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Abstract

Vegetation encroachment is a major issue to the reliability of overhead power distribution networks, particularly in Brazilian urban
areas where networks maintenance is still largely manual and the management uses the reactive approach instead of proactive
solutions. This paper presents a decision-rule-based pipeline designed to automatically detect overhead power lines and vegetation
contact areas using high-density mobile LiDAR data in Brazilian urban environments. The proposed method classifies point clouds
into four primary classes: low-voltage cables, medium-voltage cables, poles, and trees in proximity to the power distribution network
systems. The pipeline leverages geometric features derived from eigenvalue-based tensor analysis, height and density filters, Hough
Transform, and region-growing techniques, to effectively segment and classify electric components and surrounding vegetation.
The method was tested in two distinct urban scenarios, including suburban and downtown areas in Presidente Prudente, São Paulo,
Brazil, with point densities exceeding 2 million points per square meter. Evaluation against reference datasets from a utility company
demonstrated high precision and F-scores above 0.85 for power lines detection. Despite limitations related to parameter tuning, leak
of reference data for tree detection evaluation, the pipeline offers a promising approach for semi-automatic annotation of LiDAR
datasets. This process can support future applications in deep learning model training for urban asset monitoring and vegetation
management. It is suggested that future works focus on reducing parameter dependency and enhancing vegetation classification
reliability.

1. Introduction

Electricity is essential to modern society and plays a critical role
in human well-being, whether in everyday activities or economic
development. In Brazil, according to the National Electric
Energy Agency (ANEEL - Agência Nacional de Energia Elétrica,
2021), electricity reaches the majority of the population —
approximately 208 million people — through power distribution
networks systems. These systems, installed and maintained
by utility companies, are predominantly composed of overhead
metallic conductor cables, poles, crossarms, and other equipment
operating at low and medium voltage levels.

Given the vulnerability of these networks — especially due
to their exposure and use of uninsulated conductors, as the
power lines — continuous and efficient monitoring becomes
a strategic and relevant demand, particularly in the context
of accelerating climate changes. The increasing frequency
of extreme weather events, such as strong tropical storms
and severe winds, poses significant risks and are leading to
widespread outages in Brazilian cities. This monitoring enables
utilities to detect structural faults and environmental risks early,
particularly those associated with interactions between power
lines and urban vegetation. Monitoring must cover both the
condition of power lines components and surrounding objects,
especially vegetation, since trees and brushes growing close to
lines can cause damage, outages, or even fire (Matikainen et al.,
2016).

Vegetation management inspection and monitoring are essential
for maintaining the reliability and continuity of power

distribution (Bergmann et al., 2024), and there are several
techniques for this task in the literature (Carvalho et al.,
2018). However, traditionally in Brazil, such tasks have
been conducted manually, involving in-person inspections that
are labor intensive, time-consuming, and prone to human
error. Furthermore, utility companies still largely rely on these
manual inspections and vary significantly in their operational
practices to address this issue, due to the fragmented nature of
regional concessions (de Oliveira, 2022). Consequently, there
is a lack of standardization and coordination in dealing with
vegetation-related disruptions.

This fragmented landscape complicates the development of
cohesive strategies for vegetation control and emphasizes the
need for scalable, technology-driven solutions. Despite being a
well-known concern among utilities companies, most companies
still operate under a reactive framework — intervening only
after service failures occur — which is dominated as a corrective
mitigation measure. On the other hand, preventive measures are
not only more cost-effective but also enhance the quality and
continuity of electricity supply to the population, especially
in large urban centers. Recent studies have shown that
implementing vegetation management standards focused on
preventive trimming can reduce outage rates by up to 48%,
highlighting the greater effectiveness of proactive measures
compared to reactive interventions (Cerrai et al., 2019).

However, for preventive strategies to be effective, utility
companies require up-to-date and accurate inventories of urban
vegetation and electrical infrastructure components. These can
be developed through automated urban inventories powered
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by remote sensing and intelligent data processing methods,
thereby reducing reliance on emergency interventions. Although
different types of information can be used, a technological
approach to support the creation of such inventories is the
use of LiDAR (Light Detection and Ranging) data. LiDAR
systems generate high-resolution 3D point clouds that offer
detailed spatial information about both vegetation and power
infrastructure (Chen et al., 2018; de Oliveira, 2022).

