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ABSTRACT 

 
Benchmarking is an essential tool for scientific and technological progress. This article reviews the benchmarks for 3D point cloud 

segmentation and classification. Based on the analysis of the articles and the knowledge gathered, it can be concluded that there has 

been an increase in the number of benchmarks, allowing to compare research results against specific performance metrics 

independently. However, benchmarks vary regarding the number of classes, spatial size, nomenclature, and class division. In this 

article, we introduce a new annotated 3D dataset - CENAGIS-ALS Benchmark. We propose a benchmark of highly dense lidar point 

clouds acquired by Leica CityMapper-2 for the Centre of Warsaw, Poland. The area covers 2 km2, and the data has a density of 275 

pts/m2. The dataset consists of a number of classes that are distinguishable for this type of data. In addition to the basic classes, more 

specialized classes, important from the perspective of urban space, are also distinguished. Moreover, the division of classes consists of 

three levels of detail from coarse (e.g., a building) to refined elements (e.g., roofs, chimneys, and other rooftop objects). This benchmark 

can contribute to geospatial societies, considering the large spatial size of the study area with unified data quality and the higher number 

of classes with the hierarchical division compared to other benchmarking data.  
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1. INTRODUCTION 

The analysis of three-dimensional urban space is constantly 

popular as an area of interest for many research communities. 

This is due to the continuous development of cities, and new 

challenges in urban space management follow. According to the 

United Nations, by 2050 approx. 68% of people will live in cities 

(Ritchie & Roser, 2018). Thus, the need to acquire new spatial 

data and further interpret it to extract information and knowledge 

is apparent. With the development of light detection and ranging 

(lidar) technology in recent years, it is possible to collect dense 

point cloud data (over 100 pts/m2) for large areas (e.g., at the 

scale of an entire city). The increased interest in 3D data, as well 

as advances in the development of algorithms to work on such 

datasets, has created a demand for access to well-annotated 

ground-truth point clouds (Zolanvari et al., 2019). Automatic 

identification of 3D shapes and objects requires a three-

dimensional, densely labeled point cloud that includes various 

urban elements (e.g., different types of roofs, building facades, 

light poles, trees, and vehicles). Despite developing various 

methods and approaches for object segmentation and detection, 

acquiring precise datasets and generating labels is still tedious 

and costly, as it amounts to manual work. Currently, semantic 

and instance segmentation of point clouds is increasingly being 

done using deep learning techniques since they offer relatively 

efficient and high-accuracy means to process massive datasets 

(Wu et al., 2015). Access to high-quality training datasets allows 

models to be trained and makes it possible to compare the 

performance of different networks, so the amount of benchmark 

datasets grows. 

National mapping agencies in many European countries, i.e. 

Head Office of Geodesy and Cartography (GUGK) in Poland, 

acquire Airborne Laser Scanning (ALS) lidar data sets for entire 

countries. ALS data has a classification assigned, but the 

differentiation of these classes is limited to an ASPRS standard, 

where several basic classes are distinguished, including ground, 

buildings, and low, medium, and high vegetation. The limitation 

of classes is also related to the density of this data. Although in 

cities, the density is at least a dozen points per square metres, this 

is sometimes not enough for some essential objects to be mapped. 

A similar pattern is noticeable in other European countries. For 

the purposes of the present study, in the Table 1. We compiled 

ALS data specification for several European countries. 

The above review and report (Kakoulaki et al., 2021) provide 

information about the density, spatial coverage, and classes of 

non-commercial lidar data in Europe. Despite many applications 

where data with such characteristics are sufficient, it is noticeable 

that an increasing number of datasets are being acquired for cities 

with significantly higher densities. Previously, such data as for 

Dublin (Zolanvari et al., 2019) (the average density of 348.43 

points/m2), for example, could be acquired scientifically for 

research purposes. It is now possible to acquire such data in 

production for entire cities.  

The development of technology allows the acquisition of very 

dense data in which objects and elements are very well mapped. 

Thus, it is possible to detect classes such as walls, fences, roofs, 

equipment on roofs, stairs, building entrances, etc. Concerning 

attributes, in addition to class labels, there are sometimes data 

such as intensity and RGB. The hierarchical division into classes 

is very rare but can be helpful in some applications. The 

challenges mentioned earlier are being met by the latest lidar 

technologies, such as CityMapper-2, for which the typical point 

density is 60-70 points/m2 on the ground for a single strip. 

Therefore, the benchmark presented in the paper shows a high 

density for the selected study area and is about 275 pts/m2. 

