterwards, the LCA related data is extracted from the exported IFC data model. As 

presented in Section 2.2.4, the IFC model is immensely extensive in data volume and 

data types, and very complex in data structure. Nevertheless, not all information 

contained in the IFC file is requisite and valuable for an LCA study, since it involves 

not only project site, building element, etc., but also ownership, owner history, etc. On 

this account, this step is necessary for distinguishing the IFC data which is relevant to 

the LCA domain from other non-LCA related data. 

Then, the objects to be mapped are determined and selected from the extracted LCA 

data, which describe the most characteristic attributes of the building elements, e.g., 

material/ component names, material categories, and material properties. At the same 

time, the corresponding data is selected from the LCA database according to the 

identical mapping objects. 

In LCA research, there are generally two ways to query datasets in LCA databases, 

i.e., generally LCA databases have two service modes. One is standalone, and the 

other is built into the LCA tools such as LCA software, web applications, and plug-ins. 

Therefore, in the flowchart of the methodology (Figure 3-1), the patterns of the LCA 

database and the LCA tool partially overlap. 

 

1 https://www.autodesk.eu/products/revit/overview?term=1-YEAR&tab=subscription 
2 https://graphisoft.com/solutions/archicad 
3 https://www.allplan.com/de/ 
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Figure 3-1 Flowchart of the methodology 
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When the mapping objects are prepared, NLP libraries and pre-trained NLP models 

are employed to tackle the issue of mapping the selected IFC data to the LCA database. 

More specifically, the items in the mapping objects are first encoded respectively for 

the IFC data and the LCA database through the pre-trained NLP model to obtain the 

word vectors, based on which the semantic similarities between the items can be 

computed.  

In light of the introduction in Section 2.3.2, there are plenty of NLP libraries and pre-

trained NLP models, e.g., NLTK, spaCy, BERT, which can be imported and loaded in 

C++, python, or java, to deal with multiple NLP tasks like tokenization and parsing. 

Taking into account that attribute descriptions of the building elements are commonly 

short and contain few stopwords, thus the NLP-based automated mapping method 

focuses on the numerical forms converted from the mapping objects rather than 

comparing their tokens. 

In addition, cosine similarity is the best-performing text similarity metric for the reason 

that its precision will not be significantly affected regardless the document size. Hence, 

it is utilized to compute the semantic similarities in this method, the formula of which 

was listed in Section 2.3.3. 

Aiming to inspect the quality of the NLP-based automated mapping method, the 

mapping result is input into the LCA tool. On this basis, an LCA analysis is implemented 

to reflect the building LCA impacts from overall perspective or in different building LCA 

stages through the calculated LCA indicators, e.g., global warming potential (GWP) 

and acidification potential (AP). 

To conclude, for the first research question, this automated BIM-LCA data mapping 

method employs NLP technology to overcome the obstacle of machines in 

understanding human language, which occurs when recognizing the semantic 

information and computing the semantic similarity. For the second research question, 

three different NLP libraries and pre-trained NLP models are adopted, namely Gensim, 

spaCy, and BERT, the performance of which are observed and compared in context 

of the same workflow and case study. The processes and outcomes will be elaborated 

in the following chapters. 
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Figure 3-2 Workflow of the automated method of mapping LCA data to BIM models 
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Comprehensively considering the strengths and weaknesses of the five NLP tools, the 

three tools – Gensim, spaCy, and BERT – together with their corresponding pre-trained 

German language models, namely german.model3, de_core_news_lg4, and 

bert_base_german_cased5, are respectively employed for the automatic mapping of 

material names between the extracted IFC data and the LCA database Ökobaudat, 

concretely in the word embedding and cosine similarity computing tasks. 

The data mapping through the three different NLP tools are accomplished by similar 

python codes with the same mapping algorithm, which is illustrated in Figure 3-4. The 

entire automated mapping process is implemented in PyCharm6 in the environment of 

Python 3.97. 

 

3 https://devmount.github.io/GermanWordEmbeddings/ 
4 https://spacy.io/models/de 
5 https://huggingface.co/bert-base-german-cased 
6 https://www.jetbrains.com/pycharm/ 
7 https://www.python.org/ 

Figure 3-3 Processors contained in the Stanza German language model 
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Figure 3-4 Algorithm of the automated mapping 
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After installing and importing the necessary python libraries and packages in the 

beginning, the extracted IFC data and Ökobaudat, as well as the pre-trained NLP 

model are imported and loaded, followed by the text encoding of the material names 

in Ökobaudat. 

