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Power line mapping using remote sensing can automate the traditionally labor-intensive power line corridor
inspection. Land-based mobile laser scanning (MLS) can be a good choice for the power line mapping if an aerial
inspection is impossible, too costly or slow, unsafe, prohibited by regulations, or if more detailed information on
the power line corridor is needed. The mapping of the power lines using MLS was studied in a rural environment
outside the road network for the first time. An automatic power line extraction algorithm was developed. The
algorithm first found power line candidate points based on the shape and orientation of the local neighborhood
of a point using principal component analysis. Power lines were retrieved from the candidates using random
sample consensus (Ransac) and a new power line labeling method, which takes into account the three-dimensional shape of the power lines. The new labeling method was able to find the power lines and remove false
detections, which were found, for example, from the forest. The algorithm was tested in forested and open field
(arable land) areas, outside the road environment using two different platforms of MLS, namely, personal
backpack and all-terrain vehicle. The recall and precision of the power line extraction were 93.3% and 93.6%,
respectively, using 10 cm as a distance criterion for a successful detection. Drifting of the positioning solution of
the scanner was the largest error source, being the (contributory) cause for 60–70% of the errors. The platform
did not have a significant effect on the power line extraction accuracy. The accuracy was higher in the open field
compared to the forest, because the one-dimensional point density along the power line was inhomogeneous and
GNSS (global navigation satellite system) signal was weak in the forest. The results suggest that the power lines
can be mapped accurately enough for inspection purposes using MLS in a rural environment outside the road
network.

1. Introduction
Uninterrupted delivery of electricity is a prerequisite for an efficient
functioning of a modern society. In rural environments, outside the
road network (e.g., forest) many threats exist in the corridors of overhead power lines, which may disturb the transmission and distribution
of electric power. Short circuits, blackouts, and forest fires are examples
of problems, which trees and other high vegetation near the power lines
give rise to [3,32,40,43]. Falling trees damage the power line components especially in stormy conditions, which may result in power
outages. Crown snow-load bends the trees causing a risk of contact with
the power line, and consequently disturbance in the power delivery.
Also, deterioration of power line components, such as corrosion, insulators cracks, and mechanical damage in the conductors is a problem

encountered in all environments [1,54]. The deterioration can follow
from a movement caused by wind, a poor manufacturing quality, or a
poor installation quality [1,54]. In some areas, storms, landslides and
floods can cause serious damage to the power lines [2,52]. Therefore, it
is important to inspect the condition of the power line corridor at
regular intervals. Traditional inspection techniques, in which the corridors are visually inspected either by foot or from a helicopter, are
labor intensive and subject to a human error [3,40].
Remote sensing is a promising technique for the efficient and objective inspection of the power lines. Remotely sensed data sources
range from satellite images to detailed photographs taken on the
ground or by climbing robots, and a large number of remote sensing
methods have been presented for power line monitoring in research
literature [40]. In principle, remote sensing fixes the problems of the
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traditional monitoring approaches. First, it is an efficient technique, as
large areas can be covered with low efforts. Second, if the remotely
sensed data can be interpreted using automatic computer vision algorithms, the assessment is no longer dependent on a subjective human
visual interpretation. Additionally, the data on the power lines will be
available for later reanalyzes.
Mobile laser scanning (MLS) with dense point clouds is an active
remote sensing technique that has gained a lot of interest in the recent
years [33,45,46]. It is well suited for corridor mapping, and it complements the more traditional airborne laser scanning (ALS) and also a
more novel unmanned aerial vehicle (UAV) based laser scanning
techniques. MLS provides more detailed information on the power line
corridor than aerial sensors and from a different viewing point, because
it operates on the ground level and closer to the power line. For example, power lines, narrow wooden poles, and vegetation below the
forest canopy can be mapped in more detail (Fig. 3), which can be
utilized in more advanced monitoring and maintenance operations. An
MLS system and its operation are cheaper compared to heliborne ALS,
and MLS could be used as a cost-efficient method to fill gaps remaining
after an aerial campaign. Gaps may exist, for example, due to flying
restricted areas or along complex networks. Because the flying costs are
high, one possible cost-efficient combination could be to fly faster, for
example, using a fixed-wing aircraft, which is much cheaper than using
a helicopter, and thus save in the data acquisition costs. Faster flying
speed inevitably causes more gaps, for example, in the curves and in
areas of complex networks. The gaps can be filled using MLS, whose
mobilization costs are lower than those of ALS. In other words, it might
be cheaper to fill the gaps using MLS instead of flying so slow that
hardly any gaps remain. MLS could also be used—possibly together
with UAV—when there is a need to have higher-quality information
from interest areas detected with ALS. MLS can be operated in more
challenging weather conditions than the flying systems, and, for example, moderate wind does not cause problems. MLS can also be
combined with a UAV to gain better coverage of the power line and
other components from different viewing points [39]. Overall, MLS can
be considered as a complementary data to airborne surveys.
So far, MLS has been applied in the mapping of the power lines in an
urban environment [12,17,29,56] and in a road environment [56].
MLS-based mapping of power lines in the urban environment is well
justified, because flying with a UAV or helicopter is difficult and inefficient there. The above-mentioned gaps in the data occur in all areas,
thus also outside the road network and in heavy forests. However, no
reports on the application of MLS outside the road network including
forest have been published so far. When considering the power line
corridor mapping, areas outside the road network differ from urban and
road environments, for example, in the ground surface roughness,
mobility restrictions (e.g., vegetation, rough terrain, rocks), and GNSS
(global navigation satellite system) satellite visibility (trees blocking
the signals). Because of these, the positioning accuracy of the MLS
system is worse and the point density in the direction of the trajectory
in the point clouds is more heterogeneous outside the road environment. Therefore, the automatic extraction of power line components is
more challenging outside the road network compared to an urban or
road environment. However, it should be noted that in the urban areas
high buildings also block the GNSS signal. In corridor mapping business
in Europe and USA, data acquisition costs dominate in the total costs,
and thus new acquisition techniques could have a remarkable business
potential.
In this paper, the automatic mapping of the power lines is studied in
a rural environment, outside the road environment; that is, in the forest
and arable land. The main contribution of this article is two-fold. First,
the feasibility of the MLS technology in the power line mapping is demonstrated outside the road environment for the first time, both in
forested and non-forested areas. Second, a novel algorithm is developed
that extracts power lines from MLS point clouds automatically. The
novelty of the algorithm is justified in Section 2.2. We also demonstrate

