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ABSTRACT: 
This paper presents a step towards automated material passport creation and environmental assessment of existing buildings based on point cloud data. While the construction industry faces environmental challenges requiring circular economy principles, existing buildings lack comprehensive material information for sustainability analysis. Our method transforms point clouds of steel beam structures into semantically rich building information models through a streamlined workflow. Following geometric processing, we emphasize semantic enrichment by identifying standard steel cross-sections and linking components with environmental datasets. This connects geometric representations to material properties, connection types, and impact factors – essential data for circularity metrics. Evaluated on a steel roof structure, our approach generates enriched IFC4 models enabling automated calculation of material circularity indicator, disassembly potential, and life cycle assessment in the Madaster platform. This methodology demonstrates the potential for scalable environmental assessment of steel structural elements, advancing toward comprehensive building assessment without manual inventory processes.
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1. INTRODUCTION
The construction industry significantly contributes to several environmental challenges, such as climate change, resource demand, and waste generation. To enable the transition from a linear to a circular economy in the sector of Architecture, Engineering, Construction, and Operation (AECO), transparency of built materials and their impact is required to make effective decisions and design impactful policies. A material passport (MP) serves as a basis for several related environmental analyses for all kinds of assets in the built environment. These analyses include assessment metrics for quantifying environmental impacts, e.g. focusing on global warming potential (GWP), or circularity strategies on material and disassembly levels. For buildings that are designed in a consistent digital process, the required information can be gathered in a semantically rich building model following the comprehensive method of Building Information Modeling (BIM) (Borrmann et al., 2018; Sacks et al., 2018). Based on suitable, [image: ]semantically rich 3D building models, the creation of MPs and dependent environmental impact analysis calculations can be fully automated. However, such approaches face the problem that existing building stock is mostly not documented in useful digital building models.[bookmark: _Ref194155858]Figure 1: Contribution overview: From point cloud to Material Passport (MP) and MP-based environmental assessment.

This overarching problem is well-known and has led to the rapid growth of now well-established research fields. Various research approaches have addressed the automation of model generation based on data acquired by reality capture in the so-called domain of Scan-to-BIM, which emerged approximately ten years ago (Patraucean et al., 2015; Son et al., 2015). Simultaneously, methods for evaluating the environmental impact and circularity of buildings have become highly advanced, allowing for comprehensive and detailed insights (Attia et al., 2024; Ellen MacArthur Foundation, 2015; Gordon et al., 2024; Inyim et al., 2015). 
However, there is a lack of research that looks beyond the respective discipline to bridge the remaining processing gaps toward automated end-to-end solutions. This paper aims to contribute to closing this research gap by introducing an integrated approach that enables automated data processing to enable the seamless creation of MPs based on point clouds for the case of steel roof structures, as depicted in Figure 1. Thus, the presented approach depicts a step towards automation and improved accessibility of environmental assessment of existing buildings. 

2. BACKGROUND & RELATED WORKS
While recent years have seen substantial advancements across multiple areas of building analysis and documentation technologies, this paper focuses on two domains particularly relevant to the environmental assessment of existing buildings. 
Scan-to-BIM technologies have advanced significantly in automating building documentation but initially focused exclusively on geometric reconstruction (Patraucean et al., 2015; Q. Wang & Kim, 2019). The required steps for Scan-to-BIM processes can generally be classified as data acquisition, data processing, and model reconstruction (Abreu et al., 2023; Noichl, Collins, Pan, et al., 2024). Each of these processing steps is time-consuming and requires expert knowledge, which is why the field of Scan-to-BIM aims to automate them with state-of-the-art computing methods, often involving Machine Learning (ML) methods to automate challenging tasks.
Advanced end-to-end methods for Scan-to-BIM are meanwhile capable of processing raw point cloud data and transforming it into high-quality volumetric building models (Ochmann et al., 2016), comprehensive BIM models including windows and doors (Mehranfar et al., 2024), MEP systems (Mechanical, Electrical, and Plumbing) (B. Wang et al., 2021), and smaller functional elements (Adán et al., 2018; Pan et al., 2022). Similar previous efforts are not limited to residential and office buildings but include approaches to solve the Scan-to-BIM problem for industrial facilities (Guida et al., 2021), bridges (Lu & Brilakis, 2019), and railway infrastructure (Ariyachandra & Brilakis, 2020). The more semantic detail provided in the resulting model representations, the more useful the models can be in downstream processing and evaluation for their respective use cases (Brilakis et al., 2020).
While all mentioned approaches differ significantly in use case, level of detail, and level of automation, they rely on processing methods that help to enrich the raw captured input data with relevant information to transform it into further processing steps. In the following, some of the most important methods to process point clouds are introduced.
[image: ]2.1 Point cloud processing[bookmark: _Ref194159193]Figure 2: Input data, output data (dashed), and sequential processing steps overview

