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A B S T R A C T

Solar photovoltaics (PV) is currently the fastest growing type of electrical energy generation. A substantial share
is distributed, and key information – such as their installed capacity, precise location, tilt, and azimuth – are
often lacking or inaccurate. Therefore, obtaining accurate data on existing PV systems become increasingly
critical to determine optimal locations for adding new PV capacity, in terms of ensuring grid stability. Recent
advances in identifying and segmenting solar energy systems, using aerial imagery, point to a logical next step;
enhancing the modelling of tilts and azimuths, as these influence the power output significantly. Therefore, a
method is proposed that derives the tilt and azimuth of solar energy systems using Light Detection and Ranging
(LiDAR) data. Polygons representing solar energy systems, identified in aerial images, are orthorectified to
LiDAR data and then linear regression is applied to determine the orientation. The method is evaluated for
3’500 Swedish solar energy systems previously identified in aerial images, with a manually derived ground
truth azimuth dataset. For 91%–95% of the systems, the model accurately estimated the azimuth within a
margin of 3◦. Furthermore, the distribution of azimuths was more narrow for solar thermal systems than for PV
systems. A ground truth of the tilt for a subset of 39 systems gave a mean absolute error of 3.6◦. The proposed
method is believed to provide more accurate PV metadata to, e.g., aggregators and grid operators, enabling
more precise PV power simulations and forecasts, in turn leading to better grid operation and planning.
1. Introduction

In 2023, solar PV power accounted for 457.6 GW or over 65% of all
new electricity generation capacity additions worldwide, bringing the
total cumulative capacity to approximately 1.6 TW [1]. The variability
of the solar resource poses significant challenges to integrating large
shares of PV power into the grid. These fluctuations impact the stability
of the power system and must be managed effectively to maintain grid
reliability [2]. As the penetration of distributed PV systems grows, the
need to accurately forecast and understand both the total generated PV
power and the self-consumed at aggregated local and regional levels
becomes increasingly critical [3]. This will be essential for optimizing
the operation of the electricity system and ensuring efficient energy
management.

The orientation, i.e., tilt and azimuth, of a PV system highly influ-
ence the PV power output. Although installed capacity is often reported
in PV databases, tilt and azimuth are most often not reported. For in-
stance, in [4], PV metadata representing 14.8% of the world’s installed
capacity (by 2017), where analysed. Tilts and azimuths were only re-
ported for 1.7% of the installed capacity, meaning that the orientation
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needs to be modelled or assumed in some way or another. Various
strategies have been developed to address the unknown orientation
of distributed PV systems in wide-area simulations. These include: (1)
setting the tilt and azimuth angles to close the optimal orientation
for maximum power generation at the location [5,6], (2) determining
a single orientation for the entire fleet of PV systems by minimizing
the discrepancies between simulated PV power and the actual regional
power measured by a system operator [7], (3) using statistical methods
to model the orientation distribution based on existing PV systems [8],
or on the existing rooftops with the highest solar irradiation [9], (4)
machine learning [10], or parametrization models based on reported
PV power generation [11], or (5) novel remote sensing approaches,
such as combining information extracted from aerial images with either
3D building data [12], or calibrating the tilt from the average of nearby
systems found in a non-profit database [13].

If the aggregated PV power output across a region is of main inter-
est, statistical methods to derive representative tilts, azimuths and/or
capacity factors are sufficient, such as in [7–9]. If PV power generation
time series are available, this can be used to estimate PV metadata for
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Solar Energy 291 (2025) 113344 
individual systems. For instance, in [11] the tilt and azimuth where de-
rived using a non-linear solver, fitting the measured and simulated PV
ower output during periods of clear-sky. The mean deviation between

the normal vector of the actual and modelled PV system orientation was
◦. However, access to PV power time series is limited in most cases.
n current PV system databases, the location of the PV system is often
eported to be within the premises of a property [14]. On the other

hand, recent AI models can identify the exact locations of PV systems
in aerial images [10,12,15–21]. This makes it possible to derive the
orientation from existing 3D models [12], through photogrammetry or
iDAR data [22–25]. Thus, finding the individual orientations enables
ore sophisticated analysis on local level, such as improved PV power

orecasts [26,27], and hosting capacity studies [2,6,28], which are
important from, e.g., aggregators’ and grid operators’ perspective, as
PV penetration quickly increases. Aerial LiDAR data have been used
xtensively to map the rooftop solar energy potential globally [29].

Since distributed PV and ST systems most often are installed flush to the
building’s roof, LiDAR data are in most cases suitable for deriving the
tilt and azimuth of existing SES, identified in aerial images. In some
cases, however, LiDAR data are insufficient or non-representative of
the SES orientation, e.g., when the SES is mounted on a stand, either
on the roof or the ground. The aim of the study presented here, was
o develop a method that estimates the azimuth and tilt satisfactorily,

for SES of various configurations, across large spatial areas, such as
municipalities.

The paper is structured as follows. In Section 2, the data used in
the study are described. In Section 3, the proposed methodology for
eriving the orientation of SES is presented. In Section 4, the results of

the study are put forward and discussed in depth in Section 5. Finally,
ome conclusions can be found in Section 6.

2. Data

In this section, the raw datasets and how they were processed for
he purpose of this study are presented. The data cover the three
wedish municipalities; Falun (60 000 inhabitants), Knivsta (21 000
nhabitants) and Uppvidinge (9 000 inhabitants).

