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Preface 
This study has been undertaken as part of establishing the evidence base for ways that 
Ambleside could become a zero-carbon community. The project has been funded through 
Lancaster University’s Eco-Innovations programme, with Cumbria Action for Sustainability 
(CAfS) being the beneficiary organisation, working in partnership with Ambleside to Zero (A-
Z), part of Ambleside Action for a Future. CAfS has been able to undertake this work and 
assist A-Z thanks to support from South Lakeland District Council.  
 
It is important to note that this study has only assessed suitability of potential roof space and 
area around Ambleside for hosting photovoltaics (PV) from an orientation, incline and 
shading perspective. Issues such as planning policy, delivery mechanisms, structural 
integrity, grid capacity etc. have not been considered here and would need form part of any 
future feasibility works, alongside wider community engagement.  
 
Dr Rhona Pringle, CAfS 
  



 

 

5 
 

Executive Summary 
Solar energy is one of the key ways towns and cities can move towards lower carbon 
energy supplies and thus identifying potentially suitable roof space is essential for modelling 
PV deployment. There are many tools available which allow for the estimation of the 
potential solar PV energy output of a roof with known pitch and orientation, however, there 
are no national databases of buildings which include the parameters necessary to model the 
solar PV potential. The ultimate aim of this study is to provide a pipeline using publicly 
available data which would allow for whole-settlement, large-scale assessments of roof 
space and the maximum number and capacity of solar photovoltaic panels that could be 
installed.  
 
The pilot area selected for the study was the Cumbrian town of Ambleside although the 
method was developed whilst keeping repeatability and scalability in mind so that the same 
assessments may be repeated elsewhere. This was kept in mind as another goal of this 
study is to inform future software development of tools which can apply the method 
wherever the user requires with relative ease and thus allow for more informed 
policymaking. 
 
The main data used in this investigation was 1m resolution aerial Light Detection and 
Ranging (LiDAR) images from Defra as well as annual solar irradiation data from the 
European Union Joint Research Centre. The LiDAR data was used to identify roof planes 
within Ambleside and measure their area, slope and aspect amongst other factors such as 
shading to determine their suitability. This was combined with the irradiation data in order to 
model the potential annual energy output of each roof in Ambleside.  
 
The total area of the potentially suitable roofs was 45,137 m2 which was 28.2% of the total 
roof space. This figure is in line with other studies which find around 26% of the roof space 
of small buildings is suitable for solar PV [1]. The total annual energy output for all of the 
potential rooftop solar PV systems was found to be 3.5 GWh. This could represent around 
60% of Ambleside’s annual domestic electricity consumption. The annual energy output for 
each roof ranged from 934 - 48,569 kWh and the median was 2,408 kWh. A little over 60% 
of the total energy output was from the many sub 3,000 kWh roofs. 
 
20 potentially suitable roofs were picked at random and were tested against a manual 
estimate of the true values for area, slope, aspect and energy. All of the tested roofs were 
suitable and thus no false positives were identified during testing. It is difficult to say to what 
degree false negatives exist which are suitable roofs that have been overlooked by the 
model. It was found that 70% of the roofs were within 10° of the real aspect values and 
similarly, 75% of the roofs were within 10° of the true slope values. The total area was an 
underestimated by 18.6% however the estimation for the total annual energy output was 
potentially underestimated by 12%. 
 
For individual sites to be more accurately classified, higher resolution LiDAR data would be 
very desirable as this is an ultimate limit on the final accuracy which can be achieved by the 
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model. Many of the finer and more complex roof features such as chimneys and dormer 
windows are missed by 1m resolution data, however, obtaining better resolution data may 
prove difficult as 1m is the national standard used by Defra and only important sites are 
imaged down to 50 cm and even 25 cm resolutions. Additional factors could also be 
considered such as employing land use data to designate roofs as either residential or 
commercial and thus ensure that the appropriate PV system is simulated for as the method 
in this study makes no distinction between residential and commercial properties. Other 
irradiation models and simulations could also be looked at to increase the confidence in the 
annual irradiation received by each roof and thus increase the confidence in the energy 
output for each roof. Finally, in order to better ascertain the accuracy of the methodology 
other ways of testing the results could be considered. Locating an area in the UK with a 
large number of existing solar PV installations and with a database of the PV system 
parameters could be difficult but it would allow for a direct comparison between the model 
and reality. 
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Introduction 
Background 

Solar energy and solar photovoltaic systems are one of the key ways towns and cities can 
move towards lower carbon energy supplies and habits. If sustainability is to be taken 
seriously, large scale installation of solar PV must be considered and thus identifying 
potentially suitable roof space is essential for modelling PV deployment.  
 
There are many online tools which allow an individual to input the parameters of a building 
and get an estimate of the potential energy output for a PV system, however, one must 
know the building’s parameters in the first place. There is no national database with the 
necessary information on UK buildings that would allow for town/city-scale automatic 
estimates of the potential energy generation of solar PV systems. This is the ultimate aim of 
this study. To find a method which would allow whole-settlement large-scale estimations 
using publicly available data. To map and measure the roof space and assess the maximum 
number and capacity of solar photovoltaic panels that could be installed. To provide an 
assessment of which roofs would provide the best and worst generating potential [2]. 
 
