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Abstract

Given the growing number of applications in urban planning and large-scale digital twins, the development of effective
solutions for urban point cloud classification is of extreme interest for the R&D community and commercial sector.
State-of-the-art neural networks commonly lack adequate cross-dataset generalisation ability, mainly due to varying sensors
and data collection platforms, object shape differences, as well as the presence of under-represented objects and imbalanced
classes, especially in case of dense and high-resolution reality-based 3D data. This work demonstrates how the recently
released ESTATE dataset (A large dataset of under-represented urban objects—https://github.com/3DOM-FBK/ESTATE),
full of thousands of under-represented urban objects, such as traffic lights, electrical poles, pylons, and ventilation units,
spread over 13 classes, can improve the performance of state-of-the-art point cloud classification algorithms. Experiments
with different neural networks and several testing configurations with sensor-specific inputs (coordinate, intensity, and
colour) show the effectiveness of this dataset in enhancing the classification capabilities and increasing cross-dataset
generalisation. Moreover, reported results show not only the adaptation of object classification networks to the semantic
segmentation pipeline, but also an improvement of semantic segmentation performance by increasing the distribution of
under-represented classes with the ESTATE dataset.
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1 Introduction tion (Bai et al. 2021), and digital twin generation (Ismail

et al. 2023). When enriched with colorimetric information

With the recent progress of technologies, sensors and meth-
ods, more and more accurate and dense urban 3D data
are nowadays available and used in several fields, such as
autonomous driving, robotics or geospatial studies (Liang
et al. 2019; Guo et al. 2020; Xue et al. 2020; Bloembergen
and Eijgenstein 2021). Urban 3D point clouds, in particu-
lar, have been increasingly exploited for many applications,
like smart city development (Iliopoulou and Feloni 2022),
building modelling (Ozdemir and Remondino 2018), urban
management (Zolanvari et al. 2019), street furniture extrac-
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(Sarker et al. 2024, p. 3) D data offer a comprehensive un-
derstanding of urban scenes and environments (Guo et al.
2020; Xie et al. 2020; Grilli et al. 2021). Among the vari-
ous point cloud processing tasks, semantic enrichment and
classification is an area of considerable interest within the
research community due to the increasing requests for se-
mantically enriched 3D assets. Operative methods for point
cloud classification utilize manually designed feature ex-
traction criteria and a range of operative machine learning
classifiers (Zhang et al. 2023). But recently, the utilization
of deep neural networks has become more prevalent due
to the progress made by deep learning methods (Hu et al.
2020, Hu et al. 2021; Mao et al. 2022; Ren and Xia 2023),
which also includes the integration of logic rules (Grilli
et al. 2023).

In order to assess the capability of different classification
algorithms, several benchmark datasets have been released
in the last few years (Roynard et al. 2018; Zolanvari et al.
2019; Hu et al. 2021; Kolle et al. 2021; Chen et al. 2022).
A benchmark dataset is a collection of data used by scien-
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tists to compare the effectiveness of sensors or processing
algorithms. Benchmarks serve as a reference for evaluating
their performance against a reliable and accurate ground
truth (Bakuta et al. 2019).

Nevertheless, the classification of 3D point clouds faces
significant challenges when applied to large real-world sce-
narios and datasets. Indeed, real-world urban scenarios suf-
fer extreme class imbalance for critical categories such
as various pole-like and urban objects that only occupy
a small proportion of the total number of points. This issue
is particularly noticeable in small and generally under-rep-
resented objects, such as cables, light poles, traffic signs,
traffic lights and garbage boxes. Moreover, it is necessary
to clarify the impact of different object shapes, sensors,
colour and intensity information, as well as data acquisi-
tion protocols for comprehensive usage in real-life scenar-
ios. The higher density of point clouds derived from more
and more performant 3D reconstruction algorithms and ad-
vanced sensors compromises the ability of machine and
deep learning methods in recognizing small urban objects
and to work with imbalanced classes. Finally, and poten-
tially most significantly, none of the existing deep neural
network methods have demonstrated generalization capa-
bilities among benchmarks. Although current approaches
demonstrate strong performance on individual datasets, they
often encounter difficulties in generalizing when the train-
ing and test data are sourced from different locations (Wang
et al. 2021) or sensors/platforms (Han et al. 2024).

Therefore, in order to enable effective utilization of deep
learning-based algorithms in real-world contexts (especially
for classifying under-represented objects typically present
in urban areas), a set of discriminated 3D urban elements
must be incorporated into the learning process. To over-
come the current limitations, it is necessary to enhance the
diversity, realism and practical applicability of real-world
datasets by including a sufficient variety and number of
under-represented urban objects in classification tasks.

This paper aims to resolve the above-mentioned issues,
extending the ESTATE work presented in Bayrak et al.
(2024). The extensions and contribution of this paper are
multifold:

e To further explain in detail the ESTATE dataset realized
to improve the 3D classification of under-represented ur-
ban objects (Sect. 3);

e To evaluate the benefits of including ESTATE in the
learning process of state-of-the-art neural networks for
3D urban object classification (Sects. 4.2 and 4.3);

e To analyze (i) the impact of combined training data,
(i) the effects of input features and (iii) the influence of
object shapes on classification performance (Sects. 4.4
and 4.5);

e To present, for the first time, an innovative adaptation
of trained object classification methods to semantic seg-
mentation (Sect. 4.6);

e To improve semantic segmentation accuracy, the inclu-
sion of objects from the ESTATE dataset into the train-
ing set leads to significant improvements in semantic seg-
mentation accuracy (Sect. 4.7).

The paper is organised as follows: Sect. 2 reports an
overview of the state-of-the-art benchmark datasets, under-
represented objects in urban areas, and deep learning-based
algorithms for 3D object classification. Section 3 describes
the collection and creation of the ESTATE dataset, while
Sect. 4 presents experiments and classification results using
the ESTATE data. Section 5 and 6 discuss achievements and
conclude the work.

2 Related Works
2.1 Datasets/Benchmarks for Object Classification

The research community has released various datasets and
benchmarks to support object classification in 3D point
clouds (Table 1):

e Sydney Urban Objects (De Deuge et al. 2013): it com-
prises reality-based point clouds of outdoor objects.
However, the low point density of this dataset hampers
its ability to generalize across a broad range of objects
and complex urban conditions. The Sydney Urban Ob-

Table1 A summary of some

. ) Dataset Classes Objects Scene Type
representative datasets for object
classification in point clouds. Sydney Urban Objects 14 588 Outdoor Real
ModelNet10 10 4596 Indoor Synthetic
ModelNet40 40 51,190 Indoor Synthetic
ShapeNet 55 51,190 Indoor Synthetic
ScanNet 17 12,283 Indoor Real
ScanObjectNN 15 2902 Indoor Real
Objaverse 21K+ 10+ mil Indoor Synthetic
ModelNet40-C 40 185,000 Indoor Synthetic
ESTATE 13 6528 Outdoor Real
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jects dataset was created by the Australian Centre and
contains a variety of common urban road objects, includ-
ing 631 scanned objects in the categories of vehicles,
pedestrians, signs, trees, etc. These objects are captured
using Velodyne LiDAR sensors in Sydney CBD, pro-
viding detailed point clouds that are essential for clas-
sification tasks. This dataset is specifically designed to
enhance 3D object recognition systems with real-world
complexities, such as variable point densities and oc-
clusions, commonly encountered in urban environments.
The dataset supports and facilitates the advancement of
outdoor 3D object recognition technologies in academic
and practical fields.

e ModelNet40 (Wu et al. 2015): it is a large-scale syn-
thetic CAD-based dataset developed by the Vision and
Robotics Laboratory at Princeton University. Model-
Net40 contains 12,311 CAD models of 40 object cate-
gories, including different objects such as airplanes, cars,
plants, and lamps. The dataset is the most widely used
benchmark for 3D object classification algorithms due
to its well-structured data and clear shapes. For training
and testing machine learning algorithms, ModelNet40
provides 9843 models for training and 2468 for testing.
Each model is pre-processed to align with the origin and
scaled to fit within a unit sphere, ensuring uniformity
in data handling. This dataset is crucial for advancing
research in 3D computer vision, offering a standardized
set of objects for developing and benchmarking new
technologies.

e ModelNetl10 (Wu et al. 2015): it is a subset of Model-
Net40, containing only 10 classes, and it is divided into
3991 training and 908 testing shapes.

o ModelNet40-C (Sun et al. 2022): it contains 185,000
different point clouds and was created based on Mod-
elNet40 validation set. This dataset is mainly used to
benchmark damage robustness for 3D point cloud recog-
nition, with 15 damage types and 5 severity levels for
incompleteness or non-uniformity issues, such as noise
or density.

e ShapeNet (Chang et al. 2015): it is developed collab-
oratively by Stanford University, Princeton University
and the Toyota Technological Institute of Chicago. The
dataset is an extensive repository of 3D CAD models or-
ganized into a comprehensive taxonomy based on Word-
Net. This repository features over 300 million models,
with 220,000 models meticulously categorized into 3135
distinct classes. ShapeNet provides a wealth of semantic
annotations for each model, such as physical sizes, key-
words, rigid alignments, bilateral symmetry planes, and
other semantic details. This level of detail supports more
sophisticated data-driven geometric analyses and pro-
vides a robust benchmark for evaluating and comparing
algorithms.

e ScanNet (Dai et al. 2017): it is a richly annotated RGB-D
dataset containing over 2.5 million images from 1513
scans of 707 unique indoor environments with about
90% surface coverage. This dataset is categorized into
20 classes of annotated 3D voxelized objects. The dataset
is detailed with annotations like camera poses, surface
reconstructions, textured meshes, and aligned CAD mod-
els.

o ScanObjectNN (Uy et al. 2019): it is a real-world dataset
developed by researchers from the Hong Kong Univer-
sity of Science and Technology along with other global
institutions. The dataset encompasses 2902 objects cate-
gorized into 15 classes representing common indoor en-
vironments. It includes objects often occluded or embed-
ded within clutter, reflecting typical conditions faced in
robotics and autonomous vehicle applications. It features
various perturbations, such as noise and incomplete data,
to test the robustness of classification algorithms.

e Objaverse (Deitke et al. 2023): the dataset provides an
extensive collection of over 800,000 3D models from
a diverse community of over 100,000 artists via Sketch-
fab. The dataset covers a wide range of object categories,
including animals, humans, vehicles, and architectural
structures (interiors and exteriors). They are paired with
detailed metadata, including descriptive captions and
tags, making them useful for a variety of applications in
3D vision and machine learning in simulated environ-
ments.

