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Abstract—This paper presents a hierarchical method for high
voltage power lines extraction and reconstruction. To begin, the
potential power lines points are differentiated from the pylons
and other plants using visual-based characteristics i.e., power
lines are non-vertical objects since they dangle above the ground
and have space between them, while vegetation and pylons are
vertical objects. The power line points are further refined from
noise and surrounding vegetation points using Hough transform.
The pylons are detected from vertical points using their shape
and area properties and used to obtain the power lines in the
form of span points at their locations. For bundles extraction, the
span points are divided into several segments and binary mask
is produced from each segment. Each binary mask is utilised
to link up the bundle segments using image-based techniques
and to rebuild the broken section of power lines. Finally, power
lines are modelled in 3D polynomial curve models. The proposed
method is tested on different spans from three different data
sets and object-based evaluation of the proposed technique yields
promising results.

Index Terms—Power lines, pylons, vegetation, span, bundles

I. INTRODUCTION

Power lines are an important component of an electric
power transmission network and are responsible for delivering
electricity from transmission grid sites to consumers [1]. To
keep the electrical transmission network cost-effective, safe,
and efficient across long distances, electricity is transported
over high-voltage power lines, which are made of thin, light-
weight wires with low resistance. The distribution of high-
voltage power lines is complex (e.g., multi-circuit and multi-
bundle), making power line maintenance more difficult [2].
For safe and dependable transmission, electricity lines must
be monitored on a regular basis. Regular monitoring of the
large network of power lines that span thousands of kilometres,
however, is difficult, and traditional surveillance systems are
time consuming and expensive [3]. In addition, many advances
were taken in remote sensing techniques, such as optical and
laser scanning systems, but the laser sensing system is active
in the sensors and not lighting-sensitive and collects dense 3D-
rich point cloud data to rebuild the 3D-details of natural and
structural objects from within. Unlike other sensing technol-
ogy, light detection and ranging (LiDAR) airborne technology
is highly suitable for the forest and mountainous landscapes
that cannot be implemented with mobile-laser (MLS) scanning
and TLS technologies [3]. From the given 1 Km2 scenario,

LIDAR technology can collect millions of 3D points. The
treatment of a large volume of point clouds is therefore
difficult because there are significantly less actual numbers
of points reflected by power lines than the input points [4].
This paper addresses these issues by proposing a method
that extract the spans first. These spans are then processed
individually for the extraction of power lines in the form of
bundles. The processing of each span individually reduced the
size of the input data and improved the process efficiency. To
speed up the procedure, parallel computing can also be used.
This paper is outlined as follows: Section II reviews state-
of-the-art power line extraction methods with point cloud
information. The proposed approach is described in detail in
Section III . The details of parameters, data sets and experi-
mental results are provided in Section IV. Finally, Section V
sets out a conclusion.

II. PREVIOUS WORKS

The power lines extraction methods can be divided into
two types: grid-based [5] and point-based [6] approaches,
depending on how the input points are processed. Grid-based
approaches interpolate 3D point cloud data into a 2D grid
space, with each grid cell (pixel) containing representative data
such point height or laser intensity values. They provide an
efficient approach of managing a great number of point cloud
data and take advantage of the ease with which various low-
level computer vision algorithms, such as segmentation using
region-growing techniques, may be applied. These procedures,
however, assume that every grid cell only represents one
object, although numerous overlapped objects may exist in
the same cell concurrently.
The point-based methods seek to extract (classify) individual
objects while considering every single point, and as a result,
they conduct a thorough investigation of all 3D points in order
to label each with an object class. The significant advantage of
point-based methods is that multiple objects that are vertically
overlapping can be labelled with different object classes,
though the computational cost of such a thorough investigation
is high.
In a 3D point-based approach, the power lines extraction
methods are further classified into three types based on the
clustering or classification of input points into individual