that most of the power line poles can be extracted with an automatic
method that uses rather simple principles and algorithms from previous
MLS studies. The accuracy of the developed methods is evaluated experimentally using data collected both with a personal backpack laser
scanner and a scanner mounted on an all-terrain vehicle (ATV). Neither
of the platforms has been applied in the MLS-based power line mapping
previously. In this paper, we compare the performance of the developed
algorithm in the open field to that in the forested area. A comparison is
also performed between the backpack data and the ATV data.
2. Background
2.1. The laser scanning methods in the mapping of power line corridors
Airborne laser scanning (ALS) is an important remote sensing
technique that has gained popularity in both research and practical
monitoring work during the last two decades. ALS is an active technique based on the lidar (light detection and ranging) principle, and it
produces accurate three-dimensional (3D) point clouds with x-, y-, and
z-coordinates and a return intensity [7]. The ALS data over power lines
is normally acquired from a helicopter, and the point density is typically tens of points per m2 but can be even hundreds of points per m2. A
typical absolute accuracy of the points is roughly 5–10 cm in the horizontal plane and 2–5 cm in the vertical direction on hard surfaces [40].
Such data can be utilized to map the shape of power lines accurately.
Detailed modeling of power lines with catenary curves has been discussed, for example, in [41]. Recently, laser scanning from UAVs has
also become possible [5,24,25]. This is likely to become a popular
technique in the future as it gives more flexibility for the data acquisition and reduces the costs. ALS, either from helicopters or UAVs, sees
power lines and their surroundings from above, which is advantageous
for the mapping of the power lines and trees near to them. However, it
also means that vertical poles and small components are not necessarily
clearly visible in the data. Tree cover can also limit the visibility of
power lines, and weather conditions can restrict the ability to fly over
the power lines.
Compared to ALS, MLS is a newer technology, which has been applied so far mostly in the precise mapping of urban and street environments. It is especially suitable for corridor type of applications
(e.g., roads) and power lines are to a certain extent well-defined corridor type objects of interest. MLS provides with ease of deployment
and data collection with good precision and level of detail for asset
modeling and monitoring. The mapping is not limited to the power line
itself, but it can generate accurate information on the terrain and vegetation in the close proximity of the line (Fig. 3). Outside the roads,
the mobility within the corridor can be achieved by using an all-terrain
vehicle (ATV), or deploying a specific backpack mounted lidar system
for the mapping task, also called personal laser scanning (PLS) [22].
The main advantages of MLS over ALS surveys are higher detail
from close to the objects of interest and operability in more challenging
weather conditions (e.g., wind). Acquisition cost of an MLS system is
cheaper, and there are multiple lidar sensors in the market to choose
from to meet the needs of the grid operator. Also operation cost is
considerably lower than that of, for example, heliborne ALS. However,
MLS cannot provide wide area data, especially when the terrain conditions are inoperable for an ATV or other wheeled platforms. Lower
acquisition and maintenance costs permit multiple systems for the price
of an ALS system, so more time-space efficient fleet could be used for
better mileage.
MLS operates at the ground level and thus substantially closer to the
power lines than ALS (0–20 m distance to the power line in MLS; typically at least tens of meters in ALS). Therefore, both the point density
of MLS (even > 1000 points per m2 at a 10-m range from the scanner)
and 3D precision of MLS (2–3 cm in good GNSS conditions, see
[19,27,34]) are considerably higher than those of the ALS data. Higher
point density enables the mapping of the surrounding environment
2
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more thoroughly and higher 3D accuracy of the point cloud makes it
possible to retrieve more accurate features, such as surface normals and
pole or trunk diameters. Also, the beam size of the laser (i.e., footprint)
is small in MLS compared to ALS, which enables the mapping of pylons
and assets in detail. Therefore, MLS maps the power line components
and the power line corridor in more detail than ALS. Compared to ALS,
the scanning geometry of MLS is better suited for the mapping the
power line components [40]. Power lines on top of each other are
difficult to detect from the ALS data due to vertical scanning pattern as
the uppermost power line shadows the ones below it from the top view.
Instead, such power lines are typically well visible in the MLS data [12],
because it is easy to control the trajectory of the sensor in order to
collect complete data of the power line components.
Narrow vertical objects such as power line poles are not always well
visible in the ALS data [4], especially if the flight path of the platform is
straight on top of the power line. However, poles can easily be distinguished from the MLS points clouds (Fig. 3). Also, the studies on the
detection of general vertical pole-like objects from the MLS data have
reported good results (see, e.g., [10,36]). Detailed modeling of pole-like
objects from the MLS data could be utilized, for example, to create more
accurate fragility models for utility poles [52]. The ratio of the tree
height to the diameter of the trunk defines how easily the tree bends,
for example, due to snow load. For the trees that are near the power
line, MLS can estimate both of these tree attributes accurately [38],
which is not necessarily true for ALS. This together with the MLS-based
accurate mapping of below canopy structures can be used to reveal
trees, or parts of a canopy thereof, that are in danger of falling across
the power line, for example, by accumulated snow.
Typically, cameras are incorporated into the MLS systems and the
image data can be used to model and monitor the state of the power line
components, such as insulators [44]. MLS would be an ideal choice to
collect up to date information on the power lines and possible damages,
which would be of high value after a natural disaster, such as a storm.
The MLS data can be collected with clearly lower efforts than what is
required for shooting an ALS campaign, and flying restricted areas and
moderate wind cause no problems.

to the width of the conductor. However, the footprint of the MLS is
considerably smaller than that of the ALS. Therefore, consistent intensity difference between the power lines and larger objects is not
observed in the MLS data. In addition, difference between the first and
last pulse (if applicable at all) is not a good feature as the ground is not
seen with the same pulses that see the power lines.
Power line component mapping using the MLS data has been studied in [12,17,29,56]. All studies have concentrated on urban or road
environments in which the data has been collected using wheeled
platforms based on road network.
Kim and Medioni [29] extracted power lines and poles from a
combined ALS and MLS point cloud. First, they removed the ground and
the buildings and then extracted the points whose local neighborhood
was situated approximately on a line in 3D space (linear points from
now on) using tensor voting. The power lines and the poles were retrieved from the linear points using surface growing. When growing the
power lines, they used only the linear points whose first principal
component was close to horizontal (power line candidate points); when
growing the poles, the direction was close to vertical. In addition, the
power lines were grown only from the points that had a large enough
height difference compared to the ground level.
Cheng et al. [12] classified and reconstructed power lines using the
MLS point clouds. First, they classified power line candidate points
based on the height above the ground level, up-down continuity (points
with empty space on top of and below them), a linearity measure similar to Kim and Medioni [29], and the point density. Then they extracted lines in the horizontal plane using Hough transform, a voting
method, which can be used to detect parametric shapes [14,20]. The
power lines were reconstructed using surface growing, surface patch
merging, and a second order curve fitting.
Guan et al. [17] extracted and reconstructed the power lines, the
poles and the towers from distribution and transmission lines using the
MLS data. First they classified the power line pole and the power line
candidate points using the height above the ground level and the point
density. Then, similar to Cheng et al. [12], they extracted horizontal
lines from the power line candidates using Hough transform. Guan et al.
[17] reconstructed the power lines using connected component labeling
and catenary curve fitting methods. The towers and the poles were
recognized by first segmenting the pole and tower candidate points and
then classifying the segments based on the segment size and shape.
Yadav and Chousalkar [56] classified and reconstructed power lines
from the MLS point clouds. First, they classified power line candidate
points based on the point's height with respect to the ground level using
a two-dimensional (2D) gridding. Second, based on 2D point density,
they removed vegetation and building points. Third, they extracted
lines in the horizontal plane using the Hough transform. Fourth, they
segmented single power lines and performed a second order curve fitting to fill gaps and to reconstruct the power lines in 3D.
The algorithm developed in this study extracted the horizontal locations of the power lines. The power lines were retrieved from the
candidate points as connected line segments. In the power line pole
extraction, we used the same basic principles as in Kim and Medioni
[29]. The power line extraction method contained the same two basic
phases as previous methods developed for the MLS point clouds, that is,
power line candidate point extraction followed by a retrieval of power
lines from the candidates. We classified the power line candidate points
in the same way as Kim and Medioni [29] and after that we used a
voting-based method similar to Cheng et al. [12], Guan et al. [17], and
Yadav and Chousalkar [56], to find horizontal lines from the candidates. The linearity measure that we used in the candidate point classification was the same used in [37], which is different to the methods
of Kim and Medioni [29] and Cheng et al. [12]. Instead of Hough
transform, we used random sample consensus (Ransac) [15] to find the
horizontal lines. Ransac is another type of voting method that can be
used, for example, to detect shapes from point clouds [9,11,51]. Because voting methods do not guarantee connectedness, the lines found