As summarized in Table 1, among these widely rec-
ognized datasets, Objaverse, ModelNet40, ModelNet40-C,
ModelNet10 and ShapeNet consist of synthetic and vari-
ous object samples. The corresponding points are uniformly
sampled from the CAD mesh surface and then further pre-
processed by translations and scaling. Despite their large
scale, their synthetic nature limits the applicability to real-
world scenarios. On the other hand, datasets like ScanNet
and ScanObjectNN provide real-world data captured from
only indoor environments. Although these datasets intro-
duce more realistic scenarios compared to their synthetic
counterparts, they still have disadvantages in representing
outdoor urban objects, such as traffic lights or street fur-
niture, which are crucial for applications like autonomous
driving and urban planning. Thus, they are not suitable for
the identification of small and generally under-represented
urban objects.

In summary, while significant progress has been made
in the development of 3D datasets for object classification,
the available data still lack in terms of realism and practical
applicability to real-world urban scenarios.
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Fig. 1 Timeline of the most referenced urban-level semantic segmentation datasets/benchmarks

2.2 Datasets/Benchmarks for Point Cloud Semantic
Segmentation

The research community has released various datasets and
benchmarks to support point cloud semantic segmentation
in urban environments (Fig. 1 and Table 2):

o ISPRS (Niemeyer et al. 2014): it is a pioneer ALS dataset
over Vaihingen. The dataset covers 9 classes, including
common classes such as buildings, ground and vegeta-
tion, and sub-classes such as roofs and facades.

e Paris-rue-Madame (Serna et al. 2014): is a high-resolu-
tion dataset acquired by MLS of a 160m long street in
Paris, with 17 annotated classes.

o iQmulus (Vallet et al. 2015): it is an MLS point cloud
dataset covering approximately 10km of streets within
a square km in Paris. It provides manual annotations of
101 classes under a three-level hierarchical manner. This
dataset features four main classes, providing a general di-
vision of urban objects and facilitating object-level anal-
ysis.

e Semantic3D (Hackel et al. 2017): a TLS point cloud
dataset obtained from various urban landscapes, consists
of over 4 billion points, covering outdoor scenes across
Central Europe. It includes eight semantic classes.

e Paris-Lille3D (Roynard et al. 2018): a point cloud dataset
acquired with an MLS prototype produced at the Center
for Robotics of Mines ParisTech. Data are captured
in two areas (Lille and Paris) and feature relatively
high density but with anisotropic patterns due to the
multi-beam LiDAR sensor. The dataset is annotated with
50 classes.

o [EEE-GRSS (Bosch et al. 2019): it is a large-scale ALS
dataset covering four USA cities. However, only 5 classes
are available, and it suffers from low point density.

o SemanticKITTI (Behley et al. 2019): the dataset is a MLS
point clouds including sensor odometry information from
roads around Karlsruhe and developed for autonomous
vehicle and transportation purposes. It offers rich class
annotations across 28 categories, including specific in-
stances such as drivers of various vehicles and diverse
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urban objects. However, it has a low point density and
various classes (e.g., bicycles, motorcycles, other object)
have very few points whereas other classes (e.g., road,
sidewalk and building) overwhelm the dataset.
DublinCity (Zolanvari et al. 2019): it is a LiDAR point
cloud dataset over Dublin. A hierarchical approach was
followed for the manual labelling process and the annota-
tion of 13 classes. Labelled data are structured following
three hierarchical levels, moving from a coarse labelling
that includes four classes to a finer division of urban ele-
ments into refined classes.

Toronto3D (Tan et al. 2020): it is a large-scale MLS an-
notated dataset depicting Toronto for semantic segmen-
tation tasks with a focus on urban roadways. Some of the
8 labelled classes are quite unusual, such as road marking
and utility lines.

DALES (Varney et al. 2020): it is another ALS dataset
that covers approximately 10km?2 area of the City of Sur-
rey in British Columbia and features 8 classes. Despite its
large-scale coverage, it has relatively low point density,
similar to SemanticKITTI and LASDU.

LASDU (Ye et al. 2020): a large-scale point cloud ALS
dataset over the Heihe River Valley. The dataset covers
approximately 1km? and consists of 3.12 million points
with a low point density of 3—4 points/m?. It includes five
labelled classes.

SensatUrban (Hu et al. 2021): it is an urban-scale UAV
photogrammetric dataset covering three UK cities. The
dataset features 13 annotated categories, including some
common classes (e.g. vegetation, ground and buildings),
as well as unusual groups like rail, bridge and water.
Swiss3DClities (Can et al. 2021): it is a dataset covering
three Swiss cities with different characteristics, obtained
from images acquired by a multirotor and high-resolu-
tion oblique and nadir camera. The dataset was manually
segmented into 5 categories and chimneys were primarily
extracted and included in the ESTATE dataset.
Campus3D (Li et al. 2020a): a photogrammetric point
cloud dataset acquired via UAV imagery over the Na-
tional University of Singapore (NUS) campus, covering
an area of 1.58km?, and is designed for hierarchical out-
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door scene understanding. It features hierarchical multi-
level annotations with 24 semantic classes.

e OpenGF (Qin et al. 2021): an ultra-large-scale ALS
dataset specifically designed for ground and non-ground
separation, covering an area of 47km? across four coun-
tries (Netherlands, New Zealand, the US, and Canada).
Although it has ultra-large-scale coverage, the dataset
was categorized under two classes, ground and non-
ground, and average point density is relatively low to
differentiate urban objects.

e Hessigheim3D (Kolle et al. 2021): the annotated dataset
(11 classes) is a LIDAR point cloud acquired with a UAV
platform over the village of Hessigheim (Germany). The
dataset stands out for its very high point densities and
unusual classes like garbage boxes and chimneys.

o STPLS3D (Chen et al. 2022): it is a synthetic aerial pho-
togrammetric point cloud dataset created by simulating
the real pattern of a UAV flight on different synthetic ur-
ban and rural areas. The semantic annotation of 6 classes
is generated in a fully automated way while rendering the
2D images.

e KITTI-360 (Liao et al. 2022): a large-scale autonomous
driving dataset collected by MLS which covers 73.7 km
of suburban roads with 1 billion labeled 3D points and
37 annotated classes. However the point clouds are quite
sparse, with poor resolution for small or distant objects
and they feature different vertical scan patterns.

e HRHD-HK (Li et al. 2023): a photogrammetric point
cloud dataset focusing on high-rise, high-density (HRHD)
urban scenes in Hong Kong. The dataset covers 9375 km?
and contains 273 million colorized 3D points. It includes
seven semantic classes.

e YTU3D (Bayrak et al. 2023): it is a UAV photogrammet-
ric point cloud covering the Davutpasa Campus of Yildiz
Technical University (Turkey). Data are annotated into
45 classes following a hierarchical multi-level and multi-
resolution (MLMR) approach (Teruggi et al. 2020).

e WHU-Urban 3D (Han et al. 2024): the dataset includes
both ALS and MLS point clouds (along with street-level
panorama images) of two urban areas in China. The MLS
dataset has 30 annotated classes, while the ALS dataset
has 8. The MLS dataset covers more than 10km of urban
roads divided into 38 scenes. The ALS contains a large
annotated urban area divided into 80 blocks of 200x
200m. The predominant categories are represented by
light poles, followed by traffic signs.

e CUS3D (Gao et al. 2024): it is a UAV photogramme-
try dataset which consists of point clouds, aerial images
and meshes. The semantic annotation was performed for
10 classes, including unusual categories such as farmland
and playground.

e CITYLID (Verma et al. 2025): a large-scale ALS dataset
specifically designed for street-level urban analysis in

Berlin. The dataset covers the entire city with 15 billion
points and features eight urban classification classes. Un-
like other datasets, CITYLID includes shadow classes,
derived from solar radiation analysis and supports urban
shading studies.

e TALD (Vijaywargiya and Ramiya 2025): a benchmark
ALS dataset covering 9 km? in Thiruvananthapuram, Ker-
ala, featuring a complex tropical urban landscape with
high land-cover diversity of four semantic classes, with
an average point density of 12 points/m?.

2.3 Under-represented Objects in Urban Areas

Within the point cloud classification framework, an imbal-
anced dataset features classes with very different numbers
of samples, some of them under-represented. The accurate
classification of under-represented samples is one of the
main problems for machine learning techniques (Rezvani
and Wang 2023). Real-world point clouds suffer from class
imbalance due to the typical class imbalance observed in the
environment. For example, an urban environment consists
mostly of buildings, roads, sidewalks, and trees, whereas
other objects, such as street furniture and poles, are un-
der-represented (Griffiths and Boehm 2019). To address
this challenge, various methods have been proposed in the
literature, including data augmentation (Achlioptas et al.
2018; Chen et al. 2020), class weighting (Lin et al. 2017;
Griffiths and Boehm 2019; Sander 2020), graph-based (Ma
et al. 2024), oversampling/undersampling techniques (Lin
and Nguyen 2020; Ren and Xia 2023), and decoupling op-
timization (Li et al. 2024; Zhang et al. 2024). Even though
many approaches have been developed (Li et al. 2020b; Ji
et al. 2023; Ye et al. 2025), the correct classification of
under-represented classes and the handling of imbalanced
classes remain an open research problem (Grilli et al. 2023).

