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Abstract 

 

Urban trees play a vital role in sustainable urban planning, biodiversity, conservation and climate resilience. The expanding 

availability of Light Detection and Ranging (LiDAR) data offers new opportunities for three-dimensional analysis of urban 

vegetation. However, the development of deep learning methods for tree species classification remains constrained by the lack of 

annotated datasets at the individual-tree level. This study proposes a robust and reproducible workflow for generating annotated 

urban tree point cloud datasets by integrating high density airborne LiDAR data with field inventory information, followed by field 

validation to ensure reliability. The methodology includes preprocessing of both point cloud and field inventory data: noise and 

outlier removal, vegetation filtering, elevation normalizing using a Digital Terrain Model, and extraction of acquisition dates for 

temporal consistency. Field inventory records were cleaned by removing duplicates, harmonizing species names, and eliminating 

incomplete or spatially inconsistent entries. Individual trees were then segmented from the point clouds using a combined DBSCAN 

and Watershed approach, and matched to inventory records through a Nearest Neighbor method. A field verification confirmed that 

the retained trees had not changed between the inventory and study dates. The workflow was applied to create a dataset of 152 

individual urban trees across six species. The results demonstrate its effectiveness for integrating multi-sources geospatial data and 

producing high-quality annotated datasets, which will be made publicly available to support open science, reproducibility, and future 

applications in urban tree species classification, smart cities and urban digital twins. 

 

 

 

 

1. Introduction 

Trees are essential in urban environments. They regulate the 

climate, improve quality of life, purify the air and mitigate the 

urban heat effect. They refine human health and enhance the 

resilience of cities to climate change (Liang and Huang, 2023; 

O’Brien et al., 2022; Oliveira et al., 2026). Moreover, urban 

trees reduce stormwater runoff and other ecosystem function 

(Kasikam et al., 2026). However, these benefits strongly depend 

on tree species, recent advances further emphasize that tree 

species classification is crucial to assess ecosystem services and 

support sustainable city development (Li et al., 2026).  

 

The increasing accessibility and coverage of airborne LiDAR 

datasets, such as the geoportal of the National Institute of 

Geographic and Forest Information (IGN) in France, or the 

Directorate General for Territory (DGT) in Portugal, provides 

high resolution point clouds covering entire territories. These 

points clouds have approximately 10 points per square meter, 

and include geometric and radiometric attributes such as 

intensity, RGB channels and near infrared (NIR), enabling a 

detailed characterization of the three-dimensional structure and 

spectral properties of vegetation.  

 

Precise classification of tree species in a large urban 

environment requires airborne LiDAR point clouds combined 

with tree species inventories (Gong et al., 2023). Currently, 

such databases remain rare, which limited the development of 

automated methods based on deep learning models applied to 

point clouds. In this context, this study creates an innovative 

database by combining airborne LiDAR point clouds from the 

IGN portal with field inventories provided by Grand Paris Sud 

Urban Community. The aim is to provide a robust resource for 

training and validation classification trees species models.  

 

2. Related Works 

The use of airborne LiDAR data for tree species classification 

highlights a lack of resources in terms of individual tree 

segmentation and botanic annotations suitable for deep learning 

models. Several datasets have been proposed, but each presents 

significant limitations for tree-level species classification. 

 

The PureForest dataset is one of the most extensive publicly 

datasets for identifying forest tree species in France using 

airborne LiDAR data and orthophotos. It covers 339 km² across 

449 forests, but labels are assigned only to 50 x 50 m forest 

patches, without segmentation or labelling at the individual tree 

level, which limits its use for 3D models (Gaydon and Roche, 

2024). 
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The FOR-instance dataset focuses on the fine segmentation of 

individual trees using drone LiDAR data; with over 1 130 trees 

manually annotated according to their structural components 

(trunk, branches and crown). However, it misses taxonomic 

annotations, which prevents it being used for species 

classifications tasks (Puliti et al., 2023). 

 

Other datasets, such FOR-species20K, compile a large number 

of trees (over 20 000) from various platforms: Terrestrial Laser 

Scanning (TLS), Mobile Laser Scanning (MLS) and Unmanned 

Aerial Vehicle (UAV). Although they are valuable or the 

comparative evolution of tree classifications algorithms, their 

large size and heterogeneous density of data points can pose 

challenges in terms of data processing and model training (Puliti 

et al., 2024).  

 

The MS-ALS-SPECIES benchmark, acquired using 

multispectral airborne LiDAR, includes 6 326 trees across nine 

species. While valuable for testing classification algorithms, 

variations in point density and sensor-specific characteristics 

may affect model generalization (Taher et al., 2026). 