2.2. Related work and the novelty of the current algorithm
Power line mapping from ALS point clouds has been studied in, for
example, [6,13,18,26,30,41,42,57]. The methods typically consist of a
detection phase, where power line points are separated from the other
laser points, which is followed by a reconstruction phase, in which
points belonging to individual power lines are identified and the 3D
shape of the power lines is modelled. Different studies have treated the
different stages to various extents.
Typical approaches for the power line detection include line detection (e.g., [6,42]), analysis of the point cloud structure (e.g., [41]),
and classification using various features (e.g., [13,18,30]). In practice,
combinations of different approaches have been used in many studies.
Typical features used in the classification include the return intensity,
the difference between the first and the last pulse heights, and the
features describing the spatial distribution of the points. Machine
learning algorithms and increasing numbers of features have been used
in recent studies [18,30].
The reconstruction methods typically begin with candidate power
line points found in the detection stage. Then the methods proceed with
a geometric modeling of the power line. Iterative and piecewise
growing approaches have been presented [26,41]. The main idea is to
first define local models and then to refine them to achieve final and
complete catenary curve models.
ALS methods cannot directly be applied to the MLS data. For example, some existing ALS methods utilize the intensity of the returning
laser pulse or the height difference between the last and first pulses. The
intensity of the returning laser pulse is low for the power lines in the
airborne data, because the footprint of the laser beam is large compared
3
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using Ransac were segmented to retrieve connected power line segments, which provided the horizontal locations of the power lines.
However, if the basic 2D connected component (CC) labeling was applied (as in [17]) the connectedness criterion had to be rather loose due
to the large (even several meters long) gaps in the point cloud along the
power lines. The filling of the large gaps resulted in false detections, for
example, from the forest. To remove the false detections, a novel segmentation method, called connected power line search (CPLS) was
developed. CPLS utilizes the knowledge of the 3D shape of the power
lines. It is based on 2D CC labeling to which a smoothness constraint is
added, which takes into account the 3D shape of the power lines by
using also the z-coordinates of the points. CPLS was able to retrieve the
power lines and at the same time remove false detections, which the
original 2D CC labeling produced.
The novelty of our method lies in the way we remove false detections using the novel CPLS method. Our goal was not to reconstruct the
power lines in 3D as in Guan et al. [17], Cheng et al. [12], and Yadav
and Chousalkar [56], but to find their horizontal locations. However,
CPLS method utilizes also the z-coordinates of the point cloud to remove false detections.

Fig. 2. A photograph from the test site. The operator with the backpack laser
scanner can be seen under the power line.

the rotations of the platform. The data collection was carried out at a
95-Hz scan frequency and 488-kHz point measurement rate with 200Hz position and attitude data from the GNSS-IMU. The angular accuracy of the post-processed GNSS-IMU solution is estimated to be even
after 60 s GNSS outage 0.006°, 0.006° and 0.010° in roll, pitch and
heading, respectively. Scanner angular accuracy is estimated conservatively to be 0.005°. This results in an approximate 14-mm positional point uncertainty at 50-m range from the scanner.
Fig. 1 shows the trajectories of the two platforms during the data
collection superimposed on an aerial ortho image. In an open field area
with smooth terrain, the ATV is able to achieve clearly higher speed
than a walking person and thus it is preferred due to its efficiency
(number of kilometers of power line per hour). However, as the terrain
becomes rougher, especially in the forest, the PLS may become more
efficient as the terrain roughness, rocks, and other obstacles slow down
the ATV substantially. Therefore, the ATV trajectory was situated
mostly in the open field areas and the PLS trajectory only in forested
areas. An example of a point cloud collected using the backpack can be
found in the Fig. 3.
The one-dimensional (1D) point density along the power line
(hereinafter along-the-line point density) varied from approximately 15
points/m in the open field to hundreds of points/m in the forest. For the
given scan parameters the angular resolution in a profile was 1.2 mrad,
that is, 12 mm point spacing at 10 m distance from the scanner.

3. Data and equipment
3.1. The study area and data collection
The study area was situated in a rural district in Loviisa in Southern
Finland, and it contained forest and arable land (Fig. 1). The power line
corridor under study was situated almost totally outside the road network, and it contained a 20-kV power line with wooden poles (Fig. 2).
The laser scanner data was collected with an all-terrain vehicle
(ATV) and by a person with a backpack to which the scanner was installed (PLS). The laser scanner was a phase-based Faro Focus3D 120S,
which is originally a static 3D terrestrial laser scanner. However, in this
study the scanner was set on a profiling mode, where it scans close to
vertical cross-track 2D profiles of 305° field of view. In practice the scan
profiles are tilted forward to about 15–20° on the backpack and slightly
less on the ATV, but natural variation occurs due to terrain especially
for the ATV setup. The movement of the platform (ATV or a person),
tracked by the NovAtel SPAN Flexpak6 + UIMU-LCI GNSS-IMU positioning, gives the third dimension for reconstructing the scene in 3D.
The IMU (inertial measurement unit), is used, for example, to measure

Fig. 1. An aerial view of the study area. Ortho image
© National Land Survey of Finland 2011. Polygons
depict the training area (orange) and the two subareas inside test area that are the forest sub-area
(cyan) and open field sub-area (blue). The trajectories outside the training area compose the test
area. Yellow line corresponds to the PLS trajectory
and magenta line to the ATV trajectory.
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forested areas is that the power line corridor is often surrounded by tall
trees, which may block the GNSS signals hampering the positioning.
Due to the loss of signals, the accuracy of the positioning system deteriorates and the estimated position may drift severely. Typically, the
GNSS-IMU-positioning has been found to maintain better than 1 meter
horizontal accuracy in boreal forests, while the elevation may drift
more drastically, and is known to be the most uncertain direction to
determine with GNSS in general [28]. The drifting of the GNSS-IMU
solution may be compensated by applying simultaneous localization
and mapping (SLAM) [35]. However, combination of SLAM and MLS in
a forest environment is a rather new research topic, and thus SLAM was
not applied in this study. In the data set used in this study, the maximum horizontal drift in a 50-m-long power line was approximately
10 cm in the forest and in good GNSS conditions.
In rural areas, outside the road environment, the terrain is often
rugged in the power line corridor (e.g., forest). Therefore, the platform
speed (walking or ATV) is often slow and sometimes stalled due to
unavoidable stops and rerouting. The low platform speed results in
condensations of points in the point cloud, which may be challenging
for the automatic point cloud processing algorithms. For example,
condensations of adjacent scan lines during a stop may create features
in the point cloud that are similar to those of power lines. Therefore, we
removed points, which were collected when the 3D speed of the platform was < 2.5 cm/s, because then the platform was standing still effectively. Also, typically the accuracy of the GNSS positioning sensor
attitude deteriorates when the platform speed is slow, resulting in a
noisy appearance of the power lines in the point cloud.
Fig. 3. Two views to the MLS point clouds in the study area. The shade of
points is defined by the return intensity of the echoes. A black area in
middle corresponds to a 55° dead angle in the scanner field of view along
trajectory. For color illustration of the top figure, the reader is referred to
online version of the article.

the
the
the
the

3.3. Data pre-processing
After the data collection, the raw laser scanning data was georeferenced into a 3D point cloud using the post-processed trajectory
data. The data was projected to ETRS-TM35FIN map coordinate system,
and the point elevations were in ellipsoidal heights. Then the point
cloud was filtered to remove stray points falsely appearing in the air.
After removing the points collected during a low platform speed
(< 2.5 cm/s), most of the ground points were removed using the same
principles as in [37]. The ground extraction method is based on finding
smooth nearly horizontal surfaces from the point cloud using local
surface planarity measures, surface growing, and surface patch merging. As the MLS platform was moving rather close to the power line, it
was possible to remove the points whose horizontal distance to the
trajectory of the scanner was > 20 m without losing any power line
points. This limited the search space in the following power line extraction, which in turn decreased the computation times and lowered
the probability of incorrect detections from the surrounding environment.

