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ABSTRACT: 
The indoor environment of as-built structures undergo modifications over time, deviating from their original design and complicating facility management. Existing methods struggle to produce high-fidelity 3D models to represent that change. Gaussian splatting, a recent reconstruction technique, enables real-time rendering with high visual quality, offering a promising solution. This paper proposes a method that generates semantic Gaussian splats from panoramic images and integrates them into an IFC-graph for facility management. The approach enhances facility recognition and retrieval while enabling high-fidelity rendering of indoor environments. A case study demonstrates two key applications: semantic-guided facility retrieval and high-fidelity rendering, improving the semantic richness and visual quality of as-built BIM models.
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1. INTRODUCTION 
As-built structures undergo continuous modifications throughout their operational lifespan, resulting in significant deviations from their original design. Effective facility management in these dynamic environments requires accurate, high-fidelity, and semantically rich 3D representations. However, existing point cloud- and image-based reconstruction methods struggle to achieve both geometric accuracy and semantic completeness. These limitations hinder the ability to integrate as-built data into Building Information Modeling (BIM) frameworks, reducing their applicability for facility management tasks such as maintenance, asset tracking, and spatial analysis.
Traditional 3D reconstruction methods, including point cloud processing and multi-view stereo, face challenges in providing 3D representation with high fidelity. Point clouds provide accurate spatial information but require extensive post-processing for semantic enrichment. Meanwhile, image-based techniques often fail to capture depth information effectively, leading to incomplete or inaccurate representations. 
Gaussian splatting (GS), a recent advancement in 3D reconstruction, offers a promising alternative by enabling real-time rendering with high visual fidelity. Unlike conventional mesh- or voxel-based representations, Gaussian splats use anisotropic Gaussians to efficiently model complex geometries while maintaining a compact data structure. This approach allows for high-quality visualizations while preserving flexibility for semantic augmentation. However, its potential for facility management and BIM integration remains largely unexplored.
This paper proposes a novel method for generating semantic Gaussian splats of indoor environments from panoramic images and incorporating them into an IFC-graph for enhanced facility management. The methodology consists of three key components: (a) constructing panoramic semantic 3D Gaussian splats from panoramic image data, (b) integrating facility information into an IFC-graph to facilitate semantic retrieval, and (c) leveraging image-based methods for facility recognition. By combining high-fidelity Gaussian splats with IFC-based semantic structuring, the proposed approach bridges the gap between visual quality and structured facility information.
The contributions of this research are threefold:
1. High-Fidelity Semantic Reconstruction: We introduce a method for generating semantic Gaussian splats from panoramic images, improving the fidelity and semantic richness of as-built BIM representations.
2. IFC-Based Semantic Integration: The proposed approach enables seamless integration of Gaussian splat models with IFC-structured facility information, enhancing retrieval and management capabilities.
3. Improved Retrieval-based Rendering and Facility Assessment: By incorporating image-based semantic recognition, the method supports efficient facility retrieval, contributing to more intelligent facility management systems.
A case study is conducted to validate the effectiveness of the proposed method, demonstrating its applications in semantic-guided facility retrieval and high-fidelity rendering of indoor environments. The results underscore the potential of GS for advancing as-built BIM reconstruction, providing a more comprehensive and visually accurate representation of indoor spaces.

