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ABSTRACT: Accurate knowledge of photovoltaic (PV) system orientations—tilt and azimuth—is crucial for 
forecasting generation, assessing self-consumption, and managing distributed solar power. Yet, orientation data are often 
missing or unreliable in PV databases. This study compares three approaches for determining the orientation of residential 
PV systems in Sweden: (i) self-reported values from the national capital subsidy program, (ii) statistical orientation 
distributions based on PV penetration, and (iii) a LiDAR-based method using aerial imagery and linear regression. 
Validation was performed against a manually derived ground truth dataset of 104 PV polygons across three municipalities. 
Self-reported orientations proved highly inaccurate, primarily because the application form allowed only a single entry for 
a system’s azimuth and tilt and lacked clear guidance on azimuth conventions, compounded by imprecise or careless 
estimations from applicants. In contrast, the LiDAR-based method closely matched the ground truth, with R² values of 0.96 
for azimuth and 0.82 for tilt and captured the diversity of real-world orientations more accurately than the statistical model. 
These results demonstrate that LiDAR-based remote sensing provides a reliable, scalable, and high-accuracy approach for 
determining PV system orientations, supporting improved generation forecasts, grid operation planning, and the integration 
of distributed solar power at high penetration levels. 
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1 INTRODUCTION 
 

Solar power is growing rapidly worldwide. In 2024, 
photovoltaic (PV) systems made up 75% of all newly 
installed power generation capacity globally, adding an 
estimated 600 GW [1]. Within the European Union, solar 
now accounts for 14% of total electricity generation, of 
which about half is distributed PV systems [1]. 

Integrating large shares of PV power into the power 
grid is challenging due to weather variability [2], which 
affects system stability and requires effective management 
[3], [4]. As distributed PV adoption grows, accurately 
forecasting both generation and self-consumption [5] at 
local and regional levels becomes crucial for optimizing 
grid operation and energy management [6], [7]. 

The orientation, i.e., tilt and azimuth, of a PV system 
highly influences the PV power output profile. Although 
installed capacity is often reported in PV databases, tilt and 
azimuth are most often not reported [8]. For instance, a 
global study by Killinger et al. [9] found that among 14.8% 
of the world’s installed PV capacity analyzed (as of 2017), 
tilt and azimuth data were available for only 1.7%.  

To address this gap, several approaches have been 
proposed: (1) collect the azimuth and tilt through manual 
self-reporting — usually connect to different subsidy 
schemes, (2) assuming optimal tilt and azimuth for 
maximum power generation at each location [10], [11], (3) 
estimating a single representative orientation by 
minimizing discrepancies between simulated and 
observed regional PV power output [7], (4) using 
statistical models based on existing PV system 
orientations [12] or rooftop solar potential [13], (5) 
applying machine learning or parameterization models to 
infer orientation from reported PV generation  [14], (6) 
employing remote sensing techniques, such as aerial 
image analysis combined with 3D building data [15] or 
calibrating tilt based on nearby systems in non-profit PV 
databases [16] and (7) using LiDAR data and linear 
regression to estimate the orientation [17], [18], [19], [20]. 

This study presents a novel comparison of three of 
these approaches that has been applied in Sweden for 
assessing the orientation of PV systems. The first approach 

evaluates orientation data reported by PV system owners 
or installers to the Swedish direct capital subsidy program 
registry [21], [22]. The second approach applies to the 
model by Ramadhani et al. [13], which estimates statistical 
orientation distributions based on PV penetration levels. 
The third approach leverages the method developed by 
Lingfors et al. [17], which uses Light Detection and 
Ranging (LiDAR) data to derive tilt and azimuth angles of 
solar energy systems. 

The aim of this study is to evaluate and compare the 
three distinct approaches for assessing the orientation of 
residential PV systems, focusing on their accuracy and 
practical applicability. 

 
 

2 DATA 
 
2.1 Data from the Swedish Capital Subsidy Program 

In mid-2009, a subsidy program was launched in 
Sweden in which actors could apply for direct capital 
support for PV installations [21]. The scheme remained in 
place until 2021, though it was revised several times — for 
example, lowering support levels in response to declining 
technology prices and rising market demand [22]. 