The study area was divided into a training and test part (Fig. 1). The
training set (area) consisted of approximately 260 m of power line
corridor that was scanned with an ATV and contained both forest and
open field (Fig. 1). The test set consisted of the remaining part of the
study area. It contained approximately 770 m of power line scanned
with an ATV (ATV test set from now on) and 1065 m power line
scanned using a backpack scanner (PLS test set). The ATV test set
contained both forest and open field areas and the PLS test set, in
practice, only forest areas. The point densities along the power lines
varied similarly in the training and test sets.
The training area was used to tune the parameters of the developed
algorithms, whereas the test area was used to evaluate the accuracy of
the developed methods. The purpose of using separate training and test
sets was to avoid overfitting of the parameters to the data, which was
used to evaluate the accuracy of the algorithms.
In addition, two sub-areas were selected inside the test area (Fig. 1).
The first sub-area was situated in forest and it was scanned with both
the ATV and the backpack. The forest sub-area was used to investigate
how the automatic power line extraction works using the PLS compared
to using the ATV in the same area. The second sub-area was located in
the open field and it was scanned only with the ATV. The open field
sub-area was used together with the forest sub-area to compare the
performance of the automatic power line extraction in these two land
cover types.

4. Algorithms
The input to the power line and pole extraction algorithms was the
pre-processed point clouds (see Section 3.3). We assumed in all phases
of the algorithms that the power lines' slope is ≤45°. This is a valid
assumption in our test area, which contains no steep slopes. In more
hilly terrains (e.g., mountains), higher values may be needed. First, we
extracted power line candidate points and then we retrieved power
lines from the candidates. Poles were extracted after the power line
retrieval. A flowchart of the power line and pole extraction algorithms
can be found in Fig. 4. Pseudocode of the power line extraction algorithm can be found in the Appendix B. The selection of the values of the
parameters of the algorithm is described at the end of each section for
the most part. For some parameters, it was difficult to choose their
values using general power line properties. Therefore, we selected their
values using a grid search and a separate training data set (see Section
5.2).

3.2. The challenges of the mobile laser scanning technology in the power line
corridors outside the road network
Though kinematic approach provides with a reasonable and fast
way of completing corridor mapping tasks, the MLS technology possesses some challenges that need to be addressed. The major issue in
5
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Fig. 4. A flowchart of the power line and pole extraction algorithms. nblocks is the number of the point cloud blocks, i is the index of the point cloud block, CPL stands
for connected power line (i.e., a connected line segment classified as a power line), CPLS stands for CPL search, j is the number of consecutive calls of Ransac without
finding a power line, and CC stands for connected component. Pseudocode of the power line extraction algorithm can be found in the Appendix B.

4.1. Block-wise processing

neighboring points on the same power line; otherwise the point is not
necessarily classified as linear (criteria 1 and 2). The 26-neighborhood
should contain at least 3 points in order to decide whether they lie
along a line. The along-the-line point density of the MLS data of this
study was > 15 points per meter. If the voxel size was > 10 cm, the 26neighborhood would always contain 4 points or more; therefore 10 cm
can be considered as a practical lower limit for the voxel size (criterion
3). However, based on preliminary tests, the use of voxel size smaller
than 20 cm would result in too many non-power line candidate points
(criterion 4). Taking into account the distance between two neighboring power lines, 30 cm was a practical upper limit for the voxel size
(criterion 1). It was not clear which voxel size, 20 cm or 30 cm, would
result in the most reliable candidate point extraction results (criterion
4). Therefore, we selected the voxel size using the grid search.

During the data collection, the MLS data was divided into blocks of
approximately 6–15 million points and with length of 20–170 m along
the power line, depending on the platform speed and the amount of
vegetation around the power line corridor. Construction of the voxel
structure (Section 4.2) is the most computationally and memory intensive phase of the method, and it is much more efficient to construct
the voxel structure in smaller blocks than for the whole data set at once.
Also, Ransac is more efficient and reliable when it is performed locally.
Therefore, we extracted power line candidate points from each
block separately. However, the edges of the point cloud blocks cause
problems, especially if the direction of the power line changes close to
the edge. Then the remaining part of the line on the edge has to be
detected separately from the rest of the line because the lines are not
parallel. If the nonparallel section on the edge is shorter than the
minimum length of the line segment, the section cannot be detected
(Fig. 6(b)). Even if the power line does not change its direction, the
power lines may still be missed close to the edge because the extracted
lines may not be exactly parallel to the power lines.
To overcome these challenges, the power lines were retrieved from
the candidates of two consecutive blocks at a time, that is, from first
and second block, from second and third block, etc. In this way, each
block was processed twice in the conductor retrieval and, thus, the
same power line was typically detected more than once. However, the
line segments can be merged at post-processing to form unique power
line segments, but this was out of the scope of this study as we were
interested to find the 2D locations of the power lines.

4.3. The retrieval of the power lines
The power lines were extracted as connected line segments from the
candidate (linear) points (Fig. 4). First, a line was searched for from the
candidate points in the horizontal plane using random sample consensus (Ransac) [15]. Ransac is a method that can be used, for example,
to detect shapes such as spheres and cylinders from point clouds by
random sampling [9,11,51]. In this study, Ransac was used to detect
lines from a 2D point cloud in the horizontal plane in the following
way. First, two points were selected randomly and a line was fitted to
them. Then inliers, that is, all points whose normal distance to the line
was < 10 cm were retrieved. If the number of inliers exceeded a
threshold value of 100 points, the inliers were classified as points that
belong to a same line, and the line detection was considered successful
and finished. If the number of inliers was less than the threshold, a new
line was searched for from the point cloud as above by selecting new
point pair randomly. New point pairs were sampled until a line was
detected or until a maximum number of iterations m was reached,
where m is sufficiently large number. Even though Ransac was applied
in the horizontal plane, also the z-coordinates of the points were preserved in the line detection process in order to use them in the CPLS
method later.
After a line had been detected using Ransac, connected segments
were searched for from the line using the developed CPLS method that
takes into account the 3D shape of the power lines (see Section 4.3.1).
The longest connected segment was retrieved and if it was longer than
20 m and contained > 100 points, it was classified as a power line.
Points belonging to the segment were removed from the list of power
line candidate points.
Next, a new power line segment was searched for from the remaining candidate points using the same procedure. The procedure was
repeated until no acceptable connected line segment was found in 2000
consecutive calls of Ransac or if Ransac did not find a line.
The maximum normal distance to the line for the inliers (10 cm) was
selected based on the grid search. 10 cm was also the maximum horizontal drift along a 50-m-long power line in good GNSS conditions in
the forest (see Section 3.2). The minimum length of a power line segment (20 m) was set based on the grid search. The minimum number of
points in the power line (100 points) was set rather low in order to find
conductors also in areas of low point density. The threshold for the
number of inliers in Ransac (100 points) was set equal to the minimum
number of points in a power line. The maximum number of iterations m
inside Ransac determines the reliability of line detection; the greater m
is the higher the probability that all lines in the point cloud are detected. Higher value of m means also more computation. It can be
shown that m can be chosen in such a way that the probability of

4.2. The extraction of the power line candidate points
Points corresponding to power lines have a local neighborhood in
which all points lie approximately on a line. Such points are referred to
as linear points in the following and they were classified using the
principal component analysis (PCA) (see, e.g., [23]). PCA gives the
directions of the highest variances, that is, principal components (PCs)
and the corresponding variances of a set of points. First PC corresponds
to the direction of the line that best fits to the point set using a least
squares criterion [8]. Let λ1 ≥ λ2 ≥ λ3 be the variances corresponding
to the first, second and third PC of a point set. If the highest variance λ1
3
explains most of the total variance i = 1 i , the points are situated approximately on a line. Therefore, we used a linearity measure L [37] to
3
classify linear points with an equation L = λ1/( i = 1 i ). If the linearity
L of a point was above a threshold, the point was classified as linear. We
used a threshold value of 0.9 for L, which was selected based on the grid
search and previous experience. We also assumed that the power line's
slope is not > 45° and hence linear points, whose first PC was sloped
more than this were removed. The remaining linear points were selected as candidates, which were used in the next phases of the algorithm to find power lines.
To hasten processing, the point cloud was divided into a regular
voxel structure similarly as in [37], and with a voxel size of 30 cm. The
linearity L was calculated for each voxel by performing the PCA for the
points inside the 26-neighborhood of the voxel. Each voxel was classified as linear or nonlinear based on L and points inside the linear
voxels were labeled as linear.
The voxel size should be selected based on four criteria: 1) the
distance between two neighboring power lines, 2) the distance between
the power lines and other objects, 3) along-the-line point density, and
4) reliability of the power line candidate point extraction. The neighborhood of a power line voxel should not contain any other points than
7
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detecting a line is greater than or equal to some fixed value (see
Appendix A). Therefore, we fixed the lower limit for the probability of
detecting a line to a value of 0.9 and based on that we calculated m. The
lower limit of 0.9 was chosen based on a balance between computational complexity and reliability of detecting a line. The minimum size
of a line needed in the calculation of m (Appendix A) was set equal to
the inlier threshold of 100 points. Various values were tested for the
maximum number of consecutive Ransac calls without a found power
line segment and 2000 repetitions was found to be enough.

