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Abstract (200 words)

Rising energy demands and net-zero targets have led to development and implementation of renewable
technologies. Rooftop photovoltaic (PV) solar panels offer a viable solution while minimising complex
construction or excessive infrastructure development. However, critical physical factors influence building
suitability to maximise cost-benefit requirements. This research adopted a Geographic Information System
(GIS) approach to identify building suitability by analysing and comparing Digital Surface Models (DSM) derived
from Light Detection and Ranging (LIDAR) and orthophotography data using UK standardised PV formulas.
Geospatial workflows processed rooftop features and modelled outputs for solar irradiation, panel type, kWh,
COz2, payback and costs while 3D models and solar web applications were used to validate results. Both models
suggested a range of between 14.2 and 15.2 GWh potential for an installed capacity of between 21.1 and 22.3
MW. Residential models met between 62.1% (LiDAR) and 66.6% (orthophotography) of average consumer
demand with PV potential exceeding 94% of residential dwellings. LIiDAR and orthophotography models had
strong agreement with existing PV installations. The methodology can be scaled to a regional level and
expanded for larger PV capacity. Moreover, the process can assist policymakers with informed decisions on

renewable technologies alongside developments such as Peer to Peer (P2P) solar trading.
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Highlights

¢ LiDAR and orthophotography DSMs were compared for solar modelling.

e High agreement between orthophotography DSM and LiDAR solar modelling outputs.
o DSM modelling outputs were compared to web tools and detailed 3D models.

¢ 3D models produce detailed roof solar analysis identifying obstructions at roof level.

e Web solar tools overestimate solar irradiance compared to 3D models.
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1 Introduction

To mitigate the impact of climate change, governments across the world are developing policies that foster an
energy transition from fossil fuels to renewable energy sources. Increasing demand for energy has encouraged
the technological development and promotion of sustainable and reliable energy sources (Gielen et al., 2019).
Furthermore, a move away from fossil fuels is associated with better air quality (Mac Kinnon et al., 2018),
reduced energy prices (Jacobson et al., 2017) and energy security (Escribano et al., 2013). Transitions in energy
systems include solar PV in China (Huang et al., 2019), district heating in Denmark and heat pumps in Finland
(Sovacool and Martiskainen, 2020). Approximately 25% of the world’s electricity is sourced via clean energy,
yet the shift is too slow to meet net zero targets (Gielen et al., 2019). While wind is a significant contributor to
renewable electricity in the UK and Ireland (Brodny and Tutak, 2020), solar PV has grown in popularity as it can
be retrofitted to homes and offers financial rewards for their installation (Chesser et al., 2018) while also reducing
carbon emissions (Liu et al., 2019). The scientific advancement of PV is growing (Kausika et al., 2015) and a
reduction in PV costs has encouraged an increase in solar panel fittings in the UK (Balta-Ozkan et al., 2015).
The price of homeowner solar technology has fallen since 2008 (Lloyd, 2018), with an average 4 kWp system

costing around £6,856 to install (Green Business Watch, 2019).

Solar renewables take the form of PV panels which harness radiation from the sun using photovoltaic cells.
Typical installations include building facades, large sites and, commonly for homeowners, at roof level. At
homeowner level, panels are measured in kilowatt peak (kWp) with the smallest system at 1 kWp (Palmer et
al., 2018) and an upper threshold (for UK domestic properties) at 4 kWp (McKenna et al., 2018). Panels do not
require direct sunlight and can operate in overcast conditions, albeit with diminished performance
(Microgeneration Certification Scheme, 2020). Surplus electricity can be sold back to the grid, providing a
revenue stream for the household. Therefore, a viable return on investment is dependent on the system rating,

homeowner electricity usage and amount of exported electricity (Energy Saving Trust, 2020a).

While solar PV represents a significant form of renewable energy, suitable sites and buildings must be selected
to ensure a feasible return on investment. The ability to make informed decisions on PV suitability is critical for
property owners, network suppliers and strategic outcomes (Boz et al., 2015). A roof’s feasibility for solar panels
can involve physical inspections of the building by solar specialists, although this is inappropriate for large scale
applications (Brumen et al., 2014). Homeowners can calculate solar potential by providing property data to
websites such as the European Commission Photovoltaic Geographic Information System EU PVGIS (2019)

and the Energy Saving Trust (2020b). While these tools consider the regional and technical aspects entered by
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the individual, they are on a building by building basis and depend on homeowner proactivity. Developing a
system that highlights potential solar energy generation without homeowner data could incentivise homeowners,
or local councils, to install solar PV panels on roof structures. Geospatial technologies and remotely sensed

datasets offer considerable potential to identify suitable sites across regional scales (Martin et al., 2015).

1.1 GIS and Photogrammetry

Geographic Information Systems (GIS) is technology that connects location and attributes, which facilitates
spatial investigation, data capture, presentation and analysis (Goodchild, 2009). Photogrammetry techniques,
such as Light Detection and Ranging (LiDAR) and orthoimagery, can be used to generate 3D models at
individual building level from which solar capacity can be quantified in a GIS (Palmer et al., 2016; Buffat et al.,

2018; Moudry et al., 2019).

Kausika et al. (2015) analysed 0.5m LiDAR data to estimate PV potential in Apeldoorn, the Netherlands, which
consisted of mostly residential buildings. The study identified ‘viable’ and ‘partial’ regions of roofs that exceeded
the city’s electricity requirements. However, total capacity assumed that 100% of the classified usable area
would support PV. Kodysh et al. (2013) used 1.0m LiDAR to identify optimal roof positions for PV for 212,000
buildings in Knox County, Tennessee. Within the UK, Jacques et al. (2014) developed a scalable procedure
using 2m LIiDAR to quantify solar potential across 75,000 roof types in Leeds. The model had an estimated
accuracy of 81% and could be used to estimate annual yield for kWh per kWp and cumulative GWh. While the
studies by Kodysh et al. (2013) and Jacques et al. (2014) clearly indicate the potential of 3D models, they did
not calculate panel outputs, payback or potential CO2 savings per building. While LiDAR is effective, other forms
of DSM data, such as orthophotography produced data, have been used to model PV potential.
Orthophotography has a rapid turnaround at reduced costs and is popular with National Mapping Agencies
(Rabiu and Wariri, 2014). Agugiaro et al. (2012) compared 1m LiDAR and 50cm orthophotography across 1250
buildings in ltaly and found that orthophotography DSMs outperformed LiDAR in mapping roof features, thus
yielding reliable solar results at building level. While other research (e.g. Moudry et al., 2019) identifies that
high-resolution building models offer only marginal gains in predicting solar potential, there is a clear need for

further research in the potential of high-resolution 3D models.