Applications for the capital subsidy had to include 
project location, applicant details (e.g., address and contact 
information), planned start and completion dates, and a 
project description. Moreover, the description needed to 
specify the type of PV system, whether it would be grid-
connected, the estimated total rated power of the modules 
(kW), and the planned installation site. In the application 
form, applicants could also enter the azimuth and tilt of the 
system in two dedicated fields, following the exact 
instruction in Swedish directly translated to: 

“Orientation – azimuth and tilt must be specified as 
degree values, with azimuth ranging from 0–360 and tilt 
from 0–90.” 

This information was recorded and stored in the 
subsidy program database by the Swedish Energy Agency. 
Although many applications omitted orientation data, a 
considerable share did include it. In this study, those 
entries represent approach (1) described in the introduction 
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— i.e., the collection of azimuth and tilt through manual 
self-reporting. 

In this study, azimuth is defined such that −90° 
corresponds to East, 0° to South, and 90° to West and 
consequently the azimuth data from the direct capital 
subsidy database was recalculated to match this definition. 

 
 
3 METHODOLOGY 
 
3.1 Manually Created Ground Truth Dataset 

To create a ground truth dataset, residential PV 
systems first need to be located. For this purpose, the 
Alfrödull [23] remote sensing pipeline was applied to the 
latest aerial orthophotos from the Swedish Land Survey to 
identify residential PV installations within the Swedish 
municipalities of Fagersta (May 2024), Falun (June 2024) 
and Karlshamn (May 2024). 

In the first step of the Alfrödull pipeline, a 
Convolutional Neural Network (CNN) deep-learning 
model, developed in [24], is used to detect PV systems in 
aerial imagery across the target area. When applied in 
Sweden, the CNN algorithm has been shown to accurately 
identify over 95% of all existing solar energy systems at 
the municipal level [24]. 

In the second step, polygons of the identified PV 
systems are generated, either manually or preferably using 
the U-net segmentation method described in [25]. These 
polygons provide the coordinates and orthographic (top-
down) area of each PV module cluster. This enables the 
extraction of LiDAR data for the rooftops hosting the PV 
systems, which is then used to calculate tilt and azimuth, 
as further described in section 3.2 and in detail in [17]. A 
residential PV system containing two PV polygons, 
generated using the above-mentioned remote sensing 
pipeline, is illustrated in Figure 1. 

 

 
Figure 1. Orthophoto showing a single-family residential 
house with two distinct clusters of PV modules, each 
outlined by blue polygons. © Lantmäteriet, 2024. The dark 
red line indicates the azimuth measurement performed in 
QGIS for the polygon marked with a bright red cross. 

Two different methodologies were applied to 
manually determine the orientation of the generated 
residential PV polygons in the ground truth dataset. 
Azimuth was obtained through manual measurements in 
QGIS using the “Azimuth Measurement” plugin, as 
illustrated in Figure 1. Tilt was determined by extracting 
Google Street View images of the building containing the 
PV polygon, selecting views taken at an estimated ~85–
95° angle relative to the measured azimuth of the polygon, 
i.e. close to perpendicular. An online angle measurement 
tool was then applied to these images, as illustrated in 
Figure 2. 

 
Figure 2. Google Street View image taken approximately 
perpendicular to the PV polygon marked with a red cross 
in Figure 1. Image © Google, 2024. The overlay illustrates 
the online angle measurement tool and the manually 
derived tilt of the PV system. 

The manual derivation of both azimuth and tilt angles 
is subject to uncertainties. Firstly, the Swedish 
orthophotos are not orthorectified orthophotos — i.e., they 
are projected relative to terrain without accounting for 
building heights — which means that some buildings 
appear tilted or skewed. Moreover, it is not always 
possible to obtain Google Street View images that are 
perfectly perpendicular to the roof being measured. Both 
factors contribute to slightly distorted measurements. In 
addition, there is the risk of human error when performing 
measurements based solely on screenshotted street view 
images. Overall, the authors estimate that the accuracy of 
manual tilt and azimuth determinations for the manual 
ground truth is within ±3° for both angles. 

While manually derived azimuths could be collected 
for all 4,817 residential PV polygons across the three 
municipalities, only 1,012 of these had a corresponding 
subsidy application, and just 249 of those applications 
included both tilt and azimuth values provided by the 
applicant. The availability of Google Street View images 
taken close to perpendicular to the polygons’ azimuth 
further reduced our dataset to 104 polygons. 

