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Abstract—A Geographic Information System (GIS) is a
powerful tool for studying the impact of building-applied PV
systems on the power system. The grid operator can be advised
on exactly which parts of the grid may suffer from problems
with operational performance (e.g., over-voltages and over-
currents). However, this requires the PV power generation to
be realistically modelled, for which a crucial first step is to find
representative building models. In this study, we compare the
accuracy of two types of aerial data, LiDAR (Light Detection
And Ranging) and photogrammetry data, and two methods
for identifying building models from these data, a raster-
based and a vector-based model. The results show that with
photogrammetry data, the roof topology of buildings is not
identified correctly as often as with LiDAR data, and the vector-
based method gives a far better representation of the roofs than
the raster-based method. We exemplify this by comparing the
results of power-flow simulations on a distribution grid with
about 5000 customers where PV systems have been deployed
on the roofs according to the two different methods. For
the raster-based method the PV power potential is almost
four times higher than for the vector-based method, which
overestimates impacts on the simulated performance of the
grid. The conclusion of the study is therefore that for accurate
simulations of the impact of building-applied PV on grid
performance based on GIS data, the proposed vector-based
method should be used, rather than the raster-based, and it
should be based on LiDAR data rather than photogrammetry
data.

Index Terms—LiDAR, Solar Energy, Digital Surface Model,
Viewshed analysis, PV integration.

I. INTRODUCTION

In studies of grid integration of solar power it is important
to have a reasonable accuracy of the existing or potential PV
power yield in local power grids, as deviations may have a
significant impact on the line voltages and currents affecting
the overall hosting capacity of the grid, i.e., the maximum
PV penetration allowed without violating certain power
quality standards. Hence, without accurate PV penetration
scenarios, means to increase the hosting capacity in the most
sensitive low voltage grid nodes, such as storage, power
curtailment or smart inverters, may be inadequate, as both
underestimation and overestimation of the hosting capacity
may lead to misdirected investments.

Previous studies have shown that rural grids are most
sensitive to high penetration of distributed generation (DG)
from wind and PV [1]–[3]. However, a major challenge
for grid integration studies in rural areas is lack of high-
resolution spatial data, such as LiDAR (Light Detection and
Ranging), which may be used to determine available rooftops

for PV. The cost for collecting LiDAR data scales with the
resolution of the data, i.e., it is difficult to motivate high-
resolution LiDAR data for rural areas due to the lack of
mutual benefits from other stakeholders, which are more
likely to exist in an urban context. For this reason, we
have previously developed a model-driven approach which
utilizes co-classing of buildings to gather more data points
per building type to identify building shapes from. [4] This
method is vector-based in then sense that it fits vectorized
planes to LiDAR point data.

A more commonly used approach is the raster-based one,
in which a Digital Surface Model (DSM) derived from
LiDAR data is used to generate properties such as roof tilt,
orientation, and incident irradiance for individual cells in
a raster with some spatial resolution. As pointed out by
Jakubiec et al. [5], methods based on this approach, such
as the ArcGIS integrated tool Solar Analyst [6], [7], or
its GRASS GIS counterpart r.sun [8], [9], which provide
results in the form of a raster for each time step, are
inconvenient in grid integration studies where time-resolved
data are important. Furthermore, they are limited in that they
do not provide a coherent model for a whole building, but
locally determined properties based on individual or a few
neighbouring raster cells.

One more important consideration is which aerial data
to use for identifying building shapes. An alternative to
the LiDAR data mentioned above is photogrammetry data,
derived from images of the same object taken from multiple
angles. Since these two types of data are collected in
different ways, and therefore may differ in certain respects,
it is important to quantify which ones are more accurate for
building identification.

This study aims to provide insights into how the choice of
aerial input data and building identification method affects
assessments of the solar resource and, in turn, the power grid
impact determined from these resource assessments. LiDAR
data and photogrammetry data are compared when used in
the vector-based approach described above, and the vector-
based approach is compared to the raster-based approach
when applied to LiDAR data.

