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SUMMARY

Nowadays, there has been an increasing demand for solar energy as a type of renewable energy
because of the advantages such as providing heating and electricity, avoiding environmental
pollutions, and utilizing the sustainable approach for the development of natural resources.
Depending on the different positions of the sun at various times, different terrain topographies,
and man-made objects, the amount of received solar energy will vary in different times and
places. The goal of this study is to select the best roof surfaces regarding their suitability for
photovoltaic systems’ installations taking into account shadowing effects, size, aspect, and
slope of the roof surfaces. The first step in the proposed method is to detect buildings by
segmentation of a Digital Surface Model (DSM) derived from Light Detection and Ranging
(LiDAR) data and classification of the segments as roof surfaces. The height information, slope,
and aspect of the segments are utilized in the segmentation procedure. A shadow detection
algorithm is developed to calculate the shadow coefficients for different roofs. Next, direct and
diffuse solar radiations are obtained for each point on the selected roof and values of shadow
are considered for them. A high-resolution LiDAR and optical data set from Belgium are
considered to execute the proposed methodology. The results show the efficiency of the
proposed method for solar potential determination of surfaces in preferable locations.
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Analysis of solar potential in an urban area using LIiDAR data: A case
study of Belgium

Sharareh AKBARIAN, Australia
Arash JOUYBARI and Nina GRONDSTEIN, Sweden

1. INTRODUCTION AND BACKGROUND

Due to an increase in environmental contaminations, the rising cost of fossil fuels, and global
climate change caused by fossil fuel usage, renewable energy is becoming a viable solution in
today's world (Assouline et al. 2017; Brito et al. 2017; Kassner et al. 2009). Thus, private
investors and administrators have shown an interest in the deployment of renewable energy
sources (Brito et al. 2017). There are various types of renewable energy sources such as solar,
wind, water, and biomass. Solar energy is one of the best and most promising sources of
renewable energies (Huang et al. 2012; Kassner et al. 2009). Solar radiation can be detected on
the earth either direct or diffused form (Brito et al. 2017) Direct radiation is solar radiation
traveling on a straight line from the sun down to the surface of the earth, while diffuse radiation
is the sunlight that has been scattered by molecules and particles in the atmosphere. When the
radiation is direct, the rays are all traveling in the same direction, an object can absorb them all
at once. Therefore, shadows are only produced when direct radiation is blocked (Jochem et al.
2009a; Jochem et al. 2009b; Lukac et al. 2013; Redweik et al. 2013).

Photovoltaic systems turn solar radiation energy into heat energy and electricity (Bizjak et al.
2015). Thus, to use this technique some factors have to be considered. An installation should
have a minimum size, a specific aspect, and a slope for the more efficient performance of the
photovoltaic systems (Le et al. 2016; Margolis et al. 2017). Besides, shadowing effects, e.g.
caused by higher buildings or vegetation in the surrounding, have to be taken into account, since
the shadow affects the performance of the photovoltaic systems and the solar potential (Jochem
et al. 2011; Redweik et al. 2013).

This paper proposes a solar potential estimation for the most suitable roof surfaces. The
topographic data is obtained from LiDAR, which stands for Light Detection and Ranging (Le
et al. 2016). The time-dependent solar irradiance is estimated using statistical data from
Photovoltaic Geographical Information System (PVGIS), (European Commission, Joint
Research Centre 2019) measurements of global irradiances that provide a free and open web
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access map-based inventory of solar energy resource and assessment of the electricity
generation from photovoltaic systems in Europe, Africa, and South-West Asia. To accurately
estimate the solar potential, the obtained instantaneous solar irradiance is reduced by
considering the roofs’ locations, the influences of cloud cover and atmospheric scattering (1.e.
splitting the irradiance into diffuse and direct components), surface inclination and orientation,
and shadowing caused by nearby objects (e.g. buildings and vegetation)j(Brito et al. 2017).

The solar potential estimation in the previous studies includes three important phases. The first
phase involves building segmentation and extraction. There are two main approaches for
building extraction from laser scanning data such as LIDAR. In most cases, building detection
is performed on aggregated 2.5D grid data, which reduces the amount of the 3D LiDAR point
cloud and makes processing less time-consuming by using a regular data model. Therefore, the
complexity of the 3D space has not been considered anymore but is irreversibly lost. When a
Digital Terrain Model (DTM) is subtracted from a Digital Surface Model (DSM), a normalized
Digital Surface Model (nDSM) is generated which is utilized to detect buildings based on a
2.5D grid data (Bizjak et al. 2015; Gooding et al. 2015; Kassner et al. 2009; Le et al. 2016;
Lukag and Zalik 2013; Redweik et al. 2013).