When analyzing the database of the Swedish subsidy 
scheme, a major drawback was identified: applicants could 
only enter a single azimuth and tilt value in the submission 
form. For PV systems consisting of multiple clusters of 
modules with different orientations, this restriction 
inevitably introduces errors in the reported orientation. For 
example, in Figure 1, the marked southernmost smaller PV 
polygon has a tilt of approximately 8° and an azimuth of 
13°, whereas the adjacent larger polygon has a tilt of 45° 
and an azimuth of –79°. The applicant for this system 
reported a tilt of 45° and an azimuth of –90°, which 
reasonably represents the larger polygon but completely 
misrepresents the smaller one. To assess how widespread 
this application form and database design limitation was, 
the authors classified systems with more than one polygon 
into primary and secondary polygons, assigning the 
primary status to the cluster whose tilt and azimuth values 
were closest to the established ground truth. In the 
example of Figure 1, the larger east-facing polygon was 
designated as the primary polygon, while the smaller 
southernmost polygon was considered secondary. If two 
polygons are installed on the same roof facet, both are 
assigned as primary or secondary.   

 
3.2 The LiDAR Data and Linear Regression Method 

As demonstrated by Lingfors et al. [17], the tilt and 
azimuth of a solar energy system can be derived from 
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LiDAR point cloud data. Since Swedish orthophotos are 
not orthorectified orthophotos PV polygons may be 
spatially misaligned. To overcome this, Lingfors et al. [17] 
developed and described in detail an orthorectification 
procedure to align PV polygons with the LiDAR data. 

The results in [17] showed that for most PV polygons 
detected by the Alfrödull remote sensing pipeline in 
municipal scans, the available Swedish LiDAR data 
contained a sufficient number of points to enable reliable 
orientation estimation. However, in cases where LiDAR 
data could not be used with confidence, a set of special 
cases and rules was defined to assign a plausible and 
realistic orientation. These include: 

1. Insufficient LiDAR points → no regression 
performed; tilt fixed at 26°1, azimuth set to the 
southernmost long edge the polygon. 

2. Ground-mounted systems (>2 m from 
buildings) → tilt set to 30°, azimuth set to the 
southernmost long edge of the polygon, panels 
assumed to be 0.75 m above ground. 

3. Vertical systems (not identifiable from aerial 
images) → added manually with tilt 90°, 
azimuth set to the southernmost long edge of the 
polygon. 

4. Flat-roof systems (tilt <5°) → tilt adjusted to 
10°2, azimuth set to the southernmost long edge 
of the polygon. 

5. Flat-roof systems oriented east–west → 
treated as bi-directional by splitting the PV 
polygon. Tilt adjusted to 10°, two different 
azimuths set based on the southernmost long 
edge of the polygon with 180° difference. 

6. Unrealistically high tilts from LiDAR (caused 
by outdated or misleading data) → treated as in 
case 1. 

These special cases are also relevant for some of the 
PV systems included in this study. 

In [17], the method was evaluated on 3,500 Swedish 
solar energy systems using a manually derived ground 
truth azimuth dataset, following the same procedure 
described in Section 3.1. For 91–95% of the systems, the 
model accurately estimated the azimuth within the stated 
uncertainty margin of ±3° [17]. 
 
3.3 The Statistical Model Based on PV Penetration 

The Ramadhani et al model [13], can be used to 
estimate the distribution of residential PV tilt and azimuth 
angles based on penetration level ― defined in this study 
as the number of residential PV systems divided by the 
total number of residential buildings. Flat roofs (0° in tilt) 
are first excluded, and then the tilt and azimuth 
distributions of  non-zero tilt roofs are estimated according 
to the stochastic variables: 

 
𝕏𝕏𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇~𝒩𝒩[𝜇𝜇(𝑥𝑥),𝜎𝜎(𝑥𝑥)], 

 
for tilt and:  

 
𝕏𝕏𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴ℎ~𝒰𝒰[−180(𝑥𝑥), 180(𝑥𝑥)], 

 
for azimuth. Here x ∈ [0, 1] is the penetration level defined 
as the number of roofs with PV installations divided by 

 
1Based on a sample of 100 PV systems with correctly identified 
azimuths, the mean tilt was 26°, which appears to be the most 
common roof inclination for single-family houses in Sweden [17], 
confirmed in Figure 4 in this study. 

total amount of roofs. In [13], the parameters were 
determined to be μ(x) = −0.078x + 26.295 and σ(x) = 
0.028x + 6.429. The complete Ramadhani et al model is 
then based on using these distributions with an addition of 
a degenerate distribution at zero for the tilt distribution for 
the flat roofs, see [13], [26] for more detailed information. 

