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Abstract  
 
Mapping individual trees accurately in densely populated urban environments is challenging due to occlusion effects, overlapping 
canopies, and irregular tree morphology. This paper presents and evaluates an automated tree detection technique based on the 
vertical continuity principle to decrease the reliance on preprocessing steps, such as terrain filtering and point cloud normalization. A 
heuristic filter effectively distinguishes trees from pole-like structures that demonstrate vertical continuity, which helps to reduce 
false positives. Data were collected using a backpack LiDAR (Light Detection and Ranging) system with an accuracy of 5 cm. The 
sensor’s effective range is up to 50 m (at 80% reflectivity), enabling the acquisition of high-density point clouds at close-range 
distances while maintaining efficiency and accessibility in complex urban environments. The method was tested across three diverse 
urban sites, with 156 trees, and achieved an FScore of 94.1%, with a 26 cm horizontal RMSEXY in trunk positioning.  
 
 

1. Introduction 

Urban forest mapping is critical for sustainable development, as 
vegetation provides many ecological, social, and economic 
benefits to urban environments (Hu et al., 2022). The rapid 
urban expansion observed in recent decades has resulted in an 
uneven distribution of vegetation, characterized by the rise in 
impermeable surfaces, such as concrete, and the removal of 
trees. These alterations to the urban landscape directly 
contribute to the formation of heat islands, promoting 
microclimate variations, air quality degradation, noise pollution, 
and a decline in social well-being (Lee et al., 2024). Effective 
urban vegetation management is required to address these 
challenges, beginning with the identification of areas with 
inadequate vegetation cover. Then, quantitative parameters, 
including geographical tree location, health conditions, and 
morphological attributes such as crown diameter, diameter at 
breast height (DBH), and height (Dalla Corte et al., 2020), are 
extracted to characterize the urban forest structure. These 
parameters enable public authorities to develop strategies to 
manage and implement interventions for a more equitable 
distribution of green spaces.  
 
Traditional data collection methods, mainly manual surveys, 
pose significant challenges due to the high costs of mapping 
large-scale areas. This frequently leads to the production of 
incomplete datasets, thereby hindering effective urban planning 
management. Remote sensing technologies, particularly Light 
Detection and Ranging (LiDAR), have emerged as an 
alternative for mapping urban forests, given their capacity to 
acquire high-resolution data over expansive areas (Neyns and 
Canters, 2022). LiDAR systems capture detailed three-
dimensional (3D) point cloud data, allowing the extraction of 
structural information such as trunk shape, branches, and 
canopy boundaries (da Silva et al., 2023; Yang et al., 2024), 
which would be impractical to obtain through conventional 
methods.   
 
LiDAR's derived information extends beyond basic tree 
inventories, including estimating biomass and carbon stocks to 
calculate green cover indexes, contributing to urban analytical 

planning (Bergmann et al., 2024). Furthermore, LiDAR data 
enables the analysis of vegetation conflicts with infrastructure 
(e.g., buildings, roads, and power lines). Urban planning 
regulations often guide these diverse applications, including 
species restrictions, maximum height limitations, and road 
clearance requirements (Carnot et al., 2024). 
 
The efficiency of LiDAR-based approaches depends on the 
strategies employed for tree detection and localization. These 
approaches can generally be divided into three principal 
categories: classical rule-based, machine learning (ML), and 
deep learning (DL). Classical techniques rely on well-defined 
parameters in mathematics models. Circle fitting is frequently 
employed to model the cross-sections of trunks (Wu et al., 
2018), whereas cylinder fitting is utilized to represent entire 
trunks (Ma et al., 2025). Nevertheless, establishing appropriate 
parameters within this domain presents significant challenges, 
often requiring extensive fine-tuning (Dos Santos, Da Silva, 
Alencar et al., 2024; Yao et al., 2014). ML strategies rely on 
labeled datasets and local geometric descriptors extracted from 
the point cloud to differentiate trunks from other objects. This 
dependence on annotated data and handcrafted features may 
limit their adaptability. Although DL approaches can 
autonomously extract features from point clouds, large amounts 
of labeled data are required. Moreover, they face challenges 
associated with contextual variations in point density, noise, and 
the efficient processing of large datasets (Kulicki et al., 2024). 
 
