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Highlights:

e The 3-Dimensional Reconstruction, Integration, Segmentation, and Editing (3D-RISE) model
enables dynamic construction site simulations, integrating 3D reconstruction, segmentation, and
mesh refinement for site layout planning (SLP) and safety training applications.

e Implements 3D Gaussian Splatting (3DGS) for real-time, computationally efficient modelling,
transforming captured scenes into realistic and editable virtual environments.

e Combines advanced tools like “Segment Any 3D Gaussians (SAGA)” for precise automated
segmentation and “Surface-Aligned Gaussian Splatting for Efficient 3D Mesh Reconstruction and
High-Quality Mesh Rendering (SuGaR)” for detailed mesh reconstruction, enabling flexible
customisation of 3D scene components.

e Results demonstrate high-quality outputs with realistic visualisation and seamless integration of
segmented objects, full models, and online 3D elements into dynamic virtual environments.

Abstract: The construction industry requires dynamic and realistic site simulations for effective site
layout planning (SLP) and safety training. This paper introduces 3-Dimensional Reconstruction, Integration,
Segmentation, and Editing (3D-RISE), a novel workflow integrating 3D Gaussian Splatting (3DGS),
Segment Any 3D Gaussians (SAGA), and Surface-Aligned Gaussian Splatting for Efficient 3D Mesh
Reconstruction and High-Quality Mesh Rendering (SuGaR) to create customisable and high-quality 3D
construction scenes. The workflow leverages advanced segmentation and mesh reconstruction
techniques to generate editable models while maintaining scene realism. Evaluation metrics from the initial
3DGS outputs across three image datasets (namely, steel structure, excavator, and random model)
demonstrate the effectiveness of the pipeline, achieving peak signal-to-noise ratio (PSNR) values of 22.984,
35.254, and 25.854, respectively, after 30K iterations. The structural similarity index measure (SSIM) scores
ranged from 0.783 to 0.951, highlighting the workflow’s ability to generate visually accurate outputs.
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Despite its robust capabilities, 3D-RISE has limitations, including reliance on datasets with 360-degree
coverage, the inability to directly modify 3DGS-rendered scenes in Unreal Engine (UE) version 5.3, and
a high demand for computational power. Running 3D-RISE on GPUs with lower specifications
significantly increases processing time, requiring optimisation through downsampling or lower iteration
counts, which may affect output quality. Future work focuses on integrating generative artificial
intelligence (Al) to generate 3D-ready models from single images, reducing dataset requirements and
computational overhead while improving scalability.

Keywords: SLP; safety; 3D-RISE; 3D reconstruction; segmentation; mesh reconstruction; 3DGS;
SAGA; SuGaR

1. Introduction

Construction sites are inherently dynamic environments, with each site and project location possessing
unique properties that are independent of others [1]. Successful construction site management can lead
to smooth project progress, improved site safety, enhanced visualisation and communication for both
stakeholders and workers, effective resources and cost optimisation [2]. Historically, construction
site management has often required on-site presence for manual safety equipment inspections,
overseeing construction site layout planning (SLP), and managing logistics. Such traditional
management practices have proven time-consuming, increased labour costs, and ineffective
construction site data collection [3,4]. This inefficiency underscores the importance of having readily
accessible construction site data without the need for physical site visits [5]. Having readily accessible
construction site information can enhance communication, improve safety training, and facilitate better
decision-making [6,7].

However, the availability of comprehensive construction site datasets is scarce due to the proprietary
nature and liability concerns associated with each company’s projects [8]. Numerous researchers have
attempted to bridge the gap of limited construction datasets by conducting data augmentation on construction
datasets. Most existing research on construction site datasets tends to focus on specific on-site construction
resources, such as workers and construction objects [9,10], rather than capturing the entire construction
site scene (Figure 1). A holistic view of the construction site enhances understanding of the spatial
layout, interrelationships, and dynamic interactions between all on-site elements [11]. For example,
Jiang et al. [12] optimised crane placement and hoisting operations through a holistic planning approach.
Kim et al. [13] modelled a 2-Dimensional (2D) construction site plan in Unity [14] to enable a deep
reinforcement learning model for realistic worker pathfinding and behavior simulation. Zhu et al. [15]
developed a digital replica of a construction site layout, integrating essential components and locations
to aid site logistics, safety training, and planning coordination in virtual environments.

Recent advancements in 3-Dimensional (3D) reconstruction techniques, such as computer vision,
3D laser scanning, simultaneous localisation and mapping, and rapid image modelling, have made it
easier to acquire detailed on-site data. Unlike traditional surveying methods such as total stations and
GPS receivers, which often require extensive manual effort, time and experience, these modern
techniques allow for the accurate replication of complex real-world environments with high fidelity.
However, the drawback of ensuring a realistic 3D construction scene is the challenge when it comes to
editing or manipulating within the captured scene, without disrupting its realism. Bang et al. [16]

2



Smart Constr. Article

proposed an image inpainting method that uses a cut-and-paste technique to expand construction datasets.
While this approach successfully created different construction scenarios by inserting various elements into
existing scenes, it significantly diminished the immersion and realism of the modified scenes. This limitation
poses challenges in construction SLP, where dynamic adjustments are frequently necessary.
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Figure 1. Two categories of construction datasets: (a) Micro-level construction datasets: datasets
that focus on specific on-site construction resources and elements; (b) Macro-level construction
datasets: datasets that capture the entire construction scene.

The ability to edit and experiment with different configurations within an existing construction scene
is crucial for dynamic SLP [17], which is essential at various stages of the construction process. Dynamic
SLP accounts for factors such as the arrival times of materials and equipment, as well as their specific
locations during different phases of the project. The capability to adjust and modify elements within a
construction scene, while preserving realism, is critical for enhancing both project execution and
stakeholder communication. While realistic visualisation is particularly valuable for training
simulations, enabling workers to engage with lifelike scenarios, its role extends far beyond safety
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training. High-quality visualisation facilitates easy understanding and interpretation, allowing
stakeholders to comprehend spatial layouts, equipment placement, and construction progress more
effectively [18]. This improved clarity reduces misunderstandings and aligns project peers with critical
decisions, ensuring smoother collaboration. Moreover, immersive visualisation provides users with an
in-depth experience through various interfaces, screens, and devices. By offering multi-sensory
feedback, these tools allow users to perceive experiences that closely resemble reality. Feedbacks
delivered through sensory channels enhances the sense of control and realism, which in turn improves
users’ efficiency in interpreting data and making informed decisions in construction planning [19].