Data representing existing facilities in the built environment in 3D is dominantly stored as point clouds. Point clouds are unstructured data and carry no semantics. Hence, they must be processed to enrich them with useful information for downstream processing steps. Well-established methods for point cloud processing include clustering and model fitting methods, enabling unsupervised grouping and geometric insights through methods such as Principal Component Analysis (PCA) and RANSAC (RAndom Sample Consensus) (Schnabel et al., 2007).
Processing methods that assign labels to each point in the point cloud in coherent clusters and allow for precise further processing are commonly referred to as segmentation methods. Semantic segmentation assigns labels according to object classes (Xie et al., 2020); ML was first directly applied to point clouds for a segmentation task with PointNet (Qi et al., 2017) and has meanwhile reached robust performance, with various well-established benchmark datasets with architectures such as OneFormer3D (Kolodiazhnyi et al., 2024). Subsequently to semantic segmentation, object instances need to be distinguished in the point cloud. This step is commonly referred to as instance segmentation and is necessary for the precise reconstruction of object instances in a BIM model. Traditionally, this task has often been solved with local heuristics such as region growing (Adams & Bischof, 1994; Szabo et al., 2023). More recent approaches apply ML to solve this problem, some in conjunction with 3D object detection (Qi et al., 2019). Other approaches address this step together with semantic segmentation, then referred to as panoptic segmentation (Robert et al., 2024).
To generate high-quality geometry representations, precise shape description parameters must be derived from the input data. While the above-mentioned segmentation methods can be generalized across various domains given suitable training data, the estimation of shape-defining parameters until now only been solved with domain- and object-specific approaches. This includes shape retrieval and placement from a pre-defined catalogue (Agapaki & Brilakis, 2022) and the optimized fitting of shape parameters in parametric meta-models either assumed or determined in an intermediate step (Mafipour et al., 2023).
To enable the best possible downstream processing, the reconstructed model should be stored in a standardized data format that is open and allows the conveyance of all necessary semantic information. In the AECO domain, this can be achieved with the internationally standardized IFC format (Industry Foundation Classes) (ISO 16739-1:2024).

2.2 Environmental impact analysis
The use of MP has become increasingly sophisticated but consistently suffers from incomplete or inaccurate input data, particularly for existing buildings. MP serves as a basis to conduct several sustainability and circularity assessments, such as the Material Circularity Indicator (MCI), Disassembly Potential (DP) and as a source for Life Cycle Assessment (LCA).
In general, LCA is an established method to quantify indicators, such as GWP (ISO 14040:2006, ISO 14044:2006). In construction, LCA is used to quantify the impacts in different life cycle stages of buildings, starting from production (A1-A3), usage including maintenance and replacement (module B), until end-of-life (C1-C4) (EN 15804:2012+A2:2019).
MCI and DP are more recent concepts and focus on quantifying the circularity of materials and buildings. MCI was developed by the Ellen MacArthur Foundation for measuring the circularity of material flows of products as well as the degree of secondary materials used during construction, their utility and their potential for reuse and recycling at the end of life (Ellen MacArthur Foundation, 2015). DP specifically focuses on building structures and measures how different elements and components can be taken apart for reusing or recycling their parts (Durmisevic, 2006). The building circularity indicator (BCI) combines both approaches of MCI and DP and aggregates these material-related and component-related information to one circularity score on the building level (van Vliet, 2018; Verberne, 2016).
However, existing approaches for creating MPs are often limited to manual steps for semantic enrichment of material composition, environmental properties, and further properties relevant to circularity assessments (Kovacic & Honic, 2021). Kovacic and Honic introduced a Scan-to-BIM approach for semi-automated generation of MPs for existing buildings (Honic et al., 2020). However, the BIM model for creating an MP had to be modelled manually due to quality limitations in the Scan-to-BIM process.
As indicated with these related works, previous approaches on this topic fall short of a comprehensive cross-domain process description with prototypical implementation and either a) present generic processing methods where applicability remains unclear or b) focus on the use case and remain ambiguous about the technical feasibility and shortcomings of existing technologies required for end-to-end automation. This research identifies and aims to solve a critical gap between the technological capabilities and their practical application for building-scale environmental assessment of existing building stock.