In this study, as a contribution to the challenge of imbal-
anced classes, we propose two solutions by (I) introducing
a novel approach that integrates both semantic segmentation
and object classification, and demonstrate its applicability
on unseen data, and (II) enhancing classification perfor-
mance by registering additional objects into the point cloud
used for training. The latter could be regarded as some kind
of 3D data augmentation are presented in some works (Xiao
et al. 2022; Zhu et al. 2024).

2.4 Deep Learning Algorithms for 3D Point Cloud
Classification and Semantic Segmentation

The representative approaches for point cloud classifica-
tion can be categorized into four groups, namely multi-
view based, voxel-based, point cloud-based, and polymor-
phic fusion-based approaches (Zhang et al. 2023) (Fig. 2).
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Multi-view-based methods such as MVCNN (Su et al.
2015), MHBN (Yu et al. 2018), PointView-GCN (Mo-
hammadi et al. 2021), PointOfView (Ren et al. 2024),
SelectiveMV (Alzahrani et al. 2024), and MSCV (Kim
et al. 2025) utilize deep learning techniques with 2D im-
ages as input, each referred to as a specific view (Guo et al.
2020). Multi-view-based classification methods comprise
three steps:(i) point clouds projection into multiple views,
(i) feature extraction by deep learning, and (iii) classifica-
tion of 3D point clouds by fusing the extracted features.
While leveraging the computational efficiency and relative
ease of training offered by 2D convolutional neural net-
works (CNNs), multi-view-based methods inherently suffer
from the loss of intrinsic 3D geometric information and
are highly sensitive to the selection of view-points, which
significantly impacts classification performance.

Voxel-based approaches such as VoxNet (Maturana and
Scherer 2015), Super-Voxel (Lin et al. 2018), VBEC (Kang
et al. 2018), VV-Net (Meng et al. 2019), MVPNet (Li et al.
2023),iBALR3D (Zhang et al. 2024), HyperG-PS (Bie et al.
2025) and MSVC (Stroner et al. 2025) involve transform-
ing a 3D point cloud model into voxels that approximates
the shape of an object. Each voxel block contains a group
of associated points and 3D CNNs are utilized to classify
the voxels. While the voxel-based models address the is-
sue of unorder and lack of structure in point cloud data,
the sparse and incomplete nature of the data still hampers
the efficiency of classification tasks, preventing the full uti-
lization of the information contained in the point cloud.
Although the quantization process, similar to that in multi-
view based approaches, causes a loss of fine-grained detail,
voxel-based methods facilitate efficient spatial operations
due to their structured inputs and regularized volumetric
grids.

Unlike multi-view and voxel-based approaches, point-
based methods such as PointNet (Qi et al. 2017a), Point-
Net++ (Qi et al. 2017b), MinkowskiNet (Choy et al. 2019),
KPConv (Thomas et al. 2019), Point Transformer (Zhao
et al. 2021), Point-BERT (Yu et al. 2022), RFFS-Net (Mao
et al. 2022), Point Transformer-v2 (Wu et al. 2022), Point-
Contrast (Wu et al. 2023), PointGPT (Chen et al. 2023),
Octformer (Wang 2023), MOS-module (Li et al. 2023),
Point Transformer-v3 (Wu et al. 2024), PointGT (Zhang
et al. 2024), Oneformer3D (Kolodiazhnyi et al. 2024), MD-
SCNet (Xia et al. 2025), SAPFormer (Xiao et al. 2025), and
CyDConv (Mao et al. 2025) prioritize the direct process-
ing of point clouds through deep learning techniques. The
feature aggregation operator plays a crucial role in point
cloud processing as it facilitates the transfer of information
among individual points. By directly processing raw 3D
points, point-based methods preserve fine-grained geomet-
ric details; however, they are inherently sensitive to noise
and face challenges in capturing local features effectively.
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Polymorphic fusion-based methods such as PointGrid
(Le and Duan 2018), PointCLIP (Zhang et al. 2022), Cross-
Point (Afham et al. 2022) combine voxel-based, point-
based and multi-view-based ideas and utilize components
of these approaches together. Polymorphic fusion-based ap-
proaches leverage the complementary strengths of multiple
representations, offering enhanced generalization and in-
creased robustness to variations in shape and scale; how-
ever, they often entail higher computational overhead and
may exhibit limited performance in highly complex regions.

All the above-mentioned methods offer different perfor-
mances based on the used network/algorithm. Determining
an outstanding method is quite challenging due to various
factors such as dataset size, number/type of classes, object
type and sensor features. These variables should be consid-
ered when assessing the performance of different methods
and the quality of their outcomes.

3 The ESTATE Dataset

ESTATE (Bayrak et al. 2024) stems from the need to
(i) overcome the limitations of available datasets for se-
mantic object classification (Table 1) and (ii) improve the
generalization capabilities of neural networks by providing
an extensive set of annotated and under-represented urban
objects. The dataset encompasses 13 classes of elements,
including different kinds of poles, vehicles, and roof items.
Collected objects (more than 6000) come from available
public datasets released for semantic segmentation tasks,
which entail real-world 3D data (except a synthetically
generated dataset) acquired with several sensors (LiDAR
or photogrammetric-based) and from different perspectives
(aerial, UAV-based or terrestrial). The main characteristics
of ESTATE are:

1. The inclusion of many objects around the world: ES-
TATE contains data from China, Canada, France, Ger-
many, Ireland, Italy, Switzerland, Turkey, UK, and USA,
along with 6528 real-world urban objects belonging to
13 classes: light pole, traffic light, pole, electrical pole,
traffic sign, pylon, cable, garbage box, car, truck, bus,
chimney and ventilation (Fig. 3).

2. The richness of sensor sources and geometric resolutions:
ESTATE includes data collected with Mobile and Aerial
Laser Scanning (MLS/ALS) and UAV-Photogrammetry
techniques, featuring different shapes, uneven density, in-
completeness and different attributes (RGB and inten-

sity).

Among the outdoor datasets presented in Sect. 2.2
and Table 2, ESTATE includes objects from WHU3D,
DublinCity, Paris-Lille3D, TR-MLS, SensatUrban,
Swiss3D, STPLS3D, Hessigheim3D and Toronto3D. More-
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Fig.2 Timeline with key 3D classification methods

over, data from two in-house datasets are also used: one
from Turkey (TR-MLS) and the other from Italy (FBK).
Both datasets are LIDAR-based, with the first one acquired
through MLS and the second through ALS. They were ex-
ploited mainly to derive traffic signs and electricity pylons,
respectively.

Although datasets such as SemanticKITTI and KITTI-
360 are available, they were not considered since they are
tailored for autonomous driving or robotic navigation and
thus do not provide sufficiently high spatial resolution of

Voxel-based

Polymorphic-based

urban objects similarly to other datasets generated from
aerial surveys. Moreover, MLS point clouds generally fea-
tures quite incomplete objects and their inclusion in ES-
TATE would not support the improvement of identification
and classification tasks.

3.1 Data Preparation and Class Statistics

Firstly, for the already pre-classified objects available in
the different source datasets mentioned in Table 2, a vis-

Table 2 Specifications of some representative datasets for urban-level semantic segmentation in point clouds.

Name Classes Points (mil) Spatial Size (m2) RGB Sensor
ISPRS (Niemeyer et al. 2014) 9 1.2 1.6x 106 No ALS
Paris-rue-Madame (Serna et al. 2014) 17 20 0.16 * 103 No MLS
iQmulus (Vallet et al. 2015) 8(22) 300 10x 103 No MLS
Semantic3D (Hackel et al. 2017) 8 4009 - No TLS
Paris-Lille3D (Roynard et al. 2018) 9 (50) 143 1.94%x 103 No MLS
IEEE-GRSS (Bosch et al. 2019) 5 102 34x 106 No ALS
SemanticKITTI (Behley et al. 2019) 22 (28) 4549 39.2x 103 No MLS
DublinCity (Zolanvari et al. 2019) 13 260 2x 106 No ALS
Toronto3D (Tan et al. 2020) 8 78.3 1x103 Yes MLS
DALES (Varney et al. 2020) 8 505.3 10x 106 No ALS
LASDU (Ye et al. 2020) 5 3.12 1.02x 106 No ALS
SensatUrban (Hu et al. 2021) 13 2847.1 7.64x 106 Yes UAV-Photo
Swiss3DClities (Can et al. 2021) 5 226 2.7%x 106 Yes UAV-Photo
Campus3D (Li et al. 2020a) 24 937.1 1.58x 106 Yes UAV-Photo
OpenGF (Qin et al. 2021) 2 500 47% 106 No ALS
Hessigheim3D (Kolle et al. 2021) 11 125.7 8x 104 Yes UAV-LiDAR
STPLS3D (Chen et al. 2022) 6 - 6x 106 Yes UAV-Photo
KITTI-360 (Liao, Xie et al. 2022) 37 1000 Ca 70km No MLS
HRHD-HK (Li et al. 2023) 7 273 9% 106 Yes UAV-Photo
YTU3D (Bayrak et al. 2023) 45 1700 2x 106 Yes UAV-Photo
WHU3D (Han et al. 2024) 37 393 6.5x103 No MLS + ALS
CUS3D (Gao et al. 2024) 10 152.3 2.85% 106 Yes UAV-Photo
CITYLID (Verma et al. 2025) 9 15000 1060x 106 No ALS
TALD (Vijaywargiya and Ramiya 2025) 4 121 9% 106 No ALS
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DublinCity
Bus Bus

Toronto3D Swiss3D FBK

SensatUrban

i
¥
Garbage Box i

Toronto3D
Cable

Py R B
FE——

TR-MLS

YTU3D YTU3D Hessigheim FBK Paris-Lille3D
Car Truck Truck Ventilation  Light Pole Pole Traf. Light  Traf. Sign Traf. Sign

Fig.3 Examples of some objects included in the ESTATE dataset realized to improve the identification and classification of normally under-

represented objects in urban point clouds

Current annotations of
Source Datasets

Sub-classification of Urban

Annotations before ESTATE

Vehicle Urban Object

Reclassifying Urban
Objects and Vehicles

X

Annotations after ESTATE

Bus Cable Chimney
Garbage Box

Traffic Light Light Pole

Truck Pole Pylon Ventilation

Objects and Vehicles

Fig.4 Creation process of the ESTATE annotated 3D data: source point clouds. Class annotation of source datasets, and detailed final annotations
in ESTATE. Please note that the class “building” is not considered as it is not an under-represented object

ual check and manual extraction are executed (Fig. 4) for
every single object to guarantee that only distinguishable
objects are retained (without removing noise to support the
real-case learning of the networks). This operation was es-
pecially crucial in those datasets where semi-automatic la-
belling procedures—more prone to errors—were used to
generate annotated data.