This paper proposes 3-Dimensional Reconstruction, Integration, Segmentation, and Editing (3D-RISE),
a workflow to enable the manipulation of construction scenes. The proposed workflow demonstrates the
potential to create diverse variations in site configurations, supporting dynamic planning and realistic
training simulations. By allowing users to experiment with site layouts and optimise safety and logistics
in a flexible virtual environment, the integration of these advanced techniques aims to revolutionise
construction site management and training.

The technical tools used in this study are individual components that exist independently. The
novelty of this research lies in the integration of these tools into a unified and practical workflow
focusing on the construction site layout synthesis domain. Our research on the topic of customisable
construction site layout synthesis represents one of the earlier attempts to combine these components
cohesively to enable editable, photorealistic 3D reconstruction scenes that support dynamic SLP and
virtual safety training applications. While most existing works utilise 3D reconstruction for static
visualisation, our approach goes further by demonstrating how segmentation and mesh refinement for
large-scale SLP can be incorporated into a pipeline that enables object-level editing and scene
compositing. This capability significantly enhances customisability, reusability, and realism in training
simulations and planning environments.

The manuscript is structured as follows: Section 2 reviews the related works, providing context and
background for the study. Section 3 outlines the methodology used to evaluate the proposed 3D-RISE
workflow. Section 4 discusses the results, including insights into the workflow’s performance,
limitations, and applications, and highlights potential future work to address current challenges. Finally,
Section 5 concludes the study by summarising key findings and their implications.

Table 1 provides the abbreviations and corresponding definitions used in this study.

Table 1. Abbreviations and definitions.

Abbreviations Definitions

3D-RISE 3-Dimensional Reconstruction, Integration, Segmentation, and Editing

3D 3-Dimensional

2D 2-Dimensional

3DGS 3D Gaussian Splatting

Al Artificial intelligence

FPS Frames per second

NeRF Neural Radiance Field

OpenMVS Open Multi-View Stereo

SAGA Segment Any 3D Gaussians

SLP Site layout planning

SuGaR Surface-Aligned Gaussian Splatting for Efficient 3D Mesh Reconstruction and High-Quality
Mesh Rendering

UE Unreal Engine
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2. Related
2.1. Advancements of 3D reconstruction techniques in construction field

The field of 3D reconstruction in the construction industry has seen significant advancements over the
decades, moving from manual, labour-intensive methods to more automated, data-driven solutions. As
illustrated in Figure 2, these techniques can be broadly categorised into traditional, geometry-based, and
deep learning-based methods. In the past, there was no comprehensive mathematical-based optimisation
approach that could help in capturing the site into a 3D scene [17]. Traditional methods, such as manual
hands-on approach and the use of early-designed total stations, dominated early construction site
planning. While these approaches provided essential data for site layout, they were often time-consuming,
prone to human error, and lacked the flexibility required for modern, dynamic construction projects [20].

Evolve into Implemented in
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Traditional Methods Geometry-Based Methods Deep Learning-Based Methods
- Manual hands-on - Photogrammetry - Neural radiance field (NeRF)
approach - Laser scanning - Gaussian splatting

- Simultaneous localisation
and mapping (SLAM)

Figure 2. Timeline of the progression of various 3D reconstruction techniques.

Currently, there are two techniques used for image-based 3D scene reconstruction in the construction
field, namely geometry-based methods and deep learning-based methods [21]. Geometry-based methods are
computational techniques that rely on mathematical principles of geometry to infer and reconstruct 3D
shapes and structures from 2D images or spatial data. Photogrammetry, laser scanning, structured light,
Time of Flight and simultaneous localisation and mapping are popular applications used for 3D map
surveying [22], autonomous driving [23], and smart cities [24]. In the construction domain, structural
health monitoring is one of the applications in which geometry-based 3D reconstruction is widely used.
Researchers have utilised the photogrammetry technique by stitching drone images to generate a 3D
model for structural inspections. Chen et al. [25] compared different geometry-based 3D reconstruction
techniques to evaluate the efficiency of performing bridge inspection. Aside from the structural health
monitoring sector, geometry-based 3D reconstruction is used in conducting the 3D mapping process.
Hu et al. [26] integrated robot motion control and pathfinding with simultaneous localisation and
mapping to reconstruct a 3D point cloud to overcome laborious and time-consuming manual work. Laser
scans are also used to generate accurate spatial representations of buildings quickly, which can help
support disaster management in a multi-layered complex buildings [27]. Despite extensive applications,
geometry-based methods faced challenges with having to handle complex geometries or dynamic
lighting conditions, which can affect the overall performance [21]. Su et al. [28] commented that laser
scanning is not only costly and inconvenient, but the process of image-based 3D reconstruction
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performances is easily influenced by environmental conditions. Cai et al. [29] commented on the limitations
of these 3D reconstruction methods as they may encounter errors in image orientation to texture mapping,
which can accumulate leading to inaccurate results. Additionally, while geometry-based methods are
effective in reconstructing simple objects and scenes, they struggle when trying to model meshes of
complex geometries and details [30].