detected as poles. However, the shape of the power lines (long linear
structures) is such that they are rarely found from the forest. Therefore,
the extracted power lines can be used to limit the search space in the
pole extraction.
All parameter values of the pole extraction were selected using the
grid search. The results were found not to be sensitive to the maximum
angle of the voxel's first PC and vertical direction. Often, the supporting
poles are at least in 30° angle with respect to the vertical direction. To
be able to retrieve all these structures, we selected the largest value of
the grid (45°).

4.3.1. Connected power line search (CPLS) method
As Ransac does not guarantee point connectedness along the line, a
connected segment is usually searched for from the points on the line
using, for example, connected component (CC) labeling (see, e.g., [50]).
However, the application of the basic version of the CC labeling exhibited also segments that were not power lines, for example, from
candidate points found from the forest. Therefore, we developed a
modified version of the basic algorithm that also takes into account the
3D shape of the power lines. We call the developed method ‘connected
power line search’ (CPLS). A pseudocode of the CPLS algorithm can be
found in Appendix B (Algorithm B.2).
CPLS from the points that lay on the line detected by Ransac started
by ordering the points along the line. The first point on the line was
selected as a seed for the first segment and the seed was compared to
the next nwindow points on the line. Those of the next nwindow points,
which satisfied the following two conditions were added to the segment: 1) the horizontal distance to the seed point was below 4 m and 2)
the slope of the line joining the point and the seed was < 45°, that is,
the maximum assumed slope of a power line. Next, the last point of the
segment was retrieved and it was compared again to the next nwindow
points on the Ransac line; new points were added to the segment using
the same criteria (1–2) as above. This procedure continued until no new
points that satisfied the conditions (1–2) were found on the Ransac line.
Next, a new segment was initialized by selecting the first point from the
set of Ransac line points that did not belong to any segment yet. This
point was set as a seed and the segment was grown similarly as above.
New segments were searched for until all points on the Ransac line
belonged to some segment. Noise in the coordinates of the points may
cause large angles between nearby points. Therefore, the angle criterion
(2) was ignored if the points were < 10 cm apart.
The maximum horizontal distance to the last point (or seed point) of
the segment (4 m, criterion 1 above) in the connected segment search
was selected based on the grid search. For the size of the search window
nwindow, 30 points was found to be large enough value based of testing.

5. Results and discussion
5.1. Reference collection and accuracy evaluation
All power lines and wooden poles were collected manually from the
point clouds to be used as a reference in the evaluation of the accuracy
of the methods. The power lines were collected as 2D line segments
between the end points of spans (two consecutive poles). For each pole,
the 2D location was collected.
The accuracy of the power line extraction was evaluated point-wise
by sampling the reference lines (RLs) and extracted lines (ELs) uniformly. An RL sample point was marked as ‘found’ if at least one EL
sample point lay within a 10-cm range from it; otherwise the RL point
was marked as ‘missed’. 10 cm was used as an acceptable error tolerance, because it was the maximum horizontal drift in a 50-m-long
power line in the forest and in good GNSS conditions (see Section 3.2).
The recall was defined as the ratio of number of found RL samples to the
number of all RL samples. Recall was evaluated by sampling the RLs in
1 m and ELs in 1 cm intervals. An EL sample point was marked as ‘true
positive’ if at least one RL sample point lay closer than 10 cm from it;
otherwise it was marked as ‘false positive’. The precision was defined as
the ratio of number of true positive samples to the number of all EL
samples. Precision was evaluated by sampling the ELs in 1-m and RLs in
1-cm intervals.
The accuracy of the pole extraction was evaluated by comparing the
center points of the extracted poles to the locations of the reference
poles in the horizontal plane. A reference pole was marked as found if a
detected pole was found within 0.5 m from it; otherwise the reference
was marked as missed. The corresponding extracted pole was marked as
true positive. The recall of pole extraction was defined as the ratio of
number of found reference poles to the number of all reference poles.
The precision was defined as the ratio of number of true positive poles
to the number of all extracted poles.
Because Ransac contains random sampling, the outputs of the algorithms vary from one repetition to another. Therefore, the precision
and recall are random variables. To gain results which describe how the
algorithm works on average, we repeated the power line extraction 100
times with the test set. In the parameter tuning (see Section 5.2) the
number of repetitions had to be limited to 10 with the training set,
because of the large number of repetitions needed in the tuning.

4.4. The extraction of the power line poles
The extraction of the wooden poles of the power line (poles hereinafter) consisted of four phases. First pole candidates, that is, linear
voxels (see Section 4.2) which were closer than 2 m to the extracted
power lines were retrieved. As the poles are nearly vertical structures, it
was also demanded that the angle between the candidates' first PC and
vertical direction was < 45°. Second, CCs were retrieved from the pole
candidates using the 26-neighborhood as a connectedness criterion as
in Lehtomäki et al. [37]. These two phases were performed for all pairs
of adjacent data blocks. Third, all found segments, that is, CCs from all
pairs of blocks were merged using the pole merging algorithm of Lehtomäki et al. [36]. In the merging algorithm, two segments were
merged if the gap between them along the main axis (first PC) of the
longer segment was < 1 m and if the center of mass of the shorter
segment was < 5 cm apart from the main axis of the longer segment.
Finally, all merged segments, which were longer than 2 m were classified as poles.
Poles were extracted after the power lines in order to retrieve less
false detections. If pole detection had been performed before power line
extraction a considerable number of tree trunks would have been

5.2. Parameter selection
The values of most of the parameters of the power line extraction
algorithm were selected using prior knowledge of the characteristics of
the power lines. However, some parameters were such that their values
were difficult to select using only prior knowledge. Also, some parameters were dependent on each other, that is, their optimal values
depended on the values of other parameters. Therefore, we used a separate training data set (see Section 3.1) and a d-dimensional grid
search to select the values of these parameters, where d is the number of
the parameters.
Grid search is a brute-force method (also called exhaustive search)
to optimize parameters by evaluating the objective function in a regular
grid [21,47]. The grid dimensions correspond to the parameters to be
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Table 1
The results of the extraction of the power lines in the test set. The results are
from the 100 repetitions of the power line extraction. The standard deviations
over the repetitions were less than 1 percentage point in all cases.
Platform and area
Test set (ATV + PLS)
ATV test set
PLS test set
PLS forest
ATV open field
ATV forest

Mean recall of power line
extraction (%)
93.3
93.6
93.1
98.8
99.9
97.7

Mean precision of power
line extraction (%)
93.6
95.5
92.3
93.2
97.4
93.7

candidate points in practice. If the linearity threshold had been 0.95,
the recall would have decreased 0.8 percentage points. We have used a
threshold of 0.9 for the linearity also in other applications successfully
to classify linear elongated shapes (see, e.g., [37]). Using 10 m as a
minimum length of a connected line segment would have decreased
recall < 0.5 and precision > 1 percentage point. If the minimum length
was 20 m or higher, the parameter could be used to find a suitable
application-specific balance between precision and recall. When the
minimum length was 40 m, the precision was as high as 98.7% while
the recall was 94.0%. Based on our objective function, best balance was
found using 20 m. If the upper limit for the normal distance to the line
for the inliers of Ransac had been set to 5 cm, recall would have decreased 1 percentage point. 10 cm was justified also by the fact that the
maximum horizontal drift in a 50-m-long power line was approximately
10 cm in the forest and in good GNSS conditions.

