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Abstract

This paper presents an automated framework for generating semantically labelled building point clouds from their corresponding
BIM models. The proposed methodology aims to facilitate the creation of training datasets for deep learning—based indoor semantic
segmentation. Two complementary labelling strategies are introduced. The first relies on bounding boxes (BBX) extracted from
BIM elements to efficiently assign labels to points based on volumetric inclusion. The second approach uses solid geometry and a
nearest-neighbour principle (SG-NN) to compute distances between BIM object meshes and the point cloud, enabling a more precise
spatial correspondence. In addition, a room-based geometric grouping strategy is proposed to structure the annotated point clouds
into spatial units compatible with common indoor segmentation datasets. The methods are evaluated through a qualitative analysis
on several real building datasets of different typologies and acquisition conditions, as well as through a quantitative evaluation
based on a manually segmented reference point cloud. Results show that the SG-NN approach achieves higher performance, with
an average Recall of 92% and IoU of 88%, compared to 87% of Recall and %78 of IoU for the BBX approach. While the BBX
approach provides faster processing, the SG-NN strategy achieves higher labelling accuracy, particularly for geometrically complex
elements. The proposed workflow enables scalable dataset generation from Scan-to-BIM projects while significantly reducing manual

annotation effort.

1. Introduction

Recent advances in deep learning have significantly improved
the performance of 3D semantic segmentation models, particu-
larly for building-scale indoor point cloud data. However, the
success of such models heavily relies on the availability of large,
high-quality annotated datasets. Creating reliable training data
remains a labor-intensive and time-consuming task, especially
as the level of detail and the number of semantic classes increase.
In the domain of indoor scene understanding based on point
clouds, well-known benchmark datasets such as S3DIS (Armeni
et al., 2016) and ScanNet (Dai et al.l|2017), as well as synthetic
point clouds generated from digital models (Hu et al., 2024),
have supported the progress of semantic segmentation research.
Nevertheless, there remains a strong need for approaches cap-
able of automatically labelling real-world point clouds based on
their corresponding digital building models.

When BIM models are created from point clouds, the semantic
information contained in the BIM can be transferred to the point
cloud, effectively creating labelled training data. Several re-
cent works have explored automatic labelling of building point
clouds using BIM models, relying on spatial matching strategies
between BIM elements and laser scans. Other approaches have
also investigated combining real labels with pseudo-labels de-
rived from 3D models to improve indoor segmentation data-
sets. However, these methods often face limitations related to
geometric precision, scalability to large datasets, or practical
deployment in real industrial contexts. In addition, approaches
based on synthetic data generation do not fully reproduce the ac-
quisition characteristics of real scans, such as noise, occlusions,
and realistic point densities.

Building on this line of research, this study proposes an auto-

mated approach for annotating building point clouds using their
corresponding BIM models. Unlike approaches based on syn-
thetic data generation, the proposed approach operates directly
on real-world point clouds, preserving their realistic acquisition
characteristics. The BIM models used in this process are gener-
ated from the point clouds and validated by specialists through
multiple quality-control procedures, ensuring reliable semantic
information. In many industrial Scan-to-BIM workflows, point
clouds are systematically accompanied by such validated BIM
models, making the proposed approach particularly suitable for
large-scale applications. In this configuration, semantic inform-
ation can be automatically transferred from the BIM model to
the point cloud, enabling the annotation of large datasets with
minimal additional manual effort and with a flexible number of
semantic classes. The workflow relies on efficient geometric
operations and widely available open-source tools, making its
implementation accessible and scalable for practical use. Fur-
thermore, the study proposes an approach to perform room-based
geometric grouping of the resulting annotated point clouds, en-
suring their suitability for existing deep learning-based semantic
segmentation models.

2. Related work

Deep learning models for 3D semantic segmentation require
large-scale annotated datasets to achieve robust and generaliz-
able performance. Dataset quality is critical not only in terms
of data volume, but also with respect to geometric accuracy and
the diversity and number of semantic classes. In the context of
building point clouds, producing such datasets through manual
annotation is labor-intensive and difficult to scale.

