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Abstract

Accurate semantic segmentation of as-built point clouds is foundational for Digital Twin Construction, yet training deep learning
models is constrained by data scarcity in the AEC sector. This study presents a method to create semantically labeled synthetic
point clouds from IFC models, and employs geometric augmentation to bridge the domain shift to real-world LiDAR data. We
developed an automated pipeline to generate semantically labeled synthetic point clouds directly from IFC models, and conducted
a systematic hyperparameter search, testing the impact of point-level Gaussian noise (Jitter Standard Deviation) and maximum
displacement (Clipping Range) on the Oneformer3D model’s ability to segment complex Mechanical, Electrical, and Plumbing
(MEP) components. Our results demonstrate that this augmentation approach significantly enhances segmentation performance
compared to baseline model, particularly in real-world environments. The optimal configuration achieved a synthetic mIoU of
67.31% (up from 62.52%) and a real-world mIoU of 32.75% (improving significantly upon the 14.66% baseline). These results
confirm that balancing high noise variance (for domain generalization) with strict displacement control (to retain feature integrity) is
key to successful synthetic-to-real domain transfer. This approach offers a scalable alternative for generating the necessary training
data for automated geometric Digital Twin realization.

1. Introduction

Digital Twin Construction has emerged as an important con-
cept for construction management that combines digital models
with physical representations of the real world. A digital twin
construction has been defined as data-driven planning and con-
trol workflow for the design and construction of buildings and
civil infrastructure that is founded on digital twin information
systems (Sacks et al., 2020). The digital twin can include prod-
uct information or process information. The physical product,
in the case of construction, is a building under construction.
The design intent is captured in the building model but all the
elements of the design are not present at any given time. The
real progress of construction thus can be sensed and represented
digitally, for example, in a 3D model(Boje et al., 2020). An es-
sential part of the twinning process is re-creating the geometry
of the as-built status. Often, the as-built elements differ from
the as-designed elements both in terms of progress and geom-
etry, and these changes must be reflected in geometric Digital
Twins (gDT).

Light Detection and Ranging (LiDAR) scanners have become
an effective tool to obtain precise geometric representations
of as-built infrastructure (Ramiya et al., 2014), which are the
basis for gDTs. Semantically identifying the information from
the point clouds generated by scanners is vital for downstream
applications, such as progress monitoring, clash detection,
and quality assurance (Sgrenzaroli et al., 2022). Significant
research has been published on the processing of point clouds
to monitor progress at construction sites (Turkan et al., 2012;
Kavaliauskas et al., 2022). Most of these methods have relied
on comparing as-built with as-designed elements to provide
a situational picture of in-progress construction (Braun et al.,
2020; Kim et al., 2020). But because this approach does not
require semantic understanding of points, such methods fall

short of creating an accurate gDT. Semantic understanding is
also required for progress detections if any deviations occur
between as-built and as-designed elements.

Deep learning models trained on construction site data offer an
effective way to automatically extract meaningful information.
Researchers have attempted to automatically process point
cloud data for semantic segmentation using deep learning (Hu
et al., 2023). Many studies have concentrated on Scan to BIM
methods to generate Building Information Models (BIM) for
existing buildings that lack them (Barazzetti, 2016; Wang et
al., 2015). Most of these studies have labelled the point clouds
manually, which is easier for simpler objects such as walls,
columns, beams, and slabs. Some studies have experimented
with more classes such as radiators, pipes, and valves, but their
focus has been on point cloud quality estimation rather than ad-
dressing the automatic processing of data (Rebolj et al., 2017).
However, complete automation is yet to be accomplished,
which is a necessary step to fully realise gDT(Tao et al., 2024).
To achieve greater automation, point clouds must be accurately
annotated to establish a reliable ground truth. Manual labelling
of point clouds is not only time-consuming, error-prone and
labour-intensive but also requires expert knowledge for spe-
cialised scenarios such as construction sites (Xu et al., 2022).
Such 3D labelled datasets are not only lacking in the archi-
tecture, engineering, and construction (AEC) sector but have
become a bottleneck for stakeholders to adopt state-of-the-art
(SOTA) remote sensing technologies like LiDAR (Wu et al.,
2022).