Thanks to this density, it is possible to map more elements and 

further distinguishing them.  
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Table 1 ALS data specifications for selected European 

countries. 
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Poland yes from 4 pts / m2 to at 

least 12 pts / m2 (in the 

case of cities) 

9 yes 

Croatia yes 4 pts/m2 in non-urban 

areas and 8 pts/m2 in 

urban areas 

10 yes 

Austria yes at least 8 pts/m² 13 yes 

Denmark yes at least 8 pts/m2 9 yes 

Sweden yes 1-2 pts/m2 6 yes 

Slovenia yes 5 pts/m2 (10 pts/m2*) 8 no 

Slovakia yes at least 5 pts/m2 12 yes 

Spain yes 0.5-4 pts/m² 10 yes 

Portugal yes 5 pts/m2 6 yes 

Greece yes* planned: 4 pts/m2 for 

the entire area and 10 

pts/m2 for major urban 

areas 

ND yes* 

Czech 

Republic 

yes 
1 point/m2 

ND ND 

Italy no 0.5 - 5 pts/m2 ND ND 

Lithuania yes 6,5 pts /m2 9 yes 

Finland yes 0.5 - 5 pts/m2 10 yes 

 *planned; ND – No Data. 

To propose desirable classes for urban ALS datasets with such 

high density, a literature review was performed. With a focus on 

recent scientific articles and post-conference materials on 

benchmarks for point cloud segmentation, the adopted 

methodology of the study was to search by keywords related to 

the topic. Finally, twenty-six scientific articles were selected, for 

which the table included information such as authors, title, year 

of publication, data type (MLS, ALS, point clouds from DIM, 

etc.), number of classes, class names, and dataset size created. 

This list was used for further in-depth analysis. The most 

important information was collected and summarised in  Table 2. 

Most of the datasets for the 3D point cloud segmentation task 

involve MLS data (11), and of the 26, only 8 use ALS data. Other 

data types include TLS (1), UAV point clouds (5), and 

multispectral lidar (1). In general, the classes that stand out are 

sparse; often, it is a few or a dozen classes. There is no 

standardisation in class naming and division. 

 

Table 2 Comparison of benchmarking datasets dealing with the 

segmentation of 3D point clouds. 

Name 
Number 

of classes 
Technology 

Coverage 

[km2] 

SensatUrban 13 
UAV 

Photogr. 
7,6 

Hessigheim 3D (H3D) 11 UAV lidar 0,19 

Swiss3DCities 5 
UAV 

Photogr. 
2,7 

OpenGF 2 ALS 47,7 

DALES 8 ALS 10 

LASDU 5 ALS 1,02 

Campus3D 24 
UAV 

Photogr. 
1,58 

DublinCity 13 ALS 2 

Vaihingen (ISPRS) 9 ALS 0,1 

STPLS3D-Real 6 
UAV 

Photogr. 
1,27 

SemanticKITTI 25 MLS 39,2 

Paris-Lille3D 9 MLS 1,94 

Toronto3D 8 MLS 1 

Semantic3D 8 TLS 0 

A2D2 38 MLS 0 

Waymo dataset 4 MLS 0 

Paris-CARLA-3D 23 MLS 0,55 

SemanticPOSS 14 MLS 0 

CSPC-dataset 6 MLS 0 

TerraMobilita/iQmulus 8 MLS 10 

Paris-rue-Madame 17 MLS 0,16 

Oakland 5 MLS 1,5 

YTU 45 
UAV  

Photogr. 
2,2 

The databases obtained by Mobile Laser Scanning (MLS) do not 

include information about the roofs of buildings or other 

elements that are not achieved from the ground, making the urban 

scene incomplete. Some of them contains large number of 

classes, for instance SemanticKITTI (Behley et al., 2019), YTU 

Bayrak et al. (2023), A2D2 (Geyer et al., 2020), Paris-CARLA-

3D (Deschaud et al., 2021), SemanticPOSS (Pan et al., 2020), 

Paris-rue-Madame (Serna et al., 2014), Paris-Lille3D (Roynard 

et al., 2018). Other examples of outdoor terrestrial benchmarks 

are popular in the context of autonomous driving, such as 

Toronto3D (Tan et al., 2020), Waymo dataset (Sun et al., 2020), 

CSPC-dataset (Tong et al., 2020), Oakland (Munoz et al., 2009), 

TerraMobilita/iQmulus (Vallet et al., 2015). The Semantic3D 

dataset (Hackel et al., 2017) was generated from Terrestrial Laser 

Scanning (TLS). However, it only covers a small portion of a city 

with a limited number of elements (only eight classes). 