The paper is structured as follows: in Section II the
two different methods and two different datasets for solar
resource assessment are presented, along with details about
the case studies in which they were evaluated. In Section III
the results of the evaluations are presented and a concluding
discussion is finally given in Section IV.
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II. METHODOLOGY

This section briefly introduces the two models for deriving
solar maps, also known as cadastres, that are evaluated in
this study. These are referred to as the raster-based (RB)
and vector-based (VB) models, respectively (see Section
II-A). Section II-B presents the two types of aerial data
used as input to the models. The two case studies, in which
the models and data are evaluated, are finally presented in
Section II-C.

A. Methods for deriving solar cadastres

The two models that are compared in this study, the RB
and VB models, both take aerial point cloud data (either Li-
DAR or photogrammetric) to first create building models and
secondly compute the solar irradiance on building surfaces.

The RB model is the one provided by Solar Analyst [6],
which is integrated into the ArcGIS desktop environment
[7]. It initially transform the aerial point cloud data into
a DSM, which means that the data points are interpolated
into a grid or raster. For each raster cell, the slope, azimuth
and viewshed are computed. The viewshed corresponds
to the visible view of the sky seen from the grid cell.
This information is crucial when making solar cadastres,
i.e., when determining the shading and amount of diffuse
irradiance incident on a roof.

The VB model is described in detail in [4] and is referred
to as vector-based since it, instead of creating a gridded raster
from the aerial point cloud data, fits vectorised planes to
each building roof. Building footprints are used in a first
step to mask the point cloud data, i.e., points that falls
within the building polygon are considered representative
for the building. Due to the low resolution of the LiDAR
data available for Sweden (0.5-1 pts/m2), a co-classing
routine was implemented which blends aerial data from
similar buildings in a neighborhood in order to increase the
resolution [10]. Buildings are considered similar if the length
and width deviations are within certain thresholds [4].

Protrusions in the footprint often represent porches, bay
windows, garages, etc., which are seldom useful for PV.
Therefore, building footprints can be simplified into rect-
angles, enabling efficient co-classing. For low-resolution
LiDAR data it was shown in [4] that co-classing increased
the chance of finding the correct roof topology. Just as for the
RB model, the VB model also computes a viewshed, but for
discrete points on each identified roof plane, enabling high-
resolution shading analysis. Hence, the same point cloud
dataset is used to determine the shading on the roof from
nearby trees and buildings.

B. Aerial 2.5D datasets

The two types of aerial point data compared in this study
are LiDAR data and photogrammetry data. The former are
derived from images from satellites or aircrafts taken from
multiple angles. Through image analysis in which the same
objects are identified in different images, the shape of the
object can be derived, represented by a point cloud. LiDAR
data are gathered by letting an aircraft fly over the area
of interest and emit laser pulses towards the ground. The
return time is then measured which can be translated into
an elevation value. For both data survey methods, a 2.5D

or 3D point cloud is derived representing the topology of
buildings, trees, ground, etc. The term 2.5D here means that
overhangs, e.g., representing carports, are not captured in the
point cloud data, which is the case for the two datasets of
this study, while for instance in Google maps full 3D data
are being used for many cities today.

The photogrammetry data used here were recently re-
leased by the Swedish Land Survey with a resolution of
4 pts/m2 [11]. Low-resolution LiDAR data were provided
by the Swedish land survey with a resolution of 0.5-1
pts/m2 [12]. High-resolution LiDAR data were also provided
by Uppsala municipality with a resolution of 25 pts/m2

[13]. The high-resolution LiDAR data were only used for
reference in Figs. 2 and 4 in this paper, otherwise it is the
low-resolution data that is referred to.

C. Case studies

Two case studies were performed, in which the two
types of data and methods were compared. In the first
case study, the LiDAR and photogrammetry point cloud
datasets were compared and evaluated with respect to the
VB model’s ability to correctly identify the roof shape of
(mainly residential) buildings. Only buildings, whose roof
shapes were possible to determine through inspection of
Google Maps and Google Street View, were used to evaluate
the datasets. The Swedish city of Uppsala, which was chosen
as case study object, is a medium sized city with 156,000
inhabitants. Three residential areas (1.5×1.5 km) of different
building topology characteristics (homogeneous, heteroge-
neous and rural) were chosen, for which building footprints
were extracted from the Swedish land survey property map
[14]. These three areas, presented in Fig. 1a, were also used
in [4] in which the vector-based method was evaluated for
low- and high-resolution LiDAR, respectively. Hence, in this
study we extend this evaluation to photogrammetry data.
Not all buildings were used within each area, but a subset
of smaller grid-squares (125×125 m) of sufficient number
(≥ 10 for area 1 and 2, and ≥ 5 for area 3) of buildings (to
evaluate the co-classing routine) were randomly extracted.