2. RELATED WORK
2.1 As-built reconstruction for indoor environment
The integration of spatial and semantic information is essential for as-built environment modeling and facility management. Currently, there are two primary methods for 3D reconstruction: range-based and image-based approaches (Wong et al., 2025).
Range-based methods, such as LiDAR and laser scanning, use electromagnetic radiation to capture spatial relationships with high precision, producing dense point clouds that effectively represent complex geometries, including MEP components (Yin et al., 2021).
Image-based methods, driven by advancements in photogrammetry, leverage Structure-from-Motion (SfM) (Schönberger and Frahm, 2016) to estimate camera parameters and reconstruct sparse point clouds. The application of Multi-Stereo View (MSV) (Goesele et al., 2006) then enhances point cloud density through depth maps generated from pixel-level feature matching.
Once a dense point cloud is reconstructed, segmentation is required to partition raw data into meaningful building elements (walls, windows, pipes, etc.), which is crucial in Scan-to-BIM processes. Segmentation methods are broadly categorized into handcrafted feature-based and learning-based approaches. Traditional methods use geometric and statistical attributes such as plane clustering (Czerniawski et al., 2018) , and voxelization (Díaz-Vilariño et al., 2015) to classify elements using algorithms like k-NN and decision trees (Perez-Perez et al., 2021). In contrast, Deep Learning (DL)-based approaches, such as PointNet++ (Qi et al., 2017) 3DU-Net (Çiçek et al., 2016), have demonstrated superior performance by learning feature representations directly from raw point clouds.
Aprart from segmentation based on 3D geometry of point cloud, a 2d segmentatio-based method has emerged, leveraging 2D image segmentation combined with mask mapping to transfer semantic labels from images to 3D point clouds using camera projection models. Deep learning models like YOLO-v7 (Wong et al., 2025) and Segment Anything Model (SAM) (Wang et al., 2024) have been used to segment architectural elements in 2D images, with the extracted semantics mapped onto the 3D reconstruction.
Beyond point clouds, new methods such as Neural Radiance Fields (NeRF) (Mildenhall et al., 2020) and 3D Gaussian Splatting (3D-GS) (Kerbl et al., 2023) offer more photorealistic 3D representations. While NeRF utilizes neural networks to model scenes, 3D-GS represents objects as Gaussian ellipsoids, enabling faster training (~30 minutes) and real-time rendering (~30 FPS at 1080p resolution). Compared to point clouds, 3D-GS integrates semantic information through image-segmentation-based or language-feature-based techniques, supporting applications like interactive editing, object recognition, and scene understanding. Despite its advantages, 3D-GS remains underexplored in the AECO domain, where research has primarily focused on NeRF-based approaches. This study proposes a 3D-GS-based indoor reconstruction method that enhances integration with BIM models while addressing limitations in existing techniques.
2.2 Information management for indoor facility management
Following geometric reconstruction and semantic segmentation, managing as-built data effectively is a key challenge. Various approaches have been developed for indoor facility management, including BIM-based, IFC-based, and graph-based methodologies.
BIM-based approaches facilitate Scan-to-BIM workflows for maintenance and facility management. Tools such as Revit API(Yang et al., 2018), Dynamo, and Rhino are commonly used to transform point clouds into BIM models. 
IFC-based methodologies leverage Industry Foundation Classes (IFC) (Bassier et al., 2018) as a neutral, standardized format for cross-platform BIM data exchange. API-based plugins support seamless integration, allowing practitioners to edit and manage BIM models directly within digital platforms.
Graph-based approaches have gained attention for structuring semantic point cloud data. The Scan-to-Graph (STG) framework (Werbrouck et al., 2020) enhances Scan-to-BIM by integrating Semantic Web technologies, enabling uncertainty documentation and interdisciplinary data linking. Similarly, graph-based methods have been applied in infrastructure modeling, such as highway reconstruction and pavement segmentation.
A notable advancement is IFC-Graph (Wang et al., n.d.), which combines IFC-based information with knowledge graphs for improved semantic extensibility and retrieval. Unlike traditional IFC models that primarily capture design-phase information, IFC-Graph supports lifecycle management, making it particularly suitable for dynamic facility environments. However, research in this area remains limited. 
This study explores how IFC-Graph can bridge the gap between as-built reconstruction and facility management, ensuring a seamless transition from design to operational phases.