There are several types of LiDAR systems: Airborne Laser
Scanning (ALS), Terrestrial Laser Scanning (TLS), Mobile Laser
Scanning (MLS) and Wearable Laser Scanning (WLS), each
with unique characteristics. The MLS systems are particularly
well-suited for urban environments due to their ability to capture
very accurate, high-density point clouds — often a few thousand
points per square meter — while being deployed on moving
platforms through complex cityscapes (Wang et al., 2019).
Among the applications for point clouds obtained in urban
regions from LiDAR data, some include roof detection (dos
Santos et al., 2022), historical building monitoring (Zhang
et al., 2024), vegetation identification (Alencar et al., 2023),
urban scene mapping with autonomous vehicles (Alaba and Ball,
2022), infrastructure railway environments modeling (Zhu and
Hyyppa, 2014) and WLS devices (Zou et al., 2025), in addition
to identification of power distribution networks (de Oliveira,
2022; Bergmann et al., 2024).

Aiming to identify those networks and also transmission
lines, most of the existing studies employ methods based on
decision-rule algorithms or classifiers structured using machine
learning algorithms (Munir et al., 2023). With the popularization
of pre-trained machine learning models and the advancement in
modern computational processing capabilities, methods have
increasingly shifted toward the use of artificial intelligence,
incorporating progressively more complex models. An example
of this trend is the adoption of panoptic segmentation approaches,
which essentially combine semantic and instance classification
in LiDAR data using deep learning techniques (Xiang et al.,
2023).

In contrast to deep learning approaches that require extensive
annotated data, clustering-based methods have also been
employed to segment MLS data in urban scenes, such as
density-based clustering strategies tailored to extract structural
elements from large-scale point clouds (Li et al., 2017).
Similarly, Lehtomäki et al. (2019) developed an automatic power
line extraction algorithm using MLS, achieving high precision
in rural environments with this kind of algorithm.

Given the challenges faced by Brazilian utility companies in
managing vegetation and infrastructure assets, combined with
the limitations of directly applying deep learning methods
to MLS point clouds segmentation such as limited accuracy
and the high cost of manual data annotation in terms of
time and human labor (Wang et al., 2024), the integration of
decision-rule-based methods to initially annotate LiDAR training
data emerges as a promising strategy to enhance the productivity
and scalability of deep learning models. These methods,
as employed by Oliveira (2022), that used high-precision
MLS data, can serve as an efficient pre-processing step by
providing structured and interpretable initial classifications.
These preliminary classifications can significantly reduce the
volume of manual annotation required for deep learning training
datasets, which remains one of the most time-consuming and
resource-intensive phases in the development of robust neural
networks (Bergmann et al., 2024) to segment MLS Data. By

leveraging the deterministic nature of decision-rules, researchers
can generate high-confidence pseudo-labels to bootstrap deep
learning models, ultimately accelerating model convergence and
improving scalability for large-scale urban inventories.

This work proposes a decision-rule-based algorithm designed
to identify and classify MLS data into four predefined
classes: low-voltage (LV) cables, medium-voltage (MV) cables,
poles and vegetation near these electric components. This
classification is based on geometric features derived from
tensors constructed using eigenvalues estimated within 3D
neighborhoods of each MLS point cloud. Additionally, the
method incorporates point density estimation, Hough Transform
and region growing techniques to characterize, segment and filter
the data in a sequential processing pipeline.

2. Methods

2.1 Test area

The test area for development and evaluation of the
decision-rule-based algorithm proposed was carried out in the
city of Presidente Prudente, São Paulo, Brazil. Two distinct
urban regions with 62500 m² were selected for testing: the
first is a suburban area characterized primarily by residential
houses (Figure 1a), while the second is located in the downtown
area (Figure 1b), featuring taller buildings and more complex
scenarios.

Figure 1. Low (a) and high (b) density urban areas, Presidente
Prudente, São Paulo, Brazil.

The dataset used was acquired in 2018 as part of a research and
development project conducted by the utility company Energisa.
Data collection was carried out using the RIEGL VMX-450
MLS system, equipped with dual scanning sensors capable of
capturing over one million measurements per second (RIEGL,
2015). The two urban areas previously described contain point
cloud densities exceeding 2 million points/m².