Despite the great set of methodologies, many existing methods 
remain limited by their dependence on extensive parameter fine-
tuning and substantial preprocessing steps, such as terrain 
filtering and point cloud normalization (Hui et al., 2022; Husain 
& Vaishya, 2019; Ma et al., 2025; Solares-Canal et al., 2023; 
Wang et al., 2020). This dependency can limit adaptability to 
the irregular and fragmented tree canopies in urban 
environments. To overcome this limitation, this paper proposes 
a tree detection approach based on the vertical continuity of tree 
trunks. The main contributions of our work are as follows: 
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 Development of an automatic tree detection approach 
using trunk point sampling to accurately identify 
individual trees in urban environments where crowns 
often overlap or fragment. 
 

 Explore the use of a straightforward continuity map 
derived from the raw point cloud to simplify the 
detection process and enhance robustness against 
variations in vegetation structures. 

 
 Reducing the requirements for pre-processing, 

including filtering, point cloud normalization, and 
classification. 
 

 Propose an automatic strategy to eliminate non-tree 
objects, such as pole-like structures, which typically 
exhibit strong vertical continuity.  

 
2. Related works  

 
LiDAR systems can be employed across various platforms 
(aerials and terrestrials), each suited for distinct scales and 
levels of detail. Aerial platforms, such as Airborne Laser 
Scanning (ALS) and Unmanned Aerial Vehicles (UAVs), are 
ideal for large-scale canopy mapping (Yang et al., 2024), but 
the resolution may lack the level of detail needed for urban 
forest analysis. In contrast, terrestrial systems, including 
Terrestrial Laser Scanning (TLS) and Mobile Laser Scanning 
(MLS) systems, provide more details of individual tree 
characteristics at ground-level mapping (Luo et al., 2021). 
Among terrestrial platforms, TLS offers high-precision and 
detailed 3D models. However, its fixed configuration and the 
need for multiple scans from different TLS station positions 
make it costly and time-consuming for large-scale coverage 
(Shao et al., 2020), limiting its application in urban forest 
mapping. Conversely, MLS combined the mobility of ALS with 

the terrestrial perspective of TLS, achieving a balance between 
cost and efficiency; however, it is comparatively less accurate 
than TLS and is more susceptible to noise and outliers due to its 
mobile data collection. 
 
Luo et al. (2021) proposed a novel top-down approach to extract 
individual trees from urban MLS point clouds. Their method 
involves applying a semantic segmentation deep network to 
identify tree points from raw MLS data, then grouping them 
into clusters using Euclidean distance clustering. They 
introduced a pointwise direction embedding deep network 
(PDE-net) to predict direction vectors pointing to tree centers, 
enhancing the boundaries of instance-level trees. This approach 
achieved precision, recall, and FScore of 96%, 94%, and 95%, 
respectively. However, the process of tree center detection 
involves an empirical threshold (Nd) for the number of direction 
rays, which may limit the method's generalization ability. 
Additionally, some separation errors at the boundaries of 
instance-level trees were observed. 
 
Takahashi and Masuda (2021) proposed a method for detecting 
roadside trees and automatically estimating their diameters at 
breast height from MLS point clouds. Their approach maps 
point clouds onto a 2D image plane, converting them into a 
wireframe model and calculating geometric features for each 
point. Tree points are detected using machine learning 
techniques, and the DBH of each tree is calculated using 
vertically aligned circles extracted from the wireframe model. 
This method performed extraction with an FScore of 97.49% for 
102 roadside trees. However, challenges remain, particularly in 
instances where multiple trees are treated as a single object. 
 
Kou et al. (2025) propose an algorithm for roadside tree 
segmentation and parameter extraction. The method addresses 
common challenges associated with point cloud data collected 
with MLS, including missing points caused by interference 

Figure 1. Flowchart of the tree detection method using vertical continuity analysis. 
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from surrounding objects, which can lead to over-segmentation 
and under-segmentation. The process begins with segmenting 
the tree scene using the DBSCAN (Density-Based Spatial 
Clustering of Applications with Noise) algorithm. Then, the 
results are optimized, ensuring effective segmentation through 
projection topology checking and tree-adaptive voxel boundary 
analysis. The final step extracts key tree parameters such as 
height, DBH, and crown area. Experimental results show an 
average segmentation accuracy of 99.07% and a parameter 
extraction accuracy exceeding 90%. 
 