Details on the number of objects collected from each
dataset and for each class are presented in Table 3. Cer-
tain classes contain a greater number of instances, such

@ Springer

as cars, light poles, garbage boxes, traffic signs and chim-
neys. Conversely, some classes encompass fewer instances,
including buses, trucks, ’pylons, ventilations, and traffic
lights, which are considered minority classes among source
datasets. Figure 5 summarizes class statistics based on the
dataset features (geometry, intensity and RGB) and the con-
tribution of each dataset to the composition of ESTATE
classes. Then, using CloudCompare functionalities such as
Segment tool and Cloud Layers plugins, the classes “Urban
Object”, “Vehicle” and “Other” are split and re-labelled
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Fig.5 Class weight statistics for various input configurations: All-XYZ inputs (a), XYZ+ Intensity inputs (b), XYZ+ RGB inputs (¢) and contri-

bution of each dataset to the composition of ESTATE classes (d)

into the (sub)classes they belong to. Indeed, the source
datasets “Urban Object” and “Vehicle” classes usually com-
prise poles, lights, traffic lights, cars, busses, etc., whereas
“Other” classes usually consist of wires, garbage boxes, etc.
Therefore, these objects in the source datasets are extracted
to enrich the relevant (sub)classes. For all these preparation
steps, CloudCompare and its semi-automatic segmentation
plugin Label Connected Component are used to isolate el-
ements and again refine the results manually.

The following criteria were taken into consideration
while collecting samples:

o The resolution of the dataset: according to the clarity and
distinguishability of the objects;

o The size of the dataset and the presence of target classes:
collecting samples of target classes by visual inspection
of all regions in the data sets;

o The selection of different object types belonging to the
same class: different object types and objects with var-
ious noise/deficiencies were selected to avoid merging
uniform data.

@ Springer

The 13 classes included in the ESTATE are:

e Light Pole: Traditional, contemporary, architectural, dou-
ble arm, floodlight, bollard lights, high-mast lights, etc.

e Traffic Light: Vertical and horizontal configuration, sin-
gle and dual mast arm lights, etc.

e Pole: Security camera, bollard, flagpoles, etc.

e Electrical Pole: Wooden, concrete, guyed, distribution
poles, etc.

e Traffic Sign: Round, square, hexagonal, octagonal fluted,
telespar, cantilever sign poles, etc.

e Pylon: Lattice towers, H-frame, delta towers, etc.

e Cable: Wires connecting electrical poles and pylons

e Garbage Box: Round, rectangular, elliptical, recycling,
residential bins, etc.

e Car: Sedan, hatchback, SUV, crossover, coupe, station
wagon, etc.

o Truck: Box, flatbed, dump, tanker, refrigerated, tow
truck, garbage, logging, livestock truck, van, etc.

e Bus: Single decker, double decker, articulated, mini-
buses, etc.
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e Chimney: Tile, spiral, polygonal, multiple flue chimneys,
etc.

e Ventilation: Air conditioning units outside or on top of
buildings.

4 Experiments

In the following sections, the training and testing ratio is
reported (Sect. 4.1), while the employed 3D object clas-
sification neural networks are explained in Sect. 4.2. The
varying input configurations (XYZ, XYZ+ Intensity, XYZ +
RGB), training/testing strategies and results are described in
Sect. 4.3 with further analyses and challenges in Sects. 4.4
and 4.5. Finally we describe how ESTATE can be exploit
to improve deep learning procedures for semantic segmen-
tation of under-represented objects (Sects. 4.6 and 4.7).

4.1 Train/test Split

In benchmarks such as Modelnet40, ModelNet40-C, Scan-
Net, or ScanObjectNN, the training/testing percentage is
80-20% respectively, while in our tests with the ESTATE
dataset, we set it as 70-30% to examine the model perfor-
mance under challenging conditions and with fewer train-
ing data. In order to investigate the effect of sensor-based
features on classification accuracy, training and testing pro-
cedures were repeated considering point clouds featuring
XYZ, XYZ+ Intensity and XYZ+RGB input configura-
tions and a training/testing ratio as reported in Table 4.
In addition, in order to examine the effect of ESTATE data
on the generalization capability of the tested neural net-
works, the training and testing procedures were repeated
with 3 different strategies as follows:

e Single-Train Single-Test (STST): the training and test-
ing processes are repeated on the same dataset using the
training and test samples from each dataset (e.g., train-
ing on DublinCity and testing on DublinCity). This im-
plies 11, 6, and 6 training and testing operations on all
three input configurations.

e All-Train Single-Test (ATST): the models trained by us-
ing the training set of all datasets are then run on the test
set of each dataset (e.g., training with all available sets
and testing on DublinCity, FBK, Toronto3D, etc.). This
means | training process and 11, 6, and 6 testing opera-
tions, respectively.

Table 4 Training and testing samples (70%-30%) for the ESTATE
dataset.

Input/Samples XYZ XYZ + Intensity XYZ+RGB
Training 4531 1816 2504
Testing 1997 810 1080

o All-Train All-Test (ATAT): training and testing sets of all
datasets are used.

Since ATAT comprises a single training and testing op-
eration, a total of 87 training operations and 147 testing
processes are executed within our analyses.

4.2 Employed 3D Object Classification Neural
Networks

Due to their outstanding achievements in several bench-
marks such as DALES, WOD-C and ScanNet, and to en-
sure reproducibility while guiding researchers in selecting
the optimal model, we benchmarked three representative
network architectures:

o KPConv (Thomas et al. 2019): it is a point-based method
which employs radius neighbourhoods as input and as-
signs weights based on the spatial arrangement of a lim-
ited number of kernel points. KP-CNN is a classifica-
tion convolutional network consisting of convolutional
blocks. The convolutional blocks are organized in a sim-
ilar manner to bottleneck ResNet blocks (He et al. 2016),
using a KPConv instead of the conventional image con-
volution. The following parameters were set: number of
kernel points= 15, initial subsampling distance=0.01m,
and a convolution radius=2.5m. These hyperparameters
were selected to balance fine-grained local feature cap-
ture and a broader contextual understanding of the ob-
jects.

e MinkowskiNet (Choy et al. 2019): it is a voxel-based
method which handles high-dimensional, spatially sparse
data. The sparse tensors are only evaluated at occupied
voxels, which is important for high-dimensional spaces.
This approach decreases memory usage and computa-
tional time. MinkowskiNet was implemented with the
following hyperparameters: the number of channels was
set to [32, 64, 128, 256, 256, 128, 96, 96] across the re-
spective layers, and the depth of these layers was defined
as [2, 3,4, 6, 2,2, 2, 2]. Additionally, a patch size of 32
and a dilation rate of 4 were employed. These settings
were chosen to optimize the balance between feature rep-
resentation and computational efficiency, enabling effec-
tive extraction of both local and contextual information.

® OctFormer (Wang 2023): it is a voxel-based method
which uses sorted shuffled keys of octrees to partition
point clouds into voxels to speed up the computation and
extract features. Although this operation produces a re-
duced receptive field, Octformer applies dilated attention
to exponentially increase the receptive field for capturing
global details. The number of channels was set to [96,
192, 384, 384], and the number of blocks for these layers

@ Springer
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was configured as [2, 2, 18, 2]. Additionally, a patch size
of 32 and a dilation rate of 4 were employed.

We augmented the training data at run-time with random
anisotropic scaling in the range [0.8, 1.2], noise [0.001] and
color (jitter) [0.01]. Train/test processes are performed on
an NVIDIA GEFORCE RTX 4090 GPU. For training, the
batch size is set to 16, Cross Entropy Loss function and
Stochastic Gradient Optimizer are used with an initial learn-
ing rate of 103, and a momentum of 0.98. The learning rate
is set to decrease exponentially, with a chosen exponential
decay that guarantees a division by 10 every 100 epochs
during training of 200 epochs for each network. F1-Scores
calculated from Precision and Recall values are used to as-
sess the performance of the 3D object classification results.

4.3 STST Vs ATST Strategies and Results

Table 5 presents the results obtained using the three dif-
ferent networks reported in Sect. 4.2 (KPConv, Octformer,
and Minkowski) and by varying input configurations (XYZ,
XYZ+ Intensity, XYZ+RGB) and training/testing strate-
gies. These strategies include Single Train Single Test
(STST), All Train Single Test (ATST) and All Train All
Test (ATAT), with the combined elements forming the ES-
TATE dataset. The performance analysis across different
networks and configurations reveals significant insights
into the efficacy of various input combinations and training
strategies. The ATST strategy generally improves perfor-
mance across all networks by leveraging a broader training
dataset, thus enhancing the model’s generalization capa-
bilities. The ATAT strategy, reported in the final ALL
column of Table 5, shows the overall performance across
all datasets, reflecting the network’s ability to generalize
when trained on the combined ESTATE dataset.