2.2 Processing

The MLS data was pre-processed using TerraScan software
through a routine that included noise filtering, DTM modeling,
and subsequent height calculation and registration as an
additional feature for all points relative to the calculated ground
surface. Finally, points located a few centimeters above the
ground were excluded, effectively removing ground-level points.
The resulting dataset is illustrated in Figure 2, which shows the
MLS point cloud color-coded by height, with ground points
excluded.

The decision-rule-based algorithm developed in this work was
applied to the point cloud after ground points were removed. The
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Figure 2. Height point values in Presidente Prudente downtown.

processing was parallelized into two pipelines: one dedicated
to the power distribution networks components, and the other
focused on tree detection. At the end of the process, the results
were integrated to compute the touch distance between overhead
cables and tree canopies. This distance was then assigned as an
additional attribute to each detected tree object. The resulting
information is highly valuable for vegetation management and
pruning planning, as highlighted in the introductory section.
Figure 3 presents an overview of the main workflow of the
proposed processing pipeline.

Figure 3. Proposed pipeline main workflow.

In the distribution network processing pipeline, the first step
involves filtering the point cloud based on height intervals.
Considering that LV and MV cables are installed at different
heights according to ANEEL regulations, it is possible to define
two distinct height ranges, one for each voltage level. By
applying these filters, potentials points corresponding to each
voltage level can be extracted, as illustrated in Figure 4.

After selecting the points based on height, the linearity tensor
metric L for each point is computed through eigenvalue analysis
(West et al., 2004), using the corresponding equating presented
in Table 1.

The L values are constructed within a 3D Spherical
Neighborhood that applies FLANN (Muja and Lowe, 2014)
library around the points (3DSNF). With the linearity values
computed for each point and for both height ranges (LV and MV

Figure 4. Low (a) and Medium (b) Voltage potential points after
height selection.

Structure Tensor Model
Linearity (L) (λ1 - λ2)/λ1

Sphericity (S) 1 - ((λ1 - λ3)/λ1)

Table 1. Eigenvalues tensor metrics.

candidates), we obtain a visualization such as the one shown
in Figure 5, where points corresponding to power cables are
clearly highlighted. In the case of LV cables, an interesting
characteristic emerges: the neighborhood radius must be set to
less than 15 cm, as the spacing between the four conductors that
make up the LV network typically ranges from 15 to 20 cm.

Figure 5. Linearity values in Low (a) and Medium (b) Voltage
potential points.

The points are subsequently filtered again by retaining those with
a threshold Lth obtained empirically that keeps high linearity
values. Then, a segmentation algorithm based on region growing
is applied to the remaining points, using a 3DSNF as the criterion
for aggregating points that belong to the same object. The
objective at this stage is to cluster points corresponding to power
cables as well as residual noise that may still be present. These
initial groupings are then further aggregated into larger segments
through an analysis of proximity based on the θ (theta) and ρ
(rho) parameters, derived from the 2D Hough Transform (Duda
and Hart, 1972) and Picture (Dudani and Luk, 1978).

At this point, most of the linear noise points that were still
present in the selected data are filtered out, as they tend to
cluster into small θ–ρ groups due to their limited spatial extent.
In contrast, true conductors form larger, well-defined groups,
typically extending over lengths of 15 m or more.

The results obtained after this stage — which processes the
two voltage ranges (LV, MV) separately — are considered
the annotation points for the Low and Medium Voltage cables
classes. The pipeline then proceeds with the search for utility
Poles. In this step, a 2D buffer is applied around the previously
identified cables to constrain the search space (Figure 6a),
limiting it to areas where pole-related points are likely to be
found.

Within the defined buffer, a matrix is computed by summing the
height values of all points contained in these regions (Sirmacek
and Lindenbergh, 2015). The cells of this matrix containing the
sum-height are then filtered, using an empirical threshold, to
select only those likely to correspond to potential utility pole
structures (Figure 6b).

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-3/W4-2025 
Latin American GRSS and ISPRS Remote Sensing Conference (LAGIRS) 2025, 10–13 November 2025, Foz do Iguaçu, Paraná, Brazil

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-X-3-W4-2025-105-2026 | © Author(s) 2026. CC BY 4.0 License.

 
107



Figure 6. Points filtered by a 2D buffer around power cables (a)
and after a maximum local sum-height filter (b).

Finally, the selected points are grouped through region growing
using a 3DSNF. The resulting clusters are then filtered based
on their overall height and linearity, effectively removing most
of potential noise such as facade fragments or tree trunks. The
results obtained can be represented separately from the rest of
the point cloud, as shown in Figure 7.