Through the spaCy model or the BERT model, the material names can be directly 

processed and transformed into word vectors with a simple line of python code. 

Whereas, the Gensim model enables only basic single words to be directly embedded, 

while lots of terminologies in the AEC industry are compound words and some material 

names in this study consist of multiple words. To make up for this shortcoming, a 

function is written to divide the multi-word material names into individual words and 

convert them into word vectors. 

The main part of the algorithm is comprised of a nested loop, where all materials in 

Ökobaudat will be traversed once (the inner loop) for each material in the exported IFC 

data (the outer loop). 

More specifically, in each process of the outer loop (for each material named 𝑋𝑖 in the 

IFC data), the first thing is to check whether there is a material in Ökobaudat the name 

of which is exactly the same as 𝑋𝑖. This step is based on the consideration of the status 

quo that most building LCA studies use predefined datasets in LCA databases to 

reduce the workload of data collection, selection and validation (Hollberg et al., 2021). 

When the answer of this conditional statement is yes, the material 𝑋𝑖  will be 

automatically and successfully mapped according to the identical name, i.e., mapping 

through simple computer programming instructions without introducing NLP 

technology. If no, 𝑋𝑖 will be encoded through the NLP model. 

Nevertheless, due to the limitation of the training corpus or the NL recognition capability 

of the NLP model, the word embedding is not always smoothly, which manifests in the 

empty word vector, i.e., all elements of the n-dimensional array are zero. This 

phenomenon also occurs when encoding the material names in Ökobaudat. 

Consequently, here comes the second conditional statement before the inner loop, 

which aims to filter out the material names failed to be encoded from the successfully 

encoded ones. 

For each 𝑋𝑖 with non-empty word vector, the word vectors of the material names (𝑌𝑗) 

in Ökobaudat are traversed, during which the cosine similarity between 𝑋𝑖 and each 

𝑌𝑗 are computed based on their word vectors and then sorted in sequence. After 
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traversing the entire LCA database, the largest similarity can be found, and accordingly 

the material 𝑌𝑖 in Ökobaudat that is most similar to 𝑋𝑖 can be discovered. 

In the last step of the workflow, the mapping results of the NLP-based automated 

approach are analyzed in comparison with the manual method, and the performance 

of the three NLP tools are compared to find out the most accurate and reliable one. 

Meanwhile, separately based on the manual mapping result and the NLP-based 

automated mapping results, LCA analyses are implemented in the web application 

eLCA. The differences and errors of the eLCA outcomes are regarded as an additional 

parameter to validate the methodology. 
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In order to verify the feasibility of the automated method proposed in Chapter 3, as well 

as to quantitatively analyze and compare the contributions of the three NLP 

technologies to the mapping task, a case study was conducted. 

4.1 BIM Model Creation and IFC File Exportation 

Figure 4-1 displays a BIM model of a joint building, which was created in Autodesk 

Revit 2022. The building comprises of a two-story house, a three-story house and a 

connecting corridor, containing roofs, walls, slabs, foundation, doors and windows, 

which are the most commonly-used building elements. Notwithstanding the automated 

method can be applied to more complex designs, it is not necessary, since this simple 

model suffices for the implementation of the methodology in accordance with the 

workflow. 

 

To reduce errors and ensure the reliability of the mapping results, the number and 

categories of the construction materials ought to be as much and abundant as possible. 

For this purpose, each building component is composed of multiple layers, which are 

separately assigned to different materials. For example, as shown in Figure 4-2, the 

4 Case Study 

Figure 4-1 The building for the case study modeled in Revit 2022 
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roof of the three-story house consists of five material layers, namely “Ziegeldach”, 

“Silikon-Dichtmasse”, “Steinkohleflugasche”, “Kesselsand”, and “Bitumen Emulsion”, 

which are called “tile roof”, “silicone sealant”, “coal fly ash”, “boiler sand”, and “bitumen 

emulsion” in English. 

 

It needs to be pointed out that some materials are not suitable for constructing the 

building components to which they belong, e.g., “coal fly ash” and “bitumen emulsion” 

used for the roof. Nevertheless, this is not conflicting in that the research is centered 

on the mapping performance rather than the architectural reality. 