3. METHODOLOGY
3.1 Semantic Gaussian Splatting Generation based on panoramic images
As shown in Figure 1, the construction of semantic GS involves two major stages: (1) generating the GS model, and (2) embedding semantic information.
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Figure 1 Pipeline for Semantic GS


In the first stage, this study employs a panoramic camera to collect data from indoor environments and subsequently generates a GS representation of the scene. Compared to previous studies (Kerbl et al., 2023) that rely on monocular cameras, which require carefully planned trajectories to ensure sufficient viewpoint coverage, the use of a panoramic camera significantly improves the comprehensiveness and efficiency of data acquisition.
Based on the captured panoramic video, keyframes are first extracted. For each keyframe, a projection algorithm is applied to convert the panoramic image into a set of perspective images simulating views captured by monocular cameras. This step enables compatibility with SfM pipelines. COLMAP is then used to perform SfM and reconstruct a point cloud of the indoor environment from the generated perspective images.
Building on the initial point cloud produced by SfM, the method proposed in (Kerbl et al., 2023) is further adopted to generate a GS model, which supports continuous and photorealistic rendering.
In parallel, the SAM model (Wang et al., 2024) is used to generate semantic masks for each image. However, due to inconsistencies in mask coloring across different views, direct usage of these masks poses challenges for consistent semantic embedding. To address this, a mask unification algorithm named DEVA (Cheng et al., 2023) is introduced to align the semantic masks across views, ensuring consistency of semantic representation.
For semantic embedding, the approach follows the design introduced in (Ye et al., 2024). The feature dimensions of each Gaussian splat are extended to accommodate semantic attributes. Semantic masks generated by SAM are then mapped to the Gaussian splats via a dedicated backpropagation process, which is visualized in Figure 2.
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Figure 2 Pipeline for Semantic GS
Once semantic embedding is complete, it becomes possible to group the Gaussian splats at the facility level based on semantic features. Figure 9 presents several examples of facility-level semantic GS. These grouped splats serve as the basis for subsequent facility-level management and integration into the extended IFC-graph framework.
3.2 Graph based facility management
After completing the semantic GS reconstruction and grouping at the facility level, an important challenge arises: how to integrate this information into the Building Information Modeling (BIM) management framework. To address this, the proposed approach extends IFC-graph method to support the management and retrieval of such information. The corresponding framework of the extended IFC-graph is illustrated in Figure 3.
Specifically, the extended IFC-graph consists of two components: the core IFC-graph, which stores the original information from IFC data, and the branch IFC-graph, which manages incremental information related to semantic reconstruction of indoor facility. In typical BIM scenarios, indoor spaces are represented using the IfcSpace entity. In this work, IfcSpace serves as the bridge connecting the core IFC-graph to the branch IFC-graph used for facility-level information management.
As shown in Figure 3, for each facility located within an IfcSpace, the corresponding semantic GS model is represented as a node in the branch IFC-graph and is linked to the associated IfcSpace. Facility attributes such as type, description, and other metadata are stored as properties of these nodes. This hierarchical and extensible structure enables efficient management and retrieval of incremental semantic information within the BIM framework.
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[bookmark: _Ref194914101]Figure 3 Ontology of Branch IFC-Graph



4. CASE STUDY
4.1 Experiment Configuration
This study selects a meeting office within the Queen's Building in Cardiff as the case study scene. An Insta360 panoramic camera was employed for indoor data collection. Figure 4 presents the panoramic image captured of the selected office.
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[bookmark: _Ref194764210]Figure 4 Example of Collected Panoramic Images


4.2 Semantic GS and generated IFC-graph
Based on the collected continuous panoramic video, the method described in Section 2.1 is employed to split the panoramic images into multiple views. For each resulting image, the SAM method is applied to generate semantic masks, while the DEVA method is used to associate semantic regions across different views. This process aims to produce a unified semantic mask to ensure consistency of semantic information during semantic embedding. Figure 5 visualizes the key results of this process.
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[bookmark: _Ref194755976]Figure 5 Splitted Images and Generated Semantic Mask
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[bookmark: _Ref194756029]Figure 6 Visualization of Initial Point Cloud and Generated GS