The second case study investigated which impact the
choice of model to derive a solar cadastre has on power-flow
simulations in a local distribution grid. Here, the distribution
grid of the small Swedish municipality of Herrljunga was
chosen as case study object. It consists of around 5’000 cus-
tomers and 350 low/medium voltage-transformers as marked
in Fig. 1b. Power-flow simulations with the Newton-Rhapson
method [15] were performed on all (350) low-voltage grids
on hourly basis.

Hourly instantaneous global horizontal irradiance (GHI)
and direct normal irradiance (DNI) data from the meteoro-
logical model STRÅNG were used for the calculations of PV
electricity generation [16]. The Solar Analyst (i.e., the RB
model) does not utilise real irradiance data. Instead this is
quantified from the site’s latitude and a user-defined diffuse
fraction of the total irradiation. This fraction was tuned
so that the irradiance on an unshaded horizontal surface
matched the STRÅNG GHI. The same irradiance threshold
could therefore be used to identify which parts of the roofs
that could be used for PV power for both models, i.e.,
those having at least 1000 kWh/m2,yr. Such conditions are
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Fig. 1. Reference maps to the two case study areas where (a) is the city
of Uppsala and (b) the Herrljunga distribution grid. The areas marked 1,
2 and 3 in (a) represent the evaluated homogeneous, heterogeneous and
rural neighborhoods, respectively for Uppsala. The dots in (b) marks the
medium/low voltage-transformers of the Herrljunga distribution grid. The
in-folded map in (a) marks the respective locations in the Nordics.

often defined as good or very good in many Swedish solar
cadastres. In the RB model, grid cells with centroids located
inside the building footprint and exceeding the irradiation
threshold were extracted.

The low-resolution (0.5-1 pts/m2) LiDAR dataset from the
Swedish land survey [12] was used as input for both models.
A 2×2 m resolution was chosen for the DSM in the RB
model, since this limited the number of voids in the DSM.

The potential PV power generation, if surfaces of annual
irradiation exceeding 1000 kWh/m2 were assumed to be
covered by PV modules, was calculated using the STRÅNG
irradiance data for both models. The irradiance data were
first transformed to the plane-of-array using the Hay and
Davies transposition model [17]. The PV power output was
then computed in a simplistic manner for each roof surface
as:

TABLE I
CORRECTLY IDENTIFIED ROOF TYPES (IN %) WHEN LIDAR AND

PHOTOGRAMMETRY DATA AND THE COMBINATION OF THE TWO WERE
USED AS INPUT TO THE VECTOR-BASED MODEL, USING THE

CO-CLASSING (CC) ROUTINE FOR THE THREE DIFFERENT AREAS IN FIG.
1A. FOR REFERENCE, THE OVERALL ACCURACIES WHEN BUILDINGS

WERE TREATED INDIVIDUALLY ARE ALSO PRESENTED AT THE BOTTOM.

No. Buildings LiDAR Photo. Comb.

Area 1 305 88.2% 71.8% 83.6%
Area 2 247 80.2% 72.9% 77.7%
Area 3 66 71.2% 51.5% 65.2%
Total (CC) 618 83.2% 70.0% 79.3%

Total (ind.) 78.0% 69.4% 73.6%

P = AGtηPV(1− L)ηc, (1)

where A is the area suitable for PV on the roof surface, Gt

the global irradiance on the tilted plane (i.e., plane-of-array),
ηPV = 15% the module efficiency, L = 10% array losses
and ηc = 95% the conversion efficiency.

III. RESULTS

This section presents the results from the two case studies.
In Section III-A the accuracy of roof type identification using
two different aerial point cloud datasets, as determined in
case study 1, is presented. Section III-B presents how the
choice of solar resource assessment model influences the
outcome of power-flow simulations in a distribution grid for
a high PV penetration scenario, as determined in case study
2.