3D semantic segmentation of building point clouds supports a
wide range of applications, including facility management, BIM
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model generation, renovation planning, and robotics. Among
these domains, Scan-to-BIM workflows particularly benefit from
reliable semantic segmentation, as object-level understanding
directly supports model reconstruction and updating. This has
been demonstrated in several recent studies (Tang et al., 2022}
Zhang and Zoul 2023} |Campagnolo et al.| 2023} |Roman et al.|
2024). Conversely, BIM models contain rich and structured
semantic information that can potentially be transferred back
to point clouds. When properly leveraged, this information can
serve as a valuable source of annotated data for training deep
learning models. In response to the challenges of manual annota-
tion, several research directions have explored automated dataset
generation strategies from BIM models. These approaches can
be broadly categorized into BIM/CAD to real point cloud label
transfer and synthetic data generation from digital models.

2.1 BIM/CAD-to-Point cloud label transfer

A major research direction leverages the semantic richness of
BIM or CAD models to automatically annotate their corres-
ponding real point clouds. These approaches assume geometric
alignment between the digital model and the scan and transfer
object labels through spatial correspondence.

Several works rely on volumetric or bounding-box-based match-
ing. (Yoo et al.;[2024)) project BIM object bounding boxes into
the point cloud space, assigning labels to points located within
each volume, optionally after segmentation by floor or room to
reduce ambiguity. Similar principles are used in semi-automated
dataset generation workflows for indoor scenes. Other studies
adopt distance-based or nearest-neighbour geometric matching
between scan points and BIM elements. (De Geyter et al.,[2022)
rely on synthetic point clouds derived from BIM models as an
intermediate representation, where each point is labelled accord-
ing to the nearest BIM object using geometric distance criteria.
Extending this idea to industrial environments, (Birkeland and
Udnzs)| 2024) use geometric Digital Twins (gDTs) - these are
geometry-accurate digital models used to visualize, analyze, or
simulate a building’s real-world behaviours in digital twin ap-
plications - to transfer semantic labels to point clouds of complex
facilities. These approaches improve assignment precision com-
pared to pure volumetric methods but depend strongly on accur-
ate registration and modelling quality. More advanced strategies
combine geometric matching with pseudo-labelling or hybrid
supervision. For example, (Mc¢érizette et al., [2025) propose
combining real annotations with pseudo-labels derived from 3D
models to enhance indoor segmentation datasets. Collectively,
these BIM-driven approaches demonstrate that model-to-scan
correspondence can significantly reduce manual annotation ef-
fort while preserving semantic consistency.

2.2 Synthetic Point Cloud Generation

Another widely explored direction is the generation of synthetic
labelled point clouds directly from BIM or parametric models to
enlarge training datasets and control scene composition. In this
case, labels are inherently available since sampled points inherit
the semantic class of their source BIM objects, but the main
challenge lies in reproducing realistic acquisition characteristics
such as noise, density variations, and occlusions.

Several studies address this issue by introducing increasingly
realistic simulation pipelines. (Ma et al., |2020) proposed a
practical workflow to convert BIM models from commercial
software into synthetic point clouds and showed that combin-
ing synthetic and real data improves segmentation performance,

while training on synthetic data alone suffers from a domain
gap. Similarly, (Huang et al.l 2022) generated parametric BIM
scenes and produced viewpoint-guided sampled point clouds,
introducing Gaussian noise to simulate laser scanning conditions
and improve realism. Building on these ideas, (Hu et al.,|2024)
combined automatic BIM-to-point-cloud generation with do-
main adaptation techniques. Their framework produces labelled
synthetic point clouds using FME and integrates a domain adapt-
ation network (DawNet) to reduce the distribution gap between
synthetic and real-world data.

More generally, the synthetic-to-real problem has been widely
investigated in point cloud research. Outdoor synthetic datasets
such as SynLiDAR by (Xiao et al.,|2021)) and SqueezeSegV2
by (Wu et al.,|2019), as well as translation frameworks such as
PCT (Bai et al.,|2023)), aim to reduce the gap between simulated
and real scans by modeling differences in appearance, density,
and sparsity.

While synthetic data generation provides scalable labelled data-
sets, the remaining gap between simulated and real acquisitions
often limits direct applicability to real-world scans. In contrast,
when a point cloud is associated with its corresponding CAD or
BIM model, the semantic information embedded in the digital
model can be directly transferred to the data. Building on this
principle, this study proposes two automated labelling strategies
that exploit the geometric and semantic correspondence between
the digital model and the real point cloud. Unlike synthetic gen-
eration approaches, the proposed approaches operate directly on
real scans, preserving their inherent acquisition characteristics
such as noise, occlusions, and density variations, while automat-
ically transferring semantic labels from the model to the point
cloud.