3. Tree Detection Approach 

3.1 Point Cloud Preprocessing Stage  

Data preprocessing focused on filtering the raw point clouds to 
retain only close-range points to the operator’s trajectory, 
assuming those are the most relevant for tree detection. A buffer 
area (BA) was applied around the MLS trajectory to define the 
region of interest. This filtering reduces computational load and 
eliminates irrelevant data, such as partially mapped building 
facades and edge vegetation. 
 
3.2 Detection of Vertically Continuous Objects 

The detection of vertically continuous objects (Dos Santos, Da 
Silva, Tommaselli, et al., 2024), a critical step for identifying 
tree trunks, begins by superimposing a regular grid over the area 
of interest (XYmin; XYmax). Each grid cell has dimensions 
sgrid × sgrid, where sgrid corresponds to the diameter of the 
smallest detectable tree trunk. This cell size ensures that every 
trunk cross-section with a diameter greater than sgrid is analyzed. 
 
For each grid cell, neighboring LiDAR points are evaluated 
within a vertical cylinder of radius sgrid/2. The cylinder extends 
vertically from Zmin (the local minimum height within the cell) 
to Zmax = Zmin + ΔZ, where ΔZ represents the minimum trunk 
height of interest. Points within the cylinder are sorted in 
ascending order based on their Z-coordinate, generating a height 
vector V = {z1, z2, … zn} that isolates potential trunk points.  
 
Vertical continuity is assessed by calculating the vertical 
differences between consecutive points in vector V 
(Equation 1): 
 

 (1) 

 
A grid cell is considered a trunk candidate only if all ΔZi values 
are smaller than the vertical continuity threshold cv, defined 
based on the vertical point spacing. This criterion filters out 
fragmented structures (e.g., shrubs, noise points) that exhibit 
discontinuous vertical profiles.  
 
Adjacent trunk candidate cells are aggregated using an 8-
connected region-growing algorithm to delineate individual 
trees. Tree trunk position (Xc, Yc) is computed as the centroid of 
the grouped cell. The flowchart shown in Figure 1 illustrates the 
details. 
 
3.3 Filtering of Pole-Like Structure Objects 

After detecting vertically continuous objects based on the 
criteria previously outlined, the next step classifies them as trees 
or pole structures based on their spatial dispersion in the XY 
plane (Figure 2). For each detected object, a vertical cylinder is 
centered at its estimated planimetric position (Xc, Yc) to isolate 
the corresponding cluster of points. The 2D Euclidean distances 

between (Xc, Yc) and all points within the cylinder (N) are 
computed, and the standard deviation (σc) of these distances is 
calculated to quantify the spatial dispersion of the cluster. 
Objects are classified as trees if σc ≥ 2 × sgrid, reflecting the 
inherent dispersion due to branches and leaves; otherwise, they 
are considered human-made (e.g., lampposts, traffic signs), 
which typically have regular cross-sectional shapes (σc ≈ 0), 
resulting in a concentrated point distribution (Equations 2 and 
3): 
 

where 

r 

r

r

(I) (II) (II)

(I)(a)

(b)

(XYc)

(XYc)

(XYc)

 
Figure 2. Illustration of object classification using spatial 

dispersion analysis. (a) Two lampposts (I and II) with their 
respective top views, showing the cylindrical neighborhood 

(radius = r, height = starting at Zmin + 0.5 m to exclude ground 
points and extending to + ∞) and centroid position (XYc). (b) A 

tree and its corresponding top view. Points within the 
cylindrical neighborhood are highlighted in pink. 

 

4. Experimental Design and Quality Assessment  

4.1 Backpack LiDAR System 

The backpack platform (Figure 3) integrates an Ouster OS0-128 
LiDAR sensor (Pacala, 2018), a Dell OptiPlex 3070 
microcomputer for data storage, a Ublox GNSS receiver, and a 

 
(2) 

 

(3) 
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6S LiPo battery pack for power autonomy. The OS0-128 sensor 
has a vertical field of view (FoV) of 90º and a horizontal FoV of 
360º. The sensor’s effective range (at 80% reflectivity) is up to 
50 m. It employs a vertical-cavity surface-emitting laser 
(VCSEL) emitter to generate 128 laser pulses distributed across 
four vertical columns. This configuration yields a vertical 
angular resolution of approximately 0.7º. An optical lens 
assembly directs these pulses to achieve the specified vertical 
FoV, while a complementary metal-oxide-semiconductor 
(CMOS) solid-state detector captures the return signals.   
 