The KPConv network, using XYZ input under the STST
configuration, shows a wide range of performance across
different datasets. For instance, in Paris-Lille3D, the net-
work achieves a high accuracy of 0.910, while in TR-
MLS, the accuracy is considerably lower at 0.611. This
variability suggests that KPConv’s effectiveness with XYZ
input is highly dependent on the specific characteristics of
the datasets. In the ATST configuration, the overall perfor-
mance improves. For instance, the performance in datasets
such as DublinCity (from 0.549 to 0.614), FBK (from 0.794
to 0.826), Paris-Lille3D (from 0.910 to 0.944), TR-MLS
(from 0.611 to 0.664), SensatUrban (from 0.750 to 0.819),
Swiss3DCities (from 0.603 to 0.917), STPLS3D (from
0.697 to 0.781), Toronto3D (from 0.624 to 0.857), and
WHU3D (from 0.772 to 0.774) indicates that training on
the combined ESTATE dataset helps in generalizing better
across individual datasets. The overall score for KPConv
with XYZ input is 0.85, indicating strong performance

but with noticeable variability across datasets. Octformer
displays better performance than KPConv, with XYZ input
under the STST configuration, especially in datasets like
DublinCity (0.617), FBK (0.828), TR-MLS (0.659), Sen-
satUrban (0.814), Swiss3DCities (0.983), Hessigheim3D
(0.953), Toronto3D (0.828), and WHU3D (0.792). The
high scores in these datasets demonstrate Octformer’s ca-
pability to effectively utilize geometric information alone.
The STST configuration yields an overall score of 0.87,
reflecting the network’s strong ability to generalize across
different datasets even without additional attributes. In the
ATST configuration, improvements for DublinCity (from
0.617 to 0.658), TR-MLS (from 0.659 to 0.811), STPLS3D
(from 0.670 to 0.807), and Toronto3D (0.828 to 0.837)
datasets were obtained. The Minkowski network shows
moderate performance with XYZ input, with the lowest
scores in several datasets, such as TR-MLS (0.399) and
STPLS3D (0.409). However, the scores of DublinCity
(0.621), Swiss3DCities (0.818), and Toronto3D (0.672)
outperform KPConv results. This indicates that Minkowski
may require additional attributes or more comprehensive
training data to perform optimally. The overall score for
Minkowski with XYZ input is 0.41, highlighting its limita-
tions when relying solely on geometric information.
Adding intensity data slightly improves KPConv’s per-
formance in the ATST configuration. The network achieves
notable scores such as DublinCity (from 0.534 to 0.802),
Paris-Lille3D (from 0.910 to 0.953), TR-MLS (from 0.490
to 0.696), Hessigheim3D (from 0.810 to 0.953), and
Toronto3D (from 0.721 to 0.88). This enhancement un-
derscores the value of intensity data in improving the
network’s generalization capabilities. However, the overall
score decreased from 0.85 to 0.82 when using XYZ + Inten-
sity input, demonstrating that the inclusion of intensity at-
tributes leads to lower performance across diverse datasets.
Octformer benefits greatly from the addition of intensity
data in STST and ATST configuration. Under the STST
configuration, it achieves poorer results than XYZ inputs
except for DublinCity (0.636). In the ATST configuration,
the network performance was improved for DublinCity
(from 0.636 to 0.949), FBK (from 0.819 to 0.86), Paris-
Lille3D (from 0.787 to 0.986), TR-MLS (from 0.574 to
0.926), and Toronto3D (from 0.809 to 0.87). Despite that,
the overall performance decreased from 0.87 to 0.80 after
the inclusion of the intensity feature. This indicates that
intensity data is beneficial for dataset-basis classification
by enhancing its ability to differentiate between different
classes more effectively. The ATST configuration further
boosts performance, showing how aggregated training data
can enhance model generalization. The Minkowski net-
work shows significant improvement with the inclusion of
intensity data, particularly in the ATST configuration. For
example, performance in DublinCity increases from 0.669

@ Springer
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XYZ+RGB (Octformer)

XYZ+ Intensity (KPConv)

XYZ (Octformer)

Table 6 Per-class outcomes of highest mean F1-Scores from Table 5.

Class
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Accuracy

0.79
0.96
0.97
0.88
0.92
091

F1-Score
0.77
0.95
0.96
0.86

0.9

Recall
0.8

Precision
0.75

0.96

0.93

0.9

Accuracy

0.88
0.99
0.99
0.89
0.97
0.85
0.94
0.71
0.92
0.84
0.00
0.95

F1-Score
0.86
0.98
0.99
0.88
0.96
0.82
0.89
0.67
0.90
0.80
0.00
0.94

Recall
1.00
0.98
0.98
0.86
0.96
0.88
0.83
0.62
0.83
0.82
0.00
0.89

Precision
0.75
0.98
0.99
0.89
0.96
0.77
0.97
0.72
0.87
0.89
0.00
0.98

Accuracy

0.94
0.98
0.99
091
0.95
0.83
091
0.72
0.92
0.76
0.92
0.92
0.76
0.89

F1-Score

0.92
0.97
0.99
0.90
0.93
0.82
0.90
0.69
0.89
0.71
0.89
0.91
0.74
0.87

Recall
0.85
0.97
0.99
0.89
0.97
0.80
0.88
0.71
0.87
0.64
0.87
0.92
0.73
0.85

Precision

1.00
0.97
0.99
0.91
0.90
0.84
0.92
0.66
0.90
0.80
0.92
0.90
0.76
0.88

Bus

0.95
0.99
0.83
0.92
0.87

Cable
Car

Chimney

0.89
0.9

Light Pole
Pole

0.88

Pylon

0.74
0.84
0.79

0.8

0.71
0.83
0.75
0.73
0.88
0.8

0.73
0.84
0.69
0.67
0.9

0.69
0.82
0.82
0.81
0.85
0.83
0.85

Traffic Light
Traffic Sign

Electr. Pole
Truck

0.9

Garbage Box

0.81
0.86

0.77
0.83

Ventilation

Mean

0.84

0.83

0.81

0.80

0.81

to 0.829, in Paris-Lille3D from 0.743 to 0.942, from 0.434
to 0.77 in TR-MLS, from 0.895 to 0.945 in Hessigheim3D,
and from 0.724 to 0.943 in Toronto3D. These improve-
ments lead to the overall performance being increased from
0.41 to 0.77 after the inclusion of the intensity feature. This
demonstrates that Minkowski benefits significantly from
aggregated training data and intensity features.

The performance of KPConv with XYZ+RGB in-
put is less consistent than XYZ inputs for the STST
configuration. This inconsistency shows potential chal-
lenges for sensor-specific applications in training with
this combination. Under the STST configuration, KPConv
scores were improved for just SensatUrban (from 0.750 to
0.831), and Swiss3Dcities (from (0.603 to 0.740), whereas
decreased for STPLS3D (from 0.697 to 0.65), YTU3D
(0.897 to 0.796), Hessigheim3D (from 0.948 to 0.930), and
Toronto3D (from 0.624 to 0.619). Similar situations were
obtained for the ATST configuration of XYZ+ RGB input,
such as SensatUrban (from 0.819 to 0.779), Swiss3Dcities
(from 0.917 to 0.648), STPLS3D (from 0.781 to 0.624),
and Toronto3D (from 0.857 to 0.836). Octformer performs
well with XYZ+RGB input in the STST configuration,
in particular for SensatUrban (from 0.814 to 0.906), and
STPLS3D (from 0.670 to 0.89). Under the ATST con-
figuration, classification performance was decreased in
SensatUrban (from 0.906 to 0.766), Swiss3Dcities (from
0.908 to 0.753), STPLS3D (0.89 to 0.797), and YTU3D
(0.837 to 0.793)), respectively. In addition, the overall per-
formance decreased from 0.87 to 0.83 after the inclusion
of XYZ+RGB inputs. The results for Minkowski with
XYZ+RGB input are sparse, indicating either the absence
of RGB data in many datasets or challenges in utilizing
this configuration.

It should be noted that the number of training samples
for ATST with XYZ input is higher than XYZ+ RGB and
XYZ+ Intensity inputs; therefore, less training data may
decrease the classification performance. The ATST strategy
significantly improves performance across all networks. By
training on the combined ESTATE dataset, the models gain
a more comprehensive understanding of the variations and
nuances present in different datasets, leading to enhanced
generalization and accuracy.

4.4 Class-wise Performance of Different Inputs

Table 6 shows the class-wise performance of the highest
average scores obtained from XYZ, XYZ+ Intensity and
XYZ+RGB input configurations. For the XYZ configura-
tion, Octformer produced the most successful results with
the highest scores found in Bus (0.92), Car (0.99), Chimney
(0.90), Pylon (0.90) and Truck (0.89) classes compared to
Intensity and RGB configurations. For the XYZ + Intensity
configuration, the best results are produced for Cable (0.98),
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Light Pole (0.96), Traffic Sign (0.90), Electrical Pole (0.80)
and Garbage Box (0.94), while only Pole (0.99), Traffic
Light (0.71) and Ventilation (0.80) scores are obtained for
the XYZ+RGB configuration. It is observed that XYZ in-
put achieves the best results in the detection of volumetric
objects such as Bus, Car, Chimney, Pylon and Truck. It is
observed that pole-like objects such as Cable, Light Pole,
Traffic Sign, Electrical Pole are more successful in XYZ+
Intensity configuration, but Pole and Traffic Light objects
in the same group gave the best results in XYZ+ RGB con-
figurations. On the other hand, it is observed that XYZ+
Intensity and XYZ+RGB inputs obtained the best results
for Garbage Box and Ventilation, respectively.