Creating labelled synthetic point clouds from BIM model of-
fer a plausible solution to reduce this scarcity of data in AEC.
Few attempts have been made to convert CAD or BIM mod-
els to synthetic point cloud (Ma et al., 2021). Noichl et al.
(2024) used industrial CAD models and HELIOS pipeline to
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get synthetic point clouds showing promising results for in-
dustrial semantic segmentation. Most interior building point
cloud labeling methods rely on the S3DIS dataset, which in-
cludes CAD models and labelled point clouds (Czerniawski et
al., 2019; De Geyter et al., 2022). These synthetic point clouds
have fixed classes that are available in the S3DIS dataset for
buildings. Most approaches also depend on manually transfer-
ring labels from BIM to a generated point cloud, a process that
can be both error-prone and time-consuming(Zhou et al., 2025).
This work aims to mitigate this research gap by developing a
method to get labelled point clouds from IFC in Unity with-
out the need to transfer labels manually. We also investigate
the best augmentation-based parameters to help generalise the
synthetic dataset to real-world scenarios. We place particular
emphasis on Mechanical, Electrical, and Plumbing (MEP) sys-
tems within open ceiling structures, as these are challenging to
segment due to their intricate installation processes and similar
geometric configurations.

This study is guided by the following hypotheses: Synthetic
data derived from IFC models can provide a sufficient training
foundation for segmenting real-world point clouds, provided
that the training data is augmented with domain-specific geo-
metric augmentations.

2. Related work

This section reviews studies that have used BIM/CAD models
to label point clouds or to create synthetic labelled point clouds.
We also explore segmentation methods from earlier research
applied to building point clouds.

2.1 BIM-to-Scan

Numerous studies have employed BIM in conjunction with
point clouds acquired on site to generate labels for these point
clouds (Ma et al., 2020). The transfer of labels from BIM
to point cloud relies on precise registration between the two
datasets(Czerniawski et al., 2019) These analyses have focused
on structural elements such as floors, ceilings, walls, beams,
and columns, and have excluded more complex interior or MEP
components. The method has limitations if the registration is
inaccurate, which may result from differences between as-
designed and as-built geometries. This situation is often seen
with MEP elements. The registration of BIM and point cloud
also depends upon setting certain parameters such as cloud-to-
cloud (c2c) distance, which limits the method’s generalisability
for different buildings (De Geyter et al., 2022)

Another approach is to generate synthetic point clouds based
on CAD/BIM models. Some studies have explored placing vir-
tual scanners inside a BIM model, which converts BIM ge-
ometry into a point cloud (Ma et al., 2021). The labels are
then transferred to the generated point clouds by aligning the
CAD/BIM model to the synthetic point cloud. Although the
point clouds are generated from the BIM/CAD model itself,
synthetic point clouds can include occlusions not present in
the CAD model due to overlapping geometries while scanning
(Humblot-Renaux et al., 2023). As a result, these occlusions
during label transfer can lead to mislabelling and alignment er-
rors. The approach is sensitive to misalignment, where a slight
error can lead to numerous mislabels in these point clouds.

Other works have produced labelled point clouds for different
applications, for example infrastructure or industrial applica-
tions. Korus et al. (2023) developed a dynamo-based work-
flow for a bridge from its BIM model. The scanner in this

case was placed facing the infrastructure, an approach that is
quite different from working within the interior of a building
where the scanner needs to be inside the scene to generate the
synthetic point cloud. Some studies have developed synthetic
point clouds for industrial facilities from CAD models (Noichl
et al., 2024; Birkeland and Udnæs, 2024). Noichl et al. (2024)
applied HELIOS for industrial facilities but the point clouds
were formed separately for each class. Having a separate point
cloud for each object in an industrial facility limits the method’s
generalisability for different applications. For example, this la-
belled data may not contain occlusions which are typical on real
industrial or construction sites. Birkeland and Udnæs (2024)
relied on CAD for point cloud alignment through visual inspec-
tion, with only 45 % correctly labelled points. These factors
affect downstream deep learning model training, as the model’
s accuracy depends on the accuracy of the labelled points and
the structure of the point cloud.

Recently, Zhou et al. (2025) conducted experiments with both
coloured and unicoloured point clouds, offering detailed in-
sights into how parameters such as colour affect the semantic
segmentation of interior building point clouds. The authors
used BlenSor to generate synthetic point clouds from CAD
models available in the S3DIS dataset. As they noted, their
approach does not yet offer a scalable, automated method for
generating labelled point clouds for training. Their pipeline
relies on manual alignment of point clouds to transfer labels,
which limits scalability and can lead to failures when the BIM
model significantly differs from the as-built structure.