3. METHODOLOGY
The presented methodology describes a comprehensive solution from laser-scanned point cloud to Material Passport (MP) and environmental assessment. The following section describes each processing step, as depicted in Figure 2.

[bookmark: _Ref194238443]3.1 Point cloud segmentation and segment enrichment
The raw point cloud is initially fed to a neural network for semantic segmentation. This step uses a KPFCNN network (Thomas et al., 2019) and synthetic training data due to the lack of annotated ground truth data in the domain of industrial buildings. The data generation and its implications on network performance are investigated in (Noichl, Collins, Braun, et al., 2024) and are not explained in detail in this paper. Subsequently, the point cloud is reduced to the beam class, as depicted in Figure 1 (left).
To separate individual beam instances, object orientation is estimated based on a local spherical neighborhood and the segment extent using PCA and RANSAC iteratively in conjunction with a multi-criterial region growing approach (Noichl, Braun, et al., 2024). After beam instance points are clustered, the respective points are collectively projected to a plane perpendicular to the estimated direction per plane and aligned with the local coordinate system in the xy-direction. By doing so, occlusions along the span of each element can be neglected, and the subsequent steps for cross-section identification are supplied with the maximum available information.
Based on local standardization bodies, steel beam cross-section profiles are defined by a set of pre-defined shape parameters  per European standard EC 3-1-1. While this parametric polygon neglects the radius between the web and flanges to make computation, it enables efficient computation and captures the overall shape of an I-beam cross-section. The challenge of identifying the correct cross-section type from the standard is solved by application multi-objective optimization for  and the cross-section offset on the xy-plane . By treating potential solutions as parameter sets  instead of optimizing for individual values for each shape parameter, the solution space is drastically reduced. Simultaneously, the obtained solution is a standardized cross-section, even with significant occlusions and noise.

3.2 Procedural modeling and generation of BIM model and Material Passport
A steel beam can be modeled in 3D by an extrusion operation, which requires a cross-section, orientation, and a defined path. The cross-section and longitudinal orientation of each beam are obtained by the method introduced in Section 3.1. The path of each beam is determined by projecting the points of the instance cluster to the line defined by the identified direction vector and the center of gravity of the identified cross-section profile. The first and last points are identified by evaluating their distance to an arbitrary reference point outside the extent of the input point cloud. The geometric reconstruction using a sweep itself is a fundamental geometric procedure and is outside the scope of this work.
Custom properties are added to enrich the model with sufficient semantic detail for subsequent processes and serve as an MP. Depending on the intended use of the MP and the intended software, requirements can vary. For the presented method, MCI, DP, and LCA require information on material and detachability. Material information can be obtained from open datasets by the standardized cross-sections identified in 3.1. Due to significant occlusions in structural steel systems, the processed point cloud data generally does not include sufficient details and point densities to identify connection type and detachability criteria for each connection from the point cloud data alone. For this, additional information is required that goes beyond the information that can be retrieved from the available input data. It is, therefore, based on an assumption that is consistently added to each beam object in the model.
[image: ]As general property information for each steel beam, we assign the German classification for load-bearing steel beams (KG 351), as well as the “preserved” attribute as element phase as the system boundary. For MCI and LCA, material-related datasets are enriched using the information of the steel profiles as material names and the corresponding IDs. These datasets contain all relevant information about environmental product declarations (EPD), as well as input source and regenerative ratio, and its output destination (reuse, recycle, etc.) and its ratio.
More detailed properties are needed to calculate DP as defined by van Vliet (2018). This includes the type of connection, accessibility of the connection, intersection, and product edges inclusion. For this steel beam construction, we set the same assumptions for these properties. We assign “welded” and “hard chemical connection” as connection types. Furthermore, we assume that each beam is freely accessible without additional action, as the beams are not covered or blocked by other elements. This assumption can be readily deduced from the data used, if laser scans are carried out without dismantling any elements. The roof structure itself and its connections can therefore be regarded as openly accessible. Additionally, we assume that other layers do not intersect with the beams. However, product edges are assumed to overlap due to partial obstructions that prevent complete element removal.
The resulting model includes all necessary information and is exported into IFC 4.3 as the current version of the international standard for exchanging BIM models.

3.3 MP-based environmental assessment
The semantically enriched IFC model is then processed to calculate several environmental assessments, such as MCI, DP, and LCA. For the MCI, we follow the approach introduced by the Ellen MacArthur Foundation. For the LCA, we follow the calculation methodology according to EN 15978:2011, including the phases A1-A3 (production), B4 (replacement) and C1-C4 (End-of-Life). For calculating the DP, we follow the metric by Durmisevic (2006) and van Vliet (2018).