A. Case study 1: Comparison of aerial data sets

Table I presents the success rate of the roof type classifi-
cation using LiDAR and photogrammetry data, respectively,
in the VB model. Overall, using the LiDAR data gives better
results than if the photogrammetry data are used for all three
areas in 1a. If the datasets are combined the accuracy does
not increase, but is between the accuracy of the two separate
datasets. The photogrammetry data do not benefit from the
co-classing routine, which probably has to do with the high
point density.

Fig. 2 shows that high point density does not guarantee
high accuracy in identifying the roof shape. Here high-
resolution LiDAR data are included (a and d) for reference.
For both LiDAR datasets the point cloud lines up nicely,
resulting in correctly identified roof shapes (shed and gabled,
respectively), while the photogrammetry data is more spread
out, resulting in incorrect roof shapes (flat in both c and
f). When analysing the data it was found that this problem
was particularly prominent when the building is located
next to a higher object such as another building or a tree.
However, it should be mentioned that for some buildings the
photogrammetry data worked better than the low-resolution
LiDAR data.

B. Case study 2: Comparison of vector- and raster-based
methods

This section describes how the choice of model, either
RB or VB (see Section II-A), influences the grid impacts of
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Fig. 2. Two examples (a-c and d-f, respectively) of the differences in
building roof shape identification using high- (a and d) and low-resolution
(b and e) LiDAR data and photogrammetry data (c and f), respectively. The
black dots represent the point cloud of the respective dataset.
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Fig. 3. Distribution of roof segment azimuths (a) and tilts (b) applying the
raster- (RB) and vector-based (VB) methods, respectively, on the building
stock within the Herrljunga distribution grid.

PV when the identified rooftops are used as a basis for PV
generation scenarios in power-flow simulations.

Fig. 3 presents histograms of the azimuth and tilt of the
two models. The peak at 0◦ in Fig 3a is due to flat roofs
being assigned an azimuth of 0◦ in the VB model. Neglecting
this, the two models seems to have similar distributions
of azimuths. However, in Fig. 3b one can clearly see that
the tilt is higher for the RB model. This is most probably
an overestimation since it is more common that roofs are
tilted 30◦ or less [19], as the VB model also suggests. This
overestimation is believed to be caused, to a large extent,
by what could be referred to as the fringe effect; since the
the tilt in the RB model is computed by interpolating the
elevation from neighboring raster cells of the DSM, cells at
the fringe of a roof are likely to be assigned a higher tilt due
to the influence from raster cells representing ground. This is
exemplified in Fig. 4 and is especially problematic for a low-
resolution DSM (Fig. 4b), for which the tilt is overestimated
for a larger proportion of the total roof area. One may avoid
this problem by excluding raster cells at the fringe, but that
may on the other hand result in underestimating the potential

(a)

0 45 90

[°]Tilt

(b)

Fig. 4. Tilt maps based on LiDAR data of (a) high resolution (DSM of
0.4×0.4 m) [13] and (b) low resolution (DSM of 2×2 m) [12].
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Fig. 5. Comparison of the vector-based (VB) and raster-based (RB) models
for each building, considering in (a) the total area and in (b) only the
area with annual irradiation > 1000 kWh/m2,yr. In (c) hourly PV power
production sorted with respect to the RB model in descending order is
compared to the corresponding production from the VB model. Here, the
same roof segments as in (b) are considered (annual irradiation > 1000
kWh/m2,yr).

for PV, especially if most buildings are small, neglecting
a majority of the roof. Using the VB model this issue is
effectively avoided.

In combination with the exclusion of protrusions in
the building footprints described in Section II-A, this
means that the area found suitable for PV should logically
be smaller for the VB model. This is also the case, as
illustrated in Fig. 5. Each gray dot represents a house
in subfigure (a) and (b). If all the available area is
considered it is almost always higher for the RB model
(see Fig. 5a). This mainly has to do with the removal of
protrusions in the VB model. If only the area for which
the annual irradiation exceeds 1000 kWh/m2 is considered,
the difference between the two models is larger (see Fig. 5b).
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Fig. 6. Comparison of three different models to derive solar cadastres of the same area; (a) ’Uppsala Solar Map‘ [18], (b) Solar Analyst (or the Rb
model) [6] and (c) the VB model [4]. Note the difference in scale of the colorbars.
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Fig. 7. Distribution of voltages expressed in per unit (p.u.) for each hour during a summer week and for all low-voltage grids within the Herrljunga
distribution grid. For the upper plot, the raster-based (RB) model was applied while in the bottom plot the vector-based (VB). The light gray area represents
the maximum, dark gray the 99th percentile and the black line the median of the voltages. The dotted lines marks the under- and over-voltage limits, i.e.,
0.9 and 1.1 p.u., respectively.