2.2 Semantic segmentation of building-related point
clouds

Deep learning architecture has significantly enhanced the ca-
pability to process large-scale point clouds, enabling the au-
tomated semantic segmentation of complex built environments
with increasing precision. To address the geometric intricacies
of indoor scenes, Hu et al., (2023) utilised ResPointNet++, an
architecture that integrates residual learning with PointNet++,
to extract multi-scale local features. The approach allowed for
the effective classification of structural elements such as walls
and floors, achieving high segmentation accuracy even in clut-
tered environments. Similarly, the versatility of lightweight ar-
chitectures was demonstrated by (Kim et al., 2022), who em-
ployed RandLA-Net to segment temporary scaffold structures.
Liu et al. (2022) developed a Context-Aware Network (CAN)
designed to capture long-range dependencies in urban environ-
ments through a global context aggregation module. While this
architecture improved the understanding of large-scale struc-
tures, the authors observed that the model still struggled to cor-
rectly classify minority classes, such as poles or hardscapes,
due to the inherent class imbalance in the training datasets.
Perez-Perez et al. (2021) noted that their joint learning frame-
work, which coupled Support Vector Machines (SVM) for se-
mantic labelling with AdaBoost for geometric classification,
frequently misclassified cylindrical columns as pipes. There-
fore, significant challenges remain regarding class imbalance
and feature ambiguity in geometrically similar classes.

B. Wang et al. (2022) semantically segmented RGB images
into MEP classes and transferred labels to point clouds to build
a parametric BIM, yet their reliance on depth cameras made the
technique’s performance sensitive to indoor lighting conditions.
A PointNet-based model was trained on manually extracted,
labelled pipe points, achieving high pipe classification (Xu et
al., 2022). The method lacked building context and left per-
formance on mixed cylindrical MEP elements (e.g., sewers,
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water pipes, and ducts) and site conditions untested. Jing et
al. (2024) similarly manually retained and labelled points re-
lated to MEP components instead of using full building point
clouds. They expanded MEP categories and developed a well-
performing model but again lost contextual information critical
for real-world applications. Most recently, Lee et al. (2025)
evaluated the efficacy of RandLA-Net in segmenting intricate
MEP components in open ceiling designs. While the model
achieved favourable overall metrics, the authors observed a
distinct performance disparity: Intersection over Union (IoU)
scores for complex categories such as ducts and pipes were no-
tably lower than those for planar structural components. This
finding suggests that limitations still exist, with the overlapping
geometries and visual similarities inherent in MEP systems.

3. Method

The research is done in two steps; First, we generate labelled
point clouds from an IFC-based BIM and then uses deep learn-
ing to evaluate their performance on a real construction site.
The respective trades generally design the IFC files of a build-
ing; for example, the architectural file is designed by architects,
and the MEP file is designed by the MEP designer. The project
that was chosen for this work was an under-construction mall
consisting of 7 floors. This project had 3 main IFC files ARK
for the structural and other building elements, LVI for pipes,
ducts and other MEP parts and SPR which is the sprinkler file,
part of fire prevention system. All these systems are impor-
tant for the functionality of a building and need to be monitored
closely during the construction phase. For our synthetic point
cloud generation these files were combined together with el-
ement properties preserved, floor-wise. To get correct labels
from IFC, it’ s necessary to understand the schema of an IFC
file. The IFC file consists of child-parent relationships under
various IFC schemas, for instance, IFCflowsegment contains all
the pipes, ducts, sewerage pipes, etc. These names were either
saved in name or in description or part-type. So while import-
ing IFC file in Unity, this information needs to be preserved to
enable labelling of such classes in point clouds.

For a unity-based simulation, the property extraction process
utilises the BlenderBIM add-on, an open-source utility that
enhances Blender’ s native IFC capabilities by providing com-
prehensive access to IFC schema properties and relationships.
BlenderBIM facilitates direct manipulation of IFC entities
while preserving the semantic integrity of the original building
model data structure. A custom script was developed to work
in conjunction with BlenderBIM, systematically traversing the
imported IFC model hierarchy to extract the semantic prop-
erties. The script captures component classifications, global
unique identifiers (GUID), IFC specific property sets and other
metadata and saved them into JSON files.