2.1. Geospatial data

The Swedish Land Survey provides building footprint data within
he ‘GSD-Property Map’ [30], which were used to identify building

applied SES, including its orientation. Each building was also catego-
rized in terms of its general purpose (e.g., residential) and detailed
purpose (e.g., small house, detached). In addition, information about
the property purpose was acquired from the Swedish Tax Agency.
Different predefined combinations of the 7 general building purposes,
the 49 specific building purposes and the 8 property purposes in
Sweden were used to determine which type of general building cat-
egory (or market segments) the SES belongs to, using the methodol-
ogy and definitions described in [17]. Those are (1) Domestic resi-
ential houses (i.e., single-family houses), (2) Multi-family residential
uildings, (3) Agricultural buildings, (4) Commercial buildings, (5)
ndustrial buildings, and (6) Public buildings.

LiDAR data, also provided by the Swedish Land Survey [31], where
sed to find the tilt and azimuth of building applied SES. The LiDAR
ataset covers all of Sweden and is of relatively low resolution (1–2
ts/m2), compared to LiDAR datasets covering a specific (often urban)
rea (see e.g., [32,33]). The year of the LiDAR surveys varied between

and even within the three municipalities, where the oldest data were
from 2018. Updates follow a 7-year cycle according to the Swedish
Land Survey. The LiDAR data are classed as low point (noise), high
point (noise), water, bridges, unclassified and ground in line with the
standard protocol for LiDAR data [34], but only the two latter are
used here; unclassified to find the SES orientation and ground for deter-
mining the building altitudes. Unclassified points where reclassified or
2 
discarded as described in [35], most importantly, points falling within
uilding footprints where reclassified as building. In turn, building point
utliers were discarded following the procedure described in [36]. In

addition, building points less than <1 m above ground were considered
noise in this study and discarded, as such points in some cases impacted
the regression analysis to find the tilt negatively.

The Swedish Land Survey also provides aerial images in both raw
format and as orthophotos, from which SES were identified using
a machine learning method based on convolution neural networks
(CNNs) (see Section 2.2). Each orthophoto cover 2.5 × 2.5 km, which
corresponds to 15 625 × 15 625 pixels, i.e., an original resolution of
0.16 m/pixel.

2.2. Solar energy system ground truth

The dataset of SES was created using a machine learning model
based on CNN, that was initially developed at Stanford [18], further
developed in Germany [12,15], and trained and adapted for Swedish
conditions in [17] (see the latter for details). The model annotates
image tiles from the larger orthophotos (which are 17.25 x 17.25 m)
as positive, if they contain a SES. However, the model does not include
segmentation of the SES into polygons, which is possible for some
other models, such as [16]. Polygons for true positives were created

anually, and sometimes checked through visits, if visually inspect-
ng the orthophotos was considered insufficient. During the manual
hecks, which included cross-checking with the databases of the local
istribution System Operators, 73 vertical systems were also discovered
nd added to the dataset for completeness. Also, bi-directional SES
ere also annotated. The CNN model was applied on orthophotos for

he three municipalities; from 2022 for Falun (2 173 systems) and
Uppvidinge (791 systems) and from 2021 for Knivsta (707 systems).
New aerial images over Sweden are collected, following a 2-year cycle,
according to the Swedish Land Survey.

3. Methodology

Section 3.1 describes how the tilt, azimuth, and position in space
are derived for the SES, based on LiDAR data. Methods for handling
ix special cases, in which LiDAR data cannot be used for this, are
resented in Section 3.2.

3.1. Orientation and position correction from LiDAR data

The orientation (tilt and azimuth) of a SES can be estimated by
using LiDAR data, as the LiDAR dataset makes up a point cloud of
xyz-coordinates. The orthogonal projection for the orthophotos is per-
formed with respect to terrain elevation, but the heights of the build-
ings are not taken into account, which means that the roofs (and SES)
are not in the correct position (if not exactly at nadir of the camera
when the photo is taken). Consequently, if LiDAR data are to be used
to derive the orientation of the SES, the polygon representing the
dentified SES needs to be aligned to the LiDAR data. Therefore, an
rthorectificaton procedure was developed for aligning the SES polygon
nd the LiDAR data, illustrated stepwise in Fig. 1(a–j). The starting
oint is shown in Fig. 1(a), where a SES (in blue) has been identified,

according to the method in [17], and (manually) segmented in the or-
hophoto. Here, the extent of the building, as it appears in the property
ap (dotted lines) and in the orthophoto (solid lines), including the

oof ridge (dashed line), are marked. From Fig. 1(a) it is obvious that
the building in the orthophoto is not orthogonal, i.e., the building was
not at nadir of the airborne vessel when the aerial image was taken. If
the SES is tagged as vertical or bi-directional, it is treated as a special
case, as described in Section 3.2.