After creating the BIM model, the next step in the workflow is to export the IFC file, 

before which, it is needed to set the IFC Options. An IFC Options that has been set up 

is aimed at determining what information is needed in the downstream processes, and 

it can be saved as a TXT file for loading in the future work which has the same 

requirement for the exported information. Figure 4-3 shows part of the IFC Options in 

this case study, where the names of IFC classes, e.g., IfcWall, IfcRoof, were added to 

the corresponding building elements that need to be exported, which contain the 

information of the materials. The non-LCA related data such as component tags, and 

the information not involved in this BIM model like MEP design were set not to be 

exported. 

Figure 4-2 An example of the material composition of a building element (one of the roofs) 
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Finally, for the purpose of data exchange, the IFC4 Design Transfer View was selected 

as the version of the exported IFC file, with exporting the general IFC property sets 

and the basic quantities. 

4.2 LCA-related IFC Data Extraction and Processing 

The data embedded in the exported IFC file was extracted by means of performing the 

eLCA IFC2LCA python script. On account that the obtained CSV file is inconvenient 

for human reading and the manual mapping, a python script (csv2xlsx.py) was written 

to convert CSV file to human-readable MS Excel file. The data in the converted Excel 

file is regarded as the raw data, part of which is displayed in Table 4-1. 

Figure 4-3 Part of the IFC Options 
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4.5 Automated Mapping Using NLP Libraries and Pre-trained NLP 
Models 

According to the workflow and the algorithm of the NLP-based automated mapping 

method presented in Chapter 3.3, the material names of the data in Ökobaudat were 

encoded through the pre-trained NLP model as a list of word vectors before the nested 

loop. Even if the number of unique material names in Ökobaudat is 1059, not all of 

them could be smoothly recognized and encoded. The ones failed to be encoded were 

expressed as empty word vectors, the cosine similarity computed based on which will 

be zero. 

In the beginning of the outer loop, 20 materials in the processed IFC data were 

successfully mapped through the first conditional statement, i.e., according to the 

exactly same names. Then the remaining 20 materials were encoded for mapping by 

introducing the NLP technology, and the failed ones were described as empty word 

vectors as well. For each of the successfully encoded materials in the processed IFC 

data, at most 1059 similarities will be computed and compared to detect the most 

similar material in the database. 

If the materials are automatically mapped only in line with the exactly same names, the 

mapping accuracy shall be equal to 50.0%. Regarding the manual mapping result as 

the correct solution, i.e., setting the accuracy of the manual mapping to 100.0%, and 

considering the basic accuracy of the automated mapping as 50.0%, the introduction 

of NLP tools aims to explore the extent to which they can improve the accuracy of 

automated mapping. 

Three different NLP tools, namely Gensim, spaCy and BERT, and the corresponding 

pre-trained German language models were employed, to encode the material names 

in the processed IFC data and the LCA database Ökobaudat, and compute their 

semantic similarities based on the obtained word vectors. 

4.5.1 Word Embedding and Semantic Similarity Computation through Gensim 

Since Gensim does not provide official pre-trained German language model, this case 

study took use of the NLP model trained by Müller in his bachelor’s thesis (Müller, 

2015), called “german.model”. In addition, this model can encode only basic single 

words, whereas most of the material names in this case study are compound words or 

consist of multiple words. To tackle this problem, a function is written to divide the multi-
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based on the sources such as TIGER Corpus1, Tiger2Dep2 and WikiNER3. It is 

equipped with processors and pipelines of tok2vec, tagger, parser, lemmatizer, etc. 

The accuracy of the mapping result is 65.0%. Compared with the basic mapping 

accuracy (50.0%), spaCy has improved the accuracy of automated mapping method 

by 15.0% by successfully mapping 6 out of 20 materials that own different names. 

SpaCy possesses a strength among the three NLP tools that with which the semantic 

similarity can be computed with ease, as the model contains a pipeline that can directly 

obtain the similarity. Nevertheless, it has the same but much lighter weakness as the 

previously adopted Gensim model that there are some words for which the spaCy 

model has no vector. Three items in the processed IFC data and 107 items in 

Ökobaudat cannot be converted into word vectors through the pre-trained spaCy 

German language model. 

4.5.3 Word Embedding and Semantic Similarity Computation through BERT 

The pre-trained NLP model for the word embedding and semantic similarity computing 

tasks through BERT is the BERT German language model named 

“bert_base_german_cased”, the most updated version of which was released in April, 

2020. This model was trained using Google’s Tensorflow code on the latest German 

Wikipedia dump, the OpenLegalData dump and news articles. Table 4-7 exhibits part 

of the mapping result. 