Based on the images extracted from panoramic images, COLMAP is first employed to reconstruct a 3D point cloud from the sequence of 2D images. This process is illustrated in Figure 6 (a). Based on the reconstructed point cloud, the GS method is applied to generate a model capable of producing continuous and photorealistic renderings. Figure 6 (b) shows the center points of the generated Gaussian splats, while Figure 6 (c) presents the rendering results produced by the GS model. Compared to the point cloud visualization in Figure 6 (a), the GS results exhibit significantly greater detail and visual fidelity.
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[bookmark: _Ref194755937]Figure 7 Examples of Rendered Image and Corresponding Semantic Mask


Figure 4  presents the rendering results of the semantic GS model from different viewpoints. The left column shows renderings based on color and opacity information, while the right column displays the corresponding semantic renderings. The results demonstrate that the semantic GS model effectively preserves the consistency of semantic embeddings across views.
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[bookmark: _Ref194755947]Figure 8 Visualization of Segmented GS at facility level


Building upon semantic GS, this study further explores the explicit grouping of different semantic components and visualizes the resulting grouped representations. Figure 8 illustrates the grouping results across all facilities, while Figure 9 presents two representative examples of facility-level GS. For each example, the center points of component-level splats are shown, along with images rendered from multiple viewpoints. Compared to traditional point cloud data, the GS approach offers more continuous and high-fidelity renderings, while also enabling finer-grained detail representation.
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[bookmark: _Ref194755551]Figure 9 Examples of Rendered Image for Facility Management


4.3 Information Retrieval-based Detailed Facility Management
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Figure 10 Extended IFC-graph: (a) core Ifc-Graph; (b) Branch Ifc-Graph for the targeted Ifc-Space.


After generating facility-level Semantic GS, integrating them into a Building Information Modeling (BIM) management framework becomes a key challenge. This study addresses this by leveraging the IFC-Graph. Specifically, after generating IFC-graph from IFC file of Queens’s building, the IfcSpace node identifying the corresponding IfcSpace is first addressed within IFC-Graph. For each segmented facility-level Gaussian Splats, a Facility node is created. The storage path of the respective GS model is assigned as a property of the corresponding node.
Following node construction, automatic semantic enrichment of the IFC-Graph is performed. For each facility GS, multi-view image renderings are generated from arbitrary perspectives. These rendered images are then processed using the GPT-4o API to produce descriptive outputs. The model generates nominal expressions, which are subsequently used as semantic names for the corresponding Facility nodes.
With semantic enrichment in place, Cypher queries enable semantic-based retrieval of facility representations. Figure 12 shows two rendered GS models retrieved through such semantic queries.
4.4 Potential Application in Spatial Understanding
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Figure 11 Detailed Facility Management based on Rendered Image from GS


The proposed IFC-Graph framework, which integrates Semantic GS, facilitates automated and detailed facility management. Specifically, once a facility GS is retrieved via semantic queries, high-fidelity multi-view images can be rendered. These images can then be analyzed using computer vision and multimodal models for deeper understanding and assessment of the facility. As illustrated in Figure 11, this study applies the SAM and LLaVA models to perform semantic segmentation and scene description on randomly rendered views of a facility from Figure 9. This automated semantic analysis significantly enhances the level of automation in facility management tasks.

5. CONCLUSION
This study presents a novel framework that leverages Semantic GS for high-fidelity and semantically enriched 3D reconstruction of indoor environments, addressing key limitations in existing point cloud- and image-based methods. By integrating the resulting representations into an IFC-Graph, the proposed approach bridges the gap between visual quality and structured semantic information, enabling more intelligent and automated facility management workflows. Through the combination of panoramic image-based GS, IFC-based semantic graph construction, and image-driven facility recognition, this method enhances the capabilities of as-built BIM in capturing, organizing, and retrieving detailed facility information. The case study demonstrates the practical potential of the framework in supporting semantic-guided retrieval and detailed visual assessment, marking a significant step toward more adaptive and data-rich facility management systems.
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(b) Semantic mask after association
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(c) Rendering result of generated GS
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