Other authors have identified buildings from the original point cloud of LiDAR and extraction
of the roofs and the calculation of the slope and aspect of each roof are implemented directly
on the LIiDAR point cloud (Huang et al. 2012; Jacques et al. 2014; Margolis et al. 2017).
However, all the mentioned studies have employed low-resolution LiDAR data. Other methods
use planar patches and automatically selecting seed points by nit normal of triangles which are
mapped onto a Gauss Sphere (Cao et al. 2017). Another approach involves clustering by fuzzy
c-means for roof detecting and region growing algorithm for segmenting roofs (Albano 2019).
Building roof edges can also be extracted from LiDAR data by combining an adapted version
of RanSAC (random sample consensus) line fitting with DBSCAN Density-Based Spatial
Clustering of Applications with Noise) (Widyaningrum et al. 2018).

In the second phase, the shadow of the neighboring and adjacent sides of each rood surface
must be calculated for each time according to the position of the sun and the objects surrounding
the surface. In several studies, the shadow effects, in general, have not been taken into account
in calculating output (Huang et al. 2012; Le et al. 2016; Szab6 et al. 2016; Vogtle et al. 2005).
Therefore, the result of such work is not adequate. Others have used the original point cloud of
LiDAR data directly to examine the shadow (Brito et al. 2017; Jochem et al. 2009a; Jochem et
al. 2011; Margolis et al. 2017). In this approach, the required values for the input of the shadow
algorithm are the position of the sun at any given time. At a specific distance in the direction of
the sun's azimuth from a selected roof surface to the sun, all existing points are extracted from
LiDAR data. Next, the elevation of those points is compared with the elevation of the sun and
the elevation of the selected roof surface to detect the shadow. In some studies, the same method
is used but using a DTM in computations instead (Luka¢ and Zalik 2013; Redweik et al. 2013).

In previous studies, three main methods were found in the final phase of calculating the solar
potential for the obtained roof surfaces via the previous phases. The first method uses the same
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amount of solar radiation that is considered for all the cells of roof surfaces throughout the
whole day. Such a method, according to the dependence of solar radiation parameters anywhere
to the time, latitude, longitude, and shadow, does not produce reliable results and can be used
only as an initial value. The second method includes using solar radiation data from the National
Renewable Energy Laboratory (SOLPOS code), which gives the amount of direct and diffuse
radiation incidents for every hour and cell of the grid (Brito et al. 2017; Jochem et al. 2009a;
Jochem et al. 2011; Luka¢ et al. 2013). The third one considers the cloudiness conditions of
the sky for the diffuse radiation in the calculations (Jakubiec and Reinhart 2012; Redweik et al.
2013).

2. PROPOSED METHOD

In this paper, an idea is proposed to extract the major roof surfaces of the buildings which are
potentially suitable for photovoltaic systems from LiDAR data. Then an identification value of
potential solar in a year will be obtained for the installation of the photovoltaic systems. The
workflow of the proposed algorithm is illustrated in Fig 1.
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2.1 Generating nDSM

Major 3D models can be extracted by LIDAR data. A DSM is an elevation model that includes
man-made and natural objects such as buildings, trees, and powerlines. While a DTM is an
elevation model representing the bare earth surface without any kind of natural and artificial
objects like houses, towers, or bridges (Arefi 2007; Arefi and Hahn 2005). The nDSM is created
by subtracting the DTM value from the DSM grid.

2.2 Calculating slope and aspect

The essential factors for filtering the roof surfaces are slope and aspect (Fig 2). The slope and
aspect angles are calculated for each cell of nNDSM by the surface normal vector. First, the
normal vector of each cell in the nDSM grid is calculated. Afterward, the slope is obtained as
the angle between the upward vector of the horizontal plane and the normal vector of the cells
(Eql) (Jacques et al. 2014).

Slope = tan~*(Normal z/+/(Normal x)? + (Normal y)? ) (1)

The aspect is the angle between the projected points of the normal vector on the horizontal
plane and the vector directed towards the geographical north. The related equation is provided
below (Eq (2)) (Jacques et al. 2014).