If neither tagged as vertical nor bi-directional, we next need to
determine if the SES is ground-mounted or building applied, and, in
the latter case, what buildings that should be considered. Since in some
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Fig. 1. Overview of the methodology to estimate the tilt and azimuth (𝛼) of SESs identified in orthophotos (see text for details). The SES (initially blue) changes colour when its
position and/or shape change. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
cases, a ground-mounted SES in the orthophoto overlaps a building
footprint and in other cases a building-applied SES is not overlapping a
building at all, the SES is moved to roughly its actual position (purple
in Fig. 1(b)), by assuming an altitude above ground (here set to 4.26 m,
based on the mean of the roof eave of a sample of 100 buildings). The
distance it should be moved is decided by the position of the SES in
relation to the airborne vessel from which the aerial image was taken.
This error in position along the 𝑥-axis, 𝑑 𝑥 (and similarly 𝑑 𝑦 along the
y-axis), can be calculated as;

𝐿𝑥 − 𝑃𝑥
𝑑 𝑥 = 𝐿𝑧 𝑃𝑧 − 𝐿𝑧
, (1)

3 
where 𝐿 and 𝑃 denotes the coordinates of the LiDAR point(s) to be
moved and the airplane’s position, respectively. Here, z-values are
relative to ground, which is estimated as a mean of ground-classified
LiDAR points within 10 m of the studied building (or if < 5 LiDAR
points, the radius is doubled to 20 m). This procedure is illustrated in
Fig. 1(c), in which a LiDAR point (in red) is used as an example. Since
the height of the SES was estimated, and therefore the movement was
not exactly correct, it was found that buildings within a distance of 2 m
from the moved SES are reasonable to consider as a trade-off between
(1) not missing SES on high-rise buildings, and more importantly (2)
not consider actual ground-mounted SES as building applied, and then
falsely assuming a lack of LiDAR data (see below on how SES with
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Solar Energy 291 (2025) 113344 
insufficient LiDAR data are treated). Following this logic, in Fig. 1(b)
uilding A and B are considered. If there had been no buildings within
 m, the SES would have been assumed to be ground-mounted, and a
eparate routine would have been used to estimate the orientation of it
see Section 3.2).

Next, LiDAR points falling within the building footprint, i.e., repre-
senting the morphology of the roof, and assumingly also the SES, are
moved 𝑑 𝑥, and 𝑑 𝑦 (according to Eq. (1)), respectively, as illustrated
by the red point in Fig. 1(d), corresponding to the displacement of the
oof/SES in the orthophoto. Note that for the illustrative example of

Fig. 1, both 𝑑 𝑥 and 𝑑 𝑦 are negative, since the airplane was located
northeast of the buildings, when the aerial image was taken.

Now, consider Fig. 1(e), which is a zoom-in of the example build-
ngs, corresponding to the white box in Fig. 1(b). Here, red and blue
iDAR points have been moved, representing house A, and B, respec-

tively. LiDAR points falling within the SES polygon are marked with
 solid rim and are used to find the tilt of the SES, through linear
egression (using Matlab’s® robustfit function), in both the x’z- and the
’z-coordinate systems of the building (see Fig. 1(e) and (f)). The linear

regression is not evaluated on the R2, but on the z-error, 𝑧𝑒, which is
similar to the mean absolute error (MAE) and defined as [37]:

𝑧𝑒 =
∑

|𝑍𝑚 −𝑍𝑑 |

𝑁𝑝
, (2)

where 𝑍𝑚 and 𝑍𝑑 are the z-values for the linear model and the data,
espectively, and 𝑁𝑝 is the number of LiDAR data points. The reason
or not considering the square of the errors is to not place too much
eight on outliers [37].

If there are <10 LiDAR points within the SES polygon, points within
.5 m from the SES are also included in the linear regression (see points

with dashed rim in Fig. 1(e)). Since the position of the SES polygon is
ncertain, the 0.5 m was deemed reasonable, as using a wider buffer
ncreases the risk of including LiDAR points, e.g., representing bay
indows or neighbouring buildings (e.g., for the latter, see the two blue
oints with dashed rim in Fig. 1(e)).

The plane, in which the SES lies, is now identified, but to consider
he integrity of the shape of the SES, two steps, illustrated in Fig. 1(g)
nd h, are made. The (gray) plane in Fig. 1(g) is moved, following

Eq. (1), i.e., it is moved in the same manner as the SES is dislocated
from its actual position in the aerial image. Following Eq. (1), we have
that 𝑧1∕𝑧2 = 𝑑 𝑥1∕𝑑 𝑥2 = 𝑑 𝑦1∕𝑑 𝑦2, and since 𝑧1 > 𝑧2 in Fig. 1(g),
𝑑 𝑥1 > 𝑑 𝑥2 and 𝑑 𝑦1 > 𝑑 𝑦2.

Then, z-coordinates from this moved (gray) plane are projected onto
he (blue) SES, which is moved back in the other direction (−𝑑 𝑥, −𝑑 𝑦),

following Eq. (1), to its final position (green), which should correspond
o its correct position in the xyz-space (see Fig. 1(h)). Finally, the SES
olygon is aligned with the building and adjusted so that the corners
re orthogonal (see Fig. 1(i)), giving the final position and shape of the

(yellow) SES as illustrated in Fig. 1(j).

3.2. Special cases

There are a few special cases, in which the LiDAR cannot be used
s basis for the orientation estimation. Firstly, the number of LiDAR
oints may be insufficient for the regression analysis (as illustrated in

Fig. 1(f)). Thus, if the number of LiDAR points were <𝜏𝑝, no regression
analysis was performed (see Section 4.1.1 for the derivation of the
optimal threshold 𝜏𝑝). Instead, the tilt was set to 26◦ (based on the
mean of a sample of 100 SES with a correctly identified azimuth). The
zimuth was then derived from the normal of the SLE of the bounding
ox of the SES (see Fig. 1(a) for a definition of the SLE and the azimuth,

𝛼).
In a second case, when the SES is located >2 m from any building,

t is assumed to be ground-mounted. In this case, the SES is assumed
o have a tilt of 30◦, and the azimuth based on the SLE of its bounding
ox (similar to Fig. 1(a)) and mounted so that the lower edge of
4 
Fig. 2. Illustration of assumptions made for SES on flat roofs, where (a) and (b)
represent single-directional SES (special case 4), and (c) and (d), bi-directional SES
(special case 5), here with a threshold azimuth 𝛼 > 60◦.

the panels are 0.75 m above ground, which is common for ground-
ounted systems [38]. Vertical systems could not be identified from the

aerial images, but where added manually to make a complete dataset,
making up the third special case. Similar to the two previous cases, SLE
determines the azimuth, but the tilt was naturally set to 90◦.