Meanwhile, the second category contains aerial and UAV data. 

The H3D dataset (Kölle et al., 2021) consists of a high-density 

lidar point cloud of approximately 800 points/m2 and includes 

eleven classes; the spatial size is relatively small (0.19 km2). This 

benchmark is the first ultra-high resolution 3D dataset acquired 

from a lidar system and cameras integrated into the same UAV 

platform. The DALES (Varney et al., 2020) dataset is slightly 
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larger, but only eight classes were separated. Other ALS datasets 

like OpenGF (Qin et al., 2021), LASDU (Ye et al., 2020), 

DublinCity (Zolanvari et al., 2019), and Vaihingen 3D 

(Niemeyer et al., 2014) consist of a small number of classes. The 

DublinCity dataset is an example of the hierarchy of labels. UAV 

photogrammetry point cloud datasets are SensatUrban (Hu et al., 

2021), Swiss3DCities (Can et al., 2021), Campus3D (Li et al., 

2020), and STPLS3D-Real (Chen et al., 2022).  

The analysis of class nomenclature was performed for existing 

datasets (Figure 1). There were 151 names in total. Some 

ambiguity can be noticed in the class names (vegetation/tree/high 

vegetation), and sometimes, one class meaning the same thing 

has several different names. 

 

Figure 1 Comparison of datasets for segmentation of 3D point 

clouds considering the names of the classes involved. 

 

 

2. OUR PROPOSAL FOR THE NEW DATASET 

This article presents a comprehensive dataset (CENAGIS-ALS 

Benchmark) proposal focusing on the downtown area of 

Warsaw, Poland, captured using the Leica CityMapper-2 aerial 

mapping sensor. Data was acquired for the CENAGIS project for 

the Faculty of Geodesy and Cartography, Warsaw University of 

Technology. The proposed dataset provides a typical point 

density of 60-70 points per square meter (pts/m2) in a single strip 

on the ground (when acquiring images with sub-decimetre 

resolutions used in city mapping). Moreover, a specific region 

spanning 2 square kilometres is characterised by a 275 pts/m2 

density, enabling detailed analysis and precise measurements. 

The chosen area of interest was downtown Warsaw to provide 

the most diverse data and detailed information on the surrounding 

area. Example data is shown in Figure 3. As can be seen, 

different details on rooftops, elements of tram infrastructure, and 

other important urban objects are recognisable within this data. 

This, in turn, is of great importance for city planning, navigation, 

traffic analysis, and monitoring of urban changes. Highly 

accurate data also allow for a better understanding of the 

dynamics of urban development and support decisions regarding 

infrastructure and urban space development, which translates 

into a better quality of life for residents. Therefore, it is important 

that the data is as reliable and accurate as possible. That is why 

we wanted to divide the dataset into classes as best as possible so 

that there were as many of them as possible, At the same time 

taking into account the importance of class for urban space.  

 

As mentioned, acquiring training data in the form of classified 

point clouds is extremely important and useful, especially in deep 

learning, where models require a huge amount of data for 

effective training and testing. CENAGIS-ALS Benchmark will 

be a valuable source for comparing different deep learning 

models. The performance of different algorithms and 

architectures can be evaluated on this dataset, which helps to 

choose the best solution for a given problem. 

 

The dataset division into classes consists of 32 classes, divided 

into three hierarchical levels. Level 1 encompasses a general, ten 

broad classes, while Level 2 offers 22 subclasses that provide 

more specific categorisation for detailed analysis and 

interpretation. Level 1 consists of classes: building, vegetation, 

ground, water, vehicle, bridge, never classified, unassigned, 

noise, and others. Level 2 refers to the four classes in Level 1. 

For example, buildings have a division into façade, roof, 

chimney, stairs, balcony, and other roof structures. Vegetation 

consists of trees, shrubs, and low vegetation. Level 3 further 

details level two. At this level, for example, pole-like objects 

have been divided into light pole, power pole, traffic signal, and 

other pole-like. The division of classes is presented in Table 3. 

 

To facilitate efficient utilisation of the dataset, it has been divided 

into three subsets: training, testing, and validation, respectively: 

60%, 20%, and 20% (Figure 2). The process of labelling consists 

of semi-automatic way and also manual work. The area was 

divided into 100x100m tiles. The ground was classified initially, 

and then the target classification was carried out in Terrasolid 

software. Advanced manual classification allowed for the 

detailing of classes. This made it possible, for example, to 

separate from a building such classes as roof, chimney, balcony, 

and other roof structures. Figure 4 demonstrates some examples 

and cross-sections through a point cloud showing classes 

included in our benchmark.  