Roof suitability depends on several factors, including appropriate adequate solar energy, panel orientation,
optimal slope position and impact of shadowing (Centre for Alternative Technology, 2020). While different

techniques exist to calculate PV potential at roof level from web tools, this is often done on an individual building
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level which is difficult to replicate across large spatial scales (Kodysh et al., 2013). GIS workflows and
photogrammetry can rapidly identify solar PV potential across large spatial scales (Melius et al., 2013). These
models can then be used by homeowners, local councils or government agencies to identify areas that have

maximum potential for solar PV installations (Jakubiec and Reinhart, 2013).

This study compares LiDAR and orthophotography DSM models for the identification of suitable buildings for
solar PV panels for several study areas in Northern Ireland. Northern Ireland’s renewable energy generation
has increased annually since 2010 with green energy production at 47.7% (Northern Ireland Statistics and
Research Agency (NISRA) and Department for the Economy, 2020). Of this 47.7%, renewables are mostly
Wind (84.8%), followed by Biogas (5.4%) and Biomass (4.0%) with PV only representing (3.6%) above a smaller
amount of Landfill Gas (1.6%) and other solutions (0.6%). However, there was a notable expansion in the official
number of PV sites from 246 connections in 2010 to 24,662 in 2020, including small scale residential
(Department for Business, Energy and Industrial Strategy, 2020). Using rural and urban study areas, the specific
objectives of this study were to (i) develop a GIS PV modelling process for roof structures to compare LiDAR
and orthophotography; (ii) develop a model output including PV potential, annual yield in kWh, CO2 savings,
and payback period per building and; (iii) compare the results from the remotely-sensed datasets to UK web-

based methods of calculation and modelled building samples.

2  Methodology

2.1 Overview

The research applied raster spatial analysis workflows in ArcGIS to derive solar potential from LiDAR, and
national mapping DSMs at roof level. The conditional analysis factored roof pitch, building orientation and
minimum threshold to identify a suitable panel type and averaged yearly solar irradiation value in kWh/m?2. UK
government approved formulas were adjusted and applied to each building to determine kWh, CO2 savings and
payback. For validation and assessment of the procedure, three properties were identified to generate Revit 3D
models and compute estimated solar potential. The DSM produced outputs were compared to the 3D models
and standardised PV websites by entering data related to the specific building. Figure 1 illustrates the ArcGIS

workflow and analysis.
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119  Figure 1: ArcGIS workflow and Python workflow




120 2.2 Study Areas

121 DSM datasets are available across Northern Ireland and are provided by Land and Property Services at 40cm
122  resolution (LPS, 2018c) yet LiDAR is restricted to open source provision. LiDAR data at 1m resolution was set
123  as the upper threshold for acceptable GIS PV studies (Kodysh et al., 2013; Palmer et al., 2018). The study area

124  had two locations in Belfast and the third location in Dunseverick (Figure 2).
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126  Figure 2: Study data regions in North Belfast, East Belfast and Dunseverick.
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The main building types in each study area were residential dwellings while some large buildings (e.g. schools)

were present in the Belfast study areas.

2.3  Solar Irradiance Modelling

To estimate PV potential in kWh, solar irradiation is required by determining the available roof area and structure
(Melius et al., 2013) which can be generated from remotely sensed data (Hofierka and Zlocha, 2012; Palmer et
al., 2018). This study’s rooftop solar calculation builds on ubiquitous geospatial computing principles of DSM
assessment for irradiation in context to pitch, azimuth and external building envelope (Boz et al., 2015; Song et
al., 2018). The research encompasses ESRI (2017) solar calculation principles and Khanna (2020) technical
workflows adopted by NVRC (Khan, 2017). The procedure calculated yearly irradiation from the DSM building
footprint, isolating regions based on aspect, roof slope and minimum criteria, producing an output per building.

Further calculations were rationalised for UK suitability.

2.4  Technical Workflows

Each dataset was edited and cropped to the extent of the study regions. Solar area analysis in ArcGIS uses
direct and diffuse radiation (ESRI, 2017) and considers detailed roof arrangements from the terrain (Chow et
al., 2014). The solar area radiation settings were set for a year based on the latitude of each study area with a
14-day hourly interval. A sky size of 200 was appropriate with 32 calculation directions, eight zenith and azimuth
divisions and a z factor of 1. A vector building outline was used as an input mask to calculate the yearly
irradiation on the surface models based on the Irish Grid coordinate system (LPS, 2019). The mask ensured
the outputs were constrained to the building whilst still accounting for roof obstacles and terrain. The process
produced irradiation values based on yearly calculations in Wh/m? which were adjusted to kWh/m? (Khanna,

2020).

A range of permissible roof slopes have been identified ranging from 30° (Energy Saving Trust, 2014) to 60°
(Margolis et al., 2017; Palmer et al., 2018) with prime angles between 39-40° in NI (Invest NI, 2013). Based on
the evidence, this study executed conditional raster analysis on the solar outputs concerning building pitch,
removing slopes greater than 60°. A review of the modelling scenarios determined that setting a threshold of
700 kWh/m? (Figure 1) predominately removed north-facing roofs. Moreover, solar irradiation below this value
would be economically unviable, particularly for smaller PV installations without significant financial incentives.
A minimum threshold of 700 kWh/m? was used as a baseline (Cole et al., 2016) with lower irradiation values

removed although this accounted for the removal of a very small percentage of buildings (<5%). Additional
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conditional exclusions were executed on orientations between 337.5° and 22.5°. Exceptions were applied to
roofs less than 10° (Boz et al., 2015; Khanna, 2020) and over 700 kWh/m?, which could have adjustable panels

installed.