In a fourth case, when the tilt from the regression analysis is found
to be <5◦, the SES is assumed to be installed on a flat roof. The tilt
is adjusted to 10◦, since it is common practice to mount the SES with
a tilt to get higher energy yield and less dust (and in Nordic climates
also snow) accumulation [39]. However, the modelled azimuth on a
flat roof is probably random. Therefore, as in the two previous cases,
the azimuth is set in the direction of the SLE of the SES bounding box.

However, when the SLE is faced close to east or west on a flat roof, it
is a good chance that the SES is actually bi-directional. Therefore, as a
fifth case, the SES polygon is split into two, becoming bi-directional,
as illustrated in Fig. 2(d). This split was either done automatically
if |𝛼| > 60◦ on a flat roof, but SES were also tagged manually as
bi-directional. Both methods are evaluated in Section 4.2.1.

Sometimes the regression model outputs high tilts of a SES, mainly
due to non-representative LiDAR data (i.e., the building was con-
structed after the LiDAR survey or facade or ground points were
nintentionally included). Therefore, as a final sixth special case, for

SES with derived high tilts and high z-errors, the LiDAR points were
onsidered non-representative, and the SES was treated in the same

way as in the first special case. More details on this is provided in
Section 4.1.4.

4. Results

In this chapter, the results of the study are put forward. Section 4.1
presents the results of the model tuning, while in Section 4.2 the overall
results are outlined for the three municipalities and different types of
buildings.

4.1. Tuning of the model

This section presents the results from the tuning of the model,
pecifically highlighting the assumptions made for key parameters
hat yielded the highest model accuracy. These results were validated
gainst a manually created ground truth, based on azimuth measure-

ments performed in QGIS, supplemented by occasional on-site visual
inspections. Furthermore, in Section 4.1.4, the model’s ability to find a
representative tilt is explored. The tuning of the model parameters was
performed on the Falun dataset only, consisting of 2 173 systems.
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Fig. 3. Incorrectly modelled azimuths (in %) for PV and ST systems in Falun as
function of the minimum LiDAR point threshold. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. Four SES polygons, where red lines marks the SLE and blue lines the SE if not
equal to the SLE, for the 219 SES polygons that was found to have insufficient number
of LiDAR points (<4), i.e., belonging to either the first or the sixth special case. (For
interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

4.1.1. Minimum LiDAR point threshold
Including very few LiDAR points to find the tilt and azimuth of the

SES through regression analysis, may result in poor model performance.
Therefore different minimum LiDAR point thresholds (𝜏𝑝) where tested,
and foremost validated against the azimuth ground truth. Fig. 3 shows
similar precision in modelling the azimuth if 3–9 points where chosen
as a minimum threshold, with best performance for four points (marked
with circles). However, the accuracy for modelling the tilt may be low
when using so few points, which is further explored in Section 4.1.4.

4.1.2. Southmost long edge assumption
In cases of insufficient LiDAR points within the SES, i.e., special

case 1, the southmost long edge (SLE) was assumed to be the lower
edge of the SES, and consequently the normal of that edge determining
the azimuth (see red lines in Fig. 4). However, assuming that the SE
is the lower edge, irrespective of being the longest or not, could also
be a valid assumption, and was therefore tested. In Fig. 4, red lines
mark the SLE, and blue lines the SE, if not being the same as the
SLE. In this example, the SE assumption gives the correct azimuth for
system b, while the SLE assumption should be used for system d. For
systems a and c, the SLE and SE is the same. In cases when SLE and SE
are not the same (blue in Fig. 4), the SLE assumption was favourable
for 47 polygons out of total 71 polygons that was found to fall under
special case 1 for the Falun dataset. In 10 cases, the azimuth was more
towards north than south (|𝛼| > 90◦), i.e., neither the SLE, nor the SE
assumption was valid. To conclude, the SLE assumption gave the best
model results overall.
5 
Fig. 5. Examples of when aligning the SES to the building is not appropriate, to the
left due to a mounting stand towards south and to the right due to a complex building.
(For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

4.1.3. Maximum rotation for building alignment
In the final step of the proposed method, illustrated in Fig. 1(i), the

SES is rotated to align with the building. However, sometimes the SES is
in fact not aligned with the building. Thus, a maximum rotation angle
was sought to find a balance between aligning those that should be
aligned, but at the same time avoid aligning those that should not.
Examples of two cases in which the SES should not be aligned are
illustrated in Fig. 5. To the left, the SES is mounted on a stand towards
south, with a ∼15◦ difference in azimuth compared to the building.
To the right, the building is complex, making it hard to find its main
orientation and therefore alignment should not be done. A sensitivity
analysis of the maximum rotation angle was performed for 3◦ − 15◦,
and 6◦ was found to provide the best model accuracy.