It should be mentioned that the model settings were 
determined in [13] based on a PV model with the 
hypothesis of best-roofs-first (in terms of yearly solar 
energy yield) for PV installations. 

In this study the Ramadhani statistical model is tested 
on the three municipalities of Knivsta, Uppvidinge and 
Falun and compared to a model which fits normal 
distributions to both tilt and azimuth using the Matlab 
function “fitdist”. According to a remote sensing-based 
study on PV penetration levels [27] Knivsta reached a 
residential penetration level of x = 0.0375 in 2023, while 
Uppvidinge reported x = 0.0231 in 2022 and Falun x = 
0.0232 in 2020. 

To assess the goodness-of-fit between the produced 
distributions of the model and the distribution of the 
observations, the Kolmogorov-Smirnov (K-S) test statistic 
was used. Formally, the K-S test statistic K ∈ [0, 1] is 
based on the maximum deviation between two 
distributions [28]: 

 
𝐾𝐾 = max

𝑥𝑥
|𝐹𝐹1(𝑥𝑥) −  𝐹𝐹1(𝑥𝑥)|, 

 
where F1 and F2 are cumulative density functions (CDFs) 
of the probability distributions to be tested. The K-S test 
statistic is a negatively oriented score such that lower 
values mean higher goodness-of-fit. 
 
3.4 Model evaluation 

The accuracy of two methods, the LiDAR-based 
method and database-derived parameters, in estimating tilt 
and azimuth of PV systems was evaluated using the 
metrics shown in Table 1. 

 
Table 1. Evaluation metrics and their definitions. 

Evaluation 
metric 

Definition 

Coefficient of 
determination 𝑅𝑅2 = 1 −

∑ (𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2𝑛𝑛
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖 − 𝑥̅𝑥)2𝑛𝑛
𝑖𝑖=1

 

Root Mean 
Square Error 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �

1
𝑛𝑛
� (𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖)2

𝑛𝑛

𝑖𝑖=1
 

Mean Absolute 
Error 𝑀𝑀𝑀𝑀𝑀𝑀 =

1
𝑛𝑛�

|𝑦𝑦𝑖𝑖 − 𝑥𝑥𝑖𝑖|
𝑛𝑛

𝑖𝑖=1
 

 
In the evaluation metric formulas presented in Table 1, 

yi represents the estimated value of a datapoint, xi the 
corresponded measured value, 𝑥̅𝑥 the overall mean of the 
measured values, n the number of observations. The 
variables thus refer to either tilt or azimuth. 
  

2The prevailing practice in Sweden for PV installations on large 
commercial and industrial (C&I) flat roofs is to mount the 
modules in rows with a tilt of 10° [29]. 
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4. RESULTS AND DISCUSSION 
4.1 Comparing Manual Self-Reporting and the LiDAR 
based Method with the Manually Created Ground Truth 
Dataset 

As described in Section 3.1, a complete-case total data 
set of 104 PV system polygons in the three municipalities 
could be created for which applicants for the Swedish 
capital subsidy program had filled in both azimuth and tilt 
estimations, and for which it also was possible to manually 
derive both azimuth and tilt values from the orthophotos 
and Google Street view images, respectively. In addition, 
the LiDAR data and linear regression method of [17] could 
also generate both azimuth and tilt values based on either 
the sufficient LiDAR data or the six special cases specified 
in section 3.2. 

When comparing the results of the three methods it 
became evident that many applicants for the capital 
subsidy used inconsistent definitions. The application 
form instructs that azimuth values should range from 0° to 
360°, and when azimuth data from the subsidy database 
was analyzed, the authors concluded that different 
applicants appear to have used either of the two 
conventions: 

 
• Clockwise from North (0°–360°): East = 90°, 

South = 180°, West = 270°, North = 0°. 
• Clockwise from South (0°–360°): East = 270°, 

South = 0°, West = 90°, North = 180°. 
 