3. Methodology

Our work focuses on the automation of point cloud labelling us-
ing semantic labels extracted from corresponding digital building
models. To this end, we developed two different approaches. The
first approach relies on the BBX of building components, while
the second is based on solid geometry and a nearest-neighbour
principle to achieve a more detailed correspondence.

3.1 Bounding box based approach

The first approach uses bounding boxes derived from the digital
building model. This geometric approach allows each BIM ob-
ject to be represented by its spatial extent, providing a simple
and efficient way to identify the points belonging to that object.
To ensure both datasets share the same coordinate system, trans-
formation parameters applied to the point cloud during model
creation are determined. After aligning the point cloud and BIM
elements, the labelling process is then performed. Each point
within a BBX inherits the object’s semantic label. Points that do
not belong to any of the targeted semantic classes are assigned to
a residual “clutter” class, which groups all remaining elements
of the point cloud. This approach is efficient and simple. How-
ever, it may include irrelevant points when the bounding box
does not tightly fit the actual object geometry. As object shapes
become more complex, this approximation becomes less precise.
Nevertheless, the approach remains fast and practical for large-
scale point cloud labelling. The technical implementation of this
approach is illustrated in Figure[T]and detailed below.
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Figure 1. Bounding-box-based method for automated labelling of
building point clouds

To implement this approach, a dedicated workflow was de-
veloped to extract and process the geometric information from
the BIM model. The BIM data were accessed through the Revit
API using PyRevit, allowing direct manipulation of the native
RVT models without exporting them to intermediate formats
such as IFC. A PyRevit plugin was developed to extract the
BBX of the targeted elements together with the transformation
parameters of the Revit coordinate system, which were exported
in JSON format.

Due to PyRevit limitations (based on IronPython) regarding
external libraries, point cloud processing was performed in a
separate Python environment using Open3D. The extracted trans-
formation matrices were applied to align the point cloud with
the BIM coordinate system, and each point located within a
bounding box was assigned the semantic label of the correspond-
ing BIM object. However, Revit BBX are axis-aligned with the
global coordinates rather than the true object orientation, which
can include irrelevant points for non-orthogonal elements. To
reduce such errors, geometric constraints were introduced to
specific classes, enforcing verticality for walls and horizontality
for floors or ceilings.

3.2 Solid geometry and nearest-neighbour based approach

The second approach directly annotates point clouds using the
solid geometries of digital model objects, ensuring correspond-
ence between points and elements while minimizing noise, i.e.,
points that are incorrectly labelled or do not belong to a given
element. In this context, solid geometries refer to the mesh
representations of BIM elements, which explicitly define the
surfaces and volumes of each object. The approach relies on

computing orthogonal distances between the point cloud and
these model surfaces to assign labels according to predefined
thresholds. For example, thresholds of 5 cm for walls and slabs
and 10 cm for other classes were used. These values were se-
lected to reflect typical modelling accuracy while accounting
for the geometric characteristics of different object categories.
Structural elements such as walls and slabs generally correspond
to large planar surfaces with high geometric fidelity, allowing
the use of a smaller tolerance. In contrast, elements such as
doors, windows, or stairs are often represented as loadable BIM
families whose parametric geometries may differ slightly from
the scanned shapes. A larger tolerance (10 cm) is therefore
introduced for these objects to accommodate modelling simpli-
fications. The process is fully automated through a modular
pipeline that exports object geometries by category (e.g., walls,
floors, ceilings) in a CAD format, aligns the point cloud to the
same coordinate system, computes cloud/surface distances and
assigns labels to points that fall within the predefined minimum
distance thresholds. Similarly to the BBX approach, points not
associated with the targeted semantic classes are assigned to a
clutter category representing the remaining elements of the point
cloud.
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Figure 2. Solid geometry and nearest-neighbour (SG-NN) based
approach

To technically implement this approach, custom plugins based
on the PyRevit framework (left bloc of Figure |Z|) were first
developed to export the solid geometries of BIM objects by
category (e.g., walls, floors, ceilings) as mesh models in FBX
format. The FBX format was selected because it preserves mesh

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B2-2026-117-2026 | © Author(s) 2026. CC BY 4.0 License. 119



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B2-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Il, 4—11 July 2026, Toronto, Canada

geometries and transformations while remaining lightweight and
compatible with 3D processing tools such as CloudCompare,
used in the subsequent processing stages. As no native Revit
tool supports this type of extraction, one plugin was developed
to retrieve object meshes from the digital model, while another
aligns the point cloud with the coordinate system of the exported
geometries.