According to these results, we can safely say that deep
learning methods produce more accurate results with XYZ
information in the classification of volumetric objects; on
the other hand, since Garbage Box is homogeneous and dif-
ferent in colour from other objects (Fig. 6, c.5) and black
and white colours are dominant in Ventilation (Fig. 6, c.3),
more successful results are obtained in XYZ+ RGB config-
uration. This information can be used to better distinguish
Ventilation, which is geometrically similar to Garbage Box
and Chimney classes. Although they are Pole-like objects,
Pole and Traffic Light classes achieved the best classifica-
tion scores in XYZ+ RGB configuration. As can be seen in
Fig. 6, c.10 and Fig. 6, c.11, it is concluded that colour infor-
mation is an important discriminating factor since Pole class
consists of homogeneous objects and Traffic Light class
consists of heterogeneous objects. The fact that the Cable
class is classified with high accuracy because it is thinner
than the Pole-like objects and curved according to the situa-
tion, and the relatively lower score (0.95) in the XYZ+ RGB
input compared to XYZ (0.97) and XYZ+ Intensity (0.98)
confirms that colour information is not advantageous in all
cases. On the other hand, even though the dominant colours
of objects can be distinguished with RGB, the diversity of
colours can cause disagreement, which is in line with the
findings in (Sun et al. 2022). Since the Bus, Car, Chimney
and Truck classes are both volumetric and less similar to
other Pole-like objects, it is observed that XYZ information
is effective in the detection of these classes. When Fig. 6,
c.l and Fig. 6, c.8 are analysed, it is observed that although
these objects do not have homogeneous density, they are
classified correctly due to their shape and size differences,
but according to Fig. 6, a.2 and Fig. 6, c.4, Bus and Car ob-
jects are classified as Garbage Box because different types
of noise change the object boundary information. Another
finding is that the Pylon object (Fig. 6, c.10), which has
a different pattern in terms of size and object type, has
achieved the most successful results with the use of XYZ
information. This result shows that although it is a sparse
Pylon, as can be seen in Fig. 6, b.10, it can be classified
correctly because the object dimensions and boundary are

generally the same. As can be seen in Fig. 6, a.7, Fig. 6,
b.5, Fig. 6, b.8, and Fig. 6, c.7, it is observed that there are
misclassifications between Pole and other Pole-like object
classes, and the reason for this is that the relatively small
differences in Traffic Sign and Electrical Pole objects with
short arms may not be detected by deep learning methods.
Similarly, in Fig. 6, a.6, It was observed that misclassifica-
tion occurred when the horizontal arms at the center of the
Electrical Pole object were mistakenly predicted as a Light
Pole. Due to the change in object boundary information
caused by the noise, the Light Pole object in Fig. 6, c.8
was classified as Traffic Light, while the Chimney object in
Fig. 6, b.2 was classified as Traffic Sign. In the cases where
relatively less noise does not change the object shape, as in
Fig. 6, a.11, Fig. 6, b.11 and Fig. 6, c.11, it is concluded
that the classification process for Traffic Light is success-
ful. This finding is consistent with the results in Fig. 6,
a.9, Fig. 6, b.6, Fig. 6, b.7, Fig. 6, b.9, Fig. 6, b.6, Fig. 6,
c.9 and Fig. 6, c.10 and proves that coordinate information
plays a key role in 3D object classification.

4.5 Challenging Conditions On Classification
Performance

One of the most significant strengths of the ESTATE dataset
lies in its realistic representation of point cloud character-
istics encountered in real-world urban environments, such
as sensor-induced noise, occlusions, and incompleteness,
stemming from both data acquisition conditions and the na-
ture of the objects themselves. A key objective of this work
is to assess and encourage robustness in deep learning mod-
els, enabling accurate object classification even under noisy
and incomplete input conditions.

However, these models do not always yield reliable re-
sults across all scenarios. The main motivation here is to
foster the development of more resilient algorithms within
the research community. To contribute toward this goal, we
present in Fig. 7 selected failure cases from the KPConv,
MinkowskiNet, and OctFormer architectures, demonstrat-
ing examples of misclassified urban objects during our ex-
perimental evaluations.

As illustrated in Fig. 7.1 through Fig. 7.4, Fig. 7.6, and
Fig. 7.10, objects such as buses and cars—despite their ge-
ometric similarity to the target classes—were misclassified
due to missing side-view data, which caused a loss of dis-
criminative geometric features critical for model inference.

In addition to data incompleteness, noise emerges as
a major factor influencing classification accuracy. Fig-
ure 7.7, Fig. 7.8, and Fig. 7.9 reveal that in the presence
of noise, especially for pole-like structures, even subtle
geometric deformations can lead to incorrect predictions.
For instance, in Figs. 7.9, although an object belongs to
the Pole class and is visually consistent with a straight
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Fig.6 Sample predictions for
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and XYZ+RGB (c¢) (input
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cylindrical pole, localized noise along the shaft resulted in
erroneous labeling by the network.

It is important to emphasize that geometric corruption is
not the sole factor impacting performance. Class imbalance,
particularly the under-representation of rare object types in
training data, also contributes to decreased classification
accuracy. For example, as shown in Fig. 7.11, an object
belonging to the Traffic Light class may be mistaken for
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a Light Pole due to its sharp vertical form, despite differing
in the structural details of the signal lamp section. Similarly,
Fig. 7.12 shows a Traffic Sign with relatively low noise but
an inclined shape, which leads the model to confuse it with
a light pole, further highlighting the model’s tendency to
rely on shape over fine-grained semantics.
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Fig. 7 Objects misclassified by KPConv, Minkowski and Octformer due to noisy or incomplete 3D objects

4.6 How to Use ESTATE for Semantic Segmentation
of Under-represented Objects

In order to use the ESTATE dataset for semantic segmen-
tation applications, a three-stage pipeline—tested on the
YTU3D dataset—is proposed. This pipeline (Fig. 8) in-
volves:

A.semantic segmentation of the Ground, Building, High
Vegetation, Urban Object, and Vertical Surface classes
(Fig. 9, a),

B. grouping points classified as Urban Objects (Fig. 9, b)
and extracting them by using the Label Connected Com-
ponent (LCC) plugin in CloudCompare (Fig. 9, ¢)

Stage-1
A

C. classifying the grouped points belonging to the Urban
Object class using re-trained Octformer weights from the
ESTATE dataset (Fig. 9, d).

It should be noted that for the process adapted to the
YTU3D dataset, objects belonging to YTU3D were re-
moved from the ESTATE. The primary objective of this
application is to explore the applicability of the ESTATE
dataset in scenarios where fine-grained annotations for Ur-
ban Object subclasses are unavailable. Specifically, the pro-
posed framework aims to infer subclass labels, such as Pole,
Light Pole, Traffic Sign (representing slender vertical struc-
tures), and Car, Truck, Garbage Box (representing volumet-
ric objects), for instances broadly categorized as Urban Ob-
jects in a separate target domain. This is achieved through
a class-discriminative deep learning pipeline that enables

Stage-2
A

e ™ s

~

Semantic segmentation
by KPConv on YTU3D

Input Cloud

Extracting points classified as Urban Object,
and separating them by Label Connected
Component plugin

ESTATE Remove objects Train Octformer Inferring Octformer on Reprojecting classified
dataset of YTU3D on XYZ inputs separated objects object to the scene
-

g
Stage-3

Fig.8 The steps of proposed pipeline for adapting and using ESTATE for semantic segmentation. Visual of each step are shown in Fig. 9
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knowledge transfer and subclass classification beyond the
scope of the ESTATE annotations.

Step-1: Semantic Segmentation on the YTU3D Dataset:
the 45 classes in the YTU3D dataset were merged into
five classes as follows: Ground, Building, High Vegetation,
Urban Object, and Vertical Surface (Fig. 10 and 11) shows
class distributions after merging operations.

KPConv architecture was configured with 30 kernel
points and an input radius of 19.0m, while the initial sub-
sampling distance was set to 0.2m and the convolution
radius to 2.5m. For training, in the same way as object
classification process, the batch size is set to 3, Cross En-
tropy Loss function and Stochastic Gradient Optimizer are
used with an initial learning rate of 10-3, and a momentum

Fig.9 Point cloud classified
with KPConv—note how the
class Urban Object includes
multiple elements (a); Selection
of all points classified as Urban
Objects (b); Separation through
Label Connected Components
of points assigned to the Urban
Objects class (c); object clas-
sification with OctFormer and
reprojection onto—note how the
class Urban Objects now is split
in multiple elements (d)

Ground Building High Vegetation Car

of 0.98. The learning rate is set to decrease exponentially,
with a chosen exponential decay that guarantees a division
by 10 every 100 epochs during training of 300 epochs.

In order to enable a comparative evaluation of the pro-
posed approach with conventional methods, feature extrac-
tion was carried out following the procedures described in
studies of optimal neighborhood-based feature extraction
(Weinmann et al. 2015). Let p = (X,Y,Z) € R® rep-
resents a three-dimensional point in a point cloud P =
{Po>---» Pu,} With n points. In order to obtain suitable
neighborhoods for each point, 3D tensor S € R**3 can be

h — —
noted as § = 71 2(:) (P, -P)(P; - P)T, representing a 3D
=l

Garbage Box Pole Urban Object

Ground Building Vegetation Urban Object Vertical Surface
Stairs Fagade — Ventilation High Vegetation Playground Wall
Tennis Court Fagade — Window Tree Traffic Signature Fence
Sidewalk Fagade — Pipeline Other
Street/Road Fagade — Other Garbage Box
Parking Lot Fagade Surface Light Pole
Low Vegetation Chimney Pole
Pool/Water Roof — Window Person
Soil Roof — Solar Panel Pet
Stone Roof — Ventilation Truck
Disorganized Region Roof — Pipeline Van
Street Separator Roof — Other Motorbike/Beycle
Roof — Dome Bus
Roof - Tile Car
Roof — Industrial Work Machine
Ruins
Tent

Fig. 10 Source and merged classes of the YTU3D dataset
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Fig. 11 Class distribution after
merging YTU3D into 5 classes

Vertical Surface

Urban Object

Vegetation

Building

Ground

o

0.1

covariance matrix for a given 3D point P = P, with the
inclusion of its h closest neighbors P; withi = 1, ..., h. The

h

geometric center P is therefore defined as P = ﬁ > P;.
Since the 3D structure tensor corresponds to an orth(l)g(z)nal
system of eigenvectors, the general case of a structure ten-
sor with rank 3 can be denoted by eigen values Ay, A,, and)\;
with A, A2, A3 € R, and A; > A\, > A3 > O represents the
extent of a 3D ellipsoid along principal axes. In this way,
the local 3D shape can be characterized by eigen values of
the 3D structure tensor. To define the local 3D shape char-
acteristics, as performed in (Blomley et al. 2016; Atik et al.
2021; Duran et al. 2021; Sevgen and Abdikan 2023; Yilmaz
et al. 2024): planarity, scattering, omnivariance, anisotropy,
eigenentropy, sum of eigen values, change of curvature,
density, verticality, maximum height difference, and eigen
values were calculated.