Recently, deep learning-based methods have emerged as a powerful alternative for 3D
reconstruction by leveraging artificial neural networks to infer 3D structures from 2D images. Most deep
learning-based approaches have evolved into hybrid models by incorporating geometry-based
techniques, often relying on geometry-based preprocessing techniques such as photogrammetry to
generate camera poses for dataset preparation. As a result, deep learning-based methods are not entirely
independent, but rather build upon the foundational outputs of geometry-based techniques. In the 3D
reconstruction process, unlike geometry-based methods that explicitly calculate depth and 3D geometry,
deep learning models learn the underlying patterns in the data through large datasets and trainable
parameters. Su ef al. [28] combined the geometry-based laser scanning 3D reconstruction method with
deep learning model to optimise low-light images at the pixel level and to achieve better 3D
reconstruction performance. As construction site scene tends to be more complex, deep learning-based
methods are able to capture complex scene geometries with high-fidelity [31]. Similarly, these more
advanced 3D reconstruction techniques serve similar purposes in the construction domain, such as
structural health monitoring and 3D mapping [32], offering improved performance and overcoming the
limitations of geometric-based methods, particularly in handling complex geometric constraints.

While the intended problem-solving solutions are achieved, most research work has not ventured
beyond this scope. Existing studies primarily utilise 3D reconstruction techniques for enhanced
visualisation to aid respective fields, but these visualisations tend to be static, offering limited variability
and flexibility to address broader limitations. Jiang et al. [12] applied 3D reconstruction techniques to
aid in hoisting facility layout planning, improving efficiency by predicting optimal crane placement for
better project progress. The 3D reconstruction process is primarily used to extract the site’s dimensions
and the relative positions of key elements, allowing easier measurements to determine the optimal crane
position on the site. However, the inability to alter components within the captured scene presents an
opportunity for future work to explore dynamic scene manipulation for more flexible planning.
Similarly, Lian et al. [33] implemented 3D reconstruction techniques in virtual fire scene simulations
for firefighting training, enhancing user experience. Yet, this approach is limited by the lack of diverse
scenarios, reducing its adaptability for more comprehensive training. In both cases, scene manipulation
could overcome these limitations. A 3D reconstruction technique followed by dynamic scene
manipulation allows for greater variation in both construction SLP and safety training. This approach
offers valuable datasets for model training, improves layout planning, and provides diverse scenarios for
more effective worker safety training, enhancing the overall flexibility and usefulness of 3D
reconstruction in these domains.

2.2. 3D modelling for real-time scene

3D Gaussian Splatting (3DGS) is one of the deep learning-based methods for image-based 3D scene
reconstruction. Kerbl et al. [34] designed 3DGS to address the limitations of Neural Radiance Fields

(NeRF) [31], another deep learning-based 3D reconstruction method. While NeRF is highly effective in
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generating photorealistic 3D scenes from sparse image inputs, it requires significant computational
resources and longer rendering times, making it less suitable for real-time applications. In contrast,
3DGS provides a more computationally efficient alternative by representing 3D scenes as a collection
of Gaussian functions. This approach enables faster processing and real-time rendering while maintaining
high-quality visual fidelity. Additionally, the rendering output from 3DGS can be seamlessly integrated with
post-processing operations such as scene editing and animations, whereas the efficient rasterisation and high
rendering quality allow the support of implementation with virtual reality [35]. The application of virtual
reality in construction field is vast, such as enhancing worker safety, simulation performance evaluation,
and remote inspection [36]. With the integration of 3DGS, it offers the potential to create highly realistic
and interactive virtual environments to enhance training simulations. The breakdown step-by-step of
3DGS is shown in Figure 3.
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Figure 3. Optimisation process of 3DGS.

When image collections are completed and ready to be processed using 3DGS, the initial point
clouds from images are identified using the structure-from-motion method. COLMAP [37] is a technique
used in structure-from-motion method that takes a set of 2D images captured from different viewpoints
and estimates the 3D structure of the scene by analysing the motion between these viewpoints. This step
establishes the basic geometry of the scene by determining camera poses and sparse 3D points. Next,
the sparse point clouds are then used to generate a set of 3D Gaussian ellipsoids, known as splats, where
each splat represents a local region in the scene. In contrast to NeRF, this conversion significantly
reduces computational power by replacing dense point clouds or complex mesh representations with a
compact and continuous representation at the cost of reduced precision. Gaussian splats efficiently
approximate the geometry and attributes of the scene, allowing for smooth and realistic rendering
without the need for high-density polygons or intensive geometric calculations.

Lastly, the Gaussian ellipsoids are rendered into a 2D image from a new viewpoint. By using
learnable 3D Gaussian ellipsoid functions to represent scenes, realistic 2D images can be synthesised to
allow smooth rendering transitions between Gaussian ellipsoids to avoid visible artifacts [29]. The
function can be defined as:

IEN
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Where N represents all the Gaussian splats along the ray, c; represents the colour intensity of the i-th
splat, a; is the transparency or opacity of the i-th splat, while the latter half of the equation accounts for
the occlusion caused by splats closer to the camera along the ray. Nearer splats contribute first, with

their opacity determining how much of the farther splats remain visible. If earlier splats are fully opaque
(aj = 1), the i-th splat’s contribution is completely blocked, whereas if earlier splats are fully

transparent (a; = 0), the i-th splat contributes fully. The function describes how the final rendered
colour C of a pixel is computed in the 3DGS rendering process. It accounts for the contributions of
multiple overlapping Gaussian splats along a ray as seen from a particular camera viewpoint, which
enables 3DGS to achieve smooth and realistic rendering by calculating the contributions of overlapping
splats along a viewing ray.

2.3. Dynamic scene editing through 3D segmentation and mesh reconstruction

2D image segmentation is a deep learning-based computer vision technique that enables advanced
applications in scene understanding, medical image analysis, robotic perception, video surveillance, and
augmented reality by partitioning images into meaningful regions or objects for precise interpretation
and interaction [38]. In the construction industry, image segmentation is widely used for structural cracks
and defects maintenance [39], and worker’s health safety monitoring [40]. Kirillov et al. [41] have
developed a model called Segment Anything that excels in generalising across a wide range of 2D image
segmentation-related tasks, making it highly adaptable for applications mentioned beforehand.

In our research, the objective is to enable the generation and extraction of 3D objects from captured
frames to facilitate dynamic SLP. While 2D segmentation excels at analysing static or still images, it
faces challenges in extracting 3D geometric elements from objects viewed at multiple angles. This
limitation hinders its application in tasks requiring spatial understanding across a three-dimensional
scene. By contrast, 3D segmentation allows for accurate identification and isolation of objects in a
volumetric space, enabling greater flexibility and precision in dynamic environments.