Through BERT, 13 out of 20 materials with different names have been correctly 

mapped. Accordingly, the mapping accuracy of automated method has increased from 

the basic (50.0%) to 82.5%, which is a significant progress. 

Not only the BERT model has performed excellently in the semantic similarity 

computation, but also it serves well in the word embedding compared with the previous 

two NLP tools, which manifests in that all the material names both in the processed 

IFC data and in Ökobaudat have been successfully recognized and transformed into 

word vectors. 

 

1 https://www.ims.uni-stuttgart.de/forschung/ressourcen/korpora/tiger/ 
2 https://www.ims.uni-stuttgart.de/forschung/ressourcen/werkzeuge/tiger2dep/ 
3 https://figshare.com/articles/dataset/Learning multilingual named entity recognition from Wikipe-
dia/5462500 
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In summary, the first research question has been resolved, for that the three NLP tools 

have made varying degrees of contribution to the automated method of mapping LCA 

data to BIM models. Thereinto, BERT is the most reliable and recommendable one for 

assisting the automated BIM-to-LCA data mapping process, since it has the highest 

mapping accuracy among the three NLP-based automated mapping methods. 

Nevertheless, it may be a bit time-consuming with the large data volume in the modern 

society. 

For the second research question, both the manual mapping result and the NLP-based 

mapping results will be input into the LCA web application eLCA respectively, based 

on which LCA analyses will be implemented to explore whether the automated 

mapping results are convincing and accurate enough compared with the manual 

method. 

4.7 LCA Implementation, Results, and Comparison 

Only the mapping results obtained manually and through the BERT-based automated 

method were input into eLCA to implement LCA analyses. One reason is that the 

mapping result obtained through the BERT approach is the most similar to the manual 

mapping result, i.e., the most accurate among the three NLP-based approaches. An 

additional reason is that there are many empty vectors in the other two NLP-based 

mapping results, so that the eLCA analysis cannot be performed due to the blank 

mapped items. 

 

Figure 4-4 An example of the material layers of a building element modeled in eLCA 
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automated mapping method, regardless of whether the results are reasonable and 

practical. 

The errors of the indicators obtained based on the BERT mapping result were 

calculated in accordance with Formula 4.1, where VI represents Value of Indicator. 

𝑒𝑟𝑟𝑜𝑟 =
𝑉𝐼𝐵𝐸𝑅𝑇 − 𝑉𝐼𝑚𝑎𝑛𝑢𝑎𝑙

𝑉𝐼𝑚𝑎𝑛𝑢𝑎𝑙
                                                  (4.1) 

Figure 4-5, 4-6 and 4-7 illustrate the errors in different life cycle stages, the values of 

which are attached in Appendix C as well. As shown in the figures, most LCA results 

based on the BERT automatic mapping have tiny errors with reference to the results 

obtained based on the manual mapping. However, there are several errors that are 

extremely large, i.e., exceeding 20% or even close to 200%, which is unacceptable. 

Particularly for the life cycle stage C4 – the disposal phase of the end-of-life stage, 

most of the indicators reveal large errors. 

 

Figure 4-5 Errors of the LCA result based on BERT mapping – Total 
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Figure 4-6 Errors of the LCA result based on BERT mapping – A1-A3, C3, C4, B 

 

Figure 4-7 Errors of the LCA result based on BERT mapping - D 
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In conclusion, although BERT performs best among the three NLP tools in the 

automated IFC-to-LCA data mapping process, with the accuracy of 82.5%, it can only 

be used to conduct a rough estimation. When a reliable and accurate LCA study is 

required, additional manual work such as inspection or adjustment is still necessary. 
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Even though the proposed NLP-based automated method of mapping LCA data to BIM 

models is proved to be promising in some sense, there are several limitations. 

1. The three pre-trained NLP models employed in the case study are general models 

instead of models specifically trained for use in the AEC industry. 

In addition to the first limitation, in the real world there is also no pre-trained NLP model 

prepared for practical applications in the AEC industry. For this reason, it is a great 

opportunity to train an NLP model with AEC industry related corpora, which is expected 

to fill the gap in the comprehensive automation and digitization of the building sector. 

2. The datasets contained in the LCA database Ökobaudat are not complete and 

high-quality enough. 

Ökobaudat is known as the best LCA database for being used in the AEC industry, 

since it owns the most abundant datasets for building products and it is constantly 

updated. Nevertheless, the datasets it contains are not complete and high-quality 

enough, which manifests in that for some materials predefined in the BIM software, the 

similar ones cannot be found in Ökobaudat. Besides, some data do not have English 

or French names, which is unfavorable for international projects. Moreover, not all data 

covers the entire building life cycle stages, which can lead to inaccurate or even 

missing result when conducting LCA analyses. 