objects in the scene [7]. statistical analysis methods, i.e.,
height, density and number of pulses are utilised for extraction
of power lines [8]. Hough Transform (HT) [9] and RANSAC
[10] algorithms for power lines extraction are used in line-
based power lines extraction methods. Methods based on
supervised classification extract numerous features from the
input data before using a classification algorithm [11] [6] [12].
As stated, line-based methods are computer-cost, and wrong
topographic relationships can be established for large datasets,
especially when multiple objects are vertically overlapping. In
contrast, classification-based approaches [11] necessitate huge
training datasets, which are difficult to come by.
There are also hybrid methods for clustering or classifying
points into individual objects in the scene that combine two
or more of the previous approaches. Kim and Sohn [6] for
example, used the HT to extract lines and the RF to classify
locations into five categories, including wires and pylons.
With the help of laser reflectance data and numerous echoes,
Axelsson [13] devised a classification system based on the
minimum descriptor length requirement. The classification re-
sults were fine-tuned utilising the parallel and linear structures
found in the 2D grid space using the HT method.

III. APPROACH AND METHODOLOGY

The proposed method employs unsupervised processing
techniques that include both image-based and point-based
methods, but no machine learning techniques are used. As
shown in Figure 1, the proposed method consists of two steps:
span detection and extraction, and bundle extractions. In the
span detection and extraction process, a 3D voxel grid is
formed on each data set for separation of power lines from
pylons and vegetation by taking advantage of the fact that
pylons and trees are vertical objects, whereas power lines are
not. In the second step the candidate power line points are
processed using image-based techniques for the extraction of
bundles which is important for the modelling of power lines.

A. Span Detection and Extraction

As high-voltage power lines are typically located in forested
areas, a series of steps must be taken to remove pylons,
vegetation, and ground. The various steps of span extraction
on a sample data set are depicted in Figure 2(a-f). Firstly,
all points within 1 m of the ground have been considered as
ground points are removed. There are three key objects in the
non-ground points: power lines, pylons, and vegetation. These
non-ground points are classified as one of two types based
on the fact that pylons and trees in the data show vertical
continuity, whereas power lines hang over the terrain surface
and thus show vertical discontinuity. Vertical profile features
are computed over a 5×5×5 voxel grid (see Figure 2c) using
the method described in Kim and Sohn [9]. Each voxel is
divided into 1 m high fixed segments. For each voxel, the
number of ”continuous on segments” and ”continuous off
segments” is computed. Pylons and trees have high values
for “continuous on segments” but low values for “continuous
off segments,” whereas power lines have the inverse values.

Fig. 1. Flow chart of the proposed methodology.

The power line points are further refined vegetation and noise
points and extracted in the form of straight lines using HT
(see Figure 2d). By employing a statistical analysis technique,
these pylons are further separated from vegetation. Lastly, the
average points of a single pylon are estimated at the pylon
locations, which are further used to achieve intervals between
two successive pylons (see Figure 2f).

B. Bundle Extraction from Span:

The understanding of power lines design and its structural
characteristics is of paramount importance for the extraction
of bundles. These characteristics are generally derived from
power lines construction characteristics, i.e., power lines must
be spaced enough, cannot cross, they are over the ground
at different heights and when projected on horizontal plane,
appear as straight lines.
By using above mentioned characteristics, the span points de-
rived from the previous stage are divided into various segments
of 15 m length each, shown in Figure 3a . The length of each
segment is small enough to have a straight line for each bundle.
Points on each span segment are projected onto a 3D plane
orthogonal (see Figure 3b), to the direction of power lines and
the binary mask is generated following the procedures in [14]
using the projected points. The resolution Rs of binary mask



Fig. 2. Span detection and extraction steps on a sample scene: (a) Sample
data set; (b) Non-ground points; (c) 3D voxel grid; (d) Power lines points
refinement using Hough transform (HT); (e) Pylon locations detection; (f)
Span extraction.

is set to 0.25 m, assuming that the power lines that vertically
overlap each other have a height difference of at least 1 m.
Each black region in binary mask (see Figure 3c) corresponds
to a bundle segment from the span. Each mask is subjected
to a connected component analysis to determine the number
of bundles. The number of connected components denote the
number of bundles from the specified segment.
Thus, the bundle count is produced from every binary mask.