The structured JSON files that were generated in the previ-
ous step maintained the hierarchical organization of the original
IFC model while providing a format compatible for subsequent
Unity integration. Each JSON entry corresponds to an indi-
vidual IFC entity and includes complete property inheritance
from parent classes within the IFC schema. The geometric con-
version and Unity integration process employs IFCConvert, a
specialized utility developed for translating IFC geometry into
game engine-compatible formats. IFCConvert processes the
original IFC file independently of the Blender-based property
extraction workflow, ensuring that geometric accuracy is main-
tained while generating Unity-compatible mesh assets. This
process imports the geometry with GUIDs while discarding the

IFC properties related to these geometries.

A dedicated Unity utility was developed to bridge the gap
between the extracted IFC properties (JSON format) and the
converted geometric assets. This utility implements an auto-
mated property assignment system that parses the JSON file
that correlates IFC entity GUIDs with their corresponding
Unity GameObjects, ensuring that semantic information is
properly linked to the geometric representations. There are 4
such JSON files (electrical, plumbing, walls, ducts). Utilizing
Unity’s Physics systems, a LiDAR scanner simulation was
developed using Raycasts. Table 1 describes the exact scan
parameters considered by the system.

To replicate the behavior of a real-world LiDAR scanner, a sim-
ulation environment was developed in Unity using its physics-
based raycasting system. The objective was to model the scan-
ning process such that the simulated point cloud data closely
resembles actual site conditions while maintaining control over
the scan parameters. The virtual LiDAR scanner was config-
ured based on the specifications of the instrument deployed at
the construction site, with a maximum (when all rays hit an ob-
ject) capacity of capturing approximately 4 million points per
scan. Each emitted ray was generated as a Physics.Raycast
along a defined angular step in both horizontal and vertical di-
rections. The intersection of the ray with scene geometry was
recorded to obtain the spatial coordinates of the corresponding
point.

The scanning parameters were determined by setting the hori-
zontal resolution, vertical resolution, and the vertical field of
view (FOV) of the scanner. The angular step size was computed
by dividing the scanning range, 360 degrees by the horizontal
resolution (2000). The vertical step was computed by divid-
ing the FOV with the vertical resolution as shown in Figure 1.
Even though this will not give a square grid of points on a radial
plane, it still gives similarly spaced grid points on the ceiling
(where most of the MEP is located) that work for the scanner’s
range and position. The coordinates of each point scanned were
directly calculated and returned by the Unity’s raycast system,
and the properties and GUID were stored. To increase realism,
the virtual scanner advanced incrementally along a predefined
set of control or scan points. At each control point along the tra-
jectory, a full scan was performed before proceeding to the next
position, thereby producing sequential frames of point cloud
data. These were combined later to form full point clouds for
each floor as training data was divided on the basis of each floor.
The floor distribution is shown in Figure 2.

4. Experiments and results

4.1 Experimental Setup

To evaluate the effectiveness of neural networks for segmenting
small-scale Mechanical, Electrical, and Plumbing (MEP) ele-
ments, we selected the Oneformer3D architecture (Kolodiazh-
nyi et al., 2024) within the MMDetection3D framework. Our
experimental design employs a two-pronged evaluation proto-
col: (1) Synthetic validation, where the model is trained on a
synthetic dataset derived from floors 1, 2, 3, and 7, and subse-
quently validated on Floor 5 to test floor-wise generalization;
and (2) Real-world performance assessment, where the model,
trained on the synthetic dataset, is deployed on a separate, in-
dependent real-world LiDAR dataset captured from Floor 2 to
quantify the domain transfer efficacy. To facilitate integration
with the framework, the generated synthetic dataset was for-
matted to match the standard S3DIS dataset structure.
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Figure 1. Visualisation of the scanner and scanning process.

Property name Description Value

Horizontal resolution Number of data points (or rays) sampled across the horizontal axis per scan 2000

Vertical resolution Number of data points (or rays) sampled across the vertical axis per scan 2000

FOV (field of view) Angular field of view (vertically) of the LiDAR sensor 90°

Table 1. Virtual scanner parameters.

Figure 2. Class distribution of the synthetic dataset. Clutter
dominates all scenes.

We evaluate model performance using mean Intersection over
Union (mIoU) across six specific classes: cable trays, drainage
pipes, ducts, sprinklers, pipes, and clutter. The “clutter” class
encompasses non-MEP structural elements, such as walls,
floors, and ceilings, which provide context to the MEP installa-
tions. Throughout the results, we present the top 5 performing
configurations for each domain to illustrate the impact of
hyperparameter optimization.