Aspect = tan"!(Normal y/(—Normal x)) (2)
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Figure 2. Slope and Aspect angles (Neteler and Mitasova 2008)

2.3 Segmentation based on slope, aspect, and height

The roof surfaces of the buildings are divided into two categories, tilted and flat. If the slope of
a roof is less than 10 degrees, it is a flat roof and thus the tilted roof has a slope between 10 to
65 degrees, based on the prevailing percentage of roofs in the region (Huang et al. 2012;
Kassner et al. 2009). Flat roofs are segmented by height and tilted roofs are segmented by slope
and aspect. Each cell in the same flat roof surface possesses a similar slope, aspect, and height,
while each cell in the same tilted roof surface possesses a similar slope and aspect. A region-
growing algorithm followed by a series of operation such as object identification,
morphological operation (Luhmann et al. 2013), and boundary facing is applied to segment the
roof surfaces according to the factors of the slope, aspect, and height (this refers to the height
of an object above the ground surface) derived from nDSM. The region growing approach is
applied in which adjacent cells are grouped with the same domain to form a partitioned region.
The segmentation begins by randomly selecting a set of fundamental points on the roof’s
buildings. The points adjacent to the fundamental point are compared in height. If they have
zero difference, they are in the same group and are considered flat roofs. Otherwise, region
growing is performed by integrating the points adjacent to each point of the site, which has a
certain range of two slope and aspect values. Grouped surfaces are in the category of tilted
roofs. The segmented roof surfaces possess specific attributes, including roof plan area, average
slope, and aspect, providing valuable indications to further analyze suitable locations for
receiving solar energy.

Analysis of solar potential in an urban area using LiDAR data: A case study of Belgium (10870)
Sharareh Akbarian (Australia), Arash Jouybari and Nina Grondstein (Sweden)

FIG e-Working Week 2021
Smart Surveyors for Land and Water Management - Challenges in a New Reality
Virtually in the Netherlands, 21-25 June 2021



2.4 Selection of appropriate locations for the installation of the photovoltaic system

After segmentation, it is necessary to evaluate the area, slope, aspect, and shadow of segments
to identify whether the segments are suitable for photovoltaic systems installation or not. Then
the solar potential rating list is constructed for those segments that have not been filtered out.
Segments are selected according to their orientation towards the equator. As the study area is
located in the Northern hemisphere, segments in south, southeast, and southwest directions will
receive higher solar energy (Huang et al. 2012). Moreover, protected areas within the city (e.g.
cultural heritage buildings) and small segmented areas on the roofs such as chimneys or
windows should be removed.

2.5 Shadow Detection Methodology

The use of a constant solar radiation value across a roof surface during different times will be
inaccurate because a constant value does not consider trees and neighboring buildings which
shade the building roofs and the elevation and azimuth of the sun's effect. Solar radiation on
the earth's surface is composed of the sum of direct and diffuse sunlight; therefore, it is essential
to determine if a particular spot receives direct sunlight or if it is in shadow at a particular time.
The shadow at different times and places vary due to the difference in azimuth and elevation
solar angles. The elevation angle is the angular height of the sun in the sky measured from the
horizon. Note that, both altitude and elevation are also used to describe the height in meters
above sea level. The elevation is 0° at sunrise and 90° when the sun is directly overhead. The
elevation angle varies throughout the day. It also depends on the latitude of a particular location
and the day of the year. An important parameter in the design of photovoltaic systems is the
maximum elevation angle that is the maximum height of the sun in the sky at a particular time
of year. The azimuth angle is the compass direction from which the sunlight is coming. The
azimuth angle varies throughout the day in a year.

The selected segments must first be masked into the original point cloud of LIiDAR data to
evaluate the effect of shadows on the selected roof surfaces. Due to the conversion of the
original point cloud to the DSM grid, much of the three-dimensional information is lost. As a
result, for a more accurate study of the shadows, it is preferable to use the original LIDAR point
cloud. The center of gravity (x, y) on the original LIDAR point cloud for each roof surface is
approximated using the DSM model. The position of the sun on each day of the year is obtained
using the coordinates of this center, which includes the sun's elevation and azimuth angle. Then
the direction of the sun’s azimuth - the vector from the sun’s position to the given point’s
position is searched along a specified distance (D) to find any existing object as the object (X,
Y). As shown in Eq 3, 4.