 

More recently, StreetTree introduces a large-scale image dataset 

covering more than 12 million street trees in 133 countries, 

annotated according to a complete taxonomic hierarchy (order, 

family, genus, species) for species classification from images. 

Although this resource represents a significant advance for 

classification tasks in urban environments, it does not rely on 

3D LiDAR point clouds, which limits its direct comparability 

with methods deep learning models based on point clouds (Li et 

al., 2026). 

 

Overall, these datasets demonstrate the lack of resource that 

combine individual tree segmentation in airborne point clouds 

with precise species annotations, which are required for 

developing deep learning models for tree species classification 

using airborne LiDAR data.  

 

This research aims to address this gap by proposing a robust and 

reproducible multi-source workflow for generating annotated 

urban tree point clouds. The proposed framework combines 

high-density airborne LiDAR data with municipal field 

inventories to enable individual tree point cloud segmentation 

and species labelling. It further incorporates a temporal 

consistency step and integrates spatial matching with on-site 

field surveys to ensure the reliability of the generated labels.  

  

 

 

 

3. Materials and Methods  

In this section, we present materials and methods used to build a 

reliable dataset for urban tree species analysis. The overall 

workflow includes data collection (airborne LiDAR data and a 

municipal tree inventory), preprocessing, tree segmentation, 

spatial matching and field validation. Figure 1 illustrates the 

overview of the proposed approach.  

 

 
Figure 1. Workflow of the proposed approach 

 

3.1 Study Area 

The study was conducted in the municipality of Coudray-

Montceaux in France. This urban area presents a varied 

vegetation structure with multiple tree species. 

 

A smaller portion of the municipality, covering roughly 4 

hectares, was selected for this work. The study area is illustrated 

in Figure 2. 

 

 
Figure 2. Study area: part of Municipality of Coudray-

Montceaux seen in Google Earth 

 

3.2 Data Used  

3.2.1 Airborne LiDAR Data  

 

The airborne LiDAR data were obtained from the IGN 

Geoportal (French National Institute of Geographic and Forest 

Information). The dataset has a minimum point density of 

approximately 10 points per square meter, corresponding to the 

High Density (HD) product, in contrast to the older BD LiDAR 

products, which have a density around 2 points/m². This higher 

density enables a more detailed description of urban vegetation, 

this also leads to heavy data volumes, with tile sizes ranging 

between 500 MB to 2GB. Figure 3 presents a subset of the 

study area covered by the airborne LiDAR dataset. 
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Figure 3. Subset of the study area covered by airborne LiDAR 

data downloaded from the IGN Geoportal. 

 

Each LiDAR point contains a “gps_time” field following 

ASPRS standards, referenced to a fixed epoch starting on 

September 14, 2011. In this study, the dataset used was acquired 

on January 27, 2024.  

 

3.2.2 Field Inventory Data 

 

The reference field data were collected by botanical experts and 

provided by the Grand Paris Sud Urban Community, through its 

GIS department.  

For each recorded tree, the dataset includes an identifier, 

location, species name in French and Latin, and the date of 

acquisition. An excerpt of the dataset is presented in Table 1. 

Table 1. Some attributes extracted from field inventory data 

The inventory was carried out on September 3, 2024. We used 

this information to check the temporal consistency between the 

LiDAR point clouds and the inventory, ensuring that only 

structures existing at the time of LiDAR acquisition were 

considered. 

 

3.3 Data Preprocessing 

3.3.1 Airborne LiDAR data:  

 

The airborne LiDAR point clouds were acquired from the IGN 

geoportal and provided with a semantic segmentation  generated 

using the Myria3D deep learning framework (Gaydon, 2022). 

As with any deep learning-based segmentation approach, 

residual classification uncertainties may occur, particularly at 

the boundaries between spatially adjacent objects, such as trees 

located near buildings. However, this effect is limited in the 

present study, as the surveyed trees mainly correspond to 

isolated or aligned trees along streets and avenues.  

A Statistical Outlier Removal (SOR) filter was applied to 

reduce the influence of isolated points (Rusu and Cousins, 

2011). The mean distance to the k nearest neighbours was 

computed for each point cloud, and the point was classified as 

an outlier if this mean distance exceeded  of the 

global distance distribution. Where  and  are the mean and 

standard deviation, respectively, of the local mean neighbour 

distances computed across the entire point cloud. Meanwhile, α 

is a tolerance parameter that controls the outlier detection 

threshold. 

Vegetation points were then extracted and classified into three 

classes according to ASPRS standard, low vegetation (0.1-

0.5m), medium vegetation (0.5-2m) and high vegetation (points 

above 2m). 

To better represent tree structure, point elevations were 

normalized using a Digital Terrain Model (DTM), generated by 

triangulation-based interpolation. Figure 4 illustrates the 

preprocessing steps applied to the airborne LiDAR data. 