 

 
Figure 2 Overview of the selected area used for CENAGIS-

ALS Benchmark with the division into training set (green 

colour - 60%), test set (blue colour at the top - 20%), validation 

set (blue colour at the bottom - 20%). The background maps 

source: Esri, DeLorme, HERE, TomTom, Intermap, increment 

P Corp., GEBCO, USGS, FAO, NPS, NRCAN, GeoBase, IGN, 

Kadaster NL, Ordnance Survey, Esri Japan, METI, Esri China 

(Hong Kong), swisstopo, MapmyIndia, and the GIS User 

Community. 
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Figure 3 Warsaw ALS CityMapper-2: intensity rasters present this sensor’s point cloud details. 
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Table 3 Division of classes in CENAGIS-ALS Benchmark. 

 Level 1 Class  Level 2 Class  Level 3 Class 

Code Name Code Name Code Name 

6 Building 20 Façade   

21 Roof   

22 Chimney   

23 Other roof structures   

24 Stairs   

25 Balcony   

60 Vegetation 3 Low vegetation   

4 Shrub   

5 Tree   

2 Ground 27 Sidewalk   

28 Bikeroad   

30 Grass   

60 Street 33 Speed bumper 

34 Dashed/Solid line 

35 Zebra crossing 

36 Road 

37 Parking 

10 Railway 13 Wire 

14 Train pole 

16 Rail-track 

31 Other impervious surfaces   

32 Other-ground   

9 Water     

19 Vehicle     

17 Bridge     

61 Other 24 Stairs   

26 Underground entrance   

62 Pole-like 38 Light Pole 

39 Power Pole 

40 Traffic Signal 

41 Other Pole-like 

63 Urban furniture 42 Billboards 

43 Announcement pole 

44 City bike station 

45 Fountains 

46 Benches 

47 Playgrounds 

48 Monuments 

49 Postboxes 

64 Fences/hedges 50 Sidebars 

51 Fence (gate) 

52 Wall-like 

53 Other fences/hedges 

54 Other structures 55 Bus-stop 

56 Parkingmeter 

57 Vertical surfaces 

58 Shelter 

59 Kiosk 

0 Never classified     

1 Unassigned     

7 Noise     

 
 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLVIII-1/W3-2023 
2nd GEOBENCH Workshop on Evaluation and BENCHmarking of Sensors, Systems and GEOspatial Data 

in Photogrammetry and Remote Sensing, 23–24 October 2023, Krakow, Poland

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-XLVIII-1-W3-2023-227-2023 | © Author(s) 2023. CC BY 4.0 License.

 
231



 

 

  
 

 
 

 
 

 
 

Figure 4 Some sample images from the classified point cloud of CENAGIS-ALS Benchmark showing the selected classes: light 

green - trees, green – shrub, dark green – low vegetation, dark blue – roofs, khaki – chimney, bright orange – other roof structures, 

yellow – street lamp, red – wire, burgundy - rail-track, pink – vehicles, celadon – train pole, turquoise – walls, lemon – underground 

entrance, salmon – balcony, blue - bus-stop, bright grey – sidewalk, dark grey – road, purple – shelter, light brown - fence. 
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Users who use our benchmark can use the accuracy rating. They 

can upload their classification results to the server, and they will 

get a confusion matrix that tells them about the accuracy against 

ground-truth data. In order to obtain performance metrics, the 

confusion matrix is calculated, showing the percentage of 

correctly and incorrectly classified points for the study area. The 

diagonal of the matrix shows the percentage of points classified 

correctly, in addition to which the user receives a feedback 

message about the accuracy, which is the average of all classes.  

 

 

3. CONCLUSIONS 

 

The proposed CENAGIS-ALS Benchmark offers a 

comprehensive point cloud data collection for Warsaw 

Downtown. It consists of a wide range of urban elements and 

objects, which makes it a valuable resource for various 

applications related to urban planning and analysis. With its high 

point density, accurate classification levels, and partitioning for 

efficient utilisation, this dataset serves as valuable, well-

annotated ground-truth data for benchmarking and validating 

algorithms and models. The availability of such data supports 

various applications, but mainly, such data is used to classify 3D 

objects using state-of-the-art models, particularly for model 

learning or transfer learning. 

 

The data will be provided using the CENAGIS infrastructure (the 

"Center for Scientific Geospatial Analyses and Satellite 

Computations”) implemented at the Faculty of Geodesy and 

Cartography, Warsaw University of Technology. 
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