4. EXPERIMENT & RESULTS
Semantically rich 3D models contain relevant information, e.g. component types, materials, quantities, and profile types for material-related environmental analysis. A bill of quantities and materials with assigned generic or product-specific datasets, including environmental impacts, is the basis of the inventory stage for MP-based environmental assessments. Because steel structures depict a particularly suitable use case for implementing circular economy strategies in the construction domain (Selvaraj & Chan, 2024), our method is evaluated on a point cloud dataset of a steel roof structure.Figure 3: Exemplary experiment insights: a) view of the point cloud captured in an industrial cooling plant b) point cloud processing results after semantic and instance segmentation c) model reconstruction result d) selected semantic properties of the resulting IFC model;
c) & d) visualized using KITModelViewer


4.1 Case study dataset
The presented method is applied to a dataset depicting the roof structure of an industrial cooling plant. The dataset has been introduced in (Noichl, Collins, Braun, et al., 2024). The extracted roof structure used for the experiment comprises a volume of ca. 201m3, spanning an area of 84m2. A view of the entire input point cloud is depicted in Figure 1. Figure 3a shows a view of the raw unfiltered point cloud dataset from within the facility.

4.2 Geometric processing and enrichment
The detailed results of semantic and instance segmentation are out of the scope of this paper; Figure 3b shows exemplary results to visualize the concept. As a result, 7.8x106 points are identified as beam points, out of a total 30 beam instances, 24 are successfully identified and reconstructed in their procedural 3D model geometry, as depicted in Figure 3c. As introduced in Section 3.2, additional information is added to the BIM model to enable further processing; Figure 3d shows an insight on how this information is stored in the IFC model.

4.3 Results of circularity assessments
We used Madaster as platform for evaluating MP-based circularity assessments by uploading the semantically enriched IFC model. The overall derived mass for the whole steel beam construction is 7.12 t, distributed to 97% recyclable and only 3% landfill mass as output of the MCI material flow, as shown in Figure 3. Furthermore, the net present value is 5.200€/m2 at the end of life of the construction.


[bookmark: _Ref194571519]Figure 4: MCI material flow results of input and output flows

With steel as the primary structural material, the MCI is 83% and significantly higher than Madaster’s internal benchmark. For the DP results, the overall BCI is 28%, which is mainly due to welded connection types of the beams. To investigate the impact of our connection type assumption, it was changed to “bolt and nut connection”, which increased the BCI score to 70%. 
This change of BCI score shows the future need to further automate the detection of the correct connection type in steel structures, e.g., using further object detection or classification in images.

[bookmark: _Ref194571794]Figure 5: LCA results focusing on GWP of the whole case study steel beam structure

In Figure 4, the LCA results for the whole case study steel beam structure are shown, focusing on GWP in kg CO2e/m2year with a total of 6.87t CO2e. However, the gross floor area of this construction is not comparable to usual buildings. Nevertheless, the high GWP impact in the construction phase can be compensated when including module D with its benefits for the recycling potential (outside of the LCA system boundary).

5. CONTRIBUTION & LIMITATIONS
The main contribution of this paper is an end-to-end method to create a Material Passport (MP) and derive environmental assessment metrics for existing steel structures, which considers all necessary computation steps from point cloud segmentation to metric calculation. The novelty of the presented approach is the complete automation, from point cloud processing to metric reporting.
The method is evaluated on a point cloud dataset depicting a typical industrial steel roof structure, including a detailed report on resulting metrics.
While the presented work is advanced in its ability to describe an end-to-end process, it is also characterized by significant limitations as a concession to allow for full automation within the scope of this work. In terms of the use case, the main limitation lies in the current limitation to I-shaped steel cross-sections. Further, due to a lack of detail in the available point cloud data and missing methods for automatic classification, individual connection types between beam instances are based on assumptions, as are the detailed material parameters.

6. OUTLOOK & FUTURE WORKS
The need for methods to evaluate the environmental impact of existing structures and assess the potential for extending their lifecycle is immense. This need will continue to grow as our society faces increasing pressure from the rapidly accelerating impacts of climate change.
Future works on the topic could enhance the presented method by incorporating more detailed analyses of connection types and materials. While identifying connection types might require secondary data sources such as images or as-designed plans to achieve the necessary level of detail, this information could simultaneously help identify specific materials. High-precision laser scanning equipment can further provide data based on which surface typology can be estimated – including coating type, thickness, and connected implications for material behaviour. These advancements would significantly increase the industrial applicability and impact of such automated methods for analysing existing building stock.
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