X = x + D * sin( solarazimuth) (3)
Y =y + D * cos( solarazimuth) 4)
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For found objects, their elevation was derived from the DSM and compared against the
elevation of the sun considering the sun positions at different times of the year. If the elevation
of the sun will be higher than the elevation of the obstacle object, the desired point will not be
in the shadow and vice versa. Finally, for every roof surface, a shadow coefficient between 0
and 1 is obtained. The value of 1 means that the roof surface is completely in the shadow
whereas the value of 0 means that the roof surface is not in the shadow.

2.6 Solar Potential

The time-dependent solar irradiance is estimated through Eq.5 by using statistical data derived
from PVGIS measurements of global irradiances. The amounts of direct (I,,,) and diffuse (1,,4)
radiation in a year is obtained from PVGIS (Lukac et al. 2013).

Ly =Ly (1= S,)+ g ()

In Eq.5, the shadowing coefficient (S,) is considered, thus fully shadowed points (S, = 1)
receive only diffuse radiation. Areas that are partially shadowed, receive reduced amounts of
direct irradiance. In this equation, p represents the candidate cell per roof surface. The amount
of I, for each day by using a specified time-step as three times per day is calculated. Eq 6 is
used to calculate the average of I, in each season for each cell. In this equation, n refers to time
steps. The solar potential B, is defined as its seasonal insolation, which is calculated as the
average daily insolation throughout the season as shown in Eg. 7. In this equation, I, stands
for the average amount of I, for each season, and the maximum amount among the seasons will
be considered as max (Ir,). After solar potential calculations, the segments are categorized
within a rating list consisting of four categories as Table(1).

_XE (6)
Ity = —
ITp (7)
P = ————-
P max (Ip)

Table 1. The rating list of solar potential

Solar potential ranges Rating categories
P>0.75 very high suitability
0.75>=P>0.5 high suitability
0.5>=P>0 low suitability
P=0 unsuitable
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3. STUDY AREA AND DATA

The study area is located in Zee Bruges, Belgium in Europe. The total area is covered with the
extremely high-resolution LiDAR and optical data that is provided by the 2015 IEEE GRSS
data fusion contest, organized by the Image Analysis and Data Fusion Technical Committee
(2015) (Fig 3). The LIiDAR grid data has a point spacing of 10 cm and has been produced from
a point cloud with a point density of ~65 points/m?. Additionally, one color orthophoto with a
5 cm spatial resolution is also provided (Fig 3). They cover an urban and harbor area in Zee
Bruges, Belgium, and were acquired and provided for the Contest by the Belgian Royal Military
Academy. As a test area, a rectangular section (3000 m* 2000 m) of an urban area (Fig 4) is
selected as it contains single buildings as well as building rows and blocks.
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Figure 4. The selected area

4. RESULTS AND DISCUSSION

In this paper, an approach to determine and select suitable roof areas for photovoltaics is
presented. The calculation of the suitability of areas for Photovoltaic system installation is an
important goal of this work.

a c

Figure 5. Creation of a nDSM: a) DSM, b) DTM and c) nDSM (Low areas are represented in
black and scale to the highest areas in white)

The first step of the proposed approach concentrates on providing the nDSM from the DSM
and DTM. Fig 5 demonstrates the nDSM as the result of the DSM and DTM on the selected
area. In the second step of the procedure, the surface normal vector for each point in the cell
was calculated from the nDSM to determine the slope and aspect. There were three outputs for
the normal vector on the surface in the three directions x, y, and z. Egs (1) and (2) were applied
to provide slope and aspect of the experimental data. Fig 6 shows the results of these two
features in the selected area. The area of the slope map (Fig 6.a) in white indicates the steeper
area and the darker the color, the flatter the terrain.
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Figure 6. Calculation of slope and aspect a) slope and b) aspect

Thirdly, in this area, any historical buildings were excluded by visual assessment of the optical
image. All extracted roofs had an appropriate range between 30 and 65 degrees in terms of the
slope. In terms of aspect, they had the right conditions for the installation of photovoltaic
devices. A filter area had been taken to remove surfaces with an area of less than 5 square
meters.