To overcome the static nature of 2D segmentation, many researchers have proposed extending Segment
Anything’s capabilities to 3D segmentation by integrating it with radiance fields, such as NeRF [42—44].
Cen et al. [45] presented a 3D segmentation method called Segment Any 3D GAussians (SAGA) that
can segment corresponding 3D targets in the realm of 3DGS. These integrations have achieved
significant success in extracting 3D geometric information, allowing for seamless 3D object
segmentation across multiple viewpoints. This advancement bridges the gap between static image
analysis and dynamic 3D scene understanding, paving the way for innovative applications in
construction site simulations, virtual planning, and safety monitoring.

Another method for achieving dynamic SLP is through mesh reconstruction from rendered 3D
scenes. A mesh-based representation provides a structured framework that enables powerful tools for
editing, sculpting, animating, and relighting the scene. While 3DGS excels at producing realistic
renderings of scenes, it poses challenges when it comes to extracting explicit surface geometry from the
rendered data. Guédon et al. [46] introduced an approach that combines a regularisation term with
Poisson surface reconstruction [47] to refine and bind splats to the surface of the mesh, effectively
creating a structured and editable 3D representation. This process bridges the gap between visually
compelling Gaussian splats and practical mesh-based models, enabling the generation of high-quality
meshes that faithfully represent the underlying scene geometry.
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A ready-mesh representation of the site layout provides the flexibility to modify and edit the scene
such as object removal or insertion virtually as project requirements evolve over time. Project managers
can adjust object placements, pathways, or structural elements directly in the virtual environment, ensuring
smoother project progress and more efficient SLP. This eliminates the need for frequent physical
inspections or testing, reducing costs and saving time while maintaining precision and adaptability.

By enabling real-time modifications and seamless integration of project updates, 3D segmentation
and mesh reconstruction methods offer a robust solution for dynamic construction site simulations and
planning. These approaches not only enhance visualisation but also support the creation of flexible and
editable virtual environments, ultimately improving decision-making and operational efficiency
throughout the project lifecycle.

2.4. Research gaps

Despite significant advancements in construction site simulations and 3D modelling techniques, several
research gaps remain. Existing studies have primarily focused on either static visualisations or isolated
aspects of site management, lacking an integrated approach that supports dynamic scene editing and
diverse site configurations. Moreover, while 3D reconstruction techniques such as photogrammetry and
NeRF have demonstrated success in generating realistic 3D scenes, they often fall short in enabling
seamless customization and interaction with scene elements. The inability to modify or adapt
reconstructed scenes limits their applicability in dynamic SLP and training simulations. Additionally,
segmentation and mesh reconstruction processes remain labour-intensive and computationally
demanding, with current methods often requiring extensive manual refinement to achieve clean,
application-ready outputs. This is particularly evident in scenarios where background artifacts or noisy
data interfere with the quality of the reconstructed scene.

3. Methodology

Our study aims to develop and implement 3D-RISE, a novel workflow designed to facilitate dynamic
SLP and realistic construction safety training simulations. Unlike previous approaches, 3D-RISE is the
first to successfully integrate a combination of advanced techniques: 3DGS, automated segmentation,
and mesh reconstruction into a cohesive and functional pipeline. This unique combination enables users
to edit and experiment with different configurations within a self-selected construction scene in a game
environment engine, addressing key challenges in dynamic SLP. The proposed workflow provides a new
approach to conducting essential tasks such as efficient project execution, optimised safety protocols,
and logistical planning. By leveraging these advanced techniques, 3D-RISE not only preserves scene
realism but also allows seamless modification of scene elements in a virtual environment. This
adaptability supports various stages of the construction process, including planning, training, and safety
analysis. The workflow’s successful implementation demonstrates its potential to address limitations in
existing methods, such as the inability to dynamically edit 3D-reconstructed scenes or combine segmented
components with full site models without disrupting the realism. Figure 4 illustrates the 3D-RISE
workflow overview.
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Figure 4. Overview of the 3D-RISE workflow.
3.1. Dataset collection

The first step in implementing the 3D-RISE workflow involves capturing real-world construction scenes
or objects or interest to be used in the 3D scene. The capturing process is conducted in clear daylight
with stable lighting conditions to minimise visual noise and ensure consistency in image quality across
the dataset. Videos are recorded using either a standard smartphone camera or drone, ensuring that the
target scene is captured from multiple angles. In our implementation, we used an iPhone 12 Pro Max
and a DJI Phantom 2 drone for dataset collection. To reduce motion blur and ensure sufficient frame
overlap during capture, we maintained a walking speed of approximately 0.09-0.12 m/s. Higher rotation
or walking speeds during data collection (0.164 m/s and above) can reduce capture time but tend to
increase motion blur and reduce frame overlap, thereby negatively affecting feature matching in
structure-from-motion pipelines. This speed was chosen based on prior photogrammetry studies [48,49],
and helped maximise reconstruction accuracy while keeping the footage stable. The capture duration
parameters vary depending on the complexity and physical size of the object, as larger or more detailed
objects require longer capture times to ensure sufficient coverage from multiple viewpoints. These videos
are then processed using FFMPEG version 7.1 [50], which extracts individual frames per second (FPS) for
use in subsequent reconstruction steps.

To evaluate the effectiveness of the proposed 3D-RISE workflow, three datasets were prepared,
each representing a unique object and environment: an excavator, a steel structure, and a random model
(Figure 5). These datasets were selected to assess the versatility and applicability of 3D-RISE across
varied object types, detailed complexity, and surrounding environmental conditions. The capturing
method varied across locations depending on the rotation speed and recording duration. The total capture
duration was 52 seconds for the excavator, 21 seconds for the steel structure, and 109 seconds for the
random model. Frames were extracted at 2FPS for both the excavator and random model, and 3 FPS for
the steel structure, resulting in 103, 65, and 219 images respectively.