 

 
Figure 4. Airborne LiDAR Data pre-processing 

 

3.3.2 Inventory data:  

 

The field inventory was pre-processed to ensure data quality. 

Duplicates records were removed based on identical tree 

identifiers and spatial coordinates. Species names were 

standardized to ensure taxonomic consistency, and entries with 

incomplete or inconsistent information (invalid dates or 

erroneous coordinates) were discarded. A spatial quality control 

was performed to ensure that all positions were correctly 

projected in the Lambert-93 reference system. Species 

represented by fewer than ten individuals were excluded to 

improve class representativeness. The main steps of the field 

inventory pre-processing are illustrated in Figure 5. 

 

Tree 

ID 

Municipality Position 

X(m) Y(m) 

Lambert93  

Species 

(Latin) 

Creation 

Date 

13555 

Le Coudray-

Montceaux 

661635,242  

6829998,438 

Tilia 

platyphyllos 3/9/2024 

13556 

Le Coudray-

Montceaux 

661653,292 

6830007,691 

Tilia 

platyphyllos 3/9/2024 

13557 

Le Coudray-

Montceaux 

661660,007 

6829990,869 

Tilia 

platyphyllos 3/9/2024 

       Ground  

         Low Vegetation 

     Medium Vegetation 

     High Vegetation 

       Building 

        Bridge Deck 
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Figure 5. Workflow of field inventory data pre-processing 

 

3.4 Tree Segmentation, Tree Matching & Field Validation: 

3.4.1 Tree Segmentation:  

 

Tree-level objects were delineated from the LiDAR point cloud 

using a hybrid approach. First, DBSCAN clustering (Density 

Based Spatial Clustering of Applications with Noise) was 

applied to identify dense point groupings corresponding to 

vegetation while filtering out noise  (Ester et al., 1996). The 

DBSCAN parameters were empirically selected according to 

the density of the HD LiDAR data, with a neighborhood 

distance (ɛ) of 1.5 m and a minimum cluster size (min_samples) 

of 10 points. In a second step, Watershed segmentation 

algorithm was applied to a 1 m resolution Canopy Height 

Model (CHM). Local maxima were detected using a 3 x 3 pixel 

neighborhood window to initialize the Watershed algorithm, 

which refined crown boundaries and improved the separation of 

neighboring trees (Popescu and Wynne, 2004). 

 

3.4.2 Tree Matching:  

 

Each extracted tree was associated with the corresponding field 

inventory record to assign a species label and build the 

reference dataset. 

The LiDAR trees were spatially matched with the inventory 

data by overlaying both datasets. Trees present in the inventory 

but not detected in the LiDAR data were excluded. 

Matching was performed using a nearest neighbor search based 

on planimetric coordinates (X, Y). A distance threshold of 2 m 

was applied to minimize incorrect associations (Chirici et al., 

2016; Räty et al., 2018). This distance was chosen to exceed the 

combined positional uncertainty of the field inventory and 

LiDAR-derived tree positions while remaining below the 

typical spacing between adjacent street trees. 

 

3.4.3 Field Validation:  

 

Due to the temporal gap between the LiDAR acquisition 

(January 2024), the field inventory (September 2024), and the 

study period (March 2026), an additional validation step was 

conducted. 

The matched trees were exported in KML format and inspected 

in the field to verify their presence and detect possible changes 

such as removal or structural alteration. This verification step 

helped ensure the reliability of the final dataset.  

 

4. Results 

4.1 Tree Segmentation Results  

Individual trees were segmented using a combined DBSCAN 

and Watershed approach. The DBSCAN algorithm grouped 

points into dense clusters, while filtering out noise. The 

Watershed algorithm was subsequently applied to refine the 

segmentation by delineating individual tree crowns and 

identifying tree locations. This hybrid segmentation produced 

302 individual tree instances (Figure 6). The quantitative and 

qualitative evaluation of the hybrid DBSCAN-Watershed 

segmentation method, are described in detail in our 

methodological study (Hamdani et al., 2026a). In the present 

work, the resulting individual tree instances served as the input 

for the subsequent matching with field inventory. 

 
Figure 6. Tree segmentation results using a DBSCAN-

Watershed approach: (left) DBSCAN clustering of LiDAR 

point clouds highlighting tree zones; (right) refined 

segmentation showing detected individual trees after Watershed 

processing. 

 

4.2 Trees Matching Results  

We observed strong correspondence between LiDAR detected 

trees and inventory trees. This confirms the accuracy of tree 

segmentation point clouds and validate also the field inventory 

as reliable reference data. Figure 7 shows the overlay of LiDAR 

point clouds with the extracted tree centroids (green circles) and 

the corresponding locations from the field inventory (red 

circles). Figure 8 illustrates a detailed view of tree 13397. 
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Figure 7. Spatial overlay of LiDAR point clouds, extracted tree 

centroids (green circles), and field inventory tree positions (red 

circles). 