4.1.4. Evaluation of tilt accuracy
Determining the true value of the tilt is not straightforward, as it

(unlike the azimuth) cannot be inferred by examining aerial images.
Inspecting the z-error (𝑧𝑒) and tilt as a function of the number of
LiDAR points, as illustrated in Fig. 6, can give some guidance. In the
figure, only SES with <100 LiDAR points used for the linear regression
are included for better visibility. Red markers are for SES where the
azimuth is incorrectly modelled, representing 2.5% of all SES in the
figure. Fig. 6(a) shows that a high z-error is over-represented among
incorrectly modelled SES, but it also illustrates that it would impact
correctly modelled SES, if one would adjust the model to disqualify
calculations resulting in high z-errors. However, a poor regression
analysis, e.g., due to noise from trees (for buildings constructed after
the LiDAR survey) or the facade, may also result in a high tilt. Fig. 6(b)
shows that the tilt and z-error often are high at the same time. Overes-
timated tilts, will in turn result in overestimated SES area and energy
yield and should be avoided. Therefore, SES with 𝑟𝐴 > 4, where 𝑟𝐴 is
defined as the ratio between the modelled SES area and the area in
the aerial image, or a SES with a tilt 𝛽 > 75◦, or SES fulfilling three
criteria; (i) 𝛽 > 50◦, (ii) 𝑧𝑒 > 0.5 and (iii) 𝑟𝐴 > 3, were flagged. These
systems were instead treated as if having insufficient LiDAR points.
This removed the overestimated tilt of 8 SES, but more importantly
corrected the active SES area of 1400 m2, which represents 2% of the
total in Falun. The azimuth modelling accuracy, although, remained
unchanged when implementing this.

Fig. 7 is an histogram of the z-errors for all systems in Falun, with
the 75th, 90th, 95th and 98th percentiles marked. From the figure we
see that the z-error is small for most systems, for 75% of the them
<0.0744 m. Fig. 8 illustrates what this means, in terms of the linear
regression that determined the tilt for the four SES lying closest to each
percentile marked in Fig. 7. There are outliers in all regressions but
Fig. 8(c), in which the points are more scattered around the regression
line instead. Since both the Matlab’s® robustfit function give little
weight to outliers [40], likewise the z-error metric (see Eq. (2)), the fit
is seemingly good, even in Fig. 8(d), which has three distinct outliers
(i.e., LiDAR noise on the facade).
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Fig. 6. z-error 𝑧𝑒 (a) and tilt (b) as function of number of LiDAR points per SES,
respectively. The size of the circles in (b) represents the magnitude of the z-error. Red
markers indicate systems with erroneously modelled azimuths in both figures. (For
interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

A sample of SES was also examined using Google street view, in
which the tilt was measured on the screen when possible, i.e. not being
obscured and viewed in profile. Out of 200 examined systems in Falun,
the tilt of 39 SES could be confidently measured in this way, and for
those the MAE was 3.6◦.

4.2. Model results

In this section, the overall model results are outlined. In Sec-
tion 4.2.1, the azimuth accuracy and the origins of model errors are
discussed. Furthermore, in Section 4.2.2, the distribution of azimuths
and tilts derived from the model are presented and analysed.

4.2.1. Azimuth accuracy and origins of errors
In Section 3.2, six special cases were presented, in which LiDAR data

could not be used for different reasons to determine the tilt and azimuth
of SES. These special cases, along with the ordinary case, i.e., the
regression model illustrated in Fig. 1, are presented in Table 1 in terms
of the accuracy of the azimuth modelling. The azimuth was deemed
correct or True (T) if within 3◦, and False (F) otherwise. A deviation
within 3◦ is probably due to errors when manually determining the
ground truth from the orthophotos. Table 1 also includes the accuracy
(T/(T+F)) and MAE (◦) for each case. For the MAE, only the incorrectly
modelled SES were included, as an indication of how off the model was
in those cases. As can be seen, if the azimuth is incorrect, it is often
6 
Fig. 7. Histogram of z-errors for SES in Falun with the 75th, 90th, 95th and 98th
percentiles marked.

Fig. 8. Regression lines (red) for four systems with z-errors (𝑧𝑒) representing the 75th,
90th, 95th and 98th percentiles, respectively, of all systems in Falun.

vastly incorrect, often around 90◦ (or sometimes even 180◦, which
gives an MAE > 90◦), since the orientation of the building is used as
reference. For SES classed as ground-mounted, the azimuth is actually
correct in half (4) of the cases, but marked as false anyway, since
they are actually building-applied. Furthermore, the model accuracy
is expressed in two ways in the two bottom rows of Table 1. The
difference between those two are discussed in the following.

First, it should be stressed that the proposed procedure for mod-
elling some roofs as bi-directional (see Fig. 2) worsened the over-
all results compared to just treat them as flat, and was therefore
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Table 1
Number of true (T) (if within 3◦ from the correct) and false (F) modelled azimuths for PV and ST systems, respectively, compared to the ground truth for the three municipalities
(Falun, Knivsta and Uppvidinge), presented for the ordinary case using a regression model and for six special cases. For Accuracy (Man) vertical systems are included and
bi-directional systems are manually annotated, hence, representing the numbers presented for each case and municipality. MAE (◦) represents the error for the false modelled
azimuths only. Accuracy (Auto) represents the case when vertical systems are excluded and all bi-directional systems are assumed to not have been identified.