We selected a frame range between 50 and 300 images pre dataset to ensure a practical balance
between rendering quality and computational efficiency during 3DGS. Using too few images may
compromise reconstruction detail and spatial accuracy, while using too many significantly increases
training time without proportional gains in output quality [51]. This range allowed us to systematically
evaluate how dataset size influences the overall performance and fidelity of the 3D-RISE pipeline. The
results of this evaluation are discussed in Section 4.
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An excavator on construction site A steel structure on gravel surface A random model on the street

Figure 5. Locations chosen for the 3D-RISE workflow.
3.2. 3D Gaussian Splatting

The extracted frames from each dataset are processed using 3DGS to generate a preliminary 3D scene.
As a preprocessing step, COLMAP is first used to determine the spatial location of each frame by
reconstructing camera poses and generating a sparse point cloud. This information provides the
necessary spatial structure for subsequent 3DGS training.

3DGS then takes the COLMAP output to produce a high-fidelity, photorealistic 3D representation
of the scene, saved in the .ply format. This serves as the foundational representation used for later
processing, including segmentation and mesh reconstruction. The training process is configured to run
for 30K iterations, which typically requires between 1 to 2 hours per dataset depending on the number
of input frames.

Due to the high computational demand of 3DGS, segmentation, and mesh reconstruction, all
experiments are conducted on a high-performance workstation equipped with the following specifications:

® CPU: Cascade Lake P-8275CL

® RAM: 1152 GiB

® GPU: NVIDIA A100 Tensor Core GPU

® Storage: 500 GB SSD

The trained .ply output from 3DGS acts as the branching point in the 3D-RISE workflow, where it
is either passed into a segmentation process, or directly into mesh reconstruction for full-scene
modelling. The detailed refinement pipeline is illustrated in Figure 6.

X Model Selection GUI — o ®

1. Select Dataset Folder:

I o

2. Select Processing Model:
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~ SAGA (3D Segmentation)
il'nages " SuGaR (Mesh Reconstruction)
input | FFMPEG from “excavator” ‘ Execute
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stereo

(&l run-colmap-geometric -
‘ COLMAP from “input”

" run-colmap-photometric

© excavator

Figure 6. Data structure for 3D-RISE workflow testing.
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3.3. Segmentation and mesh reconstruction

To refine the 3D scene generated by 3DGS, the 3D-RISE workflow branches into two pathways
depending on the desired output:

(1) SAGA + SuGaR: Datasets are first segmented to extract target objects, which are then reconstructed
into detailed 3D meshes.

(2) SuGaR only: Full-scene .ply files are directly reconstructed into mesh models without segmentation.

Both outputs are used to simulate different configurations of a dynamic construction site.
Specifically, each dataset alternates between being the main scene (unsegmented) and a modular
component (segmented) inserted into another scene. For instance, the unsegmented excavator dataset
serves as the base environment, while the segmented steel structure is placed within it. This process is
rotated across all datasets, allowing us to evaluate the usability and spatial harmony of integrating
modular objects into reconstructed scenes. Figure 7 shows the breakdown of these two methods:

SAGA

Optimise a rough 3D representation from

Obtain SAM model checkpoint IDGS

L 4

Obtain SAM masks and scales from 3DGS
using trained model checkpoint

. 4

Train 3D gaussian affinity features

A 2

Segment desired 3D objects Outputs high quality, textured 3D mesh

. 4

Render selected objects

Extracts initial 3D mesh

Refines representation for better quality and
detail

Figure 7. Workflow process for the segmentation and mesh reconstruction method.
3.3.1. SuGaR

The .ply file produced by 3DGS is used as input to SuGaR to generate a refined, high-quality meshed
3D model. The process begins by optimising the initial 3D representation to extract a coarse mesh. This
mesh is then refined to improve surface detail and realism through iterative optimisation. SuGaR
employs three regularisation techniques:

® dn_consistency: Maintains smoothness by ensuring consistency between neighbouring Gaussians.

® density: Balances point distribution to prevent sparsity or overcrowding.

® Sdf (Signed Distance Function): Refines surface accuracy by minimising geometric error.

For our implementation, we selected the “density” regularisation technique, which yielded smoother
and more balanced meshes. A high-poly mesh setting was used, generating models with approximately
I million vertices and one Gaussian per triangle, which is ideal for high-fidelity simulations. The
refinement process ran for 15 K iterations and took approximately 2—4 hours per dataset. This approach
provides a detailed and realistic model suitable for dynamic construction site applications.

However, applying SuGaR directly to multiple .ply files from different datasets can lead to
complications. Each full-scene .ply includes its own background and combining them may result in
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overlapping elements and cluttered layouts. Instead of enhancing realism, this can introduce disorder
and reduce usability (Figure 8).

SuGaR only

++=

SuGaR + SAGA

-I-.t-l-®=

Messy, disorganised and ruined immersion

Neat and clear representation

Figure 8. 3D scene outcomes with or without the use of SAGA.
3.3.2. SAGA

To prevent this, we apply SAGA to isolate specific objects and remove background elements before
mesh reconstruction. This segmentation process begins by extracting mask scales from the 3DGS-trained
scene and image dataset. SAGA uses this information to learn 3D Gaussian affinity features, enabling
precise segmentation. Through an interactive GUI, users can select the object of interest and apply a
score threshold (typically between 0.75 to 0.90) to control the intensity of the segmentation. Higher
thresholds reduce false positives but may increase the risk of over-segmentation (Figure 9).

Once segmentation is complete, the system saves the output as a binary mask or bitmap of the
selected Gaussians. These masks are then used to update the original image dataset, creating a new set
of frames that contain only the segmented object. This updated dataset is reprocessed in 3DGS to
generate a new .ply file focused solely on the isolated component. The result is a cleaner, more modular
asset that integrates seamlessly into larger 3D environments, enhancing scene realism and organisation.
The segmentation results are analysed further in Section 4.