Figure 7. Points classified as Low Voltage cables (yellow),
Medium Voltage cables (orange) and poles (red).

In the vegetation processing pipeline, the point cloud is voxelized
with the aim of applying the sphericity tensor via eigenvalues
(West et al., 2004) to the points inside each voxel representing
the outermost leaf voxels, using S equation in Table 1 as well
as the linearity for power cable points. The voxels are then
filtered based on the empirically obtained sphericity threshold
value Sth and the height of each voxel center, considering that
voxels very close to the ground tend to correspond to shrubs and
tall grass, and not necessarily tree canopies parts. The potential
tree canopies points can be seen in Figure 8a. Subsequently, the
voxels selected by sphericity are subjected to region growing
considering the 3D neighborhood of the 26 adjacent voxels.

These voxel clusters are then evaluated using an internal
decision-rule-based method that applies thresholds on point
density. For each cluster, the total number of points within
the grown voxels is considered. Clusters exceeding the
first threshold, are automatically associated as a tree canopy
candidate. Clusters below this threshold goes to a second and
lower threshold, allowing a secondary selection of points after
computing sphericity for all points in the cluster, rather than only
within individual voxels (Figure 8b). More information related
to this decision-rule method can be found in Oliveira (2022).

With the tree crowns delineated in the point cloud space,
potential trunk points are selected using a 2D buffer beneath the
identified crowns, constrained by a height threshold based on the
lowest voxel of each cluster. These points are then grouped using
a 3DSNF, aiming to model the various objects located beneath
the trees. The resulting objects are subsequently filtered based on
point density, eliminating small structures that represent noise
beneath the crowns and were segmented during this process.
The remaining objects are then considered as tree trunks and are
associated with the crowns located above them, thereby forming
the trees class in the annotation inventory. Some examples can
be seen in Figure 9.

Figure 8. Potential canopies points (a) and canopies objects
colorized by points density (b).

Figure 9. Trees canopies and trunks along a perspective zoom out
view (a) and zoom in view (b).

2.3 Evaluation process

In this paper, for quality assessment, we used a publicly available
dataset provided by the utility company Energisa, corresponding
to the 2018 mobile LiDAR acquisition, to evaluate the proposed
pipeline.

For power distribution networks, two approaches were employed
to compute the quality metrics derived from the confusion
matrix, both focused solely on distinguishing true positives
(TP) from false positives (FP) and false negatives (FN), without
considering confusion between different classes. The first
evaluation approach computed quality metrics directly from
the counting of network segments, which were defined as the
intervals between consecutive poles along the power lines,
as well as intervals between poles and the boundaries of the
analyzed point cloud.

An example of how the network segments were counted
is illustrated in Figure 10, which depicts the LV cables
automatically generated by the proposed pipeline application
and the reference LV segments provided by the utility company
dataset. In this figure the red points indicate pole locations
from the same reference database. Segments highlighted in
pink represent examples of how reference segments are counted,
including the cases where the segments are defined by the
distance between a pole and the boundary of the analyzed cloud,
rather than between two poles.

In this example, eight reference segments were identified. The
algorithm-generated network successfully matched all eight
segments from the reference, resulting in eight TPs. It is
important to note that positional discrepancies between the
modeled network and the reference were not considered in
the evaluation. According to Brazilian regulations, ANEEL
does not require utility companies to provide asset locations
with absolute positional accuracy. Consequently, the databases
supplied by the utilities often present spatial inaccuracies and
other inconsistencies. Nevertheless, they remain suitable for use
as a reference in comparative assessments.

The second approach calculated the quality metrics based on
the total length of the identified network segments rather than
segment counts. In this case, TPs and FPs were quantified by
summing the lengths of correctly or incorrectly identified cable
segments, respectively. FNs were measured as the cumulative
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Figure 10. Example of LV segments comparison: reference (cyan)
and pipeline results (yellow).

lengths of gaps where the algorithm failed to detect portions of
the network present in the reference, whether these gaps occurred
along parts of the segments or comprised entire segments

For pole evaluation, the detected pole points were compared
to the reference database, considering a threshold of 4 m for
association to be classified as a TP. It is important to highlight
that no accuracy assessment was performed for the vegetation
class. This decision was made because there was no available
dataset or urban inventory providing a reliable reference for
vegetation in the study area. Consequently, it was not possible
to compute quality metrics or perform a comparative evaluation
for this class.