Case Falun Knivsta Uppvidinge Total Accuracy MAE (◦)
PV ST PV ST PV ST

T F T F T F T F T F T F T F

(0) Regression model 1322 35 351 11 481 6 71 2 294 35 33 2552 89 96.6% 92
(1) Insufficient LiDAR 148 39 17 4 10 3 3 12 5 1 191 51 78.9% 103
(2) Ground-mounted 15 3 1 28 3 2 2 46 8 85.2% 46
(3) Vertical 46 23 4 73 0 100.0% –
(4) Flat 133 14 6 1 32 3 1 313 3 485 21 95.8% 113
(5) Bi-directional 17 2 39 87 1 143 3 97.9% 7
(6) High tilt 5 2 1 1 8 1 88.9% 93

Total 1686 93 377 17 613 15 77 2 711 46 34 3498 173 96
Accuracy (Man) 94.8% 95.7% 97.6% 97.5% 93.9% 100.0% 95.3%
Accuracy (Auto) 93.7% 95.7% 91.1% 97.5% 82.3% 97.1% 91.2%
Fig. 9. Two examples when LiDAR acquisition is poor due to black surfaces; to the
left, the west-facing roof facet has very few (red) LiDAR recordings and to the right,
there are few recordings within the (blue) SES polygon, which in this case is a solar
thermal system. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

abandoned. Since vertical systems, and currently bi-directional, can-
not be automatically identified in aerial images by machine learning
approaches, Accuracy (Auto), in Table 1, expresses the accuracy of the
model (91.2%), if fully integrating an unsupervised automatic model
that identifies SES in aerial images, i.e., excluding vertical systems and
assuming that none of the bi-directional systems could be identified.
On the other hand, the 146 bi-directional SES polygons in the three
municipalities are located on only 8 large buildings. Manually anno-
tating these systems are therefore a fairly simple step, increasing the
overall model performance substantially. In the future a multi-class U-
net model could perhaps be able to label different SES, such as regular
or bi-directional systems. Therefore, Accuracy (Man) refers to the case
when the bi-directional systems were manually annotated and vertical
systems were included. This gave an overall accuracy of 95.3%.

Furthermore, Table 1 shows that the regression model is applicable
in most cases (71.9%), with an accuracy of 96.6%. The lowest accuracy
(78.9%) is found when there are insufficient LiDAR points, i.e., the first
special case. There are different reasons for insufficient LiDAR points;
if the LiDAR survey predates the construction of the building, there
might be no non-ground LiDAR points, within the building, nor SES
polygon. The LiDAR data acquisition may be poor due to black surfaces
absorbing the light [41]. In this context, an absorbing black surface may
be part of the roof, as illustrated in the left panel of Fig. 9. It may also
be the SES itself, as illustrated in the right panel of Fig. 9. In these
two examples, the azimuth and tilt were correctly modelled anyway,
since neighbouring LiDAR points were included (see Fig. 1(e)), but in
other examples we noticed an incorrectly modelled tilt, when linear
regression was made with few points.

Table 2 lists the reasons for incorrectly modelled azimuths, clearly
showing that assuming that the azimuth should be defined by south-
most long edge (SLE) of the SES is not always valid, but the best
7 
Table 2
Categorized reasons for incorrectly modelled azimuths per technology.

Reason PV ST

Building polygon missing (not ground) 6 0
Not identified as ground-mounted 6 0
SLE not valid for bi-directional SES 3 0
SLE not valid when insufficient points 39 5
SLE not valid for ground system 2 0
SLE not valid for flat roof 50 1
Complex building 3 0
LiDAR noise 9 6
New building (after LiDAR survey) 13 0
Incorrectly oriented building polygon 3 3
Mounting stand 12 2
Bay window 5 2
Incorrect orthophoto 2 0
Mansard roof ->high tilt 1 0

Total SES (#) 3164 507
Total errors (#) 154 19
Total errors (%) 4.7 3.7

assumption available, as discussed in Section 4.1.2. There are a number
of other reasons that are less common; when the building polygon is
missing, the SES is falsely treated as a ground-mounted system, and sim-
ilarly, sometimes systems are not identified as ground-mounted, although
they actually are installed on the ground, but within the 2 m threshold
distance from a building (see Section 3.1), and therefore classified
as building applied. However, the azimuth is in many cases correctly
modelled for these systems anyway. Complex building means that it is
difficult to determine the main orientation of the building (see right
image in Fig. 5). LiDAR noise means that the LiDAR points (which often
are few) do not represent the roof, but instead an overhanging tree,
the facade, ground, a neighbouring building or simply unidentified,
unfiltered noise. In some cases, the building polygon in the property
map is incorrectly oriented relative to its correct position, which directly
impacts the model output. The left image of Fig. 5 exemplifies another
model error, which is when the SES is on a mounting stand that is not
aligned with the building. Small extrusions or bay windows, sometimes
result in a poor regression and incorrect azimuth. For one building
(with two PV polygons), the orthorectification of the aerial image had
an error, however, the issue of incorrect orthophotos is probably not that
common. The last example is when a SES is located near the eave of a
Mansard roof, which often has a high tilt (>60◦). In many cases, LiDAR
points would be insufficient, yet the SLE assumption is valid, but in
areas where this type of roof is common, it may cause more problems.