0.75 0.9

Ground truth

Figure 9. Score threshold (0-1) for the segmentation process using the excavator dataset.
3.4. Refinement and final assembly

The final stage of the 3D-RISE workflow involves refining the generated meshes and assembling them
into a dynamic and editable virtual scene. After completing the mesh reconstruction and segmentation
processes, the outputs are first cleaned using CloudCompare [52], an open-source 3D point cloud and
mesh processing software optimised for handling large-scale datasets. CloudCompare is one of the
several widely used software tools for 3D point cloud processing, alongside alternatives such as
MeshLab, RealityCapture, Autodesk ReCap, and Trimble RealWorks. It is particularly popular among
researchers due to its open-source nature, user-friendly visual interface, and robust segmentation and
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editing capabilities [53]. Our study involves 3D reconstruction from point clouds as well as visualisation
within a game engine environment. CloudCompare was chosen for its reliable support of a wide variety
of file formats [54], enabling a smooth transition from point cloud processing to real-time rendering
platforms that support those formats. Additionally, this workflow has also been adopted previously
where CloudCompare was used to convert processed 3D data into formats compatible with game engines
such as Unity [55].

This refinement step focuses on removing mesh noise, cropping unnecessary finer elements, and
improving the overall geometric quality of the models. This process ensures that the final 3D assets are
clean, accurate, and free from artifacts, making them suitable for integration into realistic construction
layouts. As shown in Figure 10, CloudCompare significantly enhances the quality and organisation of
the scene. Two excavator examples are illustrated: one using the unsegmented dataset; another
incorporating segmentation. The comparison highlights the improvement in cleanliness and usability of
the mesh after refinement.

Excavator scene without SAGA Excavator scene with SAGA

Initial 3DGS

Mesh reconstruction
output

Cleaning meshes using
CloudCompare

Figure 10. Evolution of mesh outputs for excavator scene with and without segmentation.

Once the models are cleaned, they are imported into UE version 5.3 [56], a widely used real-time
3D creation tool for developing immersive virtual environments. UE is used in this study to construct a
dynamic SLP environment where users can interactively test scene configurations. Figure 11 illustrates
the full workflow within UE.

To support seamless integration of 3DGS-rendered models, we utilise the XVERSE 3DGS UE
Plugin (version 1.15-ue5.3) [57]. This plugin enables direct compatibility with .ply files generated by
3DGS and allows them to be visualised and managed within UE. Prior to importing the models, an initial
level setup is performed to ensure visual realism. This includes configuring scene elements such as a
landscape, point and directional lights, exponential height fog, sky atmosphere, sky light, and volumetric

clouds (Figure 12).
14



Smart Constr. Article

Install 3DGS

Plugin

Dynamic Setting up
scene environment
customisation scene
UNREAL
ENGINE

Import files
into content
drawer

Merging
blueprint with
static mesh

Figure 11. Workflow in UE 5.3.

Figure 12. Initial UE setup.

Model importation follows two paths: the 3DGS .ply files are imported via the XVERSE plugin and
registered as blueprints, while the .obj files generated through SuGaR are brought in directly via standard
drag-and-drop as static meshes. Since blueprint imports do not retain material, texture, or collision
properties, they are manually merged with their corresponding static meshes to achieve proper visual
and interactive functionality (Figure 13).
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Figure 13. Aligning static mesh into blueprint.

Once blueprints and meshes are paired, the virtual environment becomes fully editable. Objects can
be repositioned, lighting can be adjusted, and additional models from 3D-RISE can be added to the
scene. Figure 14 presents the final scene setup, which uses the excavator environment as the main
context, into which the segmented steel structure and random model meshes are inserted. This scene also
includes online assets to enrich the environment and demonstrate extensibility. The resulting
environment not only achieves high visual fidelity but also supports full interactivity and real-time
modification, making it ideal for dynamic SLP. Users can easily edit, rearrange, or augment the virtual
construction site to simulate various scenarios. This adaptability is central to 3D-RISE’s contribution,
enabling practitioners to explore configuration alternatives and optimise construction planning
workflows in an efficient, immersive way.

Figure 14. Final representation of excavator scene in UE.

4. Discussion
4.1. Initial 3DGS testing results

The evaluation of the 3D-RISE workflow highlights the interplay between hardware capabilities,
training iterations, and dataset size in determining the performance and quality of the reconstructed 3D
scenes. As we are utilising NVIDIA A100 Tensor Core GPU when running our workflow, the running
time was significantly reduced when testing the 3D-RISE workflow. The high computational power of
the A100 facilitated faster processing across all stages, including 3DGS, SAGA, and SuGaR. We have
conducted similar testing on NVIDIA GeForce RTX 3090 GPU resulting in an additional 1 to 2 hours
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per dataset depending on the number of frames in the dataset. To optimise performance on a lower-end
GPU, downsampling the input images may be necessary to reduce computational load, or reducing the
iteration count to speed up the processing time. Table 2 presents the evaluation metrics of the initial
3DGS output after 30K iterations, providing a benchmark for the quality and performance of the 3D
reconstruction process. These metrics include training time, FPS, SSIM, PSNR, LPIPS, loss, and
memory usage, offering a comprehensive overview of the system’s performance.

From Table 2, the quality of the 3D-RISE’s output is heavily influenced by the number of input
images extracted during the initial video capture. For example, the excavator dataset (103 images)
achieved the highest PSNR (35.254) and SSIM (0.951), showcasing the benefits of adequate image coverage
in creating realistic and detailed reconstructions. In contrast, the steel structure dataset (65 images) had the
lowest scores for PSNR (22.984) and SSIM (0.783), indicating that fewer images limit the 3D-RISE’s ability
to capture finer details and achieve high reconstruction quality. The random model dataset (219 images),
while having the most images, demonstrated a more moderate improvement in quality, with a PSNR of
25.854 and SSIM of 0.869. This suggests that while a higher image count generally improves quality,
the complexity of the dataset and diminishing returns on additional frames also play a role. Additionally,
the random model dataset required the most computational resources, with the highest memory usage
(5.231 GB) and the longest training time (1h 16m 55s).

Table 2. Metric results for initial 3D-RISE testing.