The ’6-class mIoU’ refers to the mean Intersection over Union
calculated across the six target MEP and clutter classes. The
’ Clutter’ class specifically includes structural context such as
walls, floors, and ceilings.

4.2 Data Augmentation

Two primary data augmentations were applied to bridge the gap
between synthetic data and noisy real-world scans:

Gaussian Noise (Jitter): Applied to individual points to sim-
ulate sensor noise, controlled by the standard deviation of dis-
placement (jitter std) and a maximum displacement threshold
(clip range). Jitter represents sensor noise present in real data
but absent from clean synthetic data

Random Rotation: Applied to the entire point cloud to ac-
count for the fact that real LiDAR scans are rarely perfectly
axis-aligned, unlike the raw synthetic data exported from BIM.

These augmentations are also needed to account for class im-

balance favoring classes smaller in numbers. Apart from these
augmentations, some preprocessing was also done on the raw
point clouds.

Color Removal: All color and texture information was stripped
from the point clouds, restricting the input features strictly to
spatial coordinates (X, Y, Z) as synthetic data derived from BIM
does not have true color information.

Spatial Cropping: Because the majority of MEP elements are
suspended from or affixed to the ceiling, the lower 80% of the
volumetric scene was cropped. This drastically reduced the
voxel volume, allowing for a finer voxel size during training
without exceeding memory limits. It also affected the inherent
class-imbalance in such scenes.

4.3 Hyperparameter tuning

To optimize the model’ s ability to generalize to the inherent
noise of real-world LiDAR scans, a systematic grid search was
conducted focusing on data augmentation parameters. While
the learning rate (0.0003) and voxel size (0.03) were kept
constant, we systematically varied the parameters controlling
point-level Gaussian noise (jitter).The unit for voxel size, jitter
and clipping range is in m.

The two primary hyperparameters investigated were:

Jitter Standard Deviation (jitter std): Tested at values of
0.001, 0.003, 0.005, and 0.008. This controls the spread of the
random noise applied to the spatial coordinates of each point.

Clipping Range (clip range): Tested at +/-0.001, +/-0.0025,
and +/-0.005. This enforces a maximum spatial displacement
limit to prevent extreme outliers from excessively warping the
structural geometry.

4.4 Results

4.4.1 Synthetic Validation. The results for the top 5 per-
forming configurations from the grid search on synthetic data
validation are presented in Table 2 and Table 3. Results show
that while clutter remains stable across configurations, complex
classes like sprinklers and pipes benefit significantly from the
jitter-rotation augmentation combination, indicating the model’
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Table 2. Synthetic-validation summary metrics.

s increased sensitivity to geometry-dependent features. The
best configuration (jitter 0.003, clipping range +/-0.0025) im-
proved overall mIoU from 62.52% to 67.31%.

4.4.2 Real Data Validation. The model selected indepen-
dently on synthetic validation achieved 28.40% six-class mIoU
and 24.51% MEP mIoU. Notably, the highest real-world perfor-
mance was produced by a different configuration (jitter 0.005,
clip +/-0.0025), reaching 32.75% six-class mIoU. The differ-
ing rankings between synthetic and real domains confirm that
while geometric augmentation improves transfer, a domain gap
persists that jitter and rotation alone cannot fully resolve. Ta-
ble 4 summarizes the top 5 performing configurations on the
real LiDAR dataset. Figures 3, 4, and 5 show the comparison
of model performance when trained on synthetic data without
augmentation and with augmentations.

4.4.3 Ablation Study. The results in Table 6 demonstrate
that point-level jitter is the primary driver of transferability.
While rotation helps with global alignment, it provides negligi-
ble benefits to MEP class identification compared to the noise-
robustness afforded by jitter.

As can be seen from the figures 3 and 5, a model augmented
with Jitter (noise) and rotation is able to perform better on real
data as compared to a model with no augmentation at all. Some
random wires on the construction site are labelled as Sprinklers
as they are slender and close to the ceiling. Besides this con-
fusion, the model is able to differentiate between all MEP el-
ements such as Ducts, Cable trays and pipes very well (Table
3).

5. Discussion

This study presented an automated pipeline for generating la-
beled point clouds from IFC data, demonstrating its potential
for segmenting complex MEP systems to support geometric
Digital Twin construction. By training on synthetic data and
testing on real-world LiDAR scans, we observed a performance
gap, 67.31% synthetic versus 32.75% real-world mIoU, which
indicates that while synthetic training is a scalable foundation, it
does not fully replicate the geometric complexity of real-world
construction sites.