Fig. 5. The point cloud (shades of gray) and the extracted power line points
(green).

optimized and each grid vertex corresponds to one parameter value
combination. The objective function is evaluated at each vertex and the
vertex (parameter value combination), which gives the highest value
for the objective function is selected as optimal. In this study, the objective function was the mean of the precision and recall which was
further averaged over the 10 repetitions (see Section 5.1).
First, five parameters of the power line extraction were tuned in a
5D grid. Then they were fixed to the optimal values and five pole extraction parameters were tuned in another 5D grid. The power line
extraction parameters were (grid vertex values inside brackets; all units
in meters except for the dimensionless quantities or if stated otherwise)
the voxel size (0.2, 0.3), the minimum length of a connected line segment (10, 20, 30, 40), the maximum distance in CC labeling (2, 4, …,
10), the threshold for the linearity measure (0.9, 0.95), and the upper
limit for the normal distance to the line for the inliers of Ransac (0.05,
0.1). The five pole extraction parameters that were tuned using the grid
search were the maximum horizontal normal distance to the power line
(1, 2, 4, 6), the minimum height of a pole (1, 2, …,7), the maximum gap
in a pole (1, 2, 3), the maximum distance between the poles' axes in the
merging (0.05, 0.1, 0.2), and the maximum angle between the first PC
of vertical voxels and the z-axis in degrees (15, 30, 45). The values of
the grid vertices were selected based on prior knowledge and preliminary tests.
Based on the grid search, the voxel size was set to 30 cm, the
minimum length of a connected line segment to 20 m, the maximum
distance in CC labeling to 4 m, the threshold for the linearity measure to
0.9, and the upper limit for the normal distance to the line for the inliers
of Ransac to 10 cm. In the pole extraction, the maximum horizontal
normal distance to the power line was set to 2 m, the minimum height
of a pole to 2 m, the maximum gap in a pole to 1 m, the maximum
distance between the poles' axes in the merging to 0.05 m, and the
maximum angle between the first PC of vertical voxels and the z-axis to
45°.
Using the optimal parameter settings gained from the grid search,
the recall of power line extraction with the training set was 98.8%; the
corresponding precision was 96.2%. The selection of grid vertex values
for the voxel size is explained in Section 4.2. If voxel size had been
20 cm instead of 30 cm, the average recall would have been 1 percentage point lower but the precision would have remained the same.
However, the maximum distance in CC labeling needed to be changed
into 2 m in order to achieve this accuracy. If one wants to achieve the
same recall with a 20-cm voxel size as with the 30-cm voxel size by
tuning the other parameters, the precision would be as low as 93% or
less. A 2-m maximum distance in CC labeling would have resulted in a
1-percentage-point decrease in the recall, but then one must have used
a 20-cm voxel size. If the maximum distance of the CC labeling had
been changed into 6 m, 8 m, or 10 m the accuracies would have been at
least 2 percentage points lower. Based on preliminary tests, the use of
lower linearity threshold than 0.9 did not provide more power line

5.3. Power line extraction results
A view to the point cloud with extracted power lines highlighted can
be found in Fig. 5. The results of the accuracy evaluation of the power
line extraction in the test set are listed in Table 1. The table lists the
average recalls and precisions over the 100 repetitions separately for
the PLS and the ATV point clouds and the forest and open field subareas. In the evaluation of the combined test set (ATV + PLS), the ATV
and PLS test sets were treated as if they were two separate areas. The
standard deviations of the samples over the 100 repetitions were less
than 1 percentage point in all cases.
The recalls in the PLS and the ATV test sets were very close to each
other (less than 1 standard deviation over the 100 repetitions) but the
recall in the ATV test set was slightly higher. However, the precision in
the PLS test set was clearly lower (3.2 percentage points) than in the
ATV test set.
In the forest sub-area, the recall of the PLS was 1.1 percentage
points higher than that of the ATV, which is more than the standard
deviation, and thus somewhat significant. However, the difference can
probably be explained by the stray points around the power lines in the
ATV forest sub-area (see Section 5.4). The precisions were similar between the PLS and ATV in the forest sub-area. Hence, there does not
seem to be differences in the accuracies between the platforms.
A clearer difference can be seen between the ATV forest and the
ATV open field sub-areas. In the open field, the recall and precision
were 2.2 and 3.8 percentage points higher compared to forest.
The recalls of all sub-areas were clearly higher than those of the
whole test sets (ATV or PLS). This was caused (by chance) by the selection of the sub-areas. Most of the missed reference power lines were
situated close to the borders of the ATV test set, which were not part of
the sub-areas. In addition, most of the missed reference power lines
were outside the forest sub-area in the PLS test set.
We also performed a statistical analysis of the results to analyze how
much the results varied between the repetitions. The 100 samples of the
recall and precision of the power line extraction in the ATV test set, PLS
test set, and the whole test set passed the Wilk-Shapiro test for
9
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Fig. 6. Different causes for the errors in the power line extraction: (a) drifting of the positioning; (b) the edge of the point cloud; (c) heterogeneous along-the-line
point density; (d) pole location and non-power line point classified as linear.

normality [48,49,53,55] with a significance level of 0.1. As also the
standard deviations of the samples were less than 1 percentage point, it
can be stated that the precision and recall of the power line extraction
lay close to the mean value in all repetitions and the method is robust
against the random sampling.

points caused errors only in the forest part of the ATV test set.
Other considerable causes for the commission errors were a heterogeneous along-the-line point density (approximately 40% of the
commission errors were caused by this) (Fig. 6(c)), non-power line
points classified as linear (20%), and pole locations (20%) (Fig. 6(d)).
Especially in the forest, the velocity of the scanner was nonuniform,
which caused condensations of points in the low-velocity locations. If
Ransac samples candidate points on two or more locations where the
along-the-line point density is high, the number of points on the line
travelling through these locations could reach the threshold and a false
line could be detected (Fig. 6(c)). In pole locations, the power line may
change its direction. This can cause two types of commission errors
(Fig. 6(d)). First, the extracted line may extend outside the reference
line after the change of the direction due to a non-power line linear
point. Second, the extracted segment can take a short cut in the pole
location.
The heterogeneous along-the-line point density caused more commission errors in the PLS test set than in the ATV test set and was the
main reason for the lower precision in the PLS test set compared to the
ATV test set. The reason for the difference is that the velocity of the
scanner varied more in the forest than in the open field. The PLS test set
was almost entirely in the forest whereas approximately half of the ATV
test set was in the open field.
Most of the commission errors were situated close to the power line.
In the ATV test set only 6% and in the PLS test set only 10% of the
commission errors came from the forest surrounding the power line.