Once the geometries and point cloud were prepared, the distance
computation and filtering stages were performed using Cloud-
Compare through command-line scripts (right bloc of Figure Q)
The mesh—cloud distance tool was used to compute the distance
between each object mesh and the point cloud. Points located
within the predefined distance thresholds were retained and as-
signed the semantic label of the corresponding object category.
The resulting class-specific point clouds were then merged to
produce the final labelled dataset. These operations were fully
automated through a batch-processing pipeline that sequentially
processes all object categories.

3.3 Room-based geometric grouping strategy

Beyond the labelling process, this study also introduces an ap-
proach for the geometric grouping of annotated point clouds
for deep learning applications. Since many segmentation mod-
els require spatially coherent subsets, an approach was adopted
inspired by datasets like S3DIS, organizing point clouds into
room-based semantic units. Starting from labelled point clouds
and their digital models, room volumes are generated by ex-
truding floor-plan surfaces between adjacent slabs to ensure
geometric consistency. Each room volume serves as a spatial
filter to isolate its corresponding point cloud through automated
cloud-to-mesh distance calculations. A modular pipeline pro-
cesses all rooms and classes, producing sub-datasets organized
by room and object type, facilitating balanced and context-rich
data for model training and evaluation. Figure E| presents the
technical architecture of the approach.

To generate the room volumes used for geometric grouping,
a custom plugin was developed using the PyRevit framework.
The plugin extrudes room surfaces defined in the building floor
plans to create closed 3D volumes. The extrusion height is
automatically computed from the vertical distance between two
adjacent slabs ( not just Revit levels). When room surfaces are
not already defined in the BIM model, they are automatically
generated using Revit’s room placement tool. The resulting
room geometries are exported as OBJ meshes, providing the
spatial references required to isolate the corresponding portions
of the point cloud. The extraction of room-level point cloud
subsets was automated using a CloudCompare command-line
script organized in a batch-processing workflow. The processing
sequence consists of the following steps as demonstrated in Fig-
ure @ (1) Loading the room volume meshes (OBJ) together with
the semantic class point clouds (TXT) corresponding to building
elements (walls, floors, ceilings, etc.). (2) Computing the cloud-
to-mesh distance between each class-specific point cloud and
the corresponding room mesh. (3) Filtering points based on the
computed distances using predefined thresholds [—10 m (inside)
to 0.10 m (outside)] to retain only points belonging to the room
volume.

As a result, the proposed workflow enables the automatic ex-
traction of room-level labelled point cloud subsets, producing
structured datasets that are directly compatible with existing
deep learning frameworks for indoor semantic segmentation.
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Figure 3. Room-based geometric grouping strategy

4. Experimentation

This section presents the experimental setup and the evaluation
of the proposed methodology. First, the datasets used to test the
developed approaches are described. Then, the results obtained
at each stage of the processing pipeline are presented. Finally,
both quantitative and qualitative evaluations are conducted to
assess the performance and reliability of the proposed methods.

4.1 Description of the experimental datasets

The experiments were carried out on a diverse dataset including
educational, office, residential, and single-family buildings (BIM
models and corresponding point clouds), comprising around
twenty buildings in total. These building types typically present
regular and repetitive structural layouts, making them suitable
for analysis under the Manhattan World assumption, according to
which most structures are aligned with three orthogonal axes (X,
Y, Z). The corresponding digital building models were created at
Level of Development 300 |(LOD300-detailed design), ensuring
sufficient geometric detail for reliable correspondence between
BIM elements and point cloud data.

The point clouds were acquired using terrestrial laser scanning
through different acquisition modes, including static and mo-
bile scanning, and in some cases a combination of both for
indoor—outdoor datasets. The data were spatially sampled at
1 cm resolution, representing a compromise between data size
and geometric fidelity. Although intensity and RGB attributes
are available, their quality is often degraded and not radiomet-
rically corrected. In particular, intensity values are strongly

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B2-2026-117-2026 | © Author(s) 2026. CC BY 4.0 License. 120


https://www.autodesk.com/solutions/bim-levels-of-development#:~:text=LOD%20300%E2%80%94detailed%20design%3A%C2%A0In%20this%20phase%2C%20the%20model%20includes%20geometric%20information%2C%20specific%20sizes%2C%20shapes%2C%20and%20detailed%20object%20components.%20It%E2%80%99s%20used%20for%20producing%20construction%20documents%20and%20coordinating%20different%20disciplines.