Subsequently, Random Forest (RF) (Liang et al. 2025;
Breiman 2001) and XGBoost (Ozendi et al. 2023) classi-
fiers were employed for the classification task, due to their
outstanding performance in (Weinmann et al. 2015; Atik
et al. 2021; Yilmaz et al. 2024).

Metric and visual results obtained are presented in
Table 7 and Fig. 12, respectively. The Ground class achieves
the highest performance, with an IoU of 89.77% and an
F1-Score of 95.12%. Building and Vegetation classes fol-

\

Class Distribution of YTU3D with 5 classes

B Test
m Validation

B Train

low closely, showing IoU values of 81.84% and 84.65%,
respectively, and F1-Scores near to 90% and 92%. In con-
trast, Urban Object and Vertical Surface classes exhibit
lower performance, likely due to more complex geome-
try and greater intra-class variability, with IoU values of
61.07% and 41.28% and F1-Scores of 75.85% and 58.65%,
respectively. Overall, the mean IoU and F1-Score across
all classes are 71.72% and 82.26%.

The RF model performs considerably lower classifica-
tion performance. The Ground class gets an IoU of 80.70%
and an F1-Score of 89.32%, followed by Vegetation and
Building classes with IoU values of 68.23% and 46.11%,
and F1-Scores of 81.11% and 63.12%, respectively. Per-
formance drops significantly for Urban Object and Vertical
Surface, with IoU values of 11.64% and 14.00% and F1-
Scores of 20.85% and 24.56%, respectively. The overall
mean IoU is 44.14%, and the mean F1-Score is 55.79%.
Similarly, the XGBoost model achieves moderate results.
The Ground class attains an IoU of 75.62% and an FI-
Score of 86.12%. The Building and Vegetation classes score
ToUs of 52.18% and 61.41%, and F1-Scores of 68.57% and
76.10%, respectively. Performance for Urban Object and
Vertical Surface remains low, with IoU values of 17.75%
and 12.66%, and F1-Scores of 30.15% and 22.47%, respec-
tively. The average IoU and F1-Score across all classes are
43.92% and 56.68%.

Table7 Semantic segmentation

Class KPConv Random Forest XGBoost

results of KPConv, Random

Forest and XGBoost on the ToU (%) F1-Score ToU (%) F1-Score ToU (%) F1-Score

YTU3D data. (%) (%) (%)
Ground 89.77 95.12 80.70 89.32 75.62 86.12
Building 81.84 89.97 46.11 63.12 52.18 68.57
Vegetation 84.65 91.73 68.23 81.11 61.41 76.10
Urban Object 61.07 75.85 11.64 20.85 17.75 30.15
Vertical Surface 41.28 58.65 14.00 24.56 12.66 22.47
Mean 71.72 82.26 44.14 55.79 43.92 56.68
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KPConv

RF XGBoost

Ground Building Vegetation Urban Object Vertical Surface

Fig. 12 Visualized segmentation results on YTU3D with KPConv, RF and XGBoost

Analysis of the visual results (Fig. 12) reveals that RF
and XGBoost exhibit comparatively effective performance
in semantic segmentation but yielding noisy outcomes.
Generally, while the segmented objects approximate the
ground truth, the outcomes derived from machine learning
techniques are excluded from the pipeline due to the classi-
fication of points as Vegetation and Vertical Surface within
the Urban Object class, which will induce anomalies in
object separation during Step-2 of the proposed pipeline.

Nonetheless, a comparison of the KPConv results with
the ground truth reveals that inaccuracies predominantly oc-
cur between the Ground/Vertical Surface and Vertical Sur-
face/Vegetation classes, indicating that the Urban Object

Table 8 Object classification results of Octformer with XYZ configu-
ration on YTU3D.

Class F1-Score Accuracy
Bus 0.51 0.596
Car 0.932 0.948
Garbage Box 0.706 0.765
Light Pole 0.852 0.87
Pole 0.62 0.698
Traffic Light 0.793 0.822
Traffic Sign 0.761 0.79
Truck 0.541 0.611
Mean 0.714 0.763
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class emphasised in the proposed methodology is compar-
atively less impacted.

Step-2 and Step-3—Separating the points classified as
Urban Object with LCC plugin and classifying separated
point clouds with Octformer: since the YTU3D dataset
does not include Pylon and Cable classes, and Chimney
and Ventilation classes were part of the Building class
in Step-1, these objects were excluded from the ESTATE
dataset for retraining. Consequently, the training process
was conducted solely for the Bus, Car, Electrical Pole,
Garbage Box, Light Pole, Pole, Traffic Light, Traffic Sign,
and Truck objects. The optimal classification scores were
achieved with OctFormer utilising the XYZ configuration,
whereby objects distinct from those in YTU3D were em-
ployed for training, and the objects delineated by LCC
were allocated as the test set. LCC was performed with an
octree level of 12 and a minimum of 50 points per compo-
nent. This procedure was applied to the test regions of the
YTU3D dataset, resulting in the extraction of 976 objects.
The extracted objects were then subjected to an accuracy
assessment in the ESTATE dataset using the corresponding
objects from the same regions.

Table 8 displays metric results for different Urban Ob-
ject classes, highlighting varying levels of classification per-
formance. Notably, the Car class achieves the highest F1-
Score (0.932), suggesting that it is more distinctly recog-
nized by the model due to its prevalence in YTU3D. In
contrast, Bus (0.51) and Truck (0.541) show lower scores.
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Mid-range performances, such as Pole (0.62) and Garbage
Box (0.706), indicate moderate model effectiveness, while
Light Pole (0.852), Traffic Light (0.793), and Traffic Sign
(0.761) demonstrate fairly high classification scores.

Fig. 13 shows the results of the proposed approach.
When analyzed under various scenarios, the first case shows
that despite KPConv producing noisy outputs, the proposed
method successfully classified the Car objects. In contrast,
in the second scenario, parking poles located on the road
surface were misclassified due to KPConv failing to assign
them to the Ground class. Nevertheless, in this case, traffic
signs embedded within vegetation were accurately detected
by the proposed method.

In the third scenario, which includes regions contain-
ing buses, trucks, and garbage boxes, results indicate that
KPConv misclassified Urban Object points, especially those
overlapping with vegetation, as Ground or Vegetation, lead-
ing to the complete misclassification of garbage boxes. An-
other noted limitation is the presence of points within the
Urban Object class that are incorrectly labeled as Vegeta-

Input Ground Truth

Ground Vegetation Urban Object Vertical Surface Bus Truck Garbage Box Traffic Sign

tion. However, the proposed method mitigated this by ac-
curately distinguishing the object as a whole and correctly
assigning it to the Bus class. As for the Truck class, the
example illustrates that due to KPConv assigning different
parts of the object to Vertical Surface, Urban Object, and
Vegetation classes, only the front and rear segments were
labeled as Truck, while the cargo section remained incor-
rectly labeled as Vegetation and Vertical Surface.

Thanks to the proposed workflow, utilizing the ESTATE
dataset, Urban Objects located in a completely different re-
gion, featuring object structures not included in the model’s
training, were classified. Although this three-step process
relies on semantic segmentation performance and the prox-
imity of target objects, it still holds the potential to offer
preliminary insights into how many urban objects of each
class are present in a study area.

KPConv Final Result

Light Pole Pole

Fig. 13 Segmentation results of the proposed approach able to further segment the scene although inheriting previous errors of the neural network
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4.7 How ESTATE Can Improve Semantic
Segmentation Performances of Under-
represented Urban Objects

This section proofs how ESTATE can be used to improve
the semantic segmentation performance of specific classes.
The Hessigheim3D dataset (Kolle et al. 2021) and its ‘Ur-
ban Object’ and ,Vehicle‘ classes are considered. The pri-
mary objective is to investigate the impact of augmenting
the training set with diverse object instances available in
ESTATE, thereby addressing class imbalance and improv-
ing classification performance. Specifically, the approach
involves increasing the representation of under-represented
classes in the primary dataset through targeted incorpora-
tion of ESTATE data.

Semantic segmentation experiments were conducted us-
ing KPConv (i) on the original Hessigheim3D dataset and
(i1) on an augmented version that includes 40 additional
objects from the ESTATE dataset. This augmentation in-
cluded 20 vehicle instances—positioned on top of the Im-
pervious Surface class—and 15 pole-like objects along with
5 garbage boxes integrated into the Urban Furniture class,
situated over Impervious Surface and Low Vegetation ar-
eas (Fig. 14). The placement and alignment of these ob-
jects within the scenes were performed using the Reg-
istration functionality in CloudCompare. The distribution
of the training, validation and test classes within the Hes-
sigheim3D dataset, along with the updated distribution after
incorporating objects from the ESTATE dataset, is shown in
Table 9. As a result of the data augmentation/incorporating
process, the distribution of the Vehicle class increased from
0.43% to 1.04%, while the distribution of the Urban Furni-
ture class rose from 1.95% to 2.20%.