5.4. The error analysis of the power line extraction
The causes for the errors listed in this section are contributory,
which means that there may have been two or more reasons for a
particular error case. Therefore, the sum of the percentage points exceeds 100. We performed the error analysis by checking visually the
results of several repetitions of the power line extraction from the test
set. Therefore, the percentages provided in this section are estimates.
The drifting of the positioning was the largest error source in the power
line extraction; it was the cause for approximately 60–70% of all errors,
including the missed reference power lines (omission errors) and the
false power lines (commission errors). Because of the drifting, the
power lines in the point clouds were not lines but curves that drifted
around the reference and sometimes their distance to the reference was
larger than 10 cm, thus causing omission and commission errors
(Fig. 6(a)).
Other considerable causes for the omission errors were a poor visibility of the power lines in the point cloud (this caused approximately
40% of the omission errors), the edges of the point clouds (20%)
(Fig. 6(b)), stray points around the power lines (10%), and that the
power lines were inside tree branches (5%). The edges of the point
cloud mean either the starting or ending points of the data collection or
a branching line. If the direction of the power line changes close to the
edge, the power lines may be missed there, because the branch or the
non-parallel segment is shorter than the minimum length of the power
line segment (see Section 4.1 and Fig. 6(b)). The stray points and tree
branches around the power lines caused that the power line points were
not classified as linear and the power lines were thus missed. Stray

5.5. Power line pole extraction results
The precision and recall of the extraction of the power line poles in
the ATV test set were 5 and 6.5 percentage points higher, respectively,
compared to the PLS test set (Table 2). As in the power line extraction, a
probable reason for the differences was that half of the ATV test set was
situated in the open field whereas the PLS test set was situated almost
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Also, the differences in the measuring equipment, data quality, properties of the test sites (e.g., number of power lines), and the differences
in the algorithm outputs (e.g., 2D locations of the power lines vs. reconstructed 3D power lines) make the comparison even harder. Yadav
and Chousalkar [56] reported recall (completeness) of 91% and precision (correctness) of 99% in the power line extraction in a road environment (urban, peri-urban and rural). In the urban environment,
Guan et al. [17] reported recall and precision values of 92% and 99%,
respectively, in the power line extraction, and Cheng et al. [12] reported a recall of 94% and a precision of 99%. The recall of our method
falls between the recalls of the studies listed above and is therefore in
line with the previous results. However, the precision of our method is
5–6 percentage points lower compared to the previous studies. In our
study, most of the commission errors were caused by the inhomogeneous along-the-line point density and the drifting of the positioning. These were not reported in [56,17,12], even though the GNSS
signal may be weak in urban canyons [16,31,45]. In the urban and road
environment, the terrain is smooth and the driving speed can be kept
much steadier compared to the areas outside the road environment
(e.g., forest). Consequently, the point density is more homogeneous and
the positioning solution more accurate.

Table 2
The results of the extraction of the power line poles in the test area. The results
are from the 100 repetitions of the power line extraction. In total, the ATV test
set contained 18 and the PLS test set 28 poles.
Platform

Mean recall of pole extraction
(%)

Mean precision of pole extraction
(%)

83.3
76.8
79.4

99.4
94.4
96.0

ATV
PLS
ATV + PLS

entirely in the forest. In the forest, GNSS outages caused problems. The
precisions were clearly higher than the recalls (Table 2), which means
that most of the errors were caused by the undetected poles and only
small amount of false detections were retrieved.
In the pole extraction, the results varied more between the repetitions
compared to the power line extraction. The recall was constant in the ATV
test set over all repetitions, but the precisions in both test sets and the recall
in the PLS test set varied 7–20 percentage points (maximum value minus
minimum value) between the repetitions. The large variation is natural,
because the number of poles was rather small (18 in the ATV and 28 in the
PLS test set). For example, in the PLS test set, missing of even one pole
caused already a decrease of 3.6 percentage points in the recall.

6. Conclusion

5.6. Discussion

Aerial laser scanning (ALS or UAV) and land-based mobile laser scanning (MLS) are accurate remote sensing techniques that can be used to
automate the inspection of the power lines, which has traditionally been
labor intensive and subject to human errors. When the aerial inspection is
impossible or unsafe, for example, due to regulations or weather conditions,
MLS might be a good choice for the power line corridor inspection. In addition, MLS provides mapping information with a higher level of detail in
the power line corridor due to the higher point density and 3D accuracy. In
some cases, MLS could be a cheaper choice compared to the aerial inspection. MLS could also be used to fill gaps that remain after the aerial
inspection. It is also usually easier to shoot an MLS campaign compared to
an airborne one, if some area needs to be inspected urgently.
The application of the MLS to the power line mapping was studied
in a rural environment outside the road network for the first time. In
addition, a novel algorithm that automatically extracts the power lines
from an MLS point cloud was developed and tested in a rural area,
outside the road environment that contained both open field (arable
land) and forest. Also, the extraction of the wooden power line poles
was investigated using existing methods in the literature. Two different
platforms, that is, a personal backpack and an all-terrain vehicle (ATV)
were used to carry the scanning equipment.
The recall and precision of the automatic power line mapping were
93.3% and 93.6%, respectively. An extracted power line was considered
correct if it was closer than 10 cm to the reference. The drifting of the
positioning solution of the scanner was the largest (contributory) cause
for the errors, causing 60–70% of all errors. The ATV and personal
backpack platforms provided similar accuracy. However, the accuracy
was higher in the open field compared to the forest. The differences
were mainly caused by the inhomogeneous 1D point density along the
power line and the weak GNSS signals in the forest.
The achieved accuracies are comparable to those of the previous
studies in the urban and road environments, taking into account the
differences between the areas inside and outside the road network. The
results suggest that the accuracy of the power line mapping using MLS
is enough for inspection purposes also outside the road environment.
In contrast to the airborne or UAV operations, the MLS approach avoids
the need for paper work and experienced personnel in the data collection.
Roughly speaking, the typical cost of the power line mapping is in the range
of 100€/km in the European conditions. MLS is a feasible and cost-effective
technology for the power line mapping if the daily inspection exceeds 15 km
of power line, including the data processing. When using an ATV, data
of > 100 km can be daily collected if moving inside the power line corridor

5.6.1. The effect of platform and land cover type
The results suggest that the platform does not have a significant
effect on the accuracy of the power line extraction: The PLS and the
ATV produced similar accuracy when applied in the same area. Instead,
the land cover type (forest/open field) seems to have much stronger
effect. Especially the precision but also the recall were higher in the
open field sub-area and the open field dominated ATV test set compared
to the forest sub-area and the forest dominated PLS test set, respectively. The precision was lower in the forest mainly because the alongthe-line point density was inhomogeneous there due to the varying
platform velocity.
5.6.2. The main error sources and suggestions for future actions
In all areas, the reason for most omission and commission errors was
the drifting of the positioning solution of the scanner. In the forest, tall
trees near the power line were a significant cause for the drifting, because they blocked the GNSS signal. This was also probably the main
cause for the lower recall in the forest compared to the open field. As
the edges of the point clouds caused a considerable amount of omission
errors, they need to be taken into account in the planning of the data
collection or post-processing of the data. The data collection should
extend far enough outside the area of interest or the edges should be
checked manually during the data processing.
In one location, the ATV had to deviate from the power line corridor
and drove into the forest. This was very clearly seen in the positioning
solution, where especially the z-coordinate started to drift fast. This
underlines the need to tackle the problem of weak GNSS signal due to
trees in future studies [35].
5.6.3. Pole detection
Even though the recalls of pole extraction were clearly lower than those
of the power line extraction, MLS seems a promising technology also for the
pole extraction. The pole detection method used in this study was based on
rather simple principles and improvements in the detection accuracy can be
assumed when a more sophisticated method is developed.
5.6.4. Comparison to previous studies
Previous studies on the extraction of power lines using the MLS data
have concentrated on urban or road environments and, therefore, it is
challenging to compare our results to those of the previous studies.
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is easy enough and not limited too much by steep slopes or dense canopies.
It is also easier and cheaper to multiply ground based systems than airborne
units for improved data output. As with the ALS, when planning an MLS
measurement campaign, the operator needs to take into consideration areas
of limited access (e.g., the areas of the growing corn). Also, possible obstacles along the route (e.g., steep slopes, larger ditches, and rivers) need to
be considered.
The extraction of the power lines and their catenary curves separately in
each span was not treated in this study and will be a topic of a future study.
In addition, the use of SLAM (simultaneous localization and mapping) [35]
and related techniques, high density ALS data [40], and more accurate IMU
(inertial measurement unit) to improve the accuracy of the georeferencing
in case of a weak GNSS signal and rough terrain will be studied. The
homogenization of the point distribution and the measurement of the distance between the vegetation and the power line are other future research
topics. MLS has turned out to be a promising technique for the mapping of
the trees in a forest environment [38], and could thus be used to map the
vegetation in the power line corridors. Due to its viewing direction and data
density and accuracy, MLS maps the forest around the power line corridor
thoroughly and accurately—also below the forest canopy. Hence, the MLS
data could be used to estimate prediction models for the vegetation growth,
possibly complemented with the ALS and other remotely sensed data. The