Fig. 6 presents the annual solar irradiation on roofs in a
neighborhood of similar, gabled single-family houses using
three different methods. In Fig. 6a the publicly available
solar cadastre of Uppsala is illustrated, which is raster-based
[18], Fig. 6b illustrates the results from the Solar Analyst
(i.e., the RB model) and Fig. 6c the VB model. The figure
shows clearly the effectiveness of the co-classing routine
when LiDAR data is sparse or totally missing for some
buildings. The VB model is not always correct, but clearly
outperforms the other two. Furthermore, the solar irradiation
on the roof surfaces in the VB model is more even, since it
fits planes to the LiDAR data.

Since the peak in Fig. 3b for the RB model is close to the
optimal tilt for the latitude of Herrljunga, it is believed that
this general overestimation of the tilt is the main cause of
the larger share of roof area identified as suitable for PV by
the RB model. As a consequence, this affects the generated
PV electricity in the Herrljunga distribution grid as Fig. 5c
illustrates. The PV penetration, defined here as the ratio
between the annual PV electricity generated and the demand,

is 99% if the RB model is used, and only 26% for the VB
model. This means that the voltage limits, prescribed by the
EN50160 standard (voltages within ±10% of the nominal
voltage), are more likely to be violated when the RB model
is used. The distributions of voltages for a summer week
in all the low-voltage grids in Herrljunga are presented in
Fig. 7. The top graph represents the RB model, in which
the median (black line) exceeds the over-voltage limit every
day, i.e., more than half of the customers experience voltages
higher than recommended during this week. However, in
the scenario where the VB model was applied, only slightly
more than 1% experience this over-voltage (see bottom graph
of Fig. 7). Since the VB model better captures the roof shape,
especially the tilt, than the RB model does, these results
show the importance of choosing a proper method to assess
the solar resource for grid integration studies.

IV. CONCLUDING DISCUSSION

This paper presents the results from two case studies with
the overall aim to provide better understanding on the choice
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of input data and method in solar resource assessment with
application to grid integration studies. In the first case study,
two different aerial point cloud datasets were compared
with respect to correctly model the roof shape of buildings;
LiDAR and photogrammetry data. Even though the former is
of lower resolution (0.5-1 compared to 4 pts/m2), it benefits
to a larger extent by the co-classing routine, developed in
a previous study, than if photogrammetry data are used.
The main reason for this is believed to be higher position
accuracy of the points in the LiDAR dataset, which is
exemplified in this study (Fig. 2). When testing the datasets
on 618 buildings in Uppsala, Sweden, 83% of the buildings
had correctly identified roof types when the LiDAR data
were used, while only 70% were correctly classified using
the photogrammetry data. Thus, the results of the case
study suggest that LiDAR data should be preferred over
photogrammetry data.

In the second case study, two different methods for solar
resource assessment were compared using the same LiDAR
data and property map as inputs. In the first one, referred to
as the raster-based (RB) model, the point cloud in the LiDAR
data was first transformed into a Digital Surface Model
(DSM), which means that a gridded raster was created,
where each raster cell represents an elevation value and
secondly the available solar irradiation in each raster cell
was determined using the ArcGIS tool Solar Analyst. In the
second method, referred to as the vector-based (VB) model,
roof shapes from a template library were directly fitted to the
LiDAR data. It was shown that the RB model overestimates
the tilt of roof tops, which in turn leads to overestimation
of the available solar energy on the rooftops. By applying
the two models in a distribution grid in Herrljunga, Sweden,
the RB model yields a PV penetration level of 99%, causing
over-voltage violations for more than half of the customers
during a summer week. With the VB model, on the other
hand, the PV penetration level was 26% and only slightly
more than 1% of the customers experienced over-voltages.

In conclusion this study shows the importance of choosing
a proper dataset and method for assessing the solar resource
on buildings, to avoid that urban planners or utilities take
ill-informed decisions.
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