To enable a more fair comparison of the methods, the 
authors therefore adopted for each PV system a generous 
interpretation of which of the two azimuth convention the 
applicant likely have used — to bring them as close as 
possible to the ground truth — and then recalculated that 
value to the definition used in this study, i.e., that −90° 
corresponds to the East, 0° to the South, and 90° to the 
West. 

Figure 3 shows the distribution of azimuth angles for 
each PV polygon derived by the three methods (after the 
generous interpretation modification of the subsidy 
scheme data) while Figure 4 presents the corresponding 
distribution of tilt angles. 
 

 
Figure 3. Distribution of azimuth angles derived by three 
different methods for each PV polygon. Yellow markers 
show values reported in the Swedish direct capital subsidy 
program (circles = primary polygons, squares = secondary 
polygons). Orange markers represent results from the 
LiDAR-based method (circles = sufficient LiDAR points, 
triangles = special-case estimations). Black crosses 
indicate manually measured azimuth angles from QGIS. 
 

As shown in Figure 3, there is a strong correlation 
between the manually derived ground truth and the 
LiDAR-based methodology for azimuth angles: only 2 out 

of 104 PV polygons (1.9%) differed by more than ±3°. In 
contrast, applications submitted under the capital subsidy 
program showed much poorer accuracy, with 86 polygons 
(82.7%) deviating by more than ±3° from the ground truth. 
Not only were errors more frequent in the self-reported 
data, but the magnitude of the deviations was also often 
substantial, as seen in Figure 3. 
 

 
Figure 4. Distribution of tilt angles derived by three 
different methods for each PV polygon. Yellow markers 
show values reported in the Swedish direct capital subsidy 
program (circles = primary polygons, squares = secondary 
polygons). Orange markers represent results from the 
LiDAR-based method (circles = sufficient LiDAR points, 
triangles = special-case estimations). Black crosses 
indicate manually measured tilts from Google Street View. 
 

Figure 4 shows a similar pattern for tilt angles. Here 
too, the LiDAR-based method aligns closely with the 
ground truth: only 7 out of 104 PV polygons (6.7%) 
differed by more than ±3°. By comparison, 35 polygons 
(33.7%) from the subsidy database deviated by more than 
±3°. Again, the self-reported data show both more errors 
and larger discrepancies. 

Furthermore, the accuracy of the subsidy database and 
the LiDAR-based method in estimating tilt and azimuth as 
compared to the ground truth dataset is summarized in and 
Table 2 (azimuth) Table 3 (tilt), showing R², MAE, and 
RMSE. 

 
Table 2.  Accuracy of the LiDAR-based method and the 
self-reporting method of the Swedish subsidy database as 
compared to the manually derived ground truth dataset in 
estimating azimuth, illustrated by R², MAE, and RMSE. 

Case / Method R2 MAE [º] RMSE [º] 

LiDAR  0.96 2.17 10.82 

Database  0.06 31.38 52.55 

 
Table 3. Accuracy of the LiDAR-based method and the 
self-reporting method of the Swedish subsidy database as 
compared to the manually derived ground truth dataset in 
estimating tilt, illustrated by R², MAE, and RMSE. 

Case / Method R2 MAE [º] RMSE [º] 

LiDAR  0.82 1.49 3.91 

Database  0.30 4.21 7.76 

 
When interpreting the results in Tables 2 and 3, it 

should be noted that the ground truth dataset is not 
absolute, as the manual measurements of azimuth and tilt 
angles are subject to uncertainties, estimated by the 
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authors to be within ±3°. Nevertheless, the trends observed 
in Figures 3 and 4 are corroborated by the statistical 
measures presented in Tables 2 and 3. The LiDAR-based 
method demonstrates superior accuracy compared to the 
database-derived values. For instance, considering R2, the 
LiDAR-based method achieves 0.96 for azimuth and 0.82 
for tilt, whereas the database-derived parameters yield 0.3 
and 0.06, respectively.  

