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Abstract: This paper presents a novel segmentation algorithm specially developed for applications in
3D point clouds with high variability and noise, particularly suitable for heritage building 3D data.
The method can be categorized within the segmentation procedures based on edge detection. In addi-
tion, it uses a graph-based topological structure generated from the supervoxelization of the 3D point
clouds, which is used to make the closure of the edge points and to define the different segments. The
algorithm provides a valuable tool for generating results that can be used in subsequent classification
tasks and broader computer applications dealing with 3D point clouds. One of the characteristics
of this segmentation method is that it is unsupervised, which makes it particularly advantageous
for heritage applications where labelled data is scarce. It is also easily adaptable to different edge
point detection and supervoxelization algorithms. Finally, the results show that the 3D data can
be segmented into different architectural elements, which is important for further classification or
recognition. Extensive testing on real data from historic buildings demonstrated the effectiveness of
the method. The results show superior performance compared to three other segmentation methods,
both globally and in the segmentation of planar and curved zones of historic buildings.

Keywords: laser scanner; 3D point clouds; segmentation; heritage buildings; edge detection;
supervoxels

1. Introduction

3D point clouds in the construction industry have enabled the development of new
applications that can significantly increase productivity and improve decision-making
accuracy. These applications have reached the field of cultural heritage, helping the creation
of Heritage/Historic Building Information Models (HBIMs) [1].

The creation of HBIMs begins with acquiring 3D data using laser scanners or pho-
togrammetry, followed by data processing to generate parametric models. Currently, many
processing tasks are manual due to complex surfaces and the lack of automated general
procedures. A critical initial step is the structuring and basic interpretation of the raw 3D
data. Simple geometric organization, like voxelization of the point cloud, is useful [2,3], but
often insufficient because high-level information associated with the data is needed. There-
fore, labelling data into meaningful classes is crucial, in addition to possible topological
ordering, which is what voxels provide [4].

General solutions to the problem of 3D point cloud labelling can be categorized into
two main groups [5]. The first involves the segmentation of the data followed by its classifi-
cation. This is commonly referred to as pre-segmentation and classification/recognition
algorithms. For the pre-segmentation phase, commonly used techniques include region
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can be considered as a mesh over the 3D points and can be used as a multi-resolution
structured representation of the 3D point clouds. The resolution of the graph depends on
the value of R chosen for the supervoxel, which makes the graph useful as a framework
for other algorithms such as semi-supervised segmentation methods using graph neural
networks [46]. This may be one of the most interesting lines of work today for working
with weakly labelled data.

5.2. Limitations and Research Directions

Minor details in heritage point clouds, such as some moldings and columns, may
be merged into larger supervoxels or divided into different regions. The dome element
shown in Figure 4 demonstrates how our method detects the molding under the main
area, although it was divided into several segments because many points are detected as
edge points.

The more the value of R increases, the less accurate the method becomes, due to the
larger size of the supervoxels. It is therefore necessary, if possible, to determine the most
appropriate value of R for the case in question.

Finally, it should be noted that the method presents execution times in the order of
hours, which may be a high execution time depending on the subsequent application of
the performed segmentation.

6. Conclusions

Segmenting point clouds from heritage buildings is a challenging task due to their
non-uniform density and distribution of points, as well as the high variability of the data
employed. This paper proposes a new segmentation method for high-variability 3D point
clouds of heritage and non-conventional buildings, which output great results.

By mixing edge detection, supervoxelization, and a new graph-based topological
structure on 3D points, we developed a robust algorithm capable of accurately segmenting
architectural elements in historical point clouds.

Our method outperformed the tested methods in this paper, with great results par-
ticularly when applied to curved zones. Although the method may output some errors,
the overall quality and accurate sub-segmentation rate demonstrate that this method is
suitable to be tested in subsequent classification tasks.
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