3. Results and discussion

The decision-rule-based algorithm presented in this paper
involves multiple parameters at each processing stage, which
manage the progressive selection and filtering of points within
the point cloud. Key geometric and empirical parameters include
height ranges of 5 to 8 m and 8 to 11 m for LV and MV cable
detection, respectively. The linearity metric employs a 3DSNF
of 14 cm for LV and 50 cm for MV points, with Lth equal to 0.90.
The θ–ρ groups relies on parameters of 4º for θ variation and 2
m for ρ variation, with a minimum linear segment length of 20 m
for final modeling cables. Pole detection utilizes an empirically
determined minimum height for maximum local sum height
filter, and an object minimum height of 5.70 m to be considered
as a true pole. In the vegetation pipeline, tree canopy voxel
selection applies a minimum height of 1.10 m and Sth equal to
0.20, while leaf-voxels were created with a spatial resolution of
50 cm. Tree canopies selections and filtering parameters were
related principally with the density of the potential targets and
were also empirically set, consistently leveraging the 3DSNF for
neighborhood computations.

A perspective detailed view can be seen in Figure 11, and an
orthogonal view of the study regions is shown in Figure 12.

The results demonstrate that the decision-rule-based algorithm
produces consistent and reliable outputs, especially excelling in
the detection of electric components from the power distribution
networks systems. The method accurately identifies both LV
and MV cables, providing relevant spatial information for this

Figure 11. Example of a region classified into the four proposed
classes: LV cables (yellow), MV cables (orange), poles (red) and

trees (green), among the remaining points (a) and isolated (b).

Figure 12. Orthogonal view of the classified cloud points
obtained for the two regions presented in Figure 1.

utility management. Table 2 presents the quantitative measures
obtained for components classification.

Class (approach) Precision Recall F-Score
LV cables (1st approach) 0.933 0.897 0.915
LV cables (2nd approach) 0.966 0.886 0.924
MV cables (1st approach) 0.943 0.943 0.943
MV cables (2nd approach) 0.967 0.922 0.945
Poles 0.889 0.625 0.734

Table 2. Evaluation metrics for the test region.

Table 2 demonstrates how prioritizing the tuning of internal
parameters within the pipeline contributed to achieving relatively
good quality metrics for the electrical components. However,
due to the inherent trade-off in parameter adjustment focusing
on minimizing FPs, there is a consequent increase in FNs,
negatively impacting the Recall metric. Most of the FN points
for power lines are eventually associated with gaps caused
by vegetation occlusion. For poles, the main limitation was
the absence of a specific step capable of modeling building
facades separately, considering that the parameter trade-off was
adjusted to avoid confusion between poles and facade fragments.
Nevertheless, since no quantitative metric was applied to assess
vegetation, it is difficult to precisely measure whether the
detection of this class yielded optimal results, even though, from
a visual inspection, the method was able to accurately identify
most of the relevant trees for the proposed pipeline.

4. Conclusions and future work

Despite the seemingly good results in the estimation of
quality metrics and in the visual inspection, further actions
can be taken to increase the reliability of the method. It
is highly recommended that the method be tested in larger
regions with greater variability or with another type of LiDAR
sensor, adding other complex urban environments, with their
own characteristics. Moreover, beyond the problems of
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misclassification, the current approach has limitations, as it
depends on setting certain parameters — many of which were
not detailed in the previous section. This characteristic reduces
the scalability of the solution when applied in real life data.

However, for the intended purpose of serving as an initial
source for data annotation, the results are satisfactory. Since the
goal is to use this output as annotated data, it is considered
preferable to prioritize more precise detections rather than
maximizing the number of detected objects, even if this leads to a
proportional increase in FNs. To express it differently, Precision
is considered more relevant than Recall when the main objective
is to automatic feed data for annotation.

For future work, it is intended to reduce, as much as possible,
the number of internal parameters required at each stage of
the algorithm. Additionally, to improve the reliability of the
vegetation-related results, a dedicated database of trees located
near the power distribution networks will be developed. This
database will serve as a reference for more accurate validation of
this class. Furthermore, the ultimate goal is to use the annotated
data generated in this process to train neural networks, enabling
the evaluation and comparison of models trained with manually
created annotations versus those trained with the primarily
semi-automatic annotation proposed in this work.
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