The ablation study identified that jitter-based noise augmenta-
tion is the primary driver of successful domain transfer. This
mechanism forces the model to learn features capable of han-
dling sensor-related inaccuracies, whereas rotation provides
only marginal benefits for global alignment. These results
should be interpreted within the context of the dataset struc-
ture: although the target data contained 11 classes, this study
focused on 6 specific MEP components. This selection influ-

ences the performance metrics, as a broader class set could
introduce different patterns of geometric ambiguity.

Ultimately, by automating the segmentation of MEP com-
ponents, this workflow addresses a critical bottleneck in the
creation of geometric Digital Twins. By converting raw point
cloud data into semantic information, this pipeline bridges the
gap between LiDAR acquisition and as-built modeling. This
semantic segmentation is a necessary prerequisite for down-
stream tasks, such as clash detection and progress monitoring,
where accurate identification of individual MEP elements is
required to maintain reliable as-built geometric representations.

Limitations and Future Work

While this research provides an automated pipeline for generat-
ing labeled training data, it is subject to several limitations:

Validation Scope: The study is validated on a single construc-
tion project, which may not capture the full variance in building
types, MEP configurations, and architectural styles.

Occlusion: Certain building components or system elements
cannot be adequately captured during real-world scanning due
to inherent line-of-sight constraints. For example, vertical ducts
located behind shaft walls remain difficult to identify, as they
are inherently occluded or only partially visible in LiDAR point
clouds. This limits the workflow’s ability to achieve compre-
hensive geometric completeness independently. Within the pro-
posed framework, such cases necessitate either manual inter-
vention, specific capture strategies prior to the installation of
concealing elements, or the integration of supplementary “as-
designed” BIM information to ensure full geometric represen-
tation in the final Digital Twin.

Domain Generalization and Class Scope: Despite employing
geometric augmentation techniques such as jitter and rotation,
a substantial domain gap persists between synthetic and real-
world performance metrics. This indicates that current aug-
mentation methods are insufficient for fully bridging the shift
inherent in synthetic-to-real transfer. Furthermore, as this eval-
uation focused on a subset of 6 MEP classes from the original
11, these results may vary when generalized to a broader class
set. Future research should investigate advanced domain gen-
eralisation strategies to further mitigate these discrepancies and
ensure robustness across a wider range of construction objects.

As-Designed vs. As-Built: The current pipeline relies exclu-
sively on as-designed BIM data to generate synthetic training
sets and facilitate segmentation. The scope of this research is
limited to enhancing semantic segmentation to derive meaning-
ful geometric information for construction Digital Twins, and
thus the framework is not designed to explicitly differentiate be-
tween legitimate field design changes (e.g., pipe rerouting) and

Synthetic rank Augmentation Jitter std. Clip range Overall acc. Mean class acc. 6-class mIoU
Baseline None None None 96.02 72.72 62.52

1 Jitter + rotation 0.003 +/-0.0025 95.93 76.97 67.31
2 Jitter + rotation 0.003 +/-0.005 95.63 77.22 67.16
3 Jitter + rotation 0.005 +/-0.005 95.93 78.44 67.14
4 Jitter + rotation 0.005 +/-0.0025 95.54 75.96 66.18

Class Baseline 0.003/+/-0.0025 0.003/+/-0.005 0.005/+/-0.005 0.005/+/-0.0025 0.008/+/-0.001
Cable trays 81.50 75.46 76.92 74.66 77.42 74.05

Drainage pipe 17.48 21.03 22.57 24.11 33.90 24.15
Duct 83.48 77.40 75.70 79.30 77.86 77.37

Sprinkler 64.35 83.36 83.07 76.43 71.29 76.07
Pipe 31.12 49.28 48.09 50.95 40.24 40.62

Clutter 97.16 97.35 96.58 97.38 96.39 96.46
Overall mIoU (%) 62.52 67.31 67.16 67.14 66.18 64.79

Table 3. Synthetic-validation class-wise IoU (%).
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Rank Augmentation Jitter std. Clip range MEP mIoU 6-class mIoU Overall acc. Mean class acc.
Baseline None None None 10.24 14.66 40.66 31.68