Identifying the appropriate aspect is important in determining solar PV potential with north considered as low
potential (Kouhestani et al., 2018; Tiwari et al., 2020). The output models were pooled using zonal statistics to
determine an overall yearly average irradiation value (Groppi et al., 2018; Kouhestani et al., 2018) which

produced an average kWh/m? per building.

Studies in Europe have used 1kWp (Groppi et al., 2018; Palmer et al., 2018), while 4kWp represents a typical
UK configuration (Ofgem, 2020). PV panel formation and numbers vary depending on the available rooftop area
and suitability, which influences the output ranging from a minimum of 1.3 kWp to typical 4 kWp (Energy Saving
Trust, 2015). A Python script was developed to calculate panel size and assess suitability for 1.3 kWp to 4 kWp
based on the Energy Saving Trust (2015) roof areas from 9.6m? to 29.5m? (Table 1). Estimated installation costs
were accumulated from a review of the Energy Saving Trust costings combined with a review of UK suppliers
and the Department for Business, Energy and Industrial Strategy (2019) figures for micro-PV systems per kWp

(Table 1).

Table 1: Panel sizing guide adopted in the Python script to determine the appropriate kWp. Panels based on the Energy
Saving Trust (2015) sizing guide, which was adjusted to consider 20% of regions not usable.

Roof area (m?) kWp Estimated Estimated cost
Panels including VAT
>0<9.6 Not suitable for Solar - -
>9.6<16.5 1.3 6 £2095
>16.5<20 2.2 10 £3766
>20<27 2.6 12 £4360
>27<29.5 3.5 16 £5769
>29.5 4 18 £6376

In the UK, based on the Standard Assessment Procedure (SAP) guidelines, the Building Research

Establishment (BRE) uses the following formula for annual kWh electricity production for PV:

Electricity Production in kWh/Year = 0.8 x kWp x S x Zpv (BRE, 2014, p.86)
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Where kWp is the highest output of the panel, 0.8 is an empirical performance factor, S is yearly irradiation in
kWh/m? available from climate charts which applies to the pitch and orientation. Zpv is a shading ratio from four
variables ranging from no shadowing (1.0) to a high impact of shadowing (0.5). The Energy Saving Trust adopts
the formula, yet the user determines the shading impact ‘S’ based on their observations of obstructions on the
property. In contrast, the Microgeneration Certification Scheme (MCS) uses the following formula to calculate

yearly kWh:
Annual AC Output (kWh) = kWp x Kk x SF (MCS, 2012, p.59)

Where kWp is panel output, SF is the shading ratio, and Kk is the total kWh/kWp available from climate-SAF-
PVGIS charts based on pitch, orientation and pre-factored performance values of 0.8. BRE (2016) compared
the MCS and SAP methodology and concluded that the equations are the same. However, shading is a foremost
negative contributor on performance with MCS yielding a more comprehensive approximation due to the sun
tracking charts (BRE, 2016). Application of the SAP process using the shading factor tables can reduce the total
yearly kWh by 50% (BRE, 2014). Furthermore, Levinson et al. (2009) emphasise the need for an apt
methodology in solar studies due to the impact of tree canopies, structures and other external features which
could degrade results. The geospatial workflow in ArcGIS provides comprehensive spatial processing on
remotely-sensed data, factoring elevation, location, and shadowing effects (ESRI, 2017). Therefore, the BRE
Zpv and MCS SF shading factors were excluded (i.e. considered as 1.0) as ArcGIS calculated the impact of
shading. The overall performance factor of 0.8 was retained deriving the following formula for the project

electricity output:
Annual kWh output = kWp (ArcGIS)a x S (ArcGIS)» x 0.8 performance ratio
a kWp, derived by a Python script based on suitable roof areas for 1.3, 2.2, 2.6, 3.5 and 4 kWp.

b Yearly solar irradiation (kWh/m?) derived from ArcGIS zonal statistics calculated workflows.

PV solutions deliver a green option, and the fabrication process can yield a carbon payback within three years
(Centre for Alternative Technology, 2020). CO2 savings were calculated based on the Department of Agriculture,
Environment and Rural Affairs (DAERA) carbon intensity factors at 406g/kWh (DAERA, 2019) with a deduction
of three years to accommodate emissions from the manufacturing process. The following calculation was

applied, assuming a 25-year lifespan:
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CO2 Tonnes saved = Calculated PV Electricity Production in kWh/Year x 406x10° T/kWh x 22 years

There is a challenge in estimating how PV saves electricity in the UK as there is a variance in household
consumption and export amounts to the grid (McKenna et al., 2019) with estimates of consumption between
37% (McKenna et al., 2018) and 55% (Action Renewables, 2020). Based on previous studies, this research
adopted 50% as the operating figure. The study regions presented a small number of commercial properties
and factors for businesses were excluded from different PV assessment models. Payback periods required tariff
export rates and standard electricity consumption rates from Power NI (2020a) at £0.051 and £0.1874 (Power
NI, 2020b), respectively. PV technology is relatively maintenance-free; however, a typical planned cost of £800
should be allocated for inverter replacement (Centre for Alternative Technology, 2020). The study payback
equation was based on Invest NI's (2013) formula with the removal of expired renewable credits (Department

for the Economy, 2020), and inclusive invertor costs:
Simple Pay Back = (Capital Cost + Inverter replacement) / (Replaced power value + Export value)

The payback and the CO:2 calculations were performed on the output tables in ArcGIS and spatially joined to

the vector building data with all other outputs.