The sensor provides a configurable horizontal resolution of 
1024 or 2048 points per full rotation and operates at scanning 
frequencies of 10 or 20 Hz, with a laser wavelength of 865 nm. 
The emitted beam exhibits a divergence of 0.35º (6.1 mrad) and 
a diameter of 5 mm, resulting in an overall range accuracy 
between ±1.5 and 5 cm under varying operational conditions, 
with an angular precision of ±0.01º in both vertical and 
horizontal planes. With compact dimensions (85 mm diameter × 
73.5 mm height) and a lightweight design (445 g), the sensor is 
optimized for mobile applications (Castanheiro et al., 2023).   
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Figure 3. Backpack LiDAR Platform: (a) Backpack and 

embedded sensors, (b) Onboard computer, battery, GNSS 
receiver, and WiFi router, and (c) OS0-128 sensor emitting 128 

beams simultaneously. 

Source: Adapted from Castanheiro et al., 2023. 
 
4.2 Test Areas and Data Acquisition 

The experiments were conducted at the São Paulo State 
University’s campus in Presidente Prudente, located in the 
western region of São Paulo State, Brazil (22º07’21.06” S, 
51°23’17.71” W). Three plots with varying levels of complexity 
and the presence of human-made structures, such as buildings, 
power poles, lighting poles, tables, benches, and vehicles, were 
selected to assess the robustness of the proposed tree detection 
approach (see Figure 4 for a detailed representation of the study 
area).  
 

The first plot (P1), covering approximately 90 × 55 m, contains 
77 trees, 58 of which are eucalyptus. The second plot (P2), 
roughly 105 × 65 m, comprises 49 trees, including coconut 
palms and other small fruit-bearing species. The third plot (P3), 
covering approximately 60 × 40 m, is situated along a road 
adjacent to a parking lot and contains 30 trees, including yellow 
Ipê trees. Plots P1 and P2 were selected due to their landscaping, 
which resembles forested and urban green spaces with 
irregularly distributed trees, some of which are tilted and exhibit 
diverse shapes and ages. P3 represents a typical urban scenario, 
with trees planted along both sides of the road. Additionally, the 
terrain across all plots is relatively homogeneous.  
 
Data collection was conducted by an operator traversing a 
predefined close-loop path between trees, beginning and ending 
at the same control point. This configuration ensures loop 
closure for optimization of SLAM (Simultaneous Localization 
and Mapping). The LiDAR sensor operated at 20 Hz with a 
horizontal angular resolution of 1024 points per complete 
revolution. Raw point clouds were processed using the Ouster 
WebSLAM online platform (Ouster, 2021) to align individual 
scans into a global coordinate system. Metadata recorded for 
each experimental plot included:  
 

Plot 1: Trajectory length D1 = 67.03 m, Number of 
points N1 = 299.47 million points. 
 
Plot 2: Trajectory length D2 = 137.29 m, Number of 
points N2 = 56.22 million points. 
 
Plot 3: Trajectory length D3 = 27.3 m, Number of 
points N3 = 112.38 million points. 

  
Since the data collection covered large areas, the dataset used in 
this experiment was subsampled by selecting specific trajectory 
segments (D1, D2, D3), retaining only the corresponding points. 
 
4.3 Quality Assessment  

Qualitative and quantitative analyses were carried out to 
evaluate the proposed approach's performance. The qualitative 
assessment involved visually inspecting the detected trees to 
find inconsistencies and potential omissions compared to 
manually labeled reference data. 
 