1 Jitter + rotation 0.005 +/-0.0025 30.43 32.75 57.30 53.84
2 Jitter + rotation 0.008 +/-0.0025 25.49 28.75 56.41 48.45
3 Jitter + rotation 0.005 +/-0.005 24.85 28.46 57.97 47.93
4 Jitter + rotation 0.003 +/-0.0025 24.51 28.40 58.15 49.18
5 Jitter + rotation 0.001 +/-0.0025 25.16 28.34 54.90 48.61

Table 4. Real-data summary metrics (manually labelled Floor 2).
Class Baseline 0.005/+/-0.0025 0.008/+/-0.0025 0.005/+/-0.005 0.003/+/-0.0025 0.001/+/-0.0025

Cable trays 9.99 36.82 25.69 19.52 31.69 29.90
Drainage pipe 1.82 23.07 13.17 2.62 9.74 13.66

Duct 25.17 41.05 44.83 52.06 45.32 40.77
Sprinkler 11.76 37.07 33.62 37.67 20.37 33.37

Pipe 2.46 14.14 10.13 12.40 15.44 8.10
Clutter 36.75 44.34 45.05 46.47 47.85 44.25

Table 5. Real-data class-wise IoU (%).

Domain Augmentation MEP mIoU 6-class mIoU Overall acc. Mean class acc.
Synthetic validation None 55.59 62.52 96.02 72.72
Synthetic validation Jitter only 55.83 62.76 96.06 71.70
Synthetic validation Rotation only 56.43 63.09 94.84 75.86

Real Floor 2 None 10.24 14.66 40.66 31.68
Real Floor 2 Jitter only 17.39 20.73 47.72 35.02
Real Floor 2 Rotation only 11.48 15.43 42.67 29.05

Table 6. Augmentation ablation on synthetic and real data.

Figure 3. Qualitative prediction on real
data with jitter and rotation. Duct =
yellow, pipes = red, sprinkler pipe =

orange, cable trays = blue, and
drainage pipe = magenta.

Figure 4. Same scene as in Figure 3, predicted by a
model trained with no jitter and no rotation.

Figure 5. Another real point cloud
scene segmented using the augmented

model trained on synthetic data.

unintended construction deviations. Consequently, the frame-
work lacks the capability to contextualize these discrepancies
without access to an updated “as-built” BIM reference. Future
research should investigate strategies for reconciling as-built
point clouds with BIM models, enabling the system to contex-
tualize these differences.

Comparative Benchmarking: While our results indicate im-
provement over a baseline, future work will involve compara-
tive analysis against other established VLS strategies (e.g., He-
lios) to determine relative performance benchmarks across dif-
ferent industrial environments.

6. Conclusion

This work presented an automated framework for generat-
ing semantically labeled point clouds from IFC models and
evaluated its effectiveness for segmenting complex Mechani-
cal, Electrical, and Plumbing (MEP) systems in construction
Digital Twins. Our method successfully mitigates the data
scarcity bottleneck in the AEC sector. A critical aspect of this

work was bridging the domain gap between synthetic data and
noisy real-world LiDAR scans through systematic hyperpa-
rameter optimization of Gaussian Noise (Jitter) and Clipping
Range. We demonstrated that the model’ s performance is
distinctly sensitive to these augmentation parameters, which
simulate real-world sensor noise. The optimal segmentation
performance, achieving a synthetic mIoU of 67.31% and a
real-world mIoU of 32.75%, was achieved by applying a Jitter
Standard Deviation of 0.005 coupled with a Clipping Range of
+/-0.0025. This finding underscores a crucial principle: while
the model requires exposure to significant point perturbation
to generalize to sensor noise, restricting the maximum dis-
placement is necessary to preserve the fine geometric features
essential for accurate identification of small, intricate MEP
components. Overall, the use of jitter-augmented synthetic data
significantly enhanced the OneFormer3D model’ s ability to
differentiate between MEP elements such as ducts, cable trays,
and pipes on real-world scans, confirming that this approach
is a viable pathway for automated as-built geometric Digital
Twin creation. Future work should focus on including more

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XII-4/W1-2026 
21st International 3D GeoInfo Conference 2026, 28–29 September 2026, Sofia, Bulgaria

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XII-4-W1-2026-73-2026 | © Author(s) 2026. CC BY 4.0 License.

 
78



classes such as floor, ceiling, walls, columns to the generated
dataset to understand their effect on segmentation accuracy and
ambiguity in complex construction scenes.
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