Power line points with no breakage and high point density,
ideally, have the same bundle count on all binary masks.
However, due to low density input data or a problem during
data acquisition, there may be large gaps in power lines. In
this case, all binary masks in the same bundle will not have
the same bundle count, making it difficult to determine the
actual number of connected components.
To address this issue, the probability is used to calculate the
likelihood of the actual number of bundles in the given bundle.
The probability is computed using the values of bundle count
across all masks in a bundle. Finally, all masks whose bundle
count match with the estimated probability value are used .
Figure 4 depicts some examples of connected components

Fig. 3. Bundle count estimation: (a) Span segments; (b) Orthogonal planes on
span segments; (c) Binary mask on segment points; (d) Connected components
analysis on binary mask.

used to represent bundles. Given that the relative positions
of the bundles do not change, the algorithm assigns the same
number to the component related to bundles across all of these
masks. Now every connected component which is labelled
the same across the masks is connected and combined to
provide the corresponding bundle with a complete set of points
(see Figure 4. Thus, the bundles having large gap remains
connected and extracted correctly. Finally the extracted bundle
points are modelled using 3D polynomial curve.

IV. PERFORMANCE STUDY

The details of the datasets, parameters and outcomes are
described in this section.

A. Data sets

To demonstrate the practicality of the proposed technique,
spans from three different data sets from Maindample (MDP),
Victoria, Bindebango (BDB), Queensland and Japan (JPN),
are used, as shown in Figures 5a, b and c, with densities of
23.7,56.4 and 51.4 points/m2 respectively. Table I summarises
the details of data sets that are used to evaluate the results. The
total number of bundles in Table I are estimated by counting
them from each span manually.

B. Parameter Setting

According to three different methods (literature, empirical,
and sensitivity analysis), input parameters were obtained. All
of these parameters have been tested on 15 spans from the
given three data sets with different power line structures.



Fig. 4. Bundle conductor extraction

TABLE I
SUMMARY OF THE DATA SETS.

Site Area Points Total
m2 All Span Bundles

MDP 1,170 × 330 56,515 6 30
BDB 667 × 530 435,579 6 36
JPN 581 × 180 104,811 3 10

Total 5,810×2,877 596,905 15 76

TABLE II
PARAMETERS SETTINGS.

Parameters Values Sources
Ground removal height 1 m [15]

Voxel size 5 m3 [6]
Span segment size 15 m This paper

Mask resolution 0.25 m [15]

C. Results and Discussions

We employed object-based completeness Cm, correctness
Cr, and quality Ql for performance evaluation, and they are

Fig. 5. The test datasets: (a) Maindample, Victoria; (b) Bindebango, Queens-
land and (c) JPN(Japan).

specified as:

Cm =
TP

TP + FN

Cr =
TP

TP + FP

Ql =
TP

TP + FP + FN

(1)

Where, TP represents actually detected bundles, incorrectly
detected bundles by the proposed approach are designated as
FP, whereas FN designated as bundles.
The object-based evaluation findings for the data sets are
shown in Table III . Almost all the bundles from three
databases are extracted, except the ones which have few points
hence cannot be extracted. Overall proposed method shows
99% accuracy. Figure 6 shows the visual results of bundle
extraction from different spans. Despite the lack of points in
some spans, all bundles are appropriately pulled.



Fig. 6. Power lines bundles extraction and reconstruction.



TABLE III
OBJECT-BASED EVALUATION OF BUNDLES EXTRACTION (ALL VALUES IN

PERCENTAGE).

Data sets Bundle Extraction
Comp. Corr. Qual.

BDB 98.3 98.5 97
MDP 100 100 100
JPN 94.7 100 94.7

Average 97.6 99.5 97.2

V. CONCLUSION

This paper proposes an explicit methodology for extracting
electricity lines in the form of bundles from forest areas.
Firstly, pylon locations are detected and spans are extracted.
Then span points are divided into many segments, with the
number of bundles and their locations being determined for
each segment. The final count from bundles is calculated using
probability. Following the count, image-based processing is
used to link up the bundle segments based on their locations,
and bundles are retrieved as a result. Finally, the bundles are
modelled using points retrieved from the extracted bundles.
The proposed method is tested on different spans from three
different data sets and object-based evaluation of the proposed
technique yields 99% accuracy for power lines extraction from
forested areas.
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