2.5 Methodology Validation
A validation process was developed to verify the outputs of the DSM workflows. Autodesk InfraWorks was used
by inputting the DSM into a model with draped orthophotography creating an aggregated 3D output. The time

and date could be adjusted in real-time with spatial correctness for sun and sky to identify regions which had

unexpected low results for south-facing properties (Figure 3).

227



228
229
230

231
232

233
234
235

236
237
238
239
240
241
242
243
244
245

246
247
248

249
250
251
252
253

254
255
256
257

Figure 3: Left —solar calculation for a south-facing roof with low potential due to the tree canopy. Right illustrates the
DSM in Autodesk InfraWorks. The time of day and year can be adjusted to review the shadow effect and verify any
negative impact from surrounding vegetation.

As the data had temporal and resolution differences, a review of the surfaces for any distinguishing changes
was appropriate (Gehrke et al., 2010; Alganci et al., 2018). This was achieved at two levels by reviewing overlaid
cross and long sections of the data in Autodesk Civil 3D and by creating differences in the LiDAR and DSM

datasets using map algebra tools in ArcGIS.

2.6  Solar Model Verification

Two approaches were adopted to verify the solar DSM calculated outputs: firstly, a 3D model was developed in
Autodesk Revit and analysed using Autodesk Insight, and secondly, building data were validated on PV
websites. Prior to constructing the 3D models and applying web-based calculations, a property from each study
region was identified based on typical household installations of 4 kWp (Ofgem, 2020). For a fair comparison,
the selection of the buildings confirmed that temporal disparities in the datasets did not exist due to changes in
the surrounding environment caused by vegetation or structure. The building measurements were constructed
from an external site verification, Google street maps and a photograph raster-to-vector process using Civil 3D.
The process generated known dimensions of the building elevations, roof pitch and other measurements such

as chimney details. The dimensions were used to develop parametric models in Autodesk Revit.

PV web-based evaluation tools were reviewed to authenticate the ArcGIS and Revit outputs namely NREL
PVWatts (2020), EU PVGIS (2019) and the Energy Saving Trust (2020b). The data related to the three sample

properties for building location, orientation and roof slope were manually entered with default efficiency losses.

2.7  Analysis

IBM SPSS V25 tests for Q-Q plots, Kolmogorov-Smirnov and Shapiro-Wilk's were performed to identify if the
solar PV estimates were normally distributed. The results indicated the data were non-parametric and not
normally distributed; therefore, Wilcoxon tests were applied to compare the LIDAR and DSM solar irradiation

outputs for the three different resolutions.

3 Results
Table 2 summaries the classification of PV modelling of 9436 buildings over three regions. 76.3% (LiDAR) and
77.2% (DSM) of all buildings were identified as being suitable within the banding with a high level of agreement

between the LIDAR and DSM data.
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Table 2: Summary of analysed buildings and corresponding panel type.

Panel Type/Region North Belfast East Belfast Dunseverick
(8605 buildings) (671 buildings) (160 buildings)
LiDAR DSM LiDAR DSM LiDAR DSM

Failed to meet modelling criteria 308 292 64 48 6 6
No Panel 1700 1643 135 147 23 16
1.3 kWp 1303 1036 59 71 25 21
2.2 kWp 773 600 30 21 13 11
2.6 kWp 1578 1443 39 37 26 22
3.5 kWp 414 523 9 9 7 3

4 kWp 2529 3068 335 338 60 81
Total buildings with potential 6597 6670 472 476 131 138
1.3-4 kWp

4 kWp was the primary system for both data types while 3.5 kWp was the minority configuration with an average
of 22.9% of buildings in both Belfast regions failing to meet the minimum PV suitability. The modelled LiDAR
data had a lower capacity than the modelled DSM data, both in terms of GWh capacity and buildings satisfying
PV modelling criteria. However, there is a strong agreement between the LiDAR and DSM model outputs,

particularly for East Belfast (Table 3).

Table 3: Summary of GWh for 1.3 — 4 kWp systems calculated from LIDAR and DSM datasets.

Region/Output Collective yearly Difference Number of Difference
GWh capacity upto GWh LIiDAR - potential Buildings
4 kWp DSM buildings LiDAR - DSM
Belfast LIDAR 12.90 -7.21% 6597 -1.11%
Belfast DSM 13.83 6670
East Belfast LIDAR 1.059 -0.50% 472 -0.85%
East Belfast DSM 1.064 476
Dunseverick LiDAR 0.26 -11.54% 131 -5.34%
Dunseverick DSM 0.29 138

Variation in LIDAR and DSM irradiation values were relatively low across all three study areas (Table 4) with
North Belfast showing the highest variation (0.55%) and East Belfast showing lowest variation (-0.25%). Again,
North Belfast had the highest mean difference in kWh while East Belfast had the lowest scores. Despite East
Belfast having the lowest average irradiation, lifetime CO2 and kWh/year were the highest compared to all
regions. The elevated CO2 and kWh for East Belfast was associated with a high proportion of 4 kWp panels for
both datasets at 71%. An appraisal of the carbon footprint signified comparable totals and saving in CO2
emissions over 25 years of 127,028T CO: (LiDAR) and 135,681T CO2 (DSM). Payback periods ranged from

19.7 (North Belfast) to 32.6 (East Belfast).
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Table 4: Solar irradiation, kWh, CO2 25-year saving, and payback calculated from LIDAR and DSM models.