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B2-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Il, 4—11 July 2026, Toronto, Canada

influenced by material properties, distance, and incidence angle,
as shown in (Boudarbala et al., 2024])), while color information
is often of limited quality. Since these raw datasets were ori-
ginally acquired for manual Scan-to-BIM modelling workflows,
radiometric information is generally not critical and is therefore
not systematically optimized. Six main architectural classes
were considered: walls, floors, ceilings, stairs, doors, and win-
dows. They represent key structural components. These datasets
were used to test and evaluate the proposed labelling approaches
under realistic building conditions.

4.2 Results and discussion

In this section, results obtained at each stage of the developed
methodology are analysed, from the BBX and SG-NN based
approaches to the room-based geometric grouping. Additionally,
a qualitative / quantitative evaluation has been conducted.

4.2.1 Bounding box based approach: One of the main ad-
vantages of this approach lies in its computational efficiency, as
itrelies on the BBX of BIM objects rather than their full complex
geometries. These bounding volumes, together with the point
clouds, can be efficiently processed using the Python library
Open3D, which is well suited for geometric operations on large
3D datasets. In most building projects, architectural elements are
typically aligned with the XY axes of the project coordinate sys-
tem to facilitate interpretation in design deliverables. However,
this assumption does not always hold. Certain elements may
deviate from this orientation or exhibit non-orthogonal geomet-
ries. In such cases, the used axis-aligned bounding box may not
tightly fit the actual object shape, which can introduce labelling
inaccuracies despite the additional geometric constraints applied
to refine the results. Such constraints can partially correct simple
geometries, as illustrated in Figure [] Nevertheless, their ef-
fectiveness remains limited when dealing with more complex
shapes, such as circular, triangular, or irregular objects.
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Figure 4. Misalignment between object orientation and
axis-aligned BBX. (a) Top view of a point cloud from a wall BBX
oriented 45° to the Y-axis. (b) Axis-aligned BBX of the wall. (c)

Principal planes extracted using RANSAC. (d) Two dominant
vertical planes of the BBX.

As illustrated in the previous example, a significant part of the
limitation arises from the use of axis-aligned bounding boxes,

which do not necessarily follow the actual orientation of the ob-
jects. As a result, the bounding volume may include points that
do not belong to the target element, especially for objects that
are not aligned with the global coordinate axes. In future work,
it would therefore be beneficial to explore alternative bounding
representations that better conform to object orientation and geo-
metry, such as oriented bounding boxes (OBB) or convex hull,
Such approaches could preserve the computational efficiency of
BBX-based methods while reducing labelling inaccuracies.

4.2.2 Solid geometry based approach: The first finding
from applying this approach to our datasets is that the nearest-
object-based method is relatively slower than the BBX-based
approach. This difference in performance stems from the fact
that the method relies on computing distances between the ex-
act solid geometry of BIM objects and the point cloud using
mesh—cloud distance calculations. As the geometric complexity
of objects increases, such as for stairs, windows, or doors, the
number of mesh faces involved in the computation also increases,
leading to significantly longer processing times. In addition,
each semantic class must be processed sequentially against its
corresponding object geometry, which further contributes to the
overall computational load of the method.

Conversely, because this approach uses the exact solid geometry
of BIM objects instead of simplified geometric approximations
such as bounding boxes, it provides a more precise spatial corres-
pondence between the model elements and the scanned points.
This allows points to be assigned to their respective objects with
fewer geometric ambiguities, particularly for elements with com-
plex shapes or orientations. As a result, the approach is expected
to produce more accurate labelling results, as confirmed by the
quantitative evaluation presented in subsection {.2.4]

4.2.3 Room-based geometric grouping: By applying one
of the previously developed labelling approaches, an annotated
point cloud of the entire building can be obtained with the de-
sired number of semantic classes. In our experiments, six classes
were considered, yet the approach is not restricted to this con-
figuration and can accommodate additional classes if required.
Since the main objective of this work is to facilitate the pre-
paration of datasets for training existing deep learning models
for semantic segmentation, it is necessary to organize labelled
point clouds into spatial units corresponding to individual rooms.
Most existing segmentation datasets for indoor environments fol-
low this principle, as it provides spatial context and manageable
data subsets for model training.