Metric Number Train® FPS SSIM1®  PSNR1¢ PSNR? LPIPS |¢ Loss' Memory®
of images b 7K 30K
Dataset used
Steel structure 65 32m1l6s 15.4 0.783 23.106 22.984 0.251 0.018 2.253GB
9
Excavator 103 39m47s 12.5 0.951 33.397 35.254 0.103 0.014 1.845GB
7
Random model 219 lh1l6m55s  6.50 0.869 24.711 25.854 0.183 0.042 5.231GB

2 Reflects the total time required to complete 30K iterations, which varies depending on the GPU used.

b Indicates the number of iterations processed per second during rendering.

¢ Measures the perceptual similarity between rendered images and ground truth, with higher values indicating
better quality.

4 Evaluates the accuracy of image reconstruction, with higher values reflecting reduced noise and distortion. We
have separated into PSNR at 7K iterations versus 30K iteration to show a clear improvement in output quality
with extended training.

¢ Assesses the perceptual similarity of image patches, with lower score indicating higher fidelity.

f Tracks the error during training, where a lower loss value indicates effective learning and improved
reconstruction accuracy.

¢ Indicates the GPU memory consumption during processing, an important factor for scalability.

The metrics reveal that while larger datasets and higher iterations generally produce better visual
quality, they also demand significantly more computational resources. Balancing dataset size and
training iterations with available hardware resources are crucial to achieve optimal performance and
quality for 3D scene outputs.

To further validate the computational efficiency and reconstruction quality of 3D-RISE, we
conducted a comparative analysis against a representative geometry-based method, Open Multi-View
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Stereo (OpenMVS) [58]. We render novel views from reconstructed meshes from the two methods and
evaluate PSNR and SSIM against ground truth images (Figure 15). Figure 16 and Table 3 show the
comparison results from both methods.

OpenMVS 3D-RISE
Feature extraction Feature extraction
.
Point cloud densification Train 3D gaussiz:;ffinity features
Mesh re(;struction Generate initi:coarse mesh
B .
Refining mesh Extract mesh for refinement
¥ 9
Applying textures Applying textures
N @
Render for comparison Render for comparison

Figure 15. Evaluation process between geometry-based methods and deep-learning based methods.

While OpenMVS demonstrated faster reconstruction times due to the absence of deep neural
network training, it consistently produced lower PSNR and SSIM values compared to 3D-RISE. This
indicates reduced visual accuracy and detail fidelity in the output. In contrast, the 3D-RISE workflow,
which integrates deep learning techniques, delivered significantly higher reconstruction quality, albeit
at the cost of increased computational time and GPU resource usage.

Ground truth OpenMVS 3D-RISE

Figure 16. Visual comparison between ground truth images and outputs from both 3D
reconstruction methods.
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Table 3. Metric results comparison between OpenMVS and 3D-RISE.

Metric Train SSIM? PSNR? Train SSIM? PSNR?
Dataset
Methods OpenMVS 3D-RISE
Steel structure 12m27s 0.183 11.230 32m16s 0.783 22.984
Excavator 22m05s 0.317 13.260 39m47s 0.951 32.254
Random model 40m35s 0.392 10.040 lhl6m55s 0.869 25.854

4.2. SAGA results and segmentation quality

The segmentation results produced by SAGA across the three different scenes (Excavator, steel
structure, and random model) are illustrated in Figure 17. In this figure, the red-colored outlines represent
the segmented objects identified during the process, while the blue-colored regions denote background
elements that were not selected for segmentation. These visualisations highlight the effectiveness of
SAGA in isolating target objects from complex scenes while removing unwanted background elements.

Ground truth Similarity map Segments

BTETEEE B
R B B B B B

Excavator

Steel structure

Random model

Figure 17. Qualitative results of SAGA across three different scenes.

Overall, the results demonstrate that SAGA performed well in segmenting desired objects across
the scenes. However, the effectiveness of segmentation was influenced by the number of input images
in each dataset. For instance, the steel structure scene, which had the lowest number of images (65 images),
exhibited challenges in identifying and extracting the desired object due to the low resolution and
blurriness in the 3D scene generated by 3DGS. As seen in Figure 17, the segmentation results struggled
to accurately capture the desired object, often requiring additional manual cleaning after running the
model to refine the output, which is shown in Figure 18.

As explained in Figure 9, it is evident that selecting an appropriate score threshold value is important

to achieve a good quality segmentation. In our experiments, thresholds ranging from 0.75 to 0.90 were used
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depending on the scene being segmented. While a higher threshold generally yields better segmentation
results by reducing false positives, it also increases the risk of over-segmentation, where irrelevant parts of
the scene are mistakenly included as part of the object. This sensitivity to over-segmentation necessitated
manual inspection of the segmented frames to ensure quality and consistency. Irregular outputs resulting
from over-segmentation could cause issues during reprocessing in COLMAP, as inaccuracies in the
updated segmented dataset may disrupt the generation of a refined segmented 3D scene before
proceeding with SuGaR.

4.3. SuGaR results and mesh refinement

Figure 18 showcases the result of SuGaR process across three different scenes, comparing the raw mesh
outputs from SAGA to the refined meshes after processing with CloudCompare. This figure highlights
the effectiveness of SuGaR in generating detailed meshes and the critical role of CloudCompare in
refining these outputs.

Ground truth Raw mesh outputs from After refinement using Cloud
SAGA Compare

Figure 18. Comparing mesh outputs with different scenes.

Among the three scenes, the steel structure scene produced the noisiest raw mesh, requiring the most
extensive cleaning. This is primarily due to the lower number of images in the dataset, which results in
less accurate reconstruction and a higher presence of artifacts. Despite these challenges, CloudCompare
proved to be an efficient tool for mesh refinement, offering an intuitive interface that requires minimal
effort to clean and refine the mesh outputs.