accurate vegetation growth models would provide valuable information for
the planning of cost-effective maintenance operations for power line corridors.
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Appendix A. The number of the iterations inside Ransac
In this appendix, we derive a formula for the maximum number of iterations m in Ransac such that the probability of detecting a line is larger than some
lower limit. The larger the value of m is, the higher is the probability that a line is detected. The aim is to first fix a desired lower limit pdet for the probability of
detecting a line and then set the value of m such that this limit is exceeded. To do this, below we derive an expression for m as a function of pdet.
Let the task be to apply Ransac algorithm once to a point cloud (see details in Section 4.3) in order to find the smallest line, that is, the line that contains
the least amount of points in the point cloud. Typically, the point cloud contains several power lines, but here we are interested to find only the smallest line.
The reason for using the smallest line follows from the fact that we want to find the lower limit for the probability to find any line from a point cloud. The
more a line contains points, the higher the probability is that the line is detected. Therefore, the probability of finding the smallest line is a lower limit for the
probability of finding any line from the point cloud. Of course, the size of the smallest line is not known beforehand. However, we can estimate this size based
on the minimum along-the-line point density (see Section 3.1) and minimum power line length.
Let us assume that the smallest line consists of k points T = (t1, … , tk) and that a point cloud, which contains K points exists such that it contains
the set T. If k and K are known, a probability pdet that the line is detected from the point cloud can be calculated as a function of m. Below, we first
derive a formula for pdet as a function of m, k, and K. As this is the probability of detecting the smallest line, it is also the lower limit for finding any
line from the point cloud. Second, we derive a formula for m as a function of pdet, k, and K, which is the objective of this appendix.
Let us assume that a point cloud exists, which contains K points in total and that the point cloud contains exactly one line, which consists of k
points T = (t1, … , tk). In one iteration of Ransac, two points u1 and u2 are randomly selected from the point cloud without replacement. An indicator
variable A is defined such that

A

1, u1, u2 T
0, either u1 T or u2

T or both

.

(A.1)

That is, the line of size k is detected if A = 1 and otherwise not. Let p1 = P(A = 1), that is, the probability that A has a value of 1 and p0 = P
(A = 0). p1 and p0 can be expressed as a function of k and K using the equations

p1 = P(A = 1) =

k (k
·
K (K

p0 = P(A = 0) = 1

1)
1)

(A.2)
(A.3)

p1

Let Ai be the value of A in iteration i of Ransac, i = 1, … , m. The probability of not detecting a line of size k in the first m iterations equals p0m.
Hence, the probability of detecting the line in the first m iterations pdet = 1 − p0m. This equation can be solved for the variable m by using the
identity logav = ln v/ ln a, where a > 0 is the base of the logarithm and v > 0:

pdet = 1

p0m

p0m = 1

pdet

m = log p0 (1

m=

m=

pdet )

ln(1 pdet )
ln p0
ln(1
ln(1

pdet )
p1 )

.

If we substitute p1 into this equation from Eq. (A.2), we gain a formula for m as a function of pdet, k and K:
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m = ln 1

k (k
K (K

1)
1)

1

ln(1

pdet ).

(A.4)

If all the lines in the point cloud contain at least k points, the probability of detecting any of them will be pdet or higher if m iterations are
performed in Ransac.
Appendix B. The pseudocode of the power line extraction algorithm
In this appendix, the algorithms for the power line extraction are presented as a pseudocode. The Algorithm B.1 is a parent function, which calls
the other two functions, that is, Algorithm B.2 and Algorithm B.3. It is assumed that the indexing of an array starts from one, that is, B(1) is the first
element of the array B.
Algorithm B.1. Extract power line segments from a 3D point cloud.
Algorithm B.1 Extract power line segments from a 3D point
cloud.
extractPowerLines(
,
,
,
,
,
,
,
,
,
)
Input:
: point cloud, which consists of
preprocessed
blocks
( ), = 1, . . . ,
;
ℎ: minimum length of a power line;
: minimum number of points in a power line;
: search window size in the CPLS method;
: the maximum number of consecutive
calls of Ransac without finding a power line;
: the maximum number of the sampled
: the
line candidates in Ransac;
maximum normal distance for the inliers in Ransac;
ℎ: maximum allowed gap in the connected
component search;
: maximum angle of a power
line
with
respect
to
the
horizontal
plane;
ℎ
: local neighborhood in CPLS.
Output:
: A list of found power line segments
1
for each block in
2
Find power line candidate points from the block
3
end for
4
Initialize a list
for the found power lines
5
← 0 //initialize the index of the last found power line
6
for ← 1 to
− 1 do
7
← 0 //counter for stopping the search
8
← “power line candidates found from point
cloud blocks and + 1”
9
while <
do
10
//Search for a line using Ransac
11
← Ransac2DLine(
,
,
,
)
12
if a line was found then
13
//Find longest connected power line segment
14
←
CPLS( ,
ℎ,
,
,
ℎ
)
15
if “length of
”≥
ℎ and “number
of points in
”≥
then
16
← + 1
17
( )←
←0
18
Remove points in
from
19
else
20
//no power line was found
21
← + 1
22
end if
23
else
24
//Ransac found no line; move to the next //block
25
←
26
end if
27
end while
28 end for
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Algorithm B.2. CPLS algorithm, which finds a connected power line component from a Ransac line (see Section 4.3.1).
Algorithm B.2 CPLS algorithm, which finds a connected
power line component from a Ransac line (see Section 4.3.1).
CPLS( ,
,
,
,
)
Input: : line, which is output of Ransac2DLine (a set of 3D
ℎ: maximum allowed gap in the
points);
: maximum angle
connected component search;
with respect to the horizontal plane;
: search window in
the CPLS method; ;
ℎ
: local
neighborhood in CPLS.
Output:
: the longest connected power line (CPL)
(i.e., a connected line segment classified as a power line ) found
from the line .
1
← “Points in ”
2
Initialize list
//contains found CPLs
3
Order points in
along the line
4
while
is not empty do
5
← “An initialized new empty CPL”
6
Initialize an empty array
for the
neighboring points after the last point
7
← “first point in
” //Initialize
the last point of the new CPL
8
←“
first points in
”
9
for each point in do
10
if (“the horizontal distance between and
” <
ℎ and “the slope of the line joining
and
”<
) or (“the distance
between and
” <
ℎ
)
then
11
Add to
12
end if
13
end for
14
while At least one new point from was added to
do
15
← “last point of the
along the line ”
16
← “
consecutive points in
starting from the next point after
”,
17
for each point in do
18
if (“the horizontal distance between and
”
ℎ and “the slope of the line
<
joining and
”<
) or (“the
and
”
<
distance
between
ℎ
) then
19
Add to
20
end if
21
end for
22
end while
23
Remove points in
from
24
Save
into list
25 end while
26
← “longest
in
”
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Algorithm B.3. Find a 2D line using Ransac.
Algorithm B.3 Find a 2D line using Ransac.
,
Ransac2DLine( ,
,
)
Input:
: 2D point cloud;
: the
maximum
number
of
the
sampled
candidates;
: the maximum normal distance for the
inliers;
: the minimum number of points on a
line
Output: : line, that is, a set of points that lie on the line.
1
← 0 //Initialize the number of sampled candidates
2
← false
3
while
(
is
false)
and
(
<
) do
4
Select two points 1 and 2 from randomly
5
Calculate the normal distance of all points in to the
candidate line that travels through 1 and 2
6
← “Points whose normal distance to the line is
”
less than
7
if “the number of points in
” >
then
8
← true
9
←
10
else
11
←
+1
12
end if
13 end while
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