North Belfast East Belfast Dunseverick
Output/Dataset
LiDAR DSM Diff % LiDAR DSM Diff % LiDAR DSM Diff %
Average 833.9 829.3 4.6 0.55% | 804.9 806.9 -2 - 820.6 823.3 -2.7 -0.33%
kWh/m? 0.25%
Average 1956 2074 -118 - 2244 2234 10 0.45% | 1990 2123 -133  -6.68%
building kWh 6.03%
Total CO2 115238 123564 - - 9462 9500 -38 - 2328 2617 - -
saved 25 Years 8326 7.23% 0.40% 289.4 12.43%
(Tonnes)
Average COz 17.5 18.52 - - 20.04 19.96 0.08 0.40% | 17.8 19 -1.2 -6.74%
saved 25 Years 1.02 5.83%
(Tonnes)
Average 24.5 24.2 0.3 1.22% | 24.3 24.2 01 041% | 2438 24 .4 04 1.61%
payback (years)
Minimum 19.7 19.7 0 0.00% | 20.5 20.5 0 0.00% | 20.3 20.7 -0.4 -1.97%
payback (years)
Maximum 324 32.5 0.1 - 32.6 324 02 0.61% | 315 31.1 04 1.27%
payback (years) 0.31%
276
277  There were very few commercial, recreational or religious buildings as residential dwellings made up 66.4%
278  and general buildings 30.3% of all regions. General buildings (e.g. garages) were prevalent under the ‘no panel’
279 category with many of these buildings having small roof areas. Residential dwellings represented most
280 properties in North and East Belfast. Isolating residential buildings for 1.3—4 kWp detected a 94%+ and 88%+
281 suitability for North and East Belfast respectively for LIDAR and DSM data. Dunseverick is coastal and most
282 buildings were classified as general, predominately due to farm structures. The residential analysis of
283  Dunseverick determined PV suitability at 96.61% (LIDAR) and 98.31% (DSM), albeit based on a lower number
284  of observations.
285 3.1 Non-Parametric Testing
286  Wilcoxon signed-rank tests were applied to evaluate any statistically significant differences in the modelled
287 outputs. While there were significant differences between the modelled DSM and LiDAR data, most variables
288 in East Belfast were not significantly different apart from solar irradiance and solar area. Significant differences
289  occurred in North Belfast and Dunseverick. The results suggest that the DSM data were aligned with the high-
290 resolution 0.2m LiDAR data for solar analysis as were the calculated outputs of the lower resolution (1.0m) data
291 for East Belfast (Table 5).

292
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Table 5: Wilcoxon signed-rank test results for North Belfast, East Belfast and Dunseverick.

North Belfast East Belfast Dunseverick

0.5m LiDAR, 0.4m DSM 1.0m LiDAR, 0.4m DSM 0.2m LiDAR, 0.4m DSM
Test result Z Sig. (2-tailed) Z Sig. (2-tailed) Z Sig. (2-tailed)
Solar irradiation -18.713 0.00 -3.888 0.00 -0.999 0.318
kWh -18.327 0.00 -0.629 0.53 -5.366 0.000
Panel type -23.141 0.00 -0.070 0.94 -4.730 0.000
Payback -15.296 0.00 -1.116 0.26 -4.730 0.000
CO2 -18.327  0.00 -0.629 0.53 -4.832 0.000
Solar area -40.966 0.00 -4.442 0.00 -8.895 0.000

3.2 3D Models and PV Web Analysis

Constructing the 3D models aided in isolating pockets of lower solar energy. However, any deviations in solar
outputs were due to obstructions at roof level and not the surrounding terrain as this was not modelled. The
main roof surfaces produced uniformly distributed peak isolation values of 928 kWh/m? (North Belfast), 957

kWh/m? (East Belfast), and 969 kWh/m? (Dunseverick).

PV Websites observed higher solar irradiation values over the LOD models and DSM outputs exceeding 1000
kWh/m? except for PV Watts (East Belfast). In contrast, none of the 9436 buildings modelled in ArcGIS reached
this threshold. Dunseverick’'s 3D model recorded a low value as it was segmented over two roofs. Autodesk
Insights recorded the 3D model’s irradiation as 781.27 kWh/m?, with an average on the primary roof at 951.5
kWh/m? and the secondary roof at 624.54 kWh/m?2. If a proportionate approach were executed based on the
average surface isolation value and corresponding roof surface area, a figure of approximately 814 kWh/m?
would be substituted. Not all PV websites had the ability to estimate CO2, annual benefit or installation costs;
therefore, kWh and irradiation were the only comparable variables. kWh was inflated for the LOD models as the
calculation used a methodology to derive output based on area, solar irradiation and panel efficiency. PVGIS
reported a yearly variation in kWh/m? based on the standard deviation (EU PVGIS, 2020); however, no

adjustment was factored in the kWh calculation (Table 6).
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Table 6: PV comparison of assessments methods applied to the three sample buildings.

Property Source System CO: Installation kWh Annual Assessment Irradiation
(Kg/Year) Cost (£) Benefit (kWh/m?)
(£)
BT15, North Energy Saving 4 kWp 1036 5970 3375 218.00 SAP 2012 1054.69
Belfast Trust
PVWatts 4 kWp  Not calculated 3088 578.00 NREL 1000.79
EU PVGIS 4 kWp  Not calculated 3275 NA CM SAF 1074.40
LiDAR 4 kWp 1094 6376 3063 365.11  ArcMAP/MCS  957.27
DSM 4 kWp 1080 6376 3022 360.22 ArcMAP/MCS  944.24
LOD200 Revit  Not Calculated 4423 840.00 Perez 920.40
BT57, Energy Saving 4 kWp 1047 5970 3412 220.00 SAP 2012 1066.25
Dunseverick Trust
PVWatts 4 kWp Not calculated 3240 608.00 NREL 1037.31
EU PVGIS 4 kWp  Not calculated 3177 NA CM SAF 1046.70
LiDAR 4 kWp 1006 6376 2817 335.79 ArcMAP/MCS  880.30
DSM 4 kWp 994 6376 2781 331.50 ArcMAP/MCS 869.08
LOD200 Revit  Not Calculated 4542 863.00 Perez 781.27
BT4, East Energy Saving 4 kWp 1020 5970 3324 216.00 SAP 2012 1038.75
Belfast Trust
PVWatts 4 kWp  Not calculated 3053 573.00 NREL 989.83
EU PVGIS 4 kWp  Not calculated 3339 NA CM SAF 1093.69
LiDAR 4 kWp 1020 6376 2854 340.20 ArcMAP/MCS  891.79
DSM 4 kWp 1043 6376 2921 348.18 ArcMAP/MCS  912.68
LOD200 Revit  Not Calculated 4574 869.00 Perez 928.32
313
314 3.3 Validation
315  Visual verification of installed PV systems identified from the orthophotography corroborates the model outputs
316  and methodology. Several sites were discovered, ranging from larger installations to smaller outhouse
317  arrangements (Figure 4).
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Figure 4: North Belfast detached house with highly comparable outputs for LIDAR (left), and DSM (Right)
overlaid on the installation.