As mentioned earlier, a major source of discrepancy in 
both tilt and azimuth between the direct capital subsidy 
data and the ground truth or LiDAR-based method is that 
applicants could only enter a single value for each 
parameter in the submission form. Figures 3 and 4 show, 
however, that this limitation does not fully explain the 
deviations: 21 primary polygons differed by more than 
±10° in azimuth, and 6 by more than ±10° in tilt. When 
accuracy was assessed using only the primary polygon 
values (as defined in Section 3.1), the results were R², 
MAE, and RMSE values of 0.57, 3.27º, and 5.73º for tilt, 
and 0.81, 13.92º and 20.14º for azimuth. Even under this 
favorable assumption, the database accuracy remains 
substantially lower than that of the LiDAR-based method, 
most likely because applicants were imprecise or careless 
when estimating roof orientations. 

For the LiDAR-based method, 3 of the 104 polygons 
could not be reliably assessed due to insufficient LiDAR 
points (special case 1). In these cases, a fixed tilt of 26° 
was assigned and the azimuth was set perpendicular to the 
southernmost long edge of the polygon. This 
simplification introduced substantial errors, including one 
case where the southernmost edge did not align with the 
module cluster’s lower boundary, leading to an azimuth 
offset of –90°. The second major azimuth error came from 
a non-special-case polygon that deviated by +64°, properly 
due to noise in the LiDAR data. All three special-case 
polygons also appeared among the seven polygons with tilt 
deviations greater than ±3°, with actual errors of –19°, –
19°, and +14°. The remaining four non-special-case 
polygons showed tilt deviations of –19.7°, –4.6°, +5.5°, 
and +12.7°. 

Overall, the LiDAR-based method demonstrated a 
stronger fit for azimuth than for tilt, as indicated by the 
higher R² value. At the same time, higher MAE and RMSE 
for azimuth suggest that occasional large errors can occur, 
as seen in the two polygons with –90° and +64° deviations. 

 
4.2 Comparing the Statistical Model and the LiDAR based 
Method 

The formal K–S test statistics for the agreement 
between modeled and observed distributions are presented 
in Table 4 for both the Ramadhani et al. model and the 
fitted normal distributions, separately for tilt and azimuth. 
For tilt, the K–S statistics are similar for the two models, 
indicating comparable performance. In contrast, for 
azimuth there is a pronounced difference: the Ramadhani 
et al. model departs much more strongly from the observed 
distribution than the fitted normal model. Keeping in mind 
that the K-S test statistic score is a negatively oriented 
score, the normal distribution model outperforms the 
Ramadhani model for the azimuth angle distribution 
estimation. 

 
Table 4. Kolmogorov-Smirnov test statistics for 

Ramadhani model / normal distribution. 
Variable Knivsta Falun Uppvidinge 
Tilt 0.19/0.16 0.14/0.22 0.19/0.15 
Azimuth 0.49/0.07 0.50/0.07 0.46/0.06 

This comparison is not entirely a fair comparison from 
a modelling and general perspective, since the normal 
distribution models were in fact trained on the data sets 
given, and not another data set and generalized as 
instructed for the Ramadhani model case. However, the 
mean value for the fitted normal distributions ranged from 
3.87 to 4.48 and the standard deviation from 52.17 to 
61.83, which shows a close universal fit to these 
distributions for these data sets, albeit both for Swedish 
towns and for similar low penetration levels. A proposal 
could be that the distribution of the azimuth is in fact 
universal regardless of penetration level and, based on the 
mean value of this data, that μ=4.263 and σ=52.335 are 
suggested parameters for this distribution. Investigating 
the universality of this proposition is left for future work. 

It should also be mentioned that while the Ramadhani 
model as a statistical method is testable on the distributions 
of orientations of an aggregate of buildings in this study, it 
lacks the detailed system-to-system comparison features 
that are inherent to the self-reporting and LiDAR-based 
methods, such as the results in Section 4.1. 

Moreover, since the majority of applications in the 
direct capital subsidy scheme lack reported orientation 
values, a direct comparison of general distributions is also 
not feasible. 