3. The BERT-based automatic mapping result is not accurate enough to 

independently support an accurate and reliable LCA study. 

As presented in Chapter 4.7, compared with the LCA result based on manual mapping, 

the accuracy of BERT-based automatic mapping (82.5%) is not high enough to support 

downstream LCA calculations independently, which is reflected in the large errors of 

some LCA indicators. Thus, notwithstanding the BERT model performs well in the NLP-

based automated method of mapping LCA data to BIM models, additional manual 

checking and adjustment are still required at present. 

4. The workflow and the case study have only mapped material names and ignored 

other characteristics such as material properties or building components. 

5 Discussion 
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The level at which LCA data is available in the LCA database (e.g., EPD data for 

cement) is not always coincide with the level for which BIM objects are provided (e.g., 

IfcWall, IfcWindow) (Wastiels & Decuypere, 2019). Furthermore, LCA data is often 

valid for specific situations only (e.g., for a specific size of a certain building component), 

which might not be valid anymore after resizing the building elements in the BIM model 

(Wastiels & Decuypere, 2019). 

The workflow and case study in this thesis have only cared about the automatic 

mapping according to material names, which is not sufficient for subsequent LCA 

calculations and analyses, since they require more elaborate information about the 

corresponding material properties or even the BOQ of the building elements. Therefore, 

mapping through other objects can be the next step, e.g., material properties/ 

categories, component names/ categories, and cost groups. 
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Aiming to explore the potential of employing NLP technology to improve the automated 

method of BIM-LCA integration in the aspect of the IFC-to-LCA data mapping process, 

this master’s thesis has resolved two research questions and made some contributions. 

The first is having found the way towards utilizing NLP tools to improve the automated 

method of mapping LCA data to BIM models. The second is having figured out whether 

the NLP-based automatic mapping is efficient and accurate enough to support the 

subsequent LCA calculations and analyses. 

According to a SLR, this thesis summarized the up-to-date application of LCA, BIM, 

and NLP in the AEC industry, and compared three kinds of BIM-LCA integration 

strategies: manual, semi-automated, and automated approaches. On the basis of the 

state of the art, this thesis proposed an automated method of mapping LCA data to 

BIM models which introduces NLP technology to overcome the semantic obstacle. 

Simultaneously, A methodology and a prototypical workflow of this method were 

developed. 

In order to verify the feasibility of the proposed method, a case study was implemented, 

which mapped the from the BIM model extracted LCA-related IFC data to the LCA 

database Ökobaudat respectively through manual attempt and three different NLP 

tools – Gensim, spaCy, and BERT. In the end, after quantitatively analyzing and 

comparing the contributions of the three NLP tools to the accuracy of the data mapping 

task, performing the automated method with the help of the pre-trained BERT model 

is concluded to be the most efficient and recommended with the mapping accuracy of 

82.5%. However, it can be a little time-consuming with the increasing BIM model 

complexity and data volume, and additional manual work such as mapping result 

checking and adjustment is required to better support downstream LCA analyses. 

This thesis does have some limitations, which were elaborated in Chapter 5. From 

another perspective, they can also be seen as the directions of future research. 

First of all, there is no pre-trained NLP model dedicated to the AEC industry. In this 

vein, it has a great potential to train an NLP model which is exclusive for addressing 

the semantic problems to improve the automation and digitization of the BIM-based 

LCA study and application. 

6 Conclusion and Outlook 
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Secondly, this thesis can be extended to explore the possibility of mapping other LCA-

related IFC information to the LCA database alongside the material names, such as 

the material properties/ categories, the building component names/ categories, and the 

information of cost groups. Forth et al. proposed a methodology that facilitates a 

multicriterial variant comparison and feedback communication of design changes, in 

which a standard component database that integrates all LCA-relevant information is 

developed, allowing certain IFC data to be automatically mapped to it (Forth et al., 

2021). The automated mapping method developed by them has taken into account the 

mapping not only on material level but on building component level, and considered 

multicriteria beyond LCA (Forth et al., 2021), which has significant referent value for 

the future work of this thesis. 

In the end, the outcome of this thesis can be further developed and optimized as a 

standalone BIM-to-LCA data mapping tool, or integrated into an existing BIM-based 

LCA plug-in or application. 
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