 

 
 

Figure 8. Visualization of tree 13397 (Aesculus hippocastanum) 

displayed by elevation. 

 

The hybrid segmentation approach generated 302 trees from the 

LiDAR point cloud. These objects were matched to field 

inventory records using a nearest-neighbour strategy with a 2 m 

distance threshold. After removing unmatched objects, rare 

species, the final dataset consisted of 152 individual trees 

representing six species. Table 1 summarizes the matching 

performance and positional agreement between LiDAR-derived 

tree centroids and field inventory locations. 

 

Metric Value 

LiDAR-detected tree objects 302 

Matched tree objects (< 2 m) 166 

Unmatched tree objects (> 2 m or no 

correspondence) 

136 

Mean centroid-to-inventory distance 0.83 m 

Standard deviation 0.46 m 

Median distance 0.77 m 

Maximum distance to inventory distance 1.96 m 

Matches with distance < 1 m 68% 

Final validated trees 152 

trees 

Number of species 6 

Table 1. LiDAR-field inventory matching statistics. 

 

4.3 Field Validation Results:  

A field verification of 152 detected trees was conducted on one 

day. Each tree was located using GPS coordinates. Observations 

confirmed that all trees detected were indeed present in the 

ground. Figure 9 shows an example of tree observed in the field, 

alongside its representation and position in the LiDAR data and 

field inventory. 

 

  
Figure 9. Example of a tree observed in the field and its 

corresponding entries in LiDAR and field inventory data. 

 

4.4 Dataset Overview:  

The produced dataset consists of 152 individual urban trees 

derived from a combination of airborne LiDAR, a field 

inventory and field verification. After the preprocessing and 

cleaning steps, a total of six tree species is represented, 

providing sufficient diversity for further deep learning 

processing.  

  

We observe that the distribution of species in resulting dataset is 

unbalanced. Aesculus hippocastanum is the most abundant 

species with 62 individuals, while Prunus serrulata is the least 

represented with 12 individual trees. This imbalance between 

classes may influence the performance of classification models. 

Hence the importance of data preparation steps, particularly 

data augmentation, before applying the deep learning model. 

The use of this dataset for tree species classification, including 

the evaluation of a deep learning-based baseline model, as well 

as the contribution of data augmentation strategies to improving 

the model’s generalization and classification performance, are 

presented separately in the article dedicated to the dataset 

(Hamdani et al., 2026b) 

 

5. Discussion  

The strong alignment observed between the LiDAR data and the 

field inventory highlights two key aspects. First, it emphasizes 

the important role of the preprocessing step, which enabled the 

removal of a significant number of outliers and contributed to 

improve the overall data quality. Second, it confirms the 

reliability of the methods used for tree extraction and tree 

matching.  

 

This initial database can be considered as a pilot study. Future 

work will focus on expanding the study area in order to increase 

the number of samples. In addition, in areas where airborne 

LiDAR data are unavailable but field inventory data exist, drone 

LiDAR acquisitions will be conducted in order to increase the 

number of trees recorded and thus build a larger, more 

representative database. 

 

However, an imbalance in species distribution is observed, with 

certain species being significantly overrepresented, such as 

Aesculus hippocastanum and Tilia platyphyllos. If this database 

is to be used as training deep learning models, this imbalance 

could lead to biased predictions. Therefore, the application of 

data augmentation techniques will be necessary to mitigate this 

issue to compensate. Furthermore, the planned expansion of the 

study area should reduce differences between species and build 

a more balanced database that meets the requirements of deep 

learning models.  

6. Conclusion  

Urban trees play a crucial role in improving environmental 

quality of cities. In this study, we combined airborne LiDAR 
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data with field inventory data in order to create a reliable 

database for urban tree species classification.  

 

The results show a high degree of agreement between the two 

data sources, confirming the effectiveness of proposed 

workflow, including preprocessing, tree segmentation, tree 

matching, and field verification. This work thus addresses the 

current lack of high-quality datasets needed to develop methods 

for tree species classification, particularly using deep learning 

techniques. 

 

By providing a structured, a validated and open-source 

database, this study constitutes a solid foundation for future 

work in urban forestry and remote sensing. It also opens new 

avenues for the automated classification of tree species in urban 

environments, as well as for the development of applications 

within the context of smart cities and urban digital twins, where 

precise knowledge of vegetation is essential. 

 

Future prospects include expanding the study area, improving 

species balance, and using this database to train advanced 

species classification model in urban environments. 
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