However, as the LiDAR-based method generates both 
azimuth and tilt angles for all polygons of all PV systems 
within a scanned area, it enables a comparison of the 
overall distribution of orientations. Figure 5 presents such 
a comparison of the azimuth distributions obtained from 
the Ramadhani statistical model [13] and the LiDAR-
based method [17] for all actual residential PV systems in 
the three Swedish municipalities of Knivsta, Uppvidinge 
and Falun in 2022. 

 

 
Figure 5. Histograms of the azimuth distribution from 
random samples using the Ramadhani et al. [13] model, 
which estimates orientation based on PV penetration 
levels, and the Lingfors et al. [17] method, which derives 
tilt and azimuth angles using LiDAR data, for 1922 actual 
residential PV systems in three Swedish municipalities in 
2022. 
 

As shown in Figure 5, the Ramadhani statistical model 
— assuminh that the “best” roofs are utilized first — 
produces a much narrower distribution of azimuth angles 
than the LiDAR-based method, which explain the high K-
S test statistic values. While this result was expected from 
the probability distribution fit estimates, the difference is 
substantial in system azimuth orientation diversity. The 
LiDAR-based method is highly accurate in deriving 
azimuth angles for PV polygons, both in our dataset 
(where it produced only 2 erroneous azimuths out of 104 
polygons) and in previous work [17], which demonstrated 
accurate azimuth estimation within a ±3° uncertainty 
margin for 91–95% of systems in these three 
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municipalities. We therefore conclude that the assumption 
underlying the statistical model — that PV systems are 
installed on the best-oriented residential roofs — does not 
reflect reality and leads to erroneous estimates of the actual 
orientation distribution of residential PV systems. 

 
  

5 CONCLUSIONS 
 

This study compared three approaches for assessing 
the orientation of residential PV systems in Sweden: (i) 
self-reported values from the national capital subsidy 
program [21], (ii) statistical orientation distributions based 
on PV penetration levels [13], and (iii) a LiDAR data and 
linear regression method [17]. 

The results demonstrate that self-reported values are 
highly unreliable. During the analyses, two major design 
flaws were identified in the application form of the 
Swedish direct capital subsidy scheme. Firstly, the form 
provided only a single field for azimuth and tilt angles. In 
practice, many PV systems consist of multiple clusters of 
modules installed with different orientations. Restricting 
applicants to one entry per system has therefore proven to 
be a significant flaw, leading to substantial errors in 
capturing the true orientation of PV systems. Second, the 
instructions for reporting azimuth angles were insufficient. 
It became evident that applicants had used at least two 
different conventions — where an azimuth of 0° was taken 
to represent either north or south.  

Since it is impossible to know which azimuth 
convention was applied in each individual case without a 
ground truth for comparison, the entire subsidy database 
becomes unreliable for analyzing azimuth data in 
isolation. Combined with the restriction of allowing only 
one orientation value per system, these design flaws render 
the Swedish capital subsidy program database practically 
unusable for orientation statistics. This serves as an 
important lesson for the design of future self-reporting 
systems.  

However, because a ground truth was established in 
this study, it was possible to filter out these form-related 
issues and assess the accuracy of the self-reporting 
method. The results show that substantial errors arise not 
only from database design, but also from imprecise or 
careless estimations by applicants. 

By contrast, the LiDAR-based approach [17] showed 
strong agreement with the manually derived ground truth, 
for both tilt and azimuth. Although occasional large errors 
occurred in special cases with insufficient LiDAR data or 
noise, overall performance was far superior to the database 
values. This suggests that LiDAR offers a robust and 
scalable means to derive system-level orientations at high 
accuracy. 

The statistical model by Ramadhani et al. [13] 
provided some insight into aggregate distributions but 
failed to capture the diversity of real-world orientations. 
Its underlying assumption — that PV installations 
preferentially occupy the “best” roofs — led to a much 
narrower azimuth distribution than observed with LiDAR 
and it is concluded that the statistical approach cannot 
substitute for detailed system-level information. 

In conclusion, LiDAR-based methods currently 
provide the most accurate and comprehensive option for 
determining PV system orientations at scale, while self-
reported databases and statistical models are of limited 
reliability. For researchers and actors such as grid 
operators and aggregators, the adoption of remote sensing 

approaches based on LiDAR-derived system orientations 
will be essential for improving PV generation forecasts, 
enabling more effective network planning, and supporting 
the transition to high shares of distributed solar power. 
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