While the SuGaR process successfully generated meshes for all scenes, it is important to note that
the output meshes were not perfect and required additional refinement. This highlights the inherent
limitations of the 3D-RISE workflow, where further cleaning and adjustments are necessary to prepare
the meshes for practical applications, such as dynamic SLP or virtual simulations. Hence, all SuGaR

output models, whether full models or segmented models, require additional cleaning to ensure they are
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ready to use and import in UE. While it is possible to manually crop out unwanted meshes to obtain a
segmented result using only SuGaR and CloudCompare, the integration of SAGA significantly
simplifies the cleaning process when creating clean, segmented meshes. SAGA effectively removes most
of the background and noise during segmentation, providing a much cleaner initial mesh and reducing the
effort needed during refinement. For full models that do not involve SAGA, cleaning artifacts and refining
the mesh is still necessary. However, CloudCompare remains an efficient and user-friendly tool, making
it straightforward to achieve the desired result regardless of the workflow.

4.4. Final construction scene outputs

The integration of all models generated by 3D-RISE workflow into UE showcases the ability to create
dynamic and immersive virtual environments. Figure 19 presents the results from 3D-RISE worfklow,
comparing the ground truth scenes with their modified versions. Each individual scene serves as a
foundation to import and integrate models from other datasets, demonstrating the flexibility of the
approach. For example, the excavator scene can incorporate segmented elements such as the steel
structure and random model, or vice versa. Similarly, other scenes can be customised with elements from
different datasets, creating varied and dynamic setups without altering the original foundation.
Additionally, our work supports the inclusion of online 3D models for example construction-related 3D
models, which can complement the real-life 3D models generated by 3D-RISE. This capability expands
the creative possibilities for constructing virtual environments, enabling more complex and detailed
scene configurations.

Modified 3D scene

5 itial 3 i .
Ground truth Initial 3DGS in UE using 3D-RISE

Figure 19. Transformation of real scenarios into virtual customisation scenes using 3D-RISE.

From the results, the level setup in UE (Figure 12) includes features such as lighting and shadow
casting, allowing realistic and immersive visualisation outputs. The ability to accurately render shadows
on mesh models further elevates the quality of the scenes, making them suitable for applications such as
SLP and construction simulations.
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4.5. Practical applications

A notable advantage of this approach is the freedom to modify scenes in UE, including editing terrain,
adjusting object placements, and augmenting the datasets to create diverse and holistic construction site
scenarios. This flexibility allows users to dynamically adapt the environment to meet specific project
needs, providing valuable tools for experimentation and planning. The practical applications of the
proposed method are twofold, optimising SLP, and enhancing construction safety.

In the context of SLP, most current SLP methods optimise construction facilities from the 2D plane
space, which makes large-scale environments that require the 3D spaces to determine the safety difficult
to guarantee. One of the examples is hoisting and tower crane placements in the SLP space [12]. Having
the ability to utilise real-time 3D spatial information as a constraint for determining the placement of the
space allows for more accurate and context-aware decision making. The reconstructed 3D stie can help
ensure that tower cranes are positioned with adequate clearance from nearby structures and within
optimal operating ranges.

For safety training, the proposed model potentially enhances the realism and flexibility of virtual
reality environments. Traditional virtual reality-based construction safety programs often rely on fixed
scenarios [59], limiting their adaptability to real-world site conditions. With the ability to capture,
segment, and reconstruct actual construction scenes, 3D-RISE enables the generation of immersive,
editable training environments tailored to specific project phases and site configurations. This allows
workers to train in virtual scenes that closely mirror their actual work environment during safety training
to reduce risks and injuries.

However, one limitation of 3D-RISE is that while the mesh models that are imported into the
3DGS-rendered scenes can be customised, 3DGS-rendered scenes itself cannot be directly modified in
UE. To overcome this, it is recommended to capture an empty environment, such as a vacant
construction site, and then import all relevant models generated by 3D-RISE or sourced online to build
and customise the desired scene as needed.

4.6. Future work

While the 3D-RISE demonstrates significant advancements in creating customisable and realistic
construction scenes, it relies heavily on datasets that capture a full 360-degree view of the environment.
This dependency on comprehensive datasets poses challenges when the input data is insufficient or when
capturing a complete scene is impractical.

A promising direction for future work is to leverage generative Al to address this limitation. With
the rapid advancements in generative Al, it may become feasible to generate 3D-ready models from a
single image or a limited dataset [60]. This approach could significantly reduce the need for extensive
data collection while maintaining the quality and realism required for dynamic scene applications. By
training generative models to extrapolate and reconstruct missing details, users could create fully
interactive and editable 3D scenes from minimal input data, enabling greater flexibility and scalability.

Integrating generative Al into the 3D-RISE workflow would not only streamline the workflow
creation process but also expand its applicability to scenarios where complete scene data is unavailable.
This would mark a significant step toward making dynamic SLP and construction simulations more
accessible and efficient.
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5. Conclusion

3-Dimensional Reconstruction, Integration, Segmentation, and Editing (3D-RISE), as its name suggests,
achieves a comprehensive and efficient workflow for creating dynamic and customisable construction
scenes. By integrating advanced techniques such as 3D reconstruction, segmentation, and mesh
refinement, 3D-RISE offers a robust pipeline for applications such as SLP and construction safety
training simulations. The proposal of 3D-RISE demonstrates the successful integration of 3DGS, SAGA,
and SuGaR into a unified pipeline, overcoming challenges faced in construction by enabling realistic,
editable, and versatile virtual environments. Furthermore, 3D-RISE offers a cost-effective and accessible
solution, requiring only standard video input to achieve scene modification and customisation, ultimately
helping the construction industry improve communication, enhance safety training, and optimise SLP
workflows. The ability to import models into UE further enhances the workflow, allowing users to modify
terrain, adjust object placements, and add external elements for a realistic and interactive virtual environment.

While limitations exist, such as the inability to directly edit 3DGS-rendered scenes, these can be
addressed using mesh-based models and custom scene creation workflows. The evaluation results
demonstrate that 3D-RISE achieves high-quality outputs while maintaining flexibility and adaptability.
However, future work aims to explore the integration of generative Al, enabling the generation of 3D-ready
models from minimal input data such as a single image. This advancement could significantly enhance the
3D-RISE scalability and applicability, marking a step forward in the field of virtual construction simulations.

Ultimately, 3D-RISE provides a comprehensive and efficient approach to revolutionising
construction site simulations and plannings, offering immense potential for improving safety, efficiency,
and decision-making in the construction industry.
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