Next, the region growing approach was applied in which adjacent pixels with similar features
were grouped to form a partitioned region. The process had been applied through MATLAB
programming (The MathWorks, Inc. 2018). The threshold for the slope and aspect was
determined by the user based on the prevailing percentage of roofs in the region. Regardless of
the type of area, there was no flat roof type, and all the roof surfaces were sloped. After this
step, each roof of the building varied with different slopes and aspects (Fig. 7). In this figure,
each segment had been determined with a unique color. (Chaves and Bahill 2010).
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Figure 7. Segmented roofs in region growing algorithm

After segmenting the roof surfaces based on the slope, aspect, and height, the proposed method
focused on the most important phase of this work, which is the shadow detection algorithm.
The shadow contains the shadow of the nearby effects, the shadow of the terrain, and the
shadow of the plants. Firstly, the segments generated by the region growing algorithm on an
irregular 3D point cloud of the LIDAR are masked to determine the amount of shadow on each
surface and in each season of the year. For the center of gravity of each segment, the
geographical coordinates of all existing objects along a constant distance of 15 m were
calculated using Eqgs (3) and (4). The elevation of all these objects was compared with the
elevation of the desired segment and sun. If the desired segment is higher than the sun's
elevation, the roof surface is in the shadow. This process was calculated three times per day for
the year. In the end, the shadow values were averaged over a day and every three months of the
season and reached the final number for the amount of shadow throughout each season, as
shown in Fig 8.
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Figure 8. Shadow of different seasons: a) spring, b)
summer, ¢) autumn, and d) winter

The resulting value is a shadow indicator at the desired level at that time to have the minimum
amount of the shadow. As the shadow factor approaches zero, the amount of shadow is reduced.
Finally, for appropriate roof surfaces, the received solar energy was calculated using Eq (3)
three times (morning, noon, and afternoon) per day. The received solar energy values were
averaged over a day and every three months of the season, and they reached the final figure for
the amount of solar energy received during each season. By having the maximum received
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amount of solar energy at each roof surface, the amount of solar energy received per roof surface
per season was based on a number between zero and one as shown in Eq (7). As shown in Fig

9, all surfaces in summer have the most solar energy. As a result, the solar potential number is
one for them.
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Figure 9. Solar potential: a) spring, b) summer, ¢) autumn,
and d) winter

Based on the output of the segmentation process, there were 50 surfaces of the roof (Fig 10).
In Table (2), for each surface, the slope, the aspect, and the amount of received solar energy by
considering the shadow in each season are presented. The slope values were in the range of [0-
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90] degrees and the aspect values were [0-360] degrees in the range. The division of aspect
values is described in Table (3).