The developed approach proved effective for generating such
subsets. Nevertheless, several methodological aspects must
be considered to ensure the robustness of the process. Room
volumes are generated by extruding floor-plan surfaces defined
by interior wall boundaries, with heights computed individu-
ally from each room’s floor-to-ceiling slabs, allowing variations
within the same storey to be captured. This strategy allows
the method to handle situations where multiple slabs or ceiling
elements exist within the same room, ensuring that the domin-
ant spatial volume of the room is correctly represented. Third,
during the point filtering stage, a lower distance threshold of
—10 m is applied in order to retain all points located inside
the room volume, even when small geometric misalignments
exist between the point cloud and the BIM model. An upper
threshold of +0.10 m is introduced to include points located
slightly outside the theoretical room boundary, particularly at
interfaces such as slabs where larger geometric discrepancies
may occur. Although this tolerance may occasionally include
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points belonging to adjacent rooms (for instance along shared
walls), it’s supposed that it does not negatively affect the deep
model learning, as those points remain associated with their
correct semantic class.

4.2.4 Assessment of the proposed methods: The effective-
ness of the proposed labelling approaches was evaluated through
qualitative and quantitative analyses:

Qualitative assessment - The qualitative inspection relies on
visual inspection of the results obtained across several datasets
described in Section @ covering different building typologies,
acquisition modes, and spatial scales, providing insight into the
robustness of the methods under realistic conditions. Coherent
segmentation was shown for both approaches, particularly for
(system-family) elements such as walls, floors, ceilings, and
stairs. This can be explained by the simple and regular geometry
of these elements in both the BIM model and the point cloud.

Nevertheless, both methods show limitations when dealing with
(loadable families) such as doors and windows, whose paramet-
ric representations in BIM models may not accurately reflect
their actual geometry in the point cloud. Consequently, certain in-
accuracies may occur during the labelling process. For example,
only closed instances of these elements are reliably labelled,
while partially or fully open doors or windows remain difficult
to accurately segment, since BIM models typically represent
them in a closed state. This issue is illustrated in Figure 5] for the
SG-NN based approach case. In the BBX-based approach, this
issue can be further amplified by the use of axis-aligned BBX,
which may introduce additional geometric misalignment, as ob-
served in Figure El Another difficulty concerns glass surfaces,
especially for windows. Terrestrial laser scanning captures very
few points on transparent materials, often limited to the win-
dow frames, which further complicates their identification and
contributes to lower detection accuracy for this class. These qual-
itative findings are further substantiated through a quantitative
evaluation presented in the following section.
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Figure 5. Example of labelling limitations for loadable BIM
families (door case)

Quantitative assessment - The quantitative evaluation, was
performed on a smaller but controlled dataset corresponding to
a single building floor containing 30 rooms manually segmented
into 7 classes (walls, floors, ceilings, stairs, windows, doors and

clutter). This limitation is due to the need for reliable ground-
truth data obtained through manual segmentation of the point
cloud, which is considered error-free and serves as the reference
dataset for evaluating the two methods. Indeed, this manual
segmentation process required approximately 15 minutes per
room, amounting to more than 8 hours of work for the 30 rooms
and covering about 40% of the total building area. This clearly
highlights the time-consuming nature of manual point cloud
annotation.

Based on the manually segmented point cloud used as ground
truth, a metric-based evaluation of the labelling results produced
by the two proposed approaches was conducted, following com-
mon practices in semantic segmentation assessment (Betsas et
al.L[2025)). The evaluation relies on the standard confusion matrix
components, including true positives (TP), false positives (FP),
false negatives (FN), and true negatives (TN), which quantify
the correspondence between predicted labels and the reference
data.

- TP: reference points that are correctly labelled.

- FN: reference points that are not detected by the labelling.

- FP: labelled points that do not correspond to the ground truth.
- TN: points correctly identified as not belonging to the con-
sidered class.

From these elements, several evaluation metrics can be derived,
such as overall accuracy (OAcc) , precision, recall, and Intersec-
tion over Union (IoU).