4.2.2. Azimuth and tilt distributions
In Fig. 10, distributions of tilts derived through linear regression

and ground truth azimuths are presented for all 3 671 SES in the three
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Table 3
Best fitted probability density functions to the tilt distribution of each building category, including their corresponding coefficients for the Kolmogorov–Smirnov test (KS) and KS
ntegrals (KSI), respectively. If h = 1, the null hypothesis is rejected at the 95% significance level. GEV stands for Generalized Extreme Value.
Market segment Test Dist. type (coeffs) KS(I) score h coeff. 1 coeff. 2 coeff. 3 coeff. 4
Domestic KS GEV (k, 𝜎, 𝜇) 0.0697 1 −0.1627 9.2841 24.0469

KSI Logistic (𝜇, 𝜎) 0.8386◦ 27.7182 5.4594

Multi-family KS Logistic 0.0888 0 23.9223 5.4309
KSI Logistic 1.8197◦ 23.9223 5.4309

Agricultural KS Stable (𝛼, 𝛽, 𝛾, 𝛿) 0.0567 0 1.7468 −0.7867 5.7252 30.5548
KSI Stable 0.9549◦ 1.7468 −0.7867 5.7252 30.5548

Commercial KS Nakagami (𝜇, 𝜔) 0.1210 0 2.2352 442.1891
KSI Rayleigh (B) 1.5844◦ 14.8692

Public KS Rayleigh 0.0799 0 13.0621
KSI Logistic 1.5974◦ 15.9030 4.8652

Industrial KS tLocationScale (𝜇, 𝜎, 𝜈) 0.1831 0 14.0976 4.5921 3.5660
KSI tLocationScale 1.6433◦ 14.0976 4.5921 3.5660
t
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Fig. 10. Distribution of modelled tilts and ground truth azimuths from all PV (a and b)
nd ST systems (c and d) in the three municipalities, presented per building category
nd weighted on SES area. An azimuth of −90◦ represents East, 0◦ represents South,
nd 90◦ represents West. (For interpretation of the references to colour in this figure
egend, the reader is referred to the web version of this article.)

municipalities. Fig. 10(a) and (b) represent PV systems and Fig. 10(c)
and (d) represent ST systems. The bars are coloured according to the
SES area of each building category, defined in Section 2.1. This means
hat large single SES may result in spikes in the histograms, such as

at 18◦ in Fig. 10(c). Two clear spikes can be found in Fig. 10(a) and
c); one at 10◦, representing flat roofs, of which industrial, public,

and commercial buildings are over-represented. The other spike is at
26◦, representing building-applied SES for which LiDAR data were
insufficient for regression analysis (see special case 1 in Section 3.2).

Domestic residential houses dominate among ST systems and the
azimuth distribution is more narrow than that of PV systems. One
plausible reason is that the installation of ST systems took place before
the roll-out of PV systems started in Sweden [17], as almost all cur-
rently existing ST systems were installed before 2011 when the subsidy
program for ST systems was phased out. Consequently, all the best roofs
for SES were unoccupied for the early ST market. In addition, since
the heat generated by ST systems is typically stored in accumulator
tanks, there is no need to match consumption and production to reach
high self-consumption and ST systems therefore benefit from an optimal
orientation to maximize economic feasibility. For PV systems without
battery storage, it is reasonable and quite common to install them
facing more towards the east or west. This orientation helps align the
generation profile with both the load profile and the higher spot prices
that typically occur in the mornings and evenings.

In Fig. 11, the distributions of tilts per building category, are
resented, limited to PV systems with a correctly modelled azimuth
8 
through the regression analysis. The average tilt and sample size, 𝑁 ,
are indicated in the upper right corner of each subplot. Distributions,
included in the Matlab’s® fitdist function, that best fits the distribution
of modelled tilts, are included in each subplot. The best fitting distribu-
ions are determined by (i) the Kolmogorov–Smirnov (KS) test on the
umulative distribution functions (CDFs), and (ii) according to the KS
est integral (KSI), which is defined as the area or deviation between
he CDFs of the data and distribution function [42,43]. The best fitting

distributions, including KS and KSI test scores and coefficients are
presented in Table 3. Only for domestic residential houses could the
null hypothesis (h in Table 3) at the 95% significance level be rejected.
It should be noted that similar KS test scores where achieved for several
distributions, and therefore 100 000 samples from the CDF were needed
for the KS test to converge to one distribution. However, for public
buildings (see Fig. 11(e)), this was not enough for converging, and
he test scores were similar for the Rician and Weibull distributions.
he low number of data points for all building categories, except for

domestic residential houses, makes it difficult to conclude that these
distributions are general, even for Sweden, but they were nonetheless
included here as a reference.

5. Discussion

The first point of discussion relates to the tilt distribution results
resented last in Section 4.2.2. The average tilt of 28◦ for single-
amily houses lies close to the assumption of 26◦ used for SES with
nsufficient LiDAR data, based on a sample of 100 correctly modelled
zimuths (as described in Section 3.2). The area-weighted mean, if

considering all building categories, is 26.8◦, which means that the
assumption holds if the building category is unknown. However, there
are significant differences between the building categories, especially
for industrial, public and commercial buildings where the average tilt
was found to be significantly lower (15◦ − 20◦) than for residential
and agriculture buildings. This means that if the building category is
known, the assumed tilt should be adapted to the building category
(when linear regression is not possible), if a statistical representation
of SES for different building segments across a region is sought.

Another observation made is that the accuracy of the LiDAR data
relies on the number of new buildings (and ultimately potential SES)
between the last LiDAR and aerial image surveys. If the built environ-
ment is developing fast in a certain region, the number of incorrectly
modelled orientations due to new building polygons (since the LiDAR
survey) would probably be greater. We saw this in Knivsta, which is
ne of the fastest growing and developing municipalities in Sweden,

explained by its strategic location between Stockholm and Uppsala.
This can be contrasted to Uppvidinge, a rural municipality far from
larger cities, where there are very few new buildings erected.