The area of the study was the Cumbria town of Ambleside. Following local consultations, 
the boundary of Ambleside and thus the boundary of the study was defined by the red 
outline in Figure 1. The most current estimate of the energy consumption in Ambleside is 
from 2017 postcode level meter data published by the Department for Business, Energy & 
Industrial Strategy (BEIS). This data puts the annual electrical energy consumption between  
4.1 GWh and 5.3 GWh [3]. 
 

 
Figure 1: The boundary of the study is shown by the red outline. Satellite imagery from Google. 
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Current Methodologies 

There are many difficulties with identifying potentially suitable roof space. For individual 
sites it is relatively simple to assess by observation, however, this quickly becomes 
unfeasible when there are hundreds or thousands of roofs to check. The main sources of 
data used in similar studies are satellites images and aerial Light Detection and Ranging 
(LiDAR) data which uses light pulses to measure the elevation of points on the ground from 
an aircraft. Depending on the resolution of the data, features such as aerials, chimneys, 
dormer windows and complex roof geometries in general can make it very difficult for 
automated processes to pick out large, contiguous roof planes suitable for solar PV. The 
primary variables which need to be identified by any method are that of roof slope, roof 
aspect or azimuth and area. These all have the greatest effect on the potential annual 
energy generation of a solar PV system along with other factors such as shading and 
module temperature. 
 
There is no one, highly accurate method to solve this problem and there have been a huge 
number of papers on trying to extract the geometries of roofs from LiDAR data and from 
satellite images. Model-driven methods try to match roofs detected in LiDAR data to a 
known set of basic building shapes restricted to common roof types such as flat, slanted, 
gabled and hipped. For UK buildings this is not very successful due to the large variety of 
building types, many of which can have complex and unique roof geometries which make 
matching them to models highly inaccurate. Other methods make use of computer vision 
algorithms to identify the edges and ridges of buildings in satellite imagery. From there 
further algorithms such as region-growing or the Hough Transform are used to generate the 
roof planes. This has the potential to be very efficient however in practise the noise and low 
resolution of the data sabotages the good results as the errors have no discernible pattern. 
Another problem here is that shadows in the images can result in edges being identified 
when no edge exists. This could be remedied by having aerial imagery at different times of 
the day as the shadows move but this means a large increase in imaging would be needed 
and ensuring consistency across the different sets may be difficult due to different fight 
paths of the satellites or aircraft. Similarly, machine learning and algorithms can often be 
tricked by shadows, however, they pose their own issues too as they require training 
samples in order to teach the algorithm what to look for. This requires the manual 
digitisation of, at minimum, hundreds of roof geometries in order to provide the training 
samples. This may be a viable trade-off for country-scale studies, however, for Ambleside 
this would be far too time consuming and the time it would take could be spent equally on 
manually inspecting the roofs anyway [2].  
 
For this study, a LiDAR-based methodology with analysis conducted in a Geographical 
Information Systems (GIS) environment was employed in a similar manner to that proposed 
by Palmer et al. 2018 [2]. This study goes further to try and estimate the maximum energy 
output of a given roof, not just whether a roof may be suitable for a solar PV system or not. 
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Data & Methodology 
Tools 

Most of the core analysis in this study was conducted using the free, open-source 
geographic information system software QGIS. Specifically, QGIS version 3.4.12 (running 
on Windows 10. 64-bit) as this version was described by the QGIS site as the “most stable 
long-term release”. This version was chosen to ensure bug-free repeatability and 
compatibility with any future work and development [4]. 
 
A QGIS plug-in known as Urban Multi-scale Environmental Predictor (UMEP) was used to 
conduct the shading and the irradiation simulations. The version used was UMEP 3.10.4 
and the tools “Daily Shadow Pattern” and “Solar Energy on Building Envelope (SEBE)” were 
used to carry out the shading analysis and the irradiation simulation respectively [5]. 
 
The online tool Photovoltaic Geographical Information System (PVGIS) by the European 
Union Joint Research Centre (EU JRC) was used to simulate the energy losses of the 
potential solar PV systems. This site considers many factors such as solar PV type, aspect, 
slope, air temperature, wind, module temperature, horizon shading and spectral effects to 
produce an estimate for energy output of a solar PV array of a given size [6]. 
 

Data 

There were 4 main sources of data used in this investigation in 3 different formats. The most 
important sources which form the backbone of the methodology are the aerial Light 
Detection and Ranging (LiDAR) raster images from the Department for Environmental, Food 
& Rural Affairs (Defra). These are aerial greyscale images where the colour of each pixel 
represents the elevation above sea level in metres. Two different forms of LiDAR images 
were used, a Digital Surface Model (DSM) and a Digital Terrain Model (DTM). A DTM is just 
the data for the bare ground whilst the DSM also includes elevation data for houses, trees 
and other surface features – this can be clearly seen in Figure 2. Both data sets had a 
spatial resolution of 1m, hence each pixel represents an area of 1m2, and both sets were 
composites of data taken during 2008/09. The vertical accuracy of the data is within ±15cm 
[7]. 
 

 
Figure 2: The DSM aerial LiDAR image on the left shows the elevation of all ground features whilst the the 
DTM of the same location shows only the elevation of the bare ground. 
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The next important set of data was the building footprints from Ordnance Survey (OS). 
These are the shapes and outlines of all the buildings in Ambleside to a reasonable degree 
of accuracy. This data takes the form of a special format known as an ESRI Shapefile 
which, more accurately, is actually a minimum of three different files. Tha main .shp file 
stores the shapes and their location as vector coordinates, in this case the shape of of a 
building outline and where it is located. The .shx file is an index file which is used in the 
programs and applications which can open, display and manipulate shapefiles such as 
QGIS. Finally, the .dbf file is a database (dBASE IV format) which stores the attributes of 
each shape which could be any bit of information associated with a given shape such as 
area or height or what postcode it’s in [8]. Ordnance Survey provides a basic street-level 
digital map in this ESRI Shapefile format called “OS OpenMap – Local” free to anyone on 
their website. This includes roads, forests, lakes, rivers, tunnels and so on although it was 
just the building data which was used in this study. Figure 3 shows what this data looks like 
and how it compares to an aerial image of the same location. Some of the outlines may 
appear to be mismatched although that is due to persepctive effects [9]. 
 

 
Figure 3: A look at the OS OpenMap – Local building data. The left image shows the data supplied by OS in 
the form of building footprints whilst the right image shows the outline of same data superimposed on an aerial 
image of centre of Ambleside. 

The final set of data is the weather and irradiance data for Ambleside. This was obtained 
from the European Union Joint Research Centre (EU JRC) using their online Typical 
Meteorological Year (TMY) tool. A TMY is a full year’s worth of weather data, which crucially 
includes irradiance data, on an hour by hour basis for a given location. It is made up of an 
average across multiple years such that the result is the average or typical weather at any 
given time. The data used in this investigation is an average from the years 2006 - 2015 and 
contains the air temperature, humidity, wind speed, wind direction, air pressure, global 
horizontal irradiance, direct normal irradiance and diffuse horizontal irradiance. It is the last 
three categories which are the most important in estimating the irradiation on a solar PV 
system, however, the wind and air temperature are also useful as the temperature of a solar 
PV module affects its efficiency. The TMY file can be downloaded as a standard CSV file 
which can be used in programs such as Excel however it can also be downloaded as a 
specialised EnergyPlus Weather (EPW) file. The latter was opted for as there is less pre-
processing required when using the TMY with the UMEP plug-in for QGIS [10]. 
 

Identifying Roof Planes 

The hardest problem in estimating the solar PV potential of a large area is identifying the 
potentially suitable roofs upon which a PV system could be installed. There are far too many 
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buildings to carry out an estimation by hand so other methods must be used with some level 
of automation. Some of the many and varied current methodologies have been outlined in 
the Background section of this report. The key to the method in this study is using LiDAR 
data in QGIS to analyse the slope and aspect of every roof in Ambleside. Once that has 
been carried out, there are relatively simple, well-documented methods to find the potential 
energy output for each roof. The full methodology of this study can be seen as both a 
textual and a pictorial flowchart in Figure 19 and Figure 20 at the end of this section. 
 
The first step of the analysis was to create a difference layer by taking the elevation values 
contained in LiDAR DSM and subtracting from those of the DTM. This creates an nDSM or 
normalised DSM which gives the elevation in metres of surface features above the ground 
rather than above sea level. This makes it easier to process the roofs as a minimum 2m 
height limit (above the ground) can be set to filter out some of the ground features. By 
comparing Figure 2 and Figure 4 it can easily be seen that the buildings have increased 
definition and that the nDSM allows for homing in on roof space. 
 

 
Figure 4: The nDSM is shown on the left, created by subtracting the DTM from the DSM to give elevation 
above ground level. Applying a height filter of 2m results in the right image, which is shown superimposed on 
aerial imagery. 

Using the in-built QGIS tools, the height filtered nDSM was then used to create an aspect 
raster and a slope raster which assigns each pixel an angle. In the case of the aspect raster 
this is an angular direction or bearing where black represents 0° (North) then each degree is 
assigned through shades of grey until wrapping back around to white representing 360°. For 
the slope raster, each pixel is assigned an angle with black representing 0° (flat) and white 
representing 90° (vertical). The aspect and slope rasters can be seen superimposed on 
aerial imagery in Figure 5 and Figure 6.  
 
From these rasters, roof planes can be discerned since they usually face a common 
direction and have a common slope across the whole surface of the roof plane. Other 
details such as roof ridges can also be seen as black lines splitting up roofs. This would not 
be true for curved roofs however these can be neglected as they aren’t as suitable for PV 
systems anyway. 
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Figure 5: The left image shows the aspect raster created from the nDSM whilst the right image shows how 
each colour represents a different angle. Starting with black for North, through grey, and wrapping around to 
white. 

 
Figure 6: The left image shows the slope raster created from the nDSM whilst the right image shows how each 
colour represents a different angle. Starting with black for flat slopes, through grey, and finally to white for 
vertical slopes. 

In order to identify the roof planes the aspect and slope rasters were first reclassified so that 
the full range of aspect and slope values could be narrowed to 4 and 3 classes respectively. 
The classes are ranges of values over which the pixels in the rasters are considered to have 
similar values. This allows for the grouping of areas with a common aspect and slope. The 4 
aspect classes were 315° - 45°, 45° - 135°, 135° - 225° and 225° - 315° which represented 
North, East, South and West. This can be seen in Figure 7. For example, any pixel with an 
aspect value in the range 45° - 135° will be put into the East class. The 3 slope classes 
were 0° - 20°, 20° - 40° and 40° - 60° and they can be seen in Figure 8. Points with slopes 
above 60° were removed as these are not suitable for PV installation. After reclassification, 
both the aspect and slope rasters were filtered to remove noise using the Sieve tool in QGIS 
set to 2 px and 12 px respectively. They were also clipped using the building footprints from 
OS to remove data outside the building outlines such as data from trees. The sum of these 
processes can most easily be understood pictorially in Figure 7 and Figure 8. 
 

 
Figure 7: On the left the reclassified, filtered and clipped aspect raster is shown whilst the right image shows 
the 4 classes (N, E, S, W) by which each pixel was reclassified. Comparing this to Figure 5 shows how this 
simplification aids in identifying roof planes. 
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Figure 8: On the left the reclassified, filtered and clipped slope raster is shown whilst the right image shows the 
3 classes by which each pixel was reclassified. Values abover 60° were removed as these are unsuitable for 
PV systems. 

Next the aspect and slope rasters were converted into vector polygons using the QGIS 
Polygonise tool. This tool groups together adjacent pixels with the same value and creates a 
polygon to represent that area of pixels. This format is much more useful as the polygons 
can be saved as an ESRI Shapefile allowing for the shape and position of each polygon to 
be stored as well as any other attributes such as aspect and slope which can be saved as 
part of the database file. The aspect and slope polygons can be seen in Figure 9. 
 

 
Figure 9: The result of polygonising the aspect raster (left) and the slope raster (right). The colours of the 
shapes are arbitrary. 

As roof planes have a common aspect and a common slope across their surface, they can 
be identified by taking the intersection of the aspect polygons and the slope polygons. The 
result of this intersection is a new set of shapes with one aspect value and one slope value, 
they thus represent roof planes. The result of the intersection is shown in Figure 10. 
 

 
Figure 10:The purple shapes represent the areas in which the aspect polygons and the slope polygons 
intersect and thus represent roof planes, albeit with some artefacts. 
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Many of the polygons identified in the intersection are just a few pixels in size or are oddly 
shaped. Some post-processing is needed to get rid of the artefacts and to retain the actual 
roof planes. This was achieved by a series of buffering processes involving the expanding 
or shrinking of shapes by a given amount. Firstly, a negative buffer of -0.8m1 was applied, 
this ensures that any shapes smaller than a pixel would be shrunk out of existence whilst 
also separating larger shapes conjoined by very narrow regions of 1 or 2 pixels. A positive 
buffer of +0.8m was then applied to return the surviving shapes back to normal size. Lastly, 
a positive buffer of +1m and then a negative buffer of -1m was conducted in order to smooth 
out the shapes and remove the blockiness resulting from the polygonisation process whilst 
keeping the shapes’ area approximately the same. The result of these post-processing 
steps can be seen in Figure 11. 
 

 
Figure 11: The result from post-processing the intersection of aspect and slope polygons in Figure 10. Each 
shape represents a roof plane with the larger shapes clearly identifying roofs which may be suitable for PV – 
other criteria are used to filter suitability later. 

The final step in identifying the roof planes was gathering information on each polygon in 
Figure 11 such as accurate values for their aspect, slope, area and location. QGIS was 
used to calculate the centre of each polygon and the latitude and longitude of each point 
was stored as an attribute of each shape in the .dbf database file.  
 
The aspect and slope of each roof plane was found using the Zonal Statistics tool in QGIS 
which allows for statistical calculations involving a raster with a vector overlay layer. It 
calculates statistical quantities using only the raster pixels contained within each polygon.  
In the case of the aspect calculation, the input raster was the original aspect raster in Figure 
5 and the Zonal Statistics tool was used to find the mean aspect for each polygon by finding 
the mean of the aspect raster pixels contained within each polygon. It is important to note 
that circular statistics were used here to get an accurate mean since the data is circular. To 
see why, consider taking the average of aspects of 1° and 359°, taking the usual arithmetic 
mean would yield 180° which is obviously incorrect as the answer should be 0°/360°.  
The slope calculation is much simpler however as the data is not fully circular and thus the 
arithmetical mean can be used. The mean slope was found for each polygon using the 
Zonal Statistics mean with the original slope raster from Figure 6 as the input raster. 
 

 
 
1 The number 0.8m was chosen as it is slightly larger than the diagonal of 1 pixel which is around 0.707m from 
Pythagoras’ Theorem. 
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The planimetric area was found for each polygon using QGIS as well as the true area which 
was calculated by adjusting the planimetric area using the mean slope of each polygon to 
account for the top down projection of the roof planes. 

Shading Analysis 

Shading can be a crucial factor in determining the output of a solar PV system and thus 
must be accounted for. The LiDAR DSM data from Figure 2 was used in the shading 
analysis as this allows for taking shading from buildings into account as well any other tall 
objects such as trees and the landscape in general. This isn’t perfect however as shading 
due to smaller features such as chimneys are not included as their size is below the 
resolution of the data. The DSM was used as the input for the Daily Shadow Pattern tool in 
the UMEP plug-in for QGIS which produces a binary raster image of the shadow pattern at 
any given time with 0 representing shaded areas and 1 representing lit areas [11]. The tool 
was used for 4 different days each producing a shadow pattern for every hour between 
sunrise and sunset. The 4 days were chosen to be the solstices and the equinoxes to 
ensure the full range of the Sun’s positions over a year were accounted for. Specifically, the 
days were 20th March 2020, 21st June 2020, 23rd September 2020 and 22nd December 
2020. The hourly shadow rasters for each day were combined to make a continuous raster 
of each day with values ranging from 0 to 1 where 0 is shaded throughout the whole day 
and 1 is lit throughout the whole day. These daily shadow rasters can be seen in Figure 12. 
 

 
Figure 12: The top row shows the March and June shadow rasters whilst the bottom row shows the 

September and December shadow rasters. These are the results of combining hourly binary rasters such that 
black pixels are shaded during the whole day whilst white pixels are lit during the whole day. 

Next the degree of shading deemed acceptable had to be defined. Following on from similar 
methods in papers such as Margolis et al. 2017 and Boz et al. 2019, the allowable shading 
was defined differently for each day of the season to reflect the relative importance of each 
day since summer days are more important for energy generation than winter days [12] [1]. 
For the March and September days a shading level of 50% was deemed acceptable. For 
the day in June a shading level of 40% was allowable and for the day in December a 
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shading level of 60% was acceptable. This means that for the daily shadow rasters in Figure 
12, pixels with a value of less than 0.5 for March and September, less than 0.4 for June and 
less than 0.6 for December could be considered unsuitable. These criteria were used to 
create daily binary shadow rasters by reclassifying unsuitable pixels to a value of 0 and 
suitable pixels to a value of 1. These can be seen in Figure 13. 
 

 
Figure 13: The top row shows the March and June binary shadow rasters whilst the bottom row shows the 

September and December binary shadow rasters. A black pixel takes a value of 0 and is deemed unsuitable 
whilst the white pixels take a value of 1 are suitable. 

Finally, the four binary rasters in Figure 13 were combined into a single binary raster by 
multiplying them together. This means that for a pixel to take a value of 1 it must have had a 
value of 1 in all four individual rasters and is thus suitable throughout the whole year. Figure 
14 shows this final shading raster from which roof planes could be deemed suitable or not. 
 

 
Figure 14: The final binary shadow raster representing the areas which are suitable (white) and unsuitable 

(black) throughout the whole year. 

Filtering by Suitability 

The first criteria to be met for a roof plane to be deemed suitable was that it was larger than 
the minimum suitable area. With advice from a solar PV installer the minimum system size 
was deemed to be an array of 6 panels which is equivalent to an area of around 10 m2 after 
spacing between modules is factored in. The minimum roof size capable of supporting this 
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system is larger than this however since a minimum 0.5 m buffer must be present around 
the installed modules. The minimum roof area thus depends on the shape of the roof as the 
buffer affects the area differently for different shaped roofs. A minimum roof area of 16 m2 
was settled on as this corresponds to a thin rectangular shape, this shape requires the most 
extra area after a 0.5 m buffer is applied. Therefore, regardless of roof shape, an area of 
greater than 16 m2 should be able to support a 6-module system. 
 
Next, the potentially suitable polygons were filtered via slope and aspect. Again, following 
the advice of a solar PV installer, any polygon with a mean slope of larger than 60° was 
discounted as this would be too steep to install a PV system. Before filtering by aspect, flat 
roofs were identified as roofs with a slope of less than 10°. This is because on such shallow 
slopes the PV modules would not be installed directly onto the roof but instead would be 
installed onto mounts or supports and hence the aspect of the roof would not be that 
important. For the pitched roofs, the suitable aspect range was ENE through to WNW or 
between 67.5° and 292.5°, any roof outside this range (with a slope greater than 10°) was 
omitted. 
 
Initially shading was considered by polygonising the acceptable shadow raster in Figure 14 
and then intersecting that with the potentially suitable polygons. This, however, yielded too 
many small, broken up areas of roof space which would have been filtered out by area. 
Therefore, a more optimistic method was applied using the Zonal Statistics tool in QGIS in 
order to filter out the overtly heavily shaded roofs whilst retaining the potentially suitable 
ones. The acceptable shadow raster in Figure 14 was used as the raster input in Zonal 
Statistics and the shade mean was calculated for each polygon. Since the raster is a binary 
raster, and the mean is averaging over many 1s and 0s, the calculated shade mean 
represents the proportion of area which has acceptable shading levels. For example, if a 
polygon contains 4 pixels, 3 white (value of 1) and 1 black (value of 0), then the shade 
mean would be 0.75 and hence 75% of the area of the polygon would have acceptable 
shading. This minimum shade mean was set to 0.5 so that any polygon with a value below 
this was discounted. 
 
A sample of the filtered, suitable roof planes can be seen in FIGURE represented by the 
yellow polygons. A breakdown of the number of polygons remaining and the total area 
remaining after each filtering step is available in Appendix A. 
 

 
Figure 15: Here the yellow polygons represent the roof planes identified by this study as being suitable for a 

solar PV system. 
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Irradiation Simulation & Energy Estimation 

The Solar Energy on Building Envelope (SEBE) tool in UMEP was used to generate a solar 
irradiation raster from which the energy output of each roof could be estimated [11]. An 
irradiation simulation is required as the diffuse component of solar irradiance depends 
highly on the surrounding structures as it bounces and scatters off of them, this is unlike the 
direct component which can be considered using simple trigonometry. The simulation took 
in the DSM containing the elevation data and the TMY containing the weather and 
irradiance data produced a solar irradiation raster shown in Figure 16. Each pixel has a 
colour representing the annual irradiation on that pixel with colours from blue through white 
to red representing low to high irradiation. The units in the output raster are in kWh, 
however, as each pixel represents 1 m2 the output is numerically equivalent to the average 
energy over an area of 1 m2 with units of kWh/m2. This fact was exploited using the Zonal 
Statistics tool in QGIS by finding the mean of the irradiation raster within each polygon. This 
resulted in the calculation of the average annual energy across polygon in kWh/m2, a 
quantity which could be used to find the potential energy output for a solar PV system. 
 

 
Figure 16: The annual solar irradiation raster produced by the SEBE tool in the UMEP plug-in for QGIS. Each 

pixel has an irradaition value in kWh units with blue being low irradiation at 0 kWh and red being high 
irradiation at 1200 kWh. The orange colour which many of the roofs possess represents around 900 kWh. 

In order to estimate the energy output of a rooftop solar PV system, the number of panels 
which could fit on each roof had to first be estimated. This is a very difficult problem as it 
essentially requires finding the maximum number of rectangles you can fit inside any given 
shape. There was no easy way to implement a solution within QGIS to find an accurate 
estimate for every roof and so a more statistical approach was taken such that the overall 
number of panels across Ambleside should be a reasonable estimate.  
10 random roofs were selected using the research tools in QGIS to have manual estimates 
of the number of panels that could fit on them. For each roof, a rectangular grid was 
generated to represent a solar array whilst accounting for spacing between modules as well 
as adjusting the panel height using the slope of each roof which can be seen in Figure 17. 
The number of modules which could fit inside the roof polygon was then counted and the 
usable area was calculated from this. This usable area was then divided by the area of the 
roof polygon to obtain a useable area ratio. This was repeated for all 10 randomly selected 
roofs and their useable area ratios were averaged together to give a value of 0.728 with a 
small standard deviation of 0.034. This value was then applied to all of the identified suitable 
roof polygons to find their useable area from which the number of panels could be estimated 
by dividing by the area of a single panel and rounding down. A value of 0.7, as described in 
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(Margolis et al. 2017), was used instead for flat roofs as this value considers the spacing 
and self-shading of mounted PV systems [1]. The full results for each 10 roofs can be seen 
in Appendix B. 
 

 
Figure 17: This figure shows the manual panel number estimation process for one of the ten roofs tested. The 
green roof polygon is underneath a grid of purple rectangles representing a solar array. The lime rectangles 
are the panels deemed to fit on this particular roof which contribute to the useable area ratio calculation. 

The last variable which had to be estimated was the efficiency of the solar PV modules. The 
online EU PVGIS tool was used to estimate an average percentage loss for Ambleside due 
to various factors such as module temperature, module construction, spectral effects, 
shading from the horizon (rather than local shading which has already been accounted for) 
and the efficiency of the inverter. The tool was used to estimate the overall percentage loss 
for a 300 Wp yield crystalline silicon solar PV module with a typical system loss of 14%. 
There was some variability with location in Ambleside although the variance was too small 
for it to be worth taking the time to try and model the losses of every module individually and 
so an average of overall loss of 21.1% was used in the energy output estimates. 
 
Now the annual irradiation, number area of panels, area of panels, yield and overall loss 
was known or estimated for each roof, the annual energy output could be calculated using 
the below equation. Here E  is the annual energy output in kWh, 1.65  represents the area in 
m2 of one panel, N  is the number of panels for a given roof, I  is the mean irradiation for a 
given roof, 0.2  represents the yield of a 300 Wp module and 0.789  takes into account the 
21.1% energy loss. 

𝐸 = 1.65 × 𝑁 × 𝐼 × 0.2 × 0.789 
This equation was applied to every identified suitable roof to produce an estimate of the 
potential energy output if a solar PV system were to be installed. 
 
 
Figure 19 and Figure 20 show the entire methodology detailed in this section as a textual 
flowchart and a pictorial flowchart respectively to clearly convey how the all the data and the 
methods are linked. 
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Car Parks & Fields 

Other locations for solar PV systems were also considered briefly. It was found that the car 
parks of Ambleside were not suitable as many of them are either small in size or are 
surrounded by trees or buildings resulting in too much unacceptable shading. Some solar 
PV canopies may be able to be placed in car parks although the potential energy generation 
is small in comparison to the potential contained in rooftop solar PV systems. 
 
Field space was considered using a slope raster generated from the LiDAR DSM which was 
necessary as the original slope raster in is Figure 6 is filtered by height. The slope raster 
was reclassified into a binary raster such that areas with a slope of less than 10° took the 

value of 1 and everywhere else took the value of 0. This was then multiplied by the 
acceptable shade raster in Figure 14 to remove areas with a high level of shading. The 
remaining areas were then polygonised and cleaned in much the same manner as the roofs 
were. A minimum area of 8000 m2 (approximately 2 acres) was used to filter out the 
numerous smaller regions. Some polygons were also removed manually due to their 
unsuitability or because they were not fields. The result of this a shapefile containing 
polygons which represent large, flat, contiguous field areas which may be potentially 
suitable for large scale solar farm. An estimate of the potential energy output for this land 
was calculated using the national average for large scale solar farms which is a power 
output of 5 MW and an annual energy output of 4.95 GWh for every 25 acres of land [13]. 
 
It should be stressed, however, that the slope, shade and area are the only factors 
considered here and that there are many factors outside the scope of this study which 
would need to be taken into account such as current land quality and land use. 
 

 
Figure 18: The identified potentially suitable field spaces are shown by the hatched green shapes. The red 

outline is the Ambleside boundary used in this study. Satellite imagery from Google Maps. 
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Figure 19: A detailed flowchart depicting the full methodology used in this study. 
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Figure 20: A pictorial version of the detailed methodology flowchart with some steps merged for clarity. 
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Results 
Ambleside’s Solar PV Potential 

The total number of polygons and thus the total number of roof planes identified as being 
potentially suitable was 1053. The total area of the suitable planes was 45,137 m2 which 
represents 28.2% of the total roof area (including unsuitable planes). They range in size 
from 16 m2 all the way up to 595 m2 for some of the commercial warehouses with the 
average roof size being 43 m2. The full distribution can be seen in Figure 21. 

 
Figure 21: A histogram showing the distribution of the identified roof areas. 

The slope distribution was as expected with few shallow or flat roofs and many falling into 
the 30° to 45° range common across the UK. The full distribution can be seen in Figure 22. 

 
Figure 22: A histogram showing the distribution of the identified roof slopes. 
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The aspect distribution would initially be expected to be even as it is determined by building 
orientation and that could be in any direction. However, roads have a propensity to be 
approximately North-South or East-West aligned, which is clearly true in the US due to the 
grid system, but it is also somewhat true in the UK. This means that the aspect distribution 
could be expected to be slightly clustered around the cardinal directions. That being said, 
the full distribution in Figure 23 is surprisingly quite heavily clustered and is most likely a 
result of the four aspect classes in Figure 7 used to segment the roof planes. The aspect 
classes chosen may, therefore, have an effect on the final aspect measurements. 

 
Figure 23: A histogram showing the distribution of the identified roof aspects. 

The total annual energy output from all suitable roofs was 3.5 GWh from 17,522 panels. 
This could represent around 60% of Ambleside’s annual domestic electricity usage [3]. The 
outputs of the roofs range from 934 – 48,569 kWh and the median was 2,408 kWh. This is 
reflected in the distribution in Figure 24 as the majority of roofs fell into the 1,000 – 3,000 
kWh range. Around 60% of the total energy output is from the many sub 3,000 kWh roofs.

 
Figure 24: A histogram showing the distribution of annual energy outputs for the identified roofs. 
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The “60% of Ambleside’s annual domestic electricity usage” figure is derived from an 
estimate of household electricity consumption in Ambleside, based on postcode-level 
electricity statistics 2017 (experimental) data provided by the Department of Business, 
Energy and Industrial Strategy (BEIS). This provided a range of annual household electricity 
consumption between 4.1 GWh and 5.3 GWh. This gives a percentage range of household 
electricity consumption, that could be met if the estimated 3.5 GWh was generated by PV, 
between 65% and 85%. As the figures are estimates we have, therefore, used a 
conservative figure of 60% of domestic electricity consumption could be met from electricity 
generated by PV on the roof area identified [3]. 
 
The total area of the identified fields was 584,033 m2 or around 144 acres and this figure 
was used to calculate the potential annual energy output of these fields using the national 
average figure of 4.95 GWh per 25 acres. It was found that the annual energy output could 
be as high as 28.5 GWh, although, given the limited factors considered when identifying the 
fields and that Ambleside’s annual irradiation will be less than the national average this 
figure is likely to be significantly lower. This does, however, illustrate that the space is there 
for these kinds of large solar farms and Ambleside could generate tens of GWh annually at 
the very least. 
 

Testing 

In order to test the accuracy of the results, 20 random roofs were selected for comparison 
between the predictions of the model and estimated real values. The true values were 
estimated using a combination of perspective corrected satellite and street view imagery to 
find the real values for the aspect, slope, area and number of panels. An estimated true 
irradiation and energy output was then found using this information along with the EU JRC 
PVGIS online tool [6].  
 
Promisingly, all of the 20 tested roofs were potentially suitable for a PV system and thus no 
false positives were identified. It was found that 50% of the roofs were within 5° of the true 
aspects rising to 70% within 10°. Similarly, 50% of the roofs were within 5° of the true slopes 
and 75% were within 10°. As for the area, 55% were within 20% of the true value whilst the 
overall difference was an underestimate by 18.6% across all of the roofs. This did not affect 
the overall estimation of the number of panels, however, with the overall difference being an 
underestimate by only 3.3%. The annual energy output ranged from an underestimate of 
41.4% to an overestimate of 32.7%, however, 50% of the roofs were within 20% of the true 
value and the overall difference was an underestimate by 12%. 
 
The full cumulative breakdown of the error ranges in aspect, slope, area and energy output 
can be seen in Figure 25 and the exhaustive testing results comparing predicted values to 
actual values can be seen in Appendix C. 
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Figure 25: These tables show the percentage of roofs which fall within certain error ranges for some of the 

important variables tested. Those variables being aspect, slope, area and annual energy output. 
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Conclusion 
Discussion 

The method in this investigation is very promising in that all of the identified roofs which 
were tested against reality were indeed potentially suitable with no false positives. The 
slope and aspect values were correctly identified to within 10° for 75% and 70% of the roofs 
respectively and the overall estimated annual energy output of 3.5 GWh (around 60% of 
Ambleside’s annual domestic electricity consumption) may even be an underestimate of, at 
most, 12%. The 12% figure needs to be taken with a pinch of salt however as the mean 
irradiation of roofs from the EU JRC PVGIS tool was on average greater by 17.8% than the 
model predicted, this could be due the fact that local shading from buildings was taken into 
account in the model whereas only shading from the landscape is considered in the PVGIS 
tool. Whether the shade from buildings made such a difference or simply whether the 
irradiance simulation in UMEP underestimates the true irradiance is difficult to say. 28.2% of 
Ambleside’s entire roof area was deemed to be potentially suitable for solar PV which is a 
figure in line with Margolis et al. 2017 which reports 26% for small buildings of which 
Ambleside is primarily comprised [1].  
 
Despite the relative accuracy of the testing figures in the previous section, which looked at 
the sites as a whole, individual sites’ energy outputs can be inaccurate and vary by as much 
as 41.4% from the estimated real value. This is mainly due to the statistical approach taken 
to find the maximum number of panels for each roof as well as missing some finer roof 
details such as dormer windows and chimneys. There is also no way of knowing (without 
manual inspection) if there were any false negatives, roofs which would have been suitable 
for PV but which the model overlooked. The bottleneck in the accuracy of this methodology 
is the input data, only so much can be done with 10-year-old LiDAR data of 1m resolution 
despite the surprising amount of detail which can be picked out. More recent LiDAR data 
would be welcomed although fortunately in this case there has not been a great deal of new 
development since 2008/09 with many of the sites which had been developed since then 
being unsuitable anyway. Higher resolution LiDAR would go a long way to accurately 
surveying individual roofs, however, it is of course very expensive and so 1m should suffice 
for broad surveys to quickly identify most of the roofs which could be suitable and to 
generate overall estimated figures for a large area. Some of the factors which were not 
considered include reduced performance due to snow or leaves as well as there being no 
distinction made between residential and commercial PV systems with one type of module 
(300 Wp, crystalline silicon, 1.65 m2) used for the whole analysis. These factors can change 
individual sites’ energy output but shouldn’t affect the overall energy output as much.  
 
Finally, an observation. A little over 60% of the total annual energy output for roofs came 
from the many sub 3,000 kWh roofs which goes to show that individual residential PV 
systems do have the capacity to change our energy habits and move towards lower carbon 
sources. If we are to be serious about a greener future the necessary planning rules must 
be looked at in order to ensure installing solar PV systems is as simple as possible both on 
existing buildings and on new-builds. 
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Improvements & Future Work 

There are many ways in which this method could be improved and built upon. For individual 
sites to be more accurately classified higher resolution LiDAR data would be very desirable, 
if it were a possibility, as this is an ultimate limit on the final accuracy which can be 
achieved. Additional factors could also be considered such as employing land use data to 
designate roofs as either residential or commercial and thus ensure that the appropriate PV 
system is simulated for. Despite the quite accurate aspect values found during testing, 
some evidence (Figure 23) that the aspect classes chosen in order to segment the roofs 
may end up biasing the final aspect measurements. Another minor issue with the aspect 
classes is that roofs which lie along the cardinal directions can end up being needlessly split 
into two classes due to being on the border between the two classes. Instead of using top-
down rigid classes, the segmentation process could be improved by grouping pixels 
together by how much they differ from their neighbours. This may be difficult to implement in 
QGIS however and would likely need to be a standalone process using Python and the like. 
Likewise, the problem of finding the maximum possible number of modules which can fit 
onto a roof is very difficult to carry out in QGIS and would also benefit from the development 
of a separate algorithm. This would dispense of the statistical approach of finding an 
average useable area and allow for much more accurate estimates at the individual roof 
level. 
 
In order to better ascertain the accuracy of the methodology other ways of testing the 
results could be considered. Locating an area in the UK with a large number of existing 
solar PV installations and with a database of the PV system parameters could be difficult 
but it would allow for a direct comparison between the model and reality. Other irradiation 
models and simulations could also be looked into instead of relying on one, the SEBE tool in 
UMEP. This would greatly increase the confidence in the mean irradiation for each roof and 
thus increase the confidence in the energy output for each roof.  
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Appendix A: Step by Step Filtering 
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Appendix B: Useable Area Estimation 
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Appendix C: Detailed Testing Results 

 



 

 

33 
 

 