O dee — TP+ TN Precision — TP
CTTPYTN+FP+FN = "= TpFp
TP TP
= ————— I = —-—
Recall = 757N 1V =Tp T FPT FN

The dataset exhibits a strong class imbalance. Walls, floors, and
ceilings represent more than 70% of the points, while the clutter
class accounts for about 15%, leaving less than 15% for smaller
elements such as windows, doors, and stairs. As a result, metrics
such as accuracy and precision may lead to biased interpretations.
For this reason, the analysis focuses on Recall and IoU, which
provide a more reliable evaluation of detection capability and
spatial overlap between predicted and reference labels.

SG-NN BBX
Recall IoU Recall IoU
Walls 97 95 95 91
Floors 98 96 87 86
Ceilings 99 97 98 96
Stairs 90 85 86 71
Windows 81 72 76 61
Doors 89 79 79 65
Clutter 92 91 89 87
Average 92 88 87 78

Table 1. Comparison of performance between the solid geometry
and nearest-neighbour (SG-NN) based approach and the
bounding box (BBX) approach.

The results reported in Table |I| show that the SG-NN based
approach consistently outperforms the BBX approach. For the
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main structural classes (walls, floors, and ceilings), both ap-
proaches achieve very high performance, with Recall and IoU
values above 90%. However, the SG-NN approach still provides
slightly higher scores, particularly for floors where the Recall
increases from 87% to 98%.

The difference becomes more significant for smaller and geo-
metrically more complex elements such as stairs, windows, and
doors. For these classes, the SG-NN approach provides clear
improvements in both Recall and IoU, with the most notable
gains observed for windows (IoU from 61% to 72%) and doors
(IoU from 65% to 79%). These improvements indicate a bet-
ter spatial correspondence between the predicted labels and the
reference segmentation when using the exact object geometries
rather than bounding-box approximations. However, the overall
scores for these classes remain lower due to the factors discussed
in the qualitative analysis, including the higher geometric com-
plexity of these objects, potential misalignment between point
clouds and loadable BIM families, the limitations of axis-aligned
bounding boxes, and the scarcity of points on transparent glass
surfaces.

Overall, the SG-NN method achieves higher average scores,
with a mean Recall of 92% and a mIoU of 88%, compared to
87% and 78% for the BBX approach. This confirms the greater
robustness of the solid-geometry-based method, particularly for
architectural elements with more complex shapes. Although
the average IoU does not reach the very high values observed
for major structural classes, it remains a strong result given that
it is affected by the lower performance of more challenging
categories such as doors, windows, and stairs, whose geometric
complexity and modelling discrepancies make accurate labelling
more difficult.

The overall processing chain of the proposed framework, in-
cluding the labelling stage based on solid geometry and the sub-
sequent geometric grouping, is illustrated in Figure [6| Depend-
ing on the application requirements, the two labelling strategies
can be used in a complementary manner: the BBX approach
provides faster processing and is suitable for large-scale datasets,
whereas the SG-NN approach offers higher geometric precision
when more accurate annotations are required, which is gener-
ally the case when preparing datasets for deep learning based
semantic segmentation.

5. Conclusion

This study presented an automated framework for labelling real
building-scale point clouds using their corresponding BIM mod-
els, addressing one of the major bottlenecks in preparing training
datasets for existing deep learning models of semantic segment-
ation. Two approaches were developed: a computationally effi-
cient method based on bounding boxes (BBX) and a more pre-
cise method relying on solid geometries and a nearest-neighbour
principle (SG-NN).

Experimental results show that both approaches can produce
reliable semantic annotations. The BBX approach offers high
computational efficiency and is well suited for large-scale data-
sets, although its reliance on axis-aligned BBX may introduce
geometric approximations. In contrast, the SG-NN approach
provides more accurate labelling by using the exact geometry
of BIM objects, achieving higher Recall and IoU scores, partic-
ularly for geometrically complex elements such as doors and
windows. In addition, a room-based geometric grouping strategy
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Figure 6. Proposed processing chain for labelling (by solid
geometry approach) and room-based geometric grouping of
building point cloud datasets

was proposed to organize labelled point clouds into spatially
coherent subsets. This step is essential for preparing datasets
compatible with existing deep learning architectures for indoor
semantic segmentation.

Overall, the framework is fully generalizable and applicable to
any point cloud associated with a digital model, enabling large-
scale, automated dataset generation without manual intervention,
i.e. without inconsistencies of human interpretation. Although
the BBX approach remains attractive for rapid large-scale pro-
cessing, the SG-NN method consistently achieves higher accur-
acy and more reliable spatial correspondence, making it better
suited for high-quality dataset generation.
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