By considering Hessigheim3D dataset’s density, KP-
Conv architecture was configured with 10 kernel points
and an input radius of 5.0m, while the initial subsampling
distance was set to 0.1 m and the convolution radius to
2.5m. Parameters other than those explicitly mentioned

Table 10 Semantic segmentation results (IoU and F1-Scores) of KP-
Conv on Hessigheim3D dataset. Metrics improvements for the two
considered classes are notable.

Class w/o the ESTATE w/the ESTATE
IoU F1-Score TIoU F1-Score
(%) (%) (%) (%)
Low Vegetation 65.07 78.84 67.98 80.94
Impervious 61.84 78.28 61.21 77.94
Surface
Vehicle 32.87 49.47 58.99 74.21
Urban Furniture 31.52 48.08 38.67 55.58
Roof 85.48 92.17 82.96 90.69
Facade 63.97 78.03 65.43 79.11
Shrub 47.31 64.23 48.39 65.22
Tree 91.48 95.55 91.45 95.54
Soil/Gravel 0.04 0.07 23.18 37.64
Vertical Surface 56.88 72.51 56.75 72.41
Chimney 0.090 16.55 0.00 0.00
Mean 48.87 61.25 54.09 66.29

were configured to be consistent with the model and train-
ing setup described in Sect. 4.6.

The quantitative results are presented in Table 10, while
the qualitative visualizations are provided in Fig. 15. The
augmentation of the Vehicle and Urban Furniture classes
resulted in an improvement in classification performance
for these classes by 26% and 7%, respectively, as shown
in Table 9. Additionally, positive impacts were observed
across most other classes, with the exception of Impervious
Surface, Roof, Chimney, and Tree. However, performance
gains in the other classes were relatively modest compared
to those in Vehicle and Urban Furniture, particularly for
the Impervious Surface class, with improvements generally
ranging between 2% and 3%.

As it can be observed in Fig. 15, in the classification
results without the incorporation of the ESTATE dataset
(Fig. 15.w/o ESTATE), objects intended to belong to the
Vehicle class were simultaneously misclassified as both Ve-

Table9 Class frequency/

distribution (%) of the Hes- Class Train Train with the ESTATE Validation Test

sigheim3D data. Low Vegetation 35.96 35.64 25.85 34.32
Impervious Surface 17.53 17.37 22.21 24.10
Vehicle 0.43 1.04 1.27 0.63
Urban Furniture 1.95 2.20 3.15 2.09
Roof 10.56 10.47 21.10 17.03
Facade 2.02 2.00 3.82 2.86
Shrub 1.81 1.80 2.36 1.58
Tree 13.60 13.48 15.34 9.79
Soil/Gravel 14.45 14.32 4.10 6.83
Vertical Surface 1.64 1.63 0.70 0.69
Chimney 0.043 0.042 0.11 0.08
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Fig. 14 Original Hessigheim3D Hessigheim3D Hessigheim3D with the ESTATE Ground Truth
data, inclusion of ESTATE RS g =

objects (vehicles and urban
furniture, highlighted with red
circles) and annotations

Fig. 15 Results after the in-
clusion of ESTATE objects for
semantic segmentation: Input
cloud; Ground truth of test
data; KPConv results without
the inclusion of ESTATE ob-
jects; KPConv results with the
inclusion of ESTATE objects

Sl

Impervious Surface Low Vegetation Tree Vehicle Urban Furniture Soil/Gravel Roof Facade
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hicle and Urban Furniture. However, following the inclu-
sion of the ESTATE dataset (Fig. 15.w/ESTATE), noticeable
improvements in classification performance were achieved.
This improvement was observed not only for the Vehicle
class but also for the Urban Furniture class, as evidenced
in the second and third examples.

5 Discussion

The presented analyses underscore the value of combining
multiple datasets and comprehensive training strategies to
optimize the performance of neural networks in diverse and
complex environments. Incorporating additional features,
such as intensity and RGB, proves to be beneficial for im-
proving classification accuracy on a dataset basis. These
features provide supplementary information that helps the
networks to differentiate between various classes more ef-
fectively since they increase the network’s ability to capture
fine-grained details that are not discernible from geometric
information alone. The reported analyses showed that the
OctFormer achieved the most successful outcomes through
various experiments and input configurations. The principle
of partitioning point clouds into local windows and apply-
ing dilated attention to exponentially increase the receptive
field is providing an effective capturing of global details.
These features enable OctFormer to efficiently process both
local and global details, resulting in superior performance.
The relatively smaller differences in results obtained from
KPConv using XYZ coordinate, RGB and Intensity inputs
indicate that KPConv is less affected by input features com-
pared to OctFormer and Minkowski. From literature, it is
known that KPConv ensures a consistent receptive field by
incorporating a deformable operator to learn local shifts
and focus on geometric patterns, making it less depen-
dent on additional features such as colour and intensity. On
the other hand, Minkowski struggles with learning train-
ing data acquired from diverse sources, requiring the use
of different features to address this deficiency and enhance
classification performance. This issue may stem from the
sparse convolution operators causing inconsistencies during
the learning phase of datasets with varying densities and
noise levels. Even when objects exhibit non-uniform point
cloud densities, accurate classification can still be achieved
by leveraging distinctive geometric features such as shape
and size. This suggests that the model can effectively gen-
eralize when clear structural cues are present. The use of
XYZ coordinate information significantly improves classi-
fication accuracy, especially for sparsely sampled objects.
Even when the point cloud density is low, the spatial struc-
ture provided by coordinate data allows the model to pre-
serve semantic integrity. Object classes with similar global
geometries, such as poles, traffic signs, and electrical poles,
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often result in mutual misclassifications. The model strug-
gles to capture subtle differences, particularly when distin-
guishing features (e.g., short arms or attachments) are small
or ambiguous. This highlights a limitation in detecting fine-
grained structural variations that are critical for differenti-
ating between certain classes.

Misclassifications occur when various types of noise dis-
tort the object boundaries, leading to incorrect predictions.
This is particularly evident in cases where visually sim-
ilar objects are assigned to the wrong class due to mi-
nor boundary perturbations. Such errors suggest a need for
more robust boundary-preserving representations or denois-
ing strategies during preprocessing.

The object classification outcomes, observed during the
adaptation of the ESTATE dataset for semantic segmenta-
tion, demonstrate that models trained on this dataset exhibit
strong generalization capabilities, effectively handling clas-
sification tasks regardless of variations in (i) sensor modal-
ity, (ii) spatial resolution and (iii) object geometry.

In the reported experiments, it has been observed that
missing points and noise in the objects, despite the preser-
vation of their overall geometric structure, can still lead
to misclassification. Implementation of denoising methods
such as (Ozendi et al. 2023; de Silva Edirimuni et al. 2024,
Liang et al. 2025) or point cloud completion approaches
such as (Zhang et al. 2021; Fei et al. 2025) could be useful
to avoid classification errors based on geometrical issues.

Furthermore, we have shown that misclassification is not
solely attributable to data incompleteness or noise (Fig. 7).
A contributing factor is the under-representation of certain
object types in the training dataset, which causes these in-
stances to be mistakenly classified as more frequent or ge-
ometrically similar classes.

The reported learning-based classification approaches
(Sect. 4.6; Table 8) were trained using conventional hand-
crafted features. The relatively limited representational
capacity of these features, compared to the complex, high-
level feature representations extracted by deep learning
models, may account for the observed performance gap.

An additional point of concern is that deep learning
methods operate directly on 3D point clouds using convo-
lutional filters, enabling them to capture semantic relation-
ships between neighboring objects. In contrast, traditional
handcrafted features lack contextual or spatial neighbor-
hood class information, which imposes a fundamental lim-
itation on the performance of machine learning classifiers
in this domain.

Finally, the incorporation of objects from the ESTATE
dataset into the training set led to an improvement in
classification performance. Although this integration was
performed manually through registration, augmenting the
training set with additional instances of under-represented
classes such as ‘Vehicle’ and ‘Urban Object’ can effectively
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enhance semantic segmentation performance in scenarios
where class imbalance is present.

6 Conclusions

The paper extensively presented the ESTATE dataset and
how it can support the achievement of better scores with
deep learning methods in 3D classification tasks for ur-
ban scenes featuring various under-represented classes. Re-
sults showed how the meticulous collection of the 13 ES-
TATE classes from publicly available point cloud datasets
enhances the performances of 3D object classification mod-
els. As ESTATE contains diverse point cloud characteris-
tics (e.g. density, intensity, etc.) of urban objects, it can be
adapted to various sensor-specific applications. It is fore-
seen that it can be useful in improving classification pro-
cesses with deep learning methods, especially when ob-
jects feature relatively low geometric differences. In order
to train models on the ESTATE dataset, only the coordinate
values of the objects can be considered since the results
show that XYZ input configuration offers the highest clas-
sification score. Nevertheless, the importance of different
input configurations for various urban objects is empha-
sized and the feasibility of which input configurations can
be applied according to the purpose is examined.

Future studies may (i) evaluate the performances of
other neural networks, (i) assess the classification of ob-
jects against noise and other data-acquisition problems,
(iii) extend the ESTATE dataset including further gener-
ally under-represented urban objects or (iv) use ESTATE
for instance or panoptic segmentation, where objects in
complex urban areas can be extracted using traditional
pre-processing methods or unsupervised learning. Using
highly effective semantic segmentation methods may im-
prove classification results by better-determining object
boundaries. In fact, combining the same classes from dif-
ferent datasets have enhanced the networks generalization
capability, similar to the benefit provided by the variety
of the ESTATE dataset in improving the network learning
performance.

The employed data and research findings are publicly
available at https://github.com/3DOM-FBK/ESTATE.
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