For the quantitative evaluation, three metrics were adopted: 
completeness, correctness, and FScore (Rutzinger et al., 2009; 
Sokolova et al., 2006; Wiedemann et al., 1998). These metrics 
are normalized to a scale from 0 to 1 (or 0% to 100%), with 
values closer to 1 (100%) indicating a higher degree of 
concordance between the detection results and the reference 
data. A planimetric distance threshold was used to determine 
true positives (TP), false positives (FP), and false negatives (FN). 
Specifically, a detected tree and its corresponding reference 
were considered a valid match (i.e., TP) if the Euclidean 
distance between their centroids was below a pre-defined 
threshold. This work's threshold was based on a fixed value (1 
m for trunk detection). If there is a double mapping of a tree to 
the reference, only the closest match is considered. The metrics 
are defined as follows (Equations 4-6): 
 

 
(4) 

 

 
(5) 
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(6) 

where   
 TP = Trees labeled in the reference and detected by 

the approach. 
 
 FN = Trees labeled in the reference but not detected by 

the approach. 
 

FP = Trees identified by the approach but not labeled 
in the reference. 
 

The root mean square error (RMSE) between detected and 
reference tree positions was also calculated to evaluate tree 
localization accuracy.  
 

5. Results 

Table 1 summarizes the number of reference-labeled trees (RT), 
detected trees (DT), and the counts of true positives (TP), false 
positives (FP), and false negatives (FN) for each plot. Table 2 
presents the individual tree detection quality metrics. Figure 5 
shows the results, illustrating the points at the base of the 
individual trees in green.  
 

Study area RT DT TP FN FP 
Plot 1 77 73 73 4 0 
Plot 2 49 48 45 4 0 
Plot 3 30 26 25 5 1 

Table 1. Detected trees and confusion matrix components (TP, 
FP, FN) per research plot. 

 

Study area Quality metrics (%) 
 Completeness Correctness FScore 

Plot 1 94.8 100 97.3 
Plot 2 91.8 100 95.7 
Plot 3 83.3 96.2 89.3 
Mean 90.0 98.7 94.1 

Table 1. Quality metrics for the detection of individual trees. 

 

The positioning errors of the detected tree centers were 
quantified using RMSE, calculated by comparing the 
coordinates of the trees manually marked in the point cloud with 
those extracted by the proposed approach. The specific 
RMSEXY values for each plot were 27 cm (plot 1), 30.5 cm (plot 
2), and 22.8 cm (plot 3), resulting in an average RMSEXY of 
26.3 cm. 
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Figure 5. Tree detection results in research plots P1, P2, and P3 
highlight the identification of different tree species (I, II, III). 
Items (a) and (b) provide examples of false negatives. Terrain 
points were excluded to enhance the visibility of tree canopies 
and the detection of errors. 
 

20 m

Research plots

MLS trajectory

P1

P2

P3

P1

P2

P3
ΔZ

maxmin

P3

Figure 4. Overview of research plots and corresponding LiDAR point clouds. 
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Furthermore, we analyzed the impact of LiDAR trajectory 
distance on tree center positioning accuracy. We computed the 
positional discrepancy (ΔXY) for each detected tree center. 
Figure 6 displays a scatter plot of these errors as a function of 
the trajectory distance. 
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Figure 6. Scatter plot showing positional discrepancies (ΔXY) to 

proximity to the MLS trajectory. 

 
6. Discussion  

The proposed approach showed consistent tree identification 
across all research plots (Tables 1 and 2), achieving average 
completeness, correctness, and FScore metrics of 90%, 98.7%, 
and 94.1%, respectively. This consistency was observed despite 
species composition and spatial distribution variations across 
the research plots (Figure 5, I-III). The method relies on four 
key parameters: BA, sgrid, cv, and ΔZ. 
 
The BA parameter filters low-density points that are unlikely to 
represent trees. In MLS applications, it is well-established that 
objects of interest tend to be located at close-range distances 
(Bienert et al., 2021). This distance-based filtering effectively 
removed points corresponding to facades, buildings, and 
isolated features. Visual analysis of the raw point clouds 
indicated that tree canopy features beyond 30 m from the sensor 
often exhibit significant occlusion or noise due to sensor 
resolution limitations. Other filtering strategies may also be 
explored, such as those suggested by Carrilho et al. (2018) and 
Qin et al. (2018). 
 