We further noticed that the SES themselves may result in a poorer
LiDAR point acquisition (see right panel of Fig. 9), probably since
they are black, that may result in the wrong tilt and/or azimuth. This
problem is mainly manifested for older systems, predating the latest
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Fig. 11. Distribution of modelled tilts limited to buildings with correctly modelled
azimuths through regression analysis. Subplots are per building category (a) domestic
residential houses, (b) multi-family residential buildings, (c) agricultural buildings, (d)
commercial buildings, (e) public buildings and (f) industrial buildings.

LiDAR survey, but this group of SES will grow each time a new LiDAR
urvey is done, and is probably already substantial in more mature
V markets than the Swedish. Using LiDAR data that predate the SES

installation may be one way around it (given that the installation date is
known or can be determined), or if possible, combining multiple LiDAR
surveys to increase point density. However, the latter comes with the
isk that changes in the built environment may have happen between
he surveys.

As discussed in Section 1, in several previous studies, more or less
ncomplete databases of tilts and azimuths are used for simulating wide-

area PV power output. Ref. [4] showed that the reported azimuth was
ncremental in many cases, e.g., reported as south, southeast, east, etc,

and in [13], the orientation of nearby systems were used to interpolate
to the PV systems of unknown orientation. While such approaches may
e adequate for broad regional studies, more precise metadata on PV

systems may be crucial at a local level. This information can assist local
grid operators in grid planning (e.g., investments in grid reinforcement)
and operational management (e.g., implementing measures to mitigate
grid constraints caused by high local power generation). In combination
with automatic detection [17], and segmentation of PV systems [16],
the derived LiDAR method in this study could potentially provide grid
operators with accurate and up-to-date metadata about current PV
systems in the local grids. In addition to grid operators, aggregators or
actors monitoring the performance of the PV system, may need access
to metadata for accurate forecasts or for identifying malfunctions.
9 
Once the LiDAR data have been processed, the method quickly (within
minutes) finds the tilts and azimuths of all SES across a municipality,
and could thus be a valuable tool for these actors.

In [12] a similar methodological framework is presented, called the
3D-PV-Locator, with the difference from this study that the orientation
is derived from existing CityGML-based 3D city models [44]. The
ground truth used to evaluate the performance of the 3D-PV-Locator
s based on the German PV registry, where azimuths are reported in
5◦ bins (compared to 3◦ in this study). In 63% of cases, the azimuth
s modelled correctly in the 3D-PV-Locator (compared to 91%–95% in
his study). However, the authors acknowledge the reliability issues of
elf-reported metadata in the German PV registry. Consequently, their
odel may perform better or worse, and field visits – such as those

conducted in this study – would have provided a more accurate ground
truth and, in turn, a more reliable model evaluation.

In [25], a smaller, but quality-controlled, set of ground truth data
was used, as it had been utilized in other research projects. By applying
 Hough transform to determine the azimuth angle, they achieved an

accuracy of 80%. In contrast, our study demonstrates a higher accuracy
n modelling the azimuth (91%–95%). However, it should be noted that
he segmentation step in our study was performed manually – a time-
onsuming process that is ideally avoided – which likely contributed to
he improved overall accuracy.

While accurate 3D models may very well be used to determine
the orientation of existing SES, they mainly exist for urban areas, due
to mutual benefits and cost-efficiency of producing them in densely
uilt environments. In rural areas, on the other hand, such 3D models
annot be justified and it is in rural areas the primary impact of

distributed PV on the local power grid often occurs [6,45,46]. Due
to the radial structure of the grid, long distances, and the relatively
few customers served by each substation, the addition of each new PV
ystem can significantly affect power quality in rural grids. This can
ead to violations of the grid’s hosting capacity, commonly manifested
s voltage rises during sunny days when power generation is high
nd demand is low. Thus, the approach presented here, using low-
esolution LiDAR data, provides a viable option to accurately estimate
he orientation of SES, which in turn can be used as input to grid
peration and planning.

6. Conclusions

In this paper, a method is proposed to find the orientation (i.e., tilt
and azimuth) of SES from LiDAR data. The method orthorectifies the
polygons, representing the SES in aerial images, to match the LiDAR
data on which linear regression is used to find the orientation. Fur-
thermore, the method handles six special cases where linear regression
is not feasible; (1) insufficient number of LiDAR points, (2) ground-
mounted systems, (3) vertical systems, (4) systems on flat roofs, that
5) may be bi-directional, and (6) systems with abnormally high tilt and
oor regression metrics. The method was evaluated mainly with respect
o the ground truth of the azimuth for 3 671 SES in three Swedish
unicipalities, which were identified from aerial images using CNN.
he azimuth was correctly modelled for 91%–95% of the systems. It

was also found that the distribution of azimuths was more narrow for
ST systems than for PV systems. A manually derived ground truth of the
tilt for 39 systems gave a mean absolute error of 3.6◦. Combining with
 qualitative assessment of samples, representing different percentiles
f the MAE (or z-error) for the linear regression model that was used
o find the tilts, indicated that the model performs well.

In contrast to previous studies, the method proposed here – com-
ined with recent advances in developing machine learning approaches
hat identify and segment SES in aerial images – could provide grid
perators with more precise tilts and azimuths with respect to the
nstalled PV systems in the local grid. Thus, the method is believed to

enable more accurate PV power simulations and forecasts, and in turn,
improved grid operation and planning.
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