Table 2. Calculated specifications of each building surface

- Summer Fall :
Building Surface Slope Aspect Sp_nn_g Radiation Radiation Wl_nt(?r
code code (degree)  (degree) Radiation (W/m2) (W/m2) Radiation Surfaces
(W/m2) (W/m2)
1 1 44,96 176 2788.3 6528.3 5973 1815.3 a
2 44,02 179.76 2788.3 6528.3 5973 1815.3
9 1 39.33 292.65 2788.3 6528.3 5973 1815.3 b
2 38.11 141.43 2788.3 6528.3 5973 1815.3
3 1 39.95 170.3 2788.3 6528.3 5973 1815.3 c
2 39.15 177.77 2788.3 6528.3 5973 1815.3
4 1 39.27 181.28 2788.3 6528.3 5973 1815.3 d
2 39.96 179.41 2788.3 6528.3 5973 1815.3
5 1 39.27 178.06 2452.7 5712.7 5253 1815.3 e
2 39.69 177.11 2452.7 5712.7 5253 1815.3
6 1 39.93 184 2452.7 5712.7 5253 1815.3 f
2 38.64 177.57 2452.7 5712.7 5253 1815.3
7 1 39 179.09 2452.7 5712.7 5253 1815.3
8 1 375 192.03 2452.7 5712.7 5253 1815.3
2 37.2 180.43 2452.7 5712.7 5253 1815.3
1 42.34 253.75 2452.7 5712.7 5253 1815.3
9 2 43.99 90.39 2778.3 6528.3 5973 1815.3 i
3 4331 91.3 2778.3 6528.3 5973 1815.3
10 1 38.9 167.79 2452.7 5712.7 5253 1815.3 j
2 37.71 178.35 2452.7 5712.7 5253 1815.3
11 1 38.28 179.24 2452.7 5712.7 5253 1815.3 k
12 1 42.25 203.41 2452.7 5712.7 5253 1815.3 |
2 39.2 179.98 2452.7 5712.7 5253 1815.3
1 37.64 258.76 2452.7 5712.7 5253 1815.3
2 36.76 170.56 2452.7 5712.7 5253 1815.3
13 3 38.39 90.86 2778.3 6528.3 5973 1815.3 m
4 38.85 88.91 2778.3 6528.3 5973 1815.3
1 41.18 254.38 2452.7 5712.7 5253 1815.3
14 2 42.96 94.67 2778.3 6528.3 5973 1815.3 n
3 43.39 90.31 2778.3 6528.3 5973 1815.3
15 1 42.86 254.19 2452.7 5712.7 5253 1815.3 o
2 43.16 91.76 2778.3 6528.3 5973 1815.3
16 1 39 260.94 2452.7 5712.7 5253 1815.3 D
2 35.48 178.92 2452.7 5712.7 5253 1815.3
1 34.6 255.78 2452.7 5712.7 5253 1815.3
2 34.27 255.3 2452.7 5712.7 5253 1815.3
3 35.11 253.91 2452.7 5712.7 5253 1815.3
4 34.57 255.01 2452.7 5712.7 5253 1815.3
5 33.55 93.03 2778.3 6528.3 5973 1815.3
6 35.26 247.97 2778.3 6528.3 5973 1815.3
7 33.57 92.89 2778.3 6528.3 5973 1815.3
8 34.57 90.82 2452.7 5712.7 5253 1815.3
9 33.89 93.93 2778.3 6528.3 5973 1815.3
10 38 257.78 2778.3 6528.3 5973 1815.3
17 11 35.61 246.61 2778.3 6528.3 5973 1815.3 q
12 33.69 92.81 2778.3 6528.3 5973 1815.3
13 34.6 90.06 2778.3 6528.3 5973 1815.3
14 33.88 90.92 2778.3 6528.3 5973 1815.3
15 34.15 92.84 2778.3 6528.3 5973 1815.3
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Figure 10. The surfaces of the segmented roofs
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Table 3. Description of aspect values

Direction Value (degree)
North 0-22.5
Northeast 22.5-67.5
East 67.5-122.5
Southeast 122.5-157.5
South 157.5-202.5
Southwest 202.5-247.5
West 247.5-292.5
Northwest 292.5-337.5
North 337.5-360

As mentioned before, the areas in the Northern Hemisphere have the highest solar energy in the
direction of southwest, south, and southeast. Based on the proposed method, the maximum and
minimum amount of solar energy in each season has been studied in terms of the slope and
aspect values for the desired roof. In all seasons, solar energy is the highest in the southeastern
direction, and the lowest amount of solar energy is toward the southeast.

5. CONCLUSION

In this research, the proposed method was applied to a metropolitan area located in Zee Bruges,
Belgium using high-resolution LiDAR data. The purpose was to determine a suitability ranking
list for roof surfaces of the buildings to install the solar photovoltaic devices. For this purpose,
the total roofs of the existing buildings in the selected area have been analyzed and filtered for
slope, aspect, and area. Regarding the high-resolution LIDAR data, different types of roofs are
successfully extracted. As an outcome, the amount of solar energy received over a given year
has been calculated by taking into account the shadow and based on the total amount of solar
potential in each season. Based on the high-resolution 3D point cloud of LIDAR, the shadow
accuracy of the method is improved by considering the shadow effects created by the
surrounding area and neighboring objects.

Future works should focus on the overall assessment of the solar potential on roof surfaces and
vertical walls together for receiving a maximum solar potential in all seasons of a year. Because
dust and snow are less absorbed by the vertical walls compared to the roof surfaces due to their
vertical slope (Redweik et al. 2013). The vertical walls also have at least two surfaces with
opposite directions which can absorb the maximum solar energy at different times of the day
(Redweik et al. 2013). On the other hand, the roof surfaces of the buildings have less shading
and more useful area for the installation of photovoltaic solar converters. However, aerial
LIDAR data is not suitable for the assessment of the solar potential on the vertical walls due to
the high laser inclination angle, the aircraft position relative to the buildings, and the limitation
of laser returns from the vertical walls of buildings. Therefore, a combination of aerial and
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terrestrial laser scanner data could provide this opportunity to improve this method such as
Liang et al. (2018) who combined UAV image data terrestrial laser scanning data, in contrast
to Jochem et al. (2011) or Huang et al. (2017), who only used terrestrial scan data in their study.
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