A comparison in level changes between LIDAR and DSM revealed that the Belfast datasets had substantial
fluctuations while Dunseverick had the least difference. The DSM data elevations are closer for the East Belfast
data as the mean difference in DSM is 0.22m despite the high outliers. The Dunseverick mean difference was
-0.26m, although numerous pitted areas and post-processing of coastal boundaries of the datasets could

influence the results (Table 7).

Table 7: LIDAR - DSM statistics for changes in level (m).

Descriptive/Datasets North Belfast East Belfast Dunseverick
Minimum -33.60 -33.93 -14.56

Mean -1.03 0.22 -0.26
Maximum 44.03 37.28 10.29

SD 3.10 3.38 0.55

A long section examination facilitated a quality review between building profiles. In specific dense locations the
50cm LiDAR data for Belfast had a greater difference between detached houses than the DSM. Despite East
Belfast’s overall mean level difference being 0.22m, a detailed visual inspection indicated a consistent gap in
the building profiles of 0.5m. The 40cm DSM proved capable of identifying detailed roof profiles and was well
aligned with Dunseverick’s LiDAR (Figure 5). Irregularities in the Dunseverick LiDAR data included ‘pitted’

regions, lowering solar clusters of single-pixel values (Figure 5).
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Figure 5: Top: Long section of farm buildings in Dunseverick. Pitted regions in the LIDAR influencing solar
results are visible. Bottom: Long section in East Belfast of detached houses with a notable consistent difference
in level (LIDAR — DSM) of approximately +0.5m.

The results above suggest a strong agreement between the DSM and the LiDAR model, particularly for the
East Belfast study area. The results also suggest significant capacity to install solar PV panels on many

residential dwellings across all three study areas.

4  Discussion

This study investigated the extent to which LIDAR and orthophotography produced DSMs could be used to
locate solar PV panels on buildings. The study found a high level of agreement between LIDAR models and
DSM orthophotography models, suggesting that LIDAR may not be necessary for accurate estimates of PV
potential on buildings. Both models identified that approximately 94%+ of all residential buildings could
accommodate PV panels between 1.3 kWp to 4 kWp. While panel sizes can be adjusted, this study used a

range between 1.3 kWp to 4 kWp which yielded an overall potential of approximately 14.7 GWh/year for a 21.7
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MW installation. The models calculated a significant potential annual saving of residential CO: of approximately
5,236 Tonnes based on DAERA (2019) carbon intensity figures. The research and methodology demonstrate
that widely available low-cost photogrammetric national mapping data can determine the capacity to install PV
panels on rooftops across vast spatial scales derived from government-approved formulae without the need to

commission complex and expensive LIiDAR studies.

4.1  Comparison of LIDAR and Orthophotography Modelled Solar Outputs

LiDAR data has been a particularly effective dataset for estimating PV potential on buildings (Kodysh et al.,
2013; Boz et al., 2015; Kausika et al., 2015) and suitable land (Finn and McKenzie, 2020). However, LiDAR
remains costly with elongated timeframes to capture (Nelson and Grubesic, 2020) which could restrict its
application in PV site selection. Conversely, aerial photogrammetry has developed significantly over recent
years with increased spatial resolution (Pan et al., 2019) along with improved photogrammetric techniques
(Rabiu and Waziri, 2014). Furthermore, aerial photogrammetry is often collected on a routine basis by national
mapping agencies, thus providing regular updates at lower costs than LiDAR. Aerial photogrammetry offers a
distinct advantage over other datasets, such as UAV photogrammetry (Moudry et al., 2019), as it is collected

over very large spatial scales in a short timeframe.

This study investigated the level of agreement between both LIDAR and DSM photogrammetry to determine if
PV estimates were significantly different. Results (Table 5) showed significant differences for North Belfast and
Dunseverick yet high agreement for East Belfast. One of the main factors that caused significant differences for
North Belfast and Dunseverick was temporal differences in the datasets. Accessing remote sensing data at
similar timeframes is challenging, so it is vital to identify constant areas within DSMs for comparison (Alganci et
al., 2018). Wong et al. (2016) observed the difficulty in processing LiDAR solar analysis due to temporal
differences as structures change over time through new developments or building removal. The study relied on
the accuracy of the building footprint aligned with DSM. A review of Dunseverick’s buildings demonstrated that
124 of 160 building footprints matched both DSMs. The remaining buildings presented pitted regions in the
LiDAR, or the structure was not aligned with the DSM due to building demolition or construction. This work
demonstrates that future studies that seek to analyse multiple datasets should have a verification process by
comparing the DSM to building outlines, then eliminating buildings where the DSM does not match both

datasets, making the models more comparable.
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Brumen et al. (2014) illustrated the reduction in PV capability due to tall vegetation in proximity to buildings post-
analysis. Comparing the North Belfast modelled kWh/m? differences in relation to changes in level verified the
positive and negative impact vegetation had on both data models, with several regions presenting extensive
changes in structure and tree canopies. The corresponding orthophotography by closest date was overlaid in
InfraWORKS with contours to validate the differences. Whilst there was a good agreement between LiDAR and
DSM modelled outputs, discrepancies could easily be identified by the changes in mature vegetation growth

from the 2006 LiDAR to the 2018 DSM data.