The parameters sgrid, cv, and ΔZ characterize the vertical 
continuity of objects based on the assumption that trees 
generally grow vertically (Dos Santos, Da Silva, Tommaselli, et 
al., 2024). sgrid and ΔZ are related to minimum object 
dimensions, whereas cv is related to the vertical point spacing. 
In this study, the parameters are set as follows: sgrid = 10 cm, cv 

= 10 cm, and ΔZ = 5 m for plots 1 and 3. For plot 2, which 
represents an urban forest with shorter trees, ΔZ was set to 3 m. 
 
These parameters are relatively insensitive and require minimal 
tuning, providing robust baseline settings. For instance, in urban 
tree mapping, where there are regulatory requirements 
concerning maximum tree height near urban structures such as 
powerlines (Bergmann et al., 2024; Carnot et al., 2024; 
Takahashi & Masuda, 2021; Wanik et al., 2017) or where 
species-specific information is needed for wood extraction, 
these parameters are well documented (Kunz et al., 2017).  
 
A pole elimination stage further mitigates false positives. This 
step utilizes the heuristic observation that trees demonstrate a 
greater spatial dispersion of branches and leaves than man-made 
structures, such as poles. We established a threshold of twice 
the sgrid value. This decision reflects our observation that the 
dispersion of branches and leaves around the estimated center of 
the tree is generally greater than its diameter. Using a 
cylindrical neighborhood of 1 m radius and infinite height, the 
analysis revealed distinct dispersion ranges (sc): 0.25 - 2.60 m 
for trees and 0.05 - 0.15 m for poles. This is consistent with 
previous research (Husain and Vaishya, 2019) that illustrates 
the utilization of tree crown dimensions to distinguish between 
natural vegetation and man-made structures. 
 
A false positive occurred in plot 3 despite the pole stage 
elimination. This occurs due to the presence of an electronic 
gate situated beneath a tree. The local neighborhood analysis 
around the estimated centroid incorrectly merged a portion of 
the tree's branches with the gate due to their proximity. This 
highlights the limitation of relying solely on cylindrical 
neighborhoods. Integrating instance segmentation techniques 
could address this by more accurately delineating object 
boundaries and preventing such erroneous merging. 
 
Omission errors (false negatives) were noted in all research 
plots (P1 = 4; P2 = 4; P3 = 5). These errors were due to issues 
faced during LiDAR sampling, including tilted trees (Figure 5a) 
and occlusions caused by nearby vehicles (Figure 5b). Trees 
that are tilted or only partially mapped frequently do not meet 
the vertical continuity threshold, as occlusion results in a 
discontinuity in the point cloud representation of the object. 
 
Study plot 3 presented the lowest RMSEXY among all plots 
(22.8 cm). Given the heterogeneous distribution of trees and 
their varying proximities to the trajectory throughout the study 
areas, we investigated the impact of distance from the trajectory 
on positional error. Within the range of 0 to 25 m, the distance 
did not significantly affect the magnitude of the positioning 
error, as no larger errors were observed at the greatest distances. 
Nevertheless, concerning study plot 2, it was noted that trees 
identified within the LiDAR trajectory closed path (see Figure 
4) demonstrated a 44.13% decrease in error when juxtaposed 
with those mapped solely on one side of the trajectory. This 
improvement is attributed to the centroid estimation method, 
which computes the arithmetic mean of cells classified by an 
eight-connected region growing algorithm. 
 

7. Conclusions 

This study presents an automated method for urban tree 
detection using rule-based algorithms and the principle of 
vertical continuity. In addition, a heuristic filter was 
incorporated to diminish false positives, usually associated with 
the structural regularity observed in artificial objects. The 
proposed approach was evaluated using LiDAR point clouds 
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collected with a backpack LiDAR system. Experiments were 
conducted across three research plots with varying contextual 
conditions, yielding a mean FScore of 94.1% and an RMSEXY of 
26 cm. By reducing reliance on specific parameters and large 
labeled datasets, the proposed method offers an efficient and 
adaptable alternative to classical rule-based and advanced 
ML/DL-based techniques while facilitating the generation of 
annotated datasets. 
 
For future work, it is recommended that the proposed approach 
be evaluated using a more extensive and diverse dataset that 
includes data from various sources, such as UAV-based LiDAR, 
terrestrial LiDAR, and photogrammetric point cloud data. 
Additionally, it is also suggested that the precision of 
determining central positions for partially sampled or occluded 
trunks be improved, which is expected to enhance the accuracy 
of the final position estimates.  
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