Jochem et al. (2009) applied transparency factors on LIiDAR solar modelling to foliage respecting the natural
way of daylight penetration which could be beneficial as the DSM data is more solid in appearance compared
to LIDAR. However, the validation process used in this study supports the use of recent data when executing
an analysis of vegetation areas prone to growth spurts. The process could consider future growth scenarios
(Levinson et al., 2009), yet this is a complicated procedure and issues in this study were only evident in isolated

areas.

Figure 6 reveals the detail of the 20cm LiDAR on a chimney in the Dunseverick model, which was not
identified in the DSM model due to resolution. While this level of detail is valuable, there was only a -1.3%
difference between the DSM irradiation and LiDAR. This agreed with Lingfors et al. (2017) and Moudry et al.
(2019) who both found that lower-resolution models performed well in contrast to higher-resolution models
when classifying roof structure faces for PV. Furthermore, Moudry et al. (2019) observed that less than 1m
resolution data is not required for dependable solar irradiance values on plain roofs with no or marginal
obstructions when comparing an actual PV installation to modelled outputs. This study highlights the value of

widely available orthophotography in mapping suitable roofs for PV installations.
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Figure 6: (1) lllustrates the model with LiDAR overlaid. (2) Analysis of the model with low irradiation regions
due to the modelled chimney. (3) LIDAR data with the chimney region nearly removed as part of the ArcGIS
workflows. (4) DSM does not have the resolution to consider the chimney.

Visual examination of imagery can authenticate existing PV fittings on buildings (Latif et al., 2012; Mainzer et
al., 2017). Notwithstanding the limitations in significance testing, and temporal differences in datasets, the
confirmation of several solar installations per study area supported the methodology and data agreement for
LiDAR and the DSM. Furthermore, verification of long sections compared relatively well to identify roof features

from both datasets although the DSM offered advantages over the LiDAR data.

4.2  Estimation of PV Potential, CO2, Savings and Payback

While other studies have used models to estimate the potential energy that PV could produce, this study
provides additional results on cost recovery, CO2 savings and PV panel sizing based on UK government
restrictions. We demonstrate that remotely sensed datasets, such as LIiDAR or ortho DSMs, can be successfully
used to determine solar PV suitability at the individual household level (Kausika et al., 2015; Wong et al., 2016;
Song et al., 2018) or at aggregated census scales (Palmer et al., 2016). While Kausika et al. (2015) suggested
that surplus electricity could be generated for Apeldoorn, this study, based on UK formulas (MCS, 2012)
estimated yearly output of approximately 2,181 kWh/year for suitable residential buildings. The Northern Ireland
Authority for Utility Regulation (NIAUR) indicates the average homeowner consumes 3200 kWh/year (NIAUR,

2019), suggesting that solar could generate almost 70% of residential demand which agrees with other studies
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(Hofierka and Kariuk, 2009). This is based on current regional restrictions on solar panels which, if relaxed,

could further reduce energy costs.

The study’s 700 kWh/m? threshold assisted in eliminating low regions along with roof pitch and building
orientation constraints. Kausiki et al. (2015) applied a 70% rule to annual irradiation in the Netherlands,
identifying 600 kWh/m? as the lower limit. A similar application to Northern Ireland could improve workflows
based on yearly global horizontal irradiation values of 801-1000 kWh/m? (MCS, 2012) which would determine
a limit of 561 — 700 kWh/m?. A lower limit could elevate panels on borderline categories or promote previously
unsuitable buildings (i.e. small outbuildings) to the minimum 1.3 kWp (Boz et al., 2015), thus increasing energy

estimates.

The second possible improvement is the consideration of contiguous roof areas (Boz et al., 2015; Gagnon et
al., 2016). PV panels are positioned in arrays at optimal roof positions for maximum performance. Therefore,
the spatial process could be enhanced to identify the single largest contiguous area on the roof with zonal
statistics applied. Yet, it was noted that many modelled outputs were predominately contiguous when processed

with some sporadic pixels.

A selection of larger buildings in both Belfast regions calculated a lower kWh/year due to the 4 kWp limit and
flat roofs. Moreover, under normal installation conditions, it is expected that panels on flat roofs would be
optimised for a suitable angle (Mainzer et al., 2017) generating a higher yearly return. The parameters used in
this study mean that none of the study areas meet the NIAUR (2019) estimated yearly average households’
electricity consumption of 3200 kWh. However, altering parameters could significantly increase potential
power generation from PV. For instance, a 5.3 kWp system in Northern Ireland could generate enough
electricity to sustain household demand throughout the spring to summer months (Macintyre, 2019).
Therefore, considering the 4 kWp limit, accommodating a higher system would generate greater opportunity
and output provided policy changes would facilitate a change in threshold. Indeed, while calculating the
maximum 4kWp for domestic buildings in Belfast, additional roof areas were deemed suitable for PV at 58.5%
(DSM) and 54.3% (LiDARY). Applying the extended validated areas would breach current regional restrictions

but clearly illustrates the significant potential of solar PV if current policy was changed.

While capital costs of solar panels are reducing (Balta-Ozkan ef al., 2015) the average project payback for all
datasets and regions fell within 25 years with maximum periods extending to 32.6 years and minimum return

on investment at 19.7 years. The Northern Ireland Renewables Obligation (NIRO) ceased in March 2017
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(Department for the Economy, 2020) which allocated payments for every MWh of electricity generated
regardless if consumed or exported (Green Business Watch, 2014). Current Renewable Obligation Certificates
(ROC) payments are available for panels installed within the qualifying period (Department for the Economy,
2020). Eligible panels falling within the timeframe which are valid to collect ROC credits receive an additional
variable rate per kWh (Power NI, 2020c). As the study defined an opportunity for new solar panels, the ROC
payments cannot be applied, essentially removing an estimated additional income of £200+ per year per
household. The lack of incentive or grant being applied to the payback periods lengthened the return period,
and arguably, the surplus could reduce the return period by up to 14 years. However, Reid and Wynn (2015)
found the future domestic solar market in the UK for PV in 2025 is sustainable without financial incentives based
on higher homeowner consumption, and the potential introduction of battery storage could change payback
between 8 to 14 years depending on location. Determining solar electricity savings for households is challenging
(McKenna et al., 2019) with assumptions made for export/import figures. Furthermore, MCS (2019) has advised
that owner daytime and evening occupancy require an appraisal to calculate accurate export estimates. Chesser
et al. (2018) discovered that PV demand has a potential risk of increasing UK electricity prices due to ongoing
infrastructure and operational costs of energy companies which are not in balance with decreased demand.
However, the recent surge in energy market prices may rise further in 2022 due to market volatility (Ofgem,

2021), thus supporting the justification for self-sustaining energy generation.

4.3 Comparison of Remotely Sensed Results to Solar Websites and Modelled 3D Buildings

The three sampled buildings revealed that the web PV tools generated higher outputs compared to ArcGIS and
the Revit models. The role of shadowing is important in accurately estimating solar values along roofs with
websites, such as NREL, not accounting for shadowing (Nelson and Grubesic, 2020). Furthermore, Cole et al.
(2016) explained that shadows decrease efficiency and acquiring the correct PV position is a profound
undertaking with homeowners not having the capability to recognise output problems. Manual input is required
on PV web sites to apply values which will degrade the overall results due to shadowing (Dean et al., 2009). In
the case of the sample buildings, no shading factor was applied, illustrating that the process is open to user
interpretation. The Energy Saving Trust website has two issues that users need to account for: firstly, estimates
are based on SAP 2012 calculations therefore inaccurate estimates of shading could adjust the yearly kWh by
as much as 50%. Secondly, the SAP 2012 method is applied using a fixed latitude of 54.6° and 72m elevation
for Northern Ireland calculations (BRE, 2014). Latitude and level are known factors influencing solar irradiation

(Hofierka and Suri, 2002), and Dunseverick is at 55.2°, coastal with a height of approximately 47m AOD. A more
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northerly location can expect a lower PV yield with approximate mapped variations from Belfast to Dunseverick
between 0 and 149 kWh/m? (MCS, 2012) meaning that northerly estimates could be overstated. The potential
of the models to provide accurate energy estimates, with less input from users, represents a significant strength

of the methodology.

There was strong agreement between the 3D models and both the LIDAR and DSM datasets compared to the
web analysis outputs with yearly solar radiation falling between -4% to 11.24%. However, the kWh productions
for the DSMs are more correlated with the PV websites compared to the Revit models due to calculation

limitations in Revit.

There is a high level of confidence in using the DSM, which provides cost-effective benefits and regular updates.
This project could be scaled to an all Northern Ireland analysis and aggregated to an online mapping system
similar to Jakubiec and Reinhart (2013) and NVRC (2019) who published electricity potential, emission reduction
and financial savings. NVRC set limitations on the minimum roof area, whereas this research set a low threshold
considering smaller outbuildings capable of 1.3 kWp. A regional model could incentivise policymakers to make
informed decisions and foster uptake for planning initiatives in relation to fuel poverty (Walker et al., 2014), off-
grid homes in rural locations and carbon alleviation. Making such applications publicly accessible would appeal
to community residential groups when considering initiatives such as Peer to Peer (P2P) sharing networks which
provide an opportunity for domestic PV owners to become ‘prosumers’ (Gall and Stanley, 2019). P2P offers
economic potential for residents without the need for high organisational overheads for households (Johnson
and Mayfield, 2020). However, if the onus is on homeowners to fund energy schemes, affordability will prohibit
low-income homes from benefiting (Walker et al., 2014) and strategic consideration is required of infrastructure

to ease energy poverty (Robinson et al., 2019).

5 Conclusion

A UK rationalised methodology was presented for analysing and comparing remotely sensed datasets at roof
level for PV. The research identified the potential for an approximate 21.7MW installation at 14.7 GWh capacity
on all buildings. This represents 37.7% of the current small PV configurations in Northern Ireland installed over
the past ten years (Department for Business, Energy and Industrial Strategy, 2020). The domestic generation
could sustain approximately 64.35% of residential demand for the 6263 houses in this research. Furthermore,
a scalable framework is presented which could be applied to ‘off the shelf DSM data and utilised at a regional

level for published public consultation. The study modelled open-source LIiDAR data which is static and
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published through open portals and seen as ‘data for the public good’ (National Infrastructure Commission,
2017). In contrast, national mapping datasets are regularly updated, capturing critical changes in infrastructure,
buildings and vegetation. Temporal changes in the datasets influenced outputs, although the validation process
indicated a strong agreement between orthophotography produced 0.4m DSMs and 0.2m, 0.5m and 1.0m
LiDAR solar models. The high level of agreement between the DSM and LIiDAR models means that DSMs
generated from orthoimagery offer significant advantages in modelling solar PV across large spatial scales.
While LIiDAR is useful, the added costs and timescales involved in processing and collecting the data make it
less attractive for frequently updated solar PV maps. The workflows could be enhanced to compute a higher
kWp capacity for larger roof areas. Consideration could also be applied for contiguous roofs to eliminate
erroneous cells and a lower irradiation threshold. The research has proven successful for residential buildings
at 94%+ for UK configurations whilst highlighting the compatibility for low PV installation potential of smaller
buildings. Moreover, the reduction in PV costs and increasing effectiveness are appealing for smaller roofs as
higher outputs can be generated (Kouhestani et al., 2018). As the research primarily focused on residential
buildings, there is potential for application to agricultural, industrial and commercial buildings for large scale roof
configurations. Web modelling is beneficial on an individual basis, although this study found the results higher
in comparison to modelled 3D and geospatial workflows. 3D solar modelling captures the intricate detail at roof
level but requires the surrounding terrain and structures for a fair and comparable analysis. While the
methodology is based on UK parameters, it could be modified to be suitable to other regions across the world.
The predicted increase in energy demands (Institution of Civil Engineers et al., 2016) and policymakers’
obligation to address climate change (UK Government, 2020) clearly illustrates the importance and substantial

opportunity for PV to